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Abstract

This study identifies the presence, prevalence, and negative polarity of one-time reviewers
compared to reviewers who have left multiple reviews across all categories based on an
analysis of 571,544,746 Amazon product reviews. Since sellers and consumers may be
interested in specific products relevant to their business or purchasing interests within a
category, rather than across all categories, his study focuses on the Subscription Boxes category
for econometric analysis. Moreover, the Subscription Boxes category exhibits an abnormal
rating distribution, may have fewer incentives for promotional reviews, and face fewer
constraints. However, price information is unavailable in this category. Therefore, this study
constructs price sentiment variables derived from review text data using generative LLMs
combined with manual annotation. Specifically, the fine-tuned GPT-4.1 model outperforms
other GPT models. Additionally, pre-purchase information from previous reviews is extracted
through data mining. Given that a star rating is an ordinal response reflecting the strength of
consumer preference, this study employs an ordered probit model, along with marginal effects
analysis for interpretation. The results reveal heterogeneity in the marginal effects of reviewer
types, purchase verification, and price sentiments on the probabilities of giving 1- or 5-star
ratings. Moreover, consumers take pre-purchase information from previous reviews into
account when they give a star rating. Consequently, the approach in this study can assist market
players in data-driven business decision-making when relevant consumer and business
information are limited, and help reduce information gap with Amazon, which acts both as a
marketplace and a seller on its own platform.
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1. Introduction

Due to the rapid innovation in big data and artificial intelligence (AI) within digital
economics, the importance and influence of digital platforms on consumers, businesses, and
economic systems have increased significantly during and after the pandemic. The volume,
velocity, and variety of user-generated content (UGC) on these platforms have grown
substantially. Consumers generate UGC—such as online product reviews—on digital retail
platforms to reflect actual product experiences, and such content remains publicly accessible
at no cost. Pre-purchase information contained in online product reviews can enhance
consumer welfare (Reimers and Waldfogel, 2021). Additionally, Remiers et al. (2025)
demonstrated that increasing pre-purchase information can enhance consumer surplus (CS),
using post-purchase video game usage data (e.g., playtime). Accordingly, extracting valuable
information from large, rapidly expanding, and diverse forms of UGC is essential for
understanding consumer behavior, firm dynamics, digital platforms, and the broader digital
economy. For example, Timoshenko and Hauser (2019) identified consumer needs through
product reviews, while Liu et al. (2019) measured the effect of review content on product sales.
Numerous studies have examined the impact of UGC on sales on digital platforms (Anderson
and Magruder, 2012; Chen, 2018; Chevalier and Mayzlin, 2006). However, some digital
retail platforms with one-sided review systems (e.g., Amazon.com) allow consumers to post
product reviews freely while preventing sellers from publicly reviewing the consumers in
return (Cui et al., 2012; Tadelis, 2016). Furthermore, reviews on such platforms typically lack
demographic information about the reviewers. As a result, researchers often analyze UGC
without access to demographic data unless it is voluntarily disclosed by consumers or shared
by the platform. Given that many online consumers rely on pre-purchase information in UGC,
biases (e.g., self-selection biases) and misinformation (e.g., fake reviews) in UGC can diminish

consumer surplus, reduce product credibility, erode trust in platforms, and distort fair market
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competition (Askalidis et al., 2017; De Langhe et al., 2016; He et al., 2022; Hu et al., 2009; Hu
et al., 2017; Li and Hitt, 2008; Luca and Zervas, 2016; Mayzlin et al., 2014). Addressing these
challenges is crucial for enhancing digital shopping experiences, optimizing business
operations, and maintaining platform integrity.

Despite extensive research on fake reviews and reviewers, limited attention has been
paid to classifying one-time reviewers, analyzing their rating distributions, and investigating
their rating behavior in comparison to multi-review reviewers who have left multiple reviews.
For instance, Mayzlin et al. (2014) suggested that one-time reviewers on TripAdvisor may be
suspicious. Similarly, Luca and Zervas (2016) found that Yelp users with fewer prior reviews
are more likely to have their reviews flagged as fake by Yelp’s filtering algorithm. Reviews
submitted by first-time reviewers have the highest filtering ratio. Fang et al. (2024)
demonstrated that the share of one-time reviewers on Yelp.com increases extreme ratings,
indicating heterogeneity in reviewers’ rating behaviors.

Nevertheless, no research has yet defined reviewer segmentation, distinguishing one-
time and multi-review reviewers, explored the prevalence of one-time reviewers across all
product categories on Amazon.com, identified the skewedness of their rating distribution, or
estimated the effect of reviewer heterogeneity on star ratings, especially using large-scale, real-
world datasets with sufficient temporal depth.

To fill this gap, this study aims to (1) define a framework for consumer segmentation
into subgroups, especially to compare one-time (within a category or across all categories) and
multi-review reviewers; (2) identify one-time reviewers, their number of reviews, and rating
distributions in each category over multiple years compared to multi-review reviewers; (3)
estimate the effect of reviewer heterogeneity, price sentiment, and pre-purchase information

from previous reviews on star ratings.



The present study first defines consumer segmentation into subgroups (Figure 1).
Amazon consumers (AC) are divided into two groups: non-reviewers (NR), who do not write
any reviews, and reviewers (R), who write one or more reviews. Furthermore, reviewers (R)
are divided into two categories: non-one-time reviewers within a category (NOT), who write
more than one review within a category, and one-time reviewers within a product category
(OT), who submit their first and only review within a specific product category. In detail, OT
is divided into two subgroups: one-time reviewers across all categories (OTA) and one-time
reviewers within a category but not across all categories (OTNOTA). This study identifies and
compares the number of reviews and rating distribution between NOT, OTA, and OTNOTA in
each category over time to ensure a fair comparison.

Amazon Consumers (AC = NRUR)
Non — Reviewers (NR) = AC n R¢

Reviewers (R)=NOT u OT

NOT OT=0TA U OTNOTA

OTA

Figure 1. Framework for consumer segmentation into subgroups

Based on the above Amazon consumer segmentation, this study analyzes 571,544,746
Amazon reviews across all 34 categories from 1996 to 2023 (Hou et al., 2024), utilizing cross-
categorical digital footprint mining for each review, which includes reviewer 1D, product ID,
and review timestamp. Therefore, the big data analyses in this study incorporate broader
contextual information from one-time reviewers and the wider reviewing population within
and across categories.

As can be seen in Table 1, the analysis identifies 142,513,957 reviews (24.93% of all

reviews) written by one-time reviewers within a product category (OT). Among these,



10,309,129 reviews (1.8% of all reviews) are written by one-time reviewers across all
categories (OTA), and 132,204,828 reviews (23.13% of all reviews) are written by one-time
reviewers within a category but not across categories (OTNOTA). Additionally, the number of
reviews written by non-one-time reviewers within a category (NOT), who write more than one
review within a category, is 429,030,789 (75.07% of total reviews). In fact, every product
category contains reviews written by both OTA and OTNOTA.

Prior studies have demonstrated skewed rating distributions for extreme positive
and/or negative ratings on digital platforms (Brandes et al., 2022; Hu et al., 2006;
Schoenmueller et al., 2020). Luca and Zervas (2016) found that filtered reviews, which are
relatively more suspicious reviews than other reviews, on Yelp tend to exhibit extreme ratings.
For one-time reviewers, importantly, Mayzlin et al. (2014) observed that one-time reviewers
on TripAdvisor provided more polarized ratings than the general reviewing population.
Additionally, Fang et al. (2024) reported that one-time reviewers are more likely to give 1- and
5-star ratings, particularly more 1-star ratings, than multi-review reviewers on Yelp.com. Based
on these prior studies, the rating distribution of one-time reviewers on TripAdvisor and Yelp
is more skewed toward both positive and negative ratings.

In the present study, the rating distribution of reviews written by OT (i.e., the union of
OTA and OTNOTA) displays a more significant skew toward 1-star ratings than reviews from
multi-review reviewers (i.e., NOT) on Amazon.com. However, in this study, the rating
distribution of OT reviews shows a lesser skew toward 5-star ratings than that of NOT reviews.
Overall, the higher share of 1-star ratings among one-time reviewers on Amazon.com in this
study is similar to the patterns observed on Yelp.com. In comparison, the lower share of 5-star
ratings among one-time reviewers on Amazon.com in this study contrasts with the higher share

of 5-star ratings among one-time reviewers on Yelp.com.



Table 1. Rating distribution of all reviews across all product categories (Appendix)

Reviewer Types (Ix\{;e:{f) Rating 1 Rating 2 Rating 3 Rating 4 Rating 5 Rating 1&5
571,544,746 58,930,529 28,106,622 40329433 72,502.401 371,675,761 430,606,290
All(=1. OT+2. NOT) (100%) (1031%)  (4.92%)  (1.06%)  (12.69%)  (65.03%)  (7534%)
142513957 21242,136 7,811,981 9052369 15278127  89,129.344 110,371,480
1. OT (FOTA+OTNOTA) (24.93%) (1491%)  (548%)  (635%)  (10.72%)  (62.54%)  (77.45%)
L OTA 10,309,129 2,097,655 572,779 569293 1,079,061 5990341 8,087,996
1. (1.80%) 2035%)  (5.56%)  (5.52%)  (1047%)  (58.11%)  (78.45%)
|2 OTNOTA 132,204,828 19,144481  7,390202 8483076 14,199,066 83,139,003 102,283,484
2. (23.13%) (1448%)  (548%)  (642%)  (10.74%)  (62.89%)  (7737%)
» NOT 429030789 37,688,393 20294641 31277064 57224274 282546417 320,234,810
: (75.07%) B.8%)  (473%)  (129%)  (1334%)  (65.86%)  (14.64%)

He et al. (2022) argued that sellers face fewer incentives to purchase negative
promotional reviews due to higher costs and lower expected returns. Hence, OT may have
fewer incentives to write negative promotional reviews for competitors’ products compared to
writing positive promotional reviews for their own products. Furthermore, Fang et al. (2024)
demonstrated that the increase in 1-star ratings on Yelp.com is due to actual dissatisfied
consumer experiences. Accordingly, one plausible explanation for the negative rating behavior
of one-time reviewers is a negative self-selection effect, wherein consumers with negative
experiences that exceed their expectations or tolerance thresholds write their first—and only—
review with a 1-star rating within a category or across all categories.

To understand the effect of reviewer heterogeneity between one-time and multi-review
reviewers on their star ratings, this study first selects the target product groups for empirical
analysis. Sellers and consumers may want to know about their business and/or purchase-related
products in a category rather than all products across all categories. Additionally, conducting
empirical analysis with the entire review data across all product categories requires more
demanding computational resources, budgets, and time. Consequently, this study selects the
Subscription Boxes category as a target category, where there is the most significant gap in
extreme rating shares between OTA and the multi-review reviewers among all categories. The
empirical analysis only uses the first review of all reviewers for fair comparison between one-

time and multi-review reviewers.



Consumers subscribe to a curated collection of products in each subscription cycle
with autopayment. Consumer uncertainty about the quality of products in a subscription box is
relatively high compared to other categories. Accordingly, the value of pre-purchase
information in previous reviews written by other reviewers for the subscription box is
significant. Importantly, promotional reviewers may have less incentive to write positive
reviews for their own products and negative reviews for competitors’ products, as the
subscription box changes a collection of products in each subscription cycle and requires a
subscription rather than a one-time payment. Overall, by selecting the Subscription Boxes
category as a target category, concerns for promotional reviews in the sample data can be
mitigated.

In Economics, price is one of the key variables for demand estimation. For example,
Chevalier and Goolsbee (2003) assessed the impact of price on demand for books on digital
platforms. However, numerical price information for products in the Subscription Boxes
category is unavailable. To overcome this challenge, this study construct discrete price
sentiment variables from review text using generative large language models (LLMs)
combined with manual annotation. Specifically, this study employs OpenAI’s Generative Pre-
trained Transformer (GPT) models. The GPT 4.1 model fine-tuned with 1,000 training samples
exhibits the best predictive performance for price sentiment classification using a manually
labeled test set, compared to GPT-40 and GPT-5 models with and without fine-tuning.
Therefore, the fine-tuned GPT 4.1 is used to construct the price sentiment variables, which
serve as independent variables in the econometric analysis.

Star ratings reflect the strength of consumer preferences toward reviewed products.
Therefore, this study employs a random utility model for ordinal responses, specifically

ordered probit models, to estimate the effects of reviewer heterogeneity, price sentiment, and



pre-purchase information on star ratings. Marginal effect analysis is also conducted for
interpretation.

The empirical results reveal heterogeneity in the marginal effect of reviewer types,
purchase verification, and price sentiments. Additionally, consumers take pre-purchase
information into account when they give a star rating. Furthermore, unsatisfied reviewers tend
to write longer review titles and bodies, especially longer titles. Consequently, sellers,
consumers, researchers, and regulators should consider reviewer heterogeneity and its
heterogeneous effect on consumer preferences.

To the author’s knowledge, this is the first comprehensive big data analysis comparing
individual one-time reviewers with multi-review reviewers across all categories on
Amazon.com, utilizing cross-categorical analysis over multiple years. The findings contribute
to a deeper understanding of abnormal reviewer behavior and its effects on rating distributions.

Another contribution of this paper is the consumer segmentation framework to
distinguish between one-time and multi-review reviewers. Based on the framework,
heterogeneity among one-time reviewers within a category, one-time reviewers across
categories, and multi-review reviewers is identified through big data and empirical analysis.
Specifically, the rating polarity of one-time reviewers is compared with that of multi-review
reviewers to ensure a fair comparison. Additionally, the empirical results demonstrate
heterogeneity in the marginal effects of reviewer types, purchase verification, and price
sentiments on star ratings. These results and the approach can be used to segment consumers
and design personalized business plans for heterogeneous consumer groups.

This paper also contributes to the literature on pre-purchase information by
demonstrating how to extract latent pre-purchase information from previous reviews using data
mining and how to use this information to construct variables. In addition, empirical results

demonstrate that consumers respond to previous reviewers’ (i.e., the crowd’s) average star



ratings, as well as the share of 5-star, 2-star ratings, and positive imbalance (i.e., the share of
5- and 4-star ratings), when they give a star rating. These approaches will be helpful when
consumers are uncertain about product quality, and their search costs are relatively high.

Another contribution of this study is the use of price sentiment analysis with generative
LLMs and manual annotation. This paper describes a detailed manual annotation approach for
constructing a validation dataset to evaluate generative LLMs. Besides, this paper demonstrates
the predictive performance of generative LLMs with and without fine-tuning. In addition, this
paper shows how to combine manually annotated and predicted price sentiments by LLMs to
construct variables for econometric analysis. The empirical results provide a reasonable
economic interpretation for these price sentiment variables, and the signs and magnitudes of
these variables remain robust across the models. Therefore, this study presents a method for
using generative LLMs combined with manual annotation to classify sentiment toward product
prices in user-generated content (UGC), rather than overall sentiments. The approach in this
paper will be helpful when economically important numerical information is missing, such as
income and price, while unstructured data for this missing information is available.

This study also contributes to mitigating the information gap between platforms and
other market players, and potentially the issue of self-preference by Amazon. Amazon is a
marketplace for both sellers and consumers, as well as a seller of its own products. Therefore,
self-preference is a concern for other market players, including regulators. Waldfogel (2024)
examined the impact of the European Union’s Digital Market Act (DMA) on Amazon’s self-
preferencing by analyzing the search rankings of Amazon’s own products on its retail platform.
Especially, user information, such as consumer heterogeneity, and other sellers' information
are available to Amazon to improve its business decisions, while this information is unavailable

to other players. The approach in this paper can be utilized to bridge the information gap



between Amazon and other market players, including consumers, sellers, and regulators, as
online product reviews are publicly available and reflect consumer opinions.

Overall, the findings and approaches in this paper will help understand reviewer
heterogeneity, their preferences, and latent information from previous reviews and unstructured
data. This approach is applicable, extendable, and scalable for other categories.

Section 2 describes the research process. Section 3 presents the results of big data
analytics for identifying one-time and multi-review reviewers. Section 4 presents the empirical
analysis and results, estimating the effects of reviewer heterogeneity, price sentiment, and pre-

purchase information on star ratings. Section 5 concludes with a discussion of findings.

2. Research Process

This section provides a detailed description of the research process. As can be seen in
Figure 2, the big data analysis process used to identify reviewer heterogeneity in each category
over the entire sample period is described. Next, the empirical analysis process for the target
category, Subscription Boxes category, which estimates the effects of reviewer heterogeneity,

price sentiment, and pre-purchase information on star ratings, is described.

1.1 Reviews and product information dataset are loaded and merged
Step 1:
. . A . Big Data Analysis
1.2 OT, OTA, OTNOTA, and NOT reviews are identified in each category For Reviewer
Heterogeneity
1.3 Review heterogeneity in the number of reviews and ratings are identified in each category
2.1 Data mining is performed to extract pre-purchase information from previous reviews
Step 2:
Empirical Analysis
2.2 OT, OTA, OTNOTA, and NOT reviews are identified in each category For The Subscription
Boxes Category
2.3 Review heterogeneity in the number of reviews and ratings are identified in each category

Figure 2. Pipeline diagram of the research process
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2.1 Processing for identifying reviewer heterogeneity using big data analytics

To accurately classify types of individual reviewers, it is essential to analyze the
complete review history of each unique reviewer, both within individual product categories
and across categories over multiple years. This study investigates the Amazon review big
dataset as secondary data (Hou et al., 2024) that includes reviewer and product identifiers,
along with timestamps, thereby enabling the tracing of a consumer’s digital footprint over
multiple years. However, Amazon does not provide demographic information about
reviewers, and the secondary data in this study uses an encrypted reviewer ID; therefore, no
personally identifiable information is presented. This present study does not explicitly write
any specific reviewer ID, product ID, product name, or store ID in the manuscript.

Specifically, the Google Cloud Platform (GCP) is mainly employed to conduct in-
depth analyses of consumer behavior and reviewer dynamics in UGC across various product
categories, utilizing a configuration of 64 cores, 128 virtual CPUs (vCPUs), and 864GB of
memory. Most of the code and its execution are done in the JupyterLab interface through the
GCP Vertex Al workbench environment, both with and without background execution. After
the expiration of $5,000 credits for GCP, high-performance computing (HPC) is utilized for
further analysis, including the application of LLMs with the OpenAl Application Programming
Interface (API), with a maximum memory allocation of 512 GB. Custom Python functions are
created and used for each pre-processing step.

This study applies the following data preprocessing steps to identify one-time
reviewers within a product category (OT), who submit their first and only review within a
specific product category, and non-one-time reviewers within a category (NOT) through cross-
categorical digital footprint mining. Specifically, OT is divided into one-time reviewers across
all categories (OTA) and one-time reviewers within a category but not across all categories

(OTNOTA).
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First, product reviews and product information datasets are loaded and saved in GCP,
and product reviews are merged with product information datasets using Amazon Standard
Identification Numbers (ASINs). ASIN is a product ID for the reviewed product in this study.
Due to the size of the dataset, each category-level dataset for the reviews and product
information is uploaded separately through background execution. After the reviews and
product information datasets for each category are uploaded, each dataset is modified to retain
only key columns, thereby avoiding out-of-memory (OOM) issues. Then, reviews and product
information datasets are merged to match individual reviews with their reviewed product
information. Review timestamps are converted from Unix time to a human-readable time
format. Reviews with 0-star ratings are excluded from the raw secondary data, as the valid star
rating range lies between 1 and 5 stars. Overall, a dataset comprising 571,544,746 reviews for
48,185,048 unique products from 54,514,263 unique reviewers, spanning June 17, 1996, to
September 14, 2023, is prepared.

Second, OT, OTA, OTNOTA, and NOT reviews are identified by counting each
reviewer’s cumulative reviews over the entire sample period. First, OT reviews in each
category are determined by counting the number of reviews for each reviewer in each category
between 1996 and 2023. If the number of reviews for an individual reviewer in a category for
the entire sample period is one, the reviewer is OT. The number of OT and their reviews in the
category are the same. Second, OTA reviews are identified if an individual reviewer writes
only one review across all categories during the entire sample period, and the number of OTAs
and their reviews are the same in a category and across categories. Third, OTNOTA reviews
are identified by excluding OTA reviews from OT reviews. Fourth, NOT reviews are also
identified by excluding OT reviews from all reviews. Some reviews belong in the ‘Unknown’

category because they do not contain category information; however, they do contain reviewer
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ID, product ID, and timestamp for the review. Therefore, these reviews in the ‘Unknown’
category are also included for big data analysis.

Third, the number of reviews and rating distributions for each reviewer type in each
category and across all categories are analyzed to identify the existence, prevalence, rating
polarity, and trends over time of one-time reviewers compared to multi-review reviewers.

During each pre-processing step for identifying reviewer heterogeneity, the ratings and
the number of reviews, reviewers, and products in each category for each year are carefully
double-checked. The updated dataset on JupyterLab in GCP was transferred to a Google Cloud
Storage (GCS) bucket and downloaded to a local computer after undergoing big data analysis,
as large files cannot be directly downloaded from JupyterLab in GCP. These files are uploaded
to HPC.

2.2 Processing for empirical analysis for the target product category

The Subscription Boxes category is a target category due to the abnormal rating
patterns of one-time reviewers compared to those of multi-review reviewers. Additionally, the
category may have fewer incentives for promotional consumers to write promotional reviews;
therefore, concerns about promotional reviews in the Subscription Boxes category may be
lower than in other categories. Furthermore, the usefulness of pre-purchase information in other
consumers’ previous reviews may be relatively high, as consumer uncertainty about product
quality is high due to the changing nature of products in a subscription box from one
subscription period to the next. Above all, the econometric analysis in this study is conducted
with the Subscription Boxes category based on the following three process steps.

First, digital footprint mining is conducted to extract pre-purchase information for each
reviewed product from previous other reviewers within the Subscription Boxes category. Dai
et al. (2018) observed that existing reviews are likely to influence subsequent reviewers. This

study, therefore, assumes that a consumer may be influenced by earlier reviews from previous
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reviewers when submitting their first review for a product. If a reviewer ‘i > posts a review for
the product ‘j° at time ‘¢’ in the category, all previous other reviewers’ reviews by ‘¢-1’ since
1996 are collected and used to construct the variable for pre-purchase information. The
timestamp for each review at ‘¢’ includes year, month, day, hour, minute, and second. Therefore,

‘t-1’ refers to the most recent prior timestamp. As can be seen in Figure 3, all initial reviews

a
—i,j>

for the product ‘j° between the time of the first review,t2; ;, for the product ¢;” written by another

reviewer (i.e., *-i’) and the time of the most recent review,tlﬁi‘]—, for the product ¢;° written by

another reviewer (i.e., ‘-i’) are considered.

Within the subscription boxes cateogry

Prior reviews for the product ‘j” from other previous reviewers

¢ 8 9 ]

o o
tfi,i t—i,i t;

Figure 3. Digital Footprint mining for the product ‘;’ in the Subscription Boxes category

Second, textual sentiment analysis for the price of a reviewed product is conducted
using review text data because numerical price information is unavailable for products in this
category. Review text data reflects actual consumer experiences and their opinions. LLMs are
well-suited to sentiment analysis involving textual data from UGC. LLMs have been widely
used to extract semantic information from unstructured data (e.g., text, image, and video). In
particular, generative LLMs, including OpenAI’s GPT, have shown strong performance for
various tasks in different domains. Therefore, this study extracts price sentiment from review
text using GPT models.

To evaluate the predictive performance of GPT models, the author manually annotates
the price sentiment on each review text in the validation dataset (approximately 10% of the
dataset). Based on the predictive performance of each GPT model, the fine-tuned GPT-4.1,

which was trained on 1,000 manually labeled samples, is selected for price sentiment analysis.
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Fine-tuning refers to training a pre-trained model with a small dataset specifically designed for
a particular task or domain. Eventually, the price sentiment variable is constructed by
combining price sentiment generated by GPT-4.1 (approximately 90%) and human-labeled
price sentiment (approximately 10%).

Third, a random utility model for ordinal responses is used to estimate the effect of
reviewer heterogeneity, price sentiment, and pre-purchase information on the strength of
consumer preference (i.e., star ratings). Since Amazon's star rating is an ordinal response, the
ordered probit model is applied for empirical analysis. Then, marginal effect analysis is
conducted for interpretation, as coefficients for independent variables in nonlinear models,
such as the ordered probit model, cannot be directly interpreted without marginal effect
analysis.

The following subsection will describe the results of big data analysis on reviewer
heterogeneity between one-time and multi-review reviewers in each category over the entire

sample period from 1996 to 2023.

3. Big Data Analysis Results
3.1 Reviewer heterogeneity over time

This study investigates one-time reviews over 28 years. As shown in Table 2, although
there are annual rises and falls, the overall trend in the share of OTA and OTNOTA reviews in
all reviews has increased. Compared to their share in 2019 (before the Covid-19 pandemic),
the share of OTA and OTNOTA in 2020 (during the pandemic) increased by 0.59% and 3.4%,
respectively. As the number of one-time reviews has increased, their influence on consumers,

sellers, recommendation systems, and Amazon.com may also have grown.
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Table 2. The number of NOT, OTA, and OTNOTA reviews in all categories over time

oT

NOT
Year All OTA OTNOTA

# of reviews Share in All # of reviews Sharein All  # of reviews Share in All

1996 26 24 92.31% 0 0.00% 2 7.69%
1997 5,616 4,323 76.98% 897 15.97% 396 7.05%
1998 35,274 26,716 75.74% 4,873 13.81% 3,685 10.45%
1999 92,764 69,803 75.25% 11,772 12.69% 11,189 12.06%
2000 323,514 267,109 82.56% 25,023 7.73% 31,382 9.70%
2001 333,820 278,943 83.56% 20,439 6.12% 34,438 10.32%
2002 357,870 298,465 83.40% 20,480 5.72% 38,925 10.88%
2003 385,518 319,637 82.91% 21,871 5.67% 44,010 11.42%
2004 472,360 392,368 83.07% 23,148 4.90% 56,844 12.03%
2005 662,651 540,763 81.61% 30,122 4.55% 91,766 13.85%
2006 740,442 591,630 79.90% 31,939 4.31% 116,873 15.78%
2007 1,164,701 901,148 77.37% 36,314 3.12% 227,239 19.51%
2008 1,340,481 1,034,781 77.19% 37,798 2.82% 267,902 19.99%
2009 1,713,696 1,307,519 76.30% 47,888 2.79% 358,289 20.91%
2010 2,418,972 1,850,512 76.50% 58,327 2.41% 510,133 21.09%
2011 3,962,343 3,031,365 76.50% 84,243 2.13% 846,735 21.37%
2012 7,617,919 5,933,526 77.89% 141,933 1.86% 1,542,460 20.25%
2013 19,443,201 15,403,511 79.22% 288,817 1.49% 3,750,873 19.29%
2014 30,969,378 24,745,079 79.90% 465,663 1.50% 5,758,636 18.59%
2015 43,271,614 34,329,445 79.33% 629,778 1.46% 8,312,391 19.21%
2016 50,743,595 39,928,762 78.69% 706,216 1.39% 10,108,617 19.92%
2017 49,206,890 38,196,178 77.62% 682,690 1.39% 10,328,022 20.99%
2018 51,863,757 40,050,879 77.22% 666,664 1.29% 11,146,214 21.49%
2019 65,732,087 49,265,567 74.95% 977,322 1.49% 15,489,198 23.56%
2020 73,271,141 51,988,791 70.95% 1,526,626 2.08% 19,755,724 26.96%
2021 75,268,993 53,408,674 70.96% 1,646,047 2.19% 20,214,272 26.86%
2022 64,470,243 47,018,131 72.93% 1,405,504 2.18% 16,046,608 24.89%
2023 25,675,880 17,847,140 69.51% 716,735 2.79% 7,112,005 27.70%
Total 571,544,746 429,030,789 75.07% 10,309,129 1.80% 132,204,828 23.13%

* Note: Total 571,544 746 reviews from 54,514,263 unique reviewers for 48,185,048 unique

products between June 17, 1996, and September 14, 2023.
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As shown in Table 3, the rating distribution of all 571,544,746 reviews is highly
skewed toward 1-star and 5-star ratings. Specifically, the share of 1-star ratings in OTA reviews
(20.35%) 1s 11.56% higher than that of NOT reviews (8.78%). The share of 1-star ratings in
OTNOTA reviews (14.48%) is 5.7% higher than that of NOT reviews (8.78%). Overall, the
share of 1-star ratings is the highest in OTA, followed by OTNOTA, and then NOT. In contrast,
the share of 5-star ratings in OTA reviews (58.11%) is 7.75% lower than that of NOT reviews
(8.78%). The share of 5-star ratings in OTNOTA reviews (62.89%) is 2.97% lower than that
of NOT reviews (65.86%). The share of 5-star rating is the highest in NOT, followed by
OTNOTA and OTA. The gap in the share of extreme ratings is larger between OTA and NOT
than between OTNOTA and NOT.

The share of 1-star ratings has increased in NOT, OTA, and OTNOTA over time,
although there are fluctuations year by year. The share of 1-star ratings for NOT, OTA, and
OTNOTA increased in 2020 compared to 2019 by 1.31%, 1.19%, and 1.6%, respectively.
Compared to the share of 1-star ratings from NOT, the share for OTA relatively increased less,
while that for OTNOTA increased more between 2019 and 2020. In 2023, the shares of 1-star
ratings for NOT, OTA, and OTNOTA are 10.31%, 29.20%, and 18.83%, respectively.

The shares of 5-star ratings for NOT, OTA, and OTNOTA fluctuated before 2019, and
since 2019, the shares for these groups have generally declined, although there are still annual
rises and falls. The share of 5-star ratings for NOT decreased by 2.04%, for OTA decreased by
1.03%, and for OTNOTA decreased by 2.2% in 2020 compared to 2019. The shares for 5-star
ratings for NOT, OTA, and OTNOTA are 65.59%, 49.42%, and 59.08%, respectively.

In sum, the negative polarity for OTA and OTNOTA has increased compared to NOT
over time, more so for OTA, since 2003 and 2022, respectively. The positive polarity for NOT

has increased compared to OTA and OTNOTA over time since 2015 and 2016, respectively.
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Table 3. Rating distribution of NOT, OTA, and OTNOTA reviews over time (Appendix)

All Reviews
oT

Year ot OTA OTNOTA

Rating 1 Rating 2 Rating 3 Rating 4 Rating 5 Rating 1 Rating 2 Rating 3 Rating 4 Rating 5 Rating 1 Rating 2 Rating 3 Rating 4 Rating 5
1996 0.00% 0.00% 4.17% 16.67% 79.17% NA NA NA NA NA 0.00% 0.00% 0.00% 50.00% 50.00%
1997 3.42% 5.23% 7.01% 21.81% 62.53% 2.45% 2.34% 3.34% 13.71% 78.15% 2.78% 5.05% 4.55% 15.66% 71.97%
1998 4.29% 4.59% 7.72% 20.99% 62.41% 3.22% 2.81% 3.80% 14.20% 75.97% 3.72% 2.61% 4.61% 16.42% 72.65%
1999 5.32% 5.10% 8.70% 19.84% 61.04% 4.65% 2.91% 4.43% 13.47% 74.54% 5.44% 3.15% 4.86% 15.83% 70.72%
2000 4.33% 4.95% 9.75% 23.94% 57.03% 5.59% 3.60% 5.54% 16.29% 68.97% 5.88% 4.30% 6.40% 18.32% 65.10%
2001 4.77% 5.28% 10.28% 24.24% 55.44% 6.61% 3.99% 5.83% 15.79% 67.79% 7.82% 5.30% 7.02% 17.69% 62.17%
2002 5.24% 5.53% 10.24% 23.66% 55.33% 7.38% 4.33% 5.52% 15.53% 67.24% 9.34% 591% 6.65% 16.53% 61.57%
2003 6.04% 5.76% 10.36% 23.06% 54.78% 9.20% 4.42% 5.81% 15.09% 65.47% 10.08% 6.03% 6.87% 16.59% 60.42%
2004 7.70% 6.01% 10.19% 22.09% 54.01% 11.13% 4.99% 6.28% 15.31% 62.29% 12.82% 6.21% 7.11% 15.70% 58.16%
2005 8.18% 6.14% 10.25% 21.57% 53.87% 12.33% 4.94% 6.37% 15.77% 60.60% 13.05% 6.27% 7.40% 16.80% 56.48%
2006 7.82% 5.98% 9.79% 21.49% 54.92% 9.60% 4.25% 5.39% 14.30% 66.47% 12.04% 6.07% 7.17% 17.00% 57.73%
2007 6.64% 5.38% 9.17% 21.30% 57.52% 7.99% 3.88% 5.77% 17.58% 64.78% 9.12% 5.01% 7.13% 18.57% 60.16%
2008 7.32% 5.70% 9.23% 21.22% 56.53% 9.83% 4.30% 5.43% 16.92% 63.51% 10.13% 5.34% 6.99% 18.62% 58.93%
2009 7.81% 5.72% 9.30% 20.66% 56.52% 10.72% 4.32% 5.79% 17.00% 62.16% 10.69% 5.48% 7.04% 17.97% 58.83%
2010 8.37% 5.89% 9.29% 20.33% 56.12% 12.83% 5.16% 6.56% 16.44% 59.01% 11.76% 5.77% 7.62% 17.52% 57.34%
2011 8.77% 5.86% 9.12% 19.62% 56.63% 14.57% 5.62% 6.63% 15.86% 57.32% 12.36% 6.02% 7.49% 16.86% 57.27%
2012 7.82% 5.21% 8.68% 19.16% 59.13% 13.37% 5.27% 6.60% 16.33% 58.43% 11.17% 5.51% 7.34% 16.74% 59.24%
2013 5.96% 4.66% 8.87% 19.46% 61.05% 12.45% 5.51% 6.90% 16.60% 58.54% 9.17% 5.24% 7.87% 17.31% 60.41%
2014 6.13% 4.44% 8.26% 17.70% 63.47% 12.33% 4.75% 6.53% 16.60% 59.79% 9.65% 5.00% 7.36% 15.99% 62.00%
2015 6.48% 4.36% 7.75% 16.19% 65.23% 13.32% 4.72% 591% 14.71% 61.33% 10.14% 4.91% 6.87% 14.48% 63.59%
2016 6.71% 4.37% 7.47% 15.54% 65.92% 14.26% 4.83% 5.55% 13.42% 61.96% 10.61% 4.94% 6.58% 13.49% 64.38%
2017 7.72% 4.65% 7.28% 14.26% 66.09% 17.19% 5.29% 5.36% 11.46% 60.70% 12.55% 5.40% 6.46% 11.87% 63.73%
2018 8.70% 4.73% 7.00% 12.92% 66.65% 20.79% 5.60% 5.08% 9.93% 58.59% 14.35% 5.47% 6.14% 10.46% 63.57%
2019 8.50% 4.12% 6.08% 11.12% 70.18% 18.64% 4.62% 4.56% 9.61% 62.57% 13.07% 4.56% 5.23% 9.55% 67.59%
2020 9.81% 4.66% 6.61% 10.78% 68.14% 19.83% 4.86% 4.76% 9.02% 61.54% 14.67% 5.07% 5.70% 9.17% 65.39%
2021 11.31% 5.20% 7.17% 10.49% 65.84% 23.75% 5.88% 5.33% 8.26% 56.79% 17.40% 5.94% 6.46% 8.55% 61.65%
2022 11.56% 5.36% 7.55% 11.15% 64.38% 29.30% 7.04% 6.08% 7.44% 50.15% 19.85% 6.64% 7.05% 8.26% 58.20%
2023 10.31% 4.95% 7.24% 11.90% 65.59% 29.20% 7.56% 6.33% 7.49% 49.42% 18.83% 6.59% 6.98% 8.53% 59.08%
Sum 8.78% 4.73% 7.29% 13.34% 65.86% 20.35% 5.56% 5.52% 10.47% 58.11% 14.48% 5.48% 6.42% 10.74% 62.89%

* Note: Total 571,544 746 reviews from 54,514,263 unique reviewers for 48,185,048 unique products between June 17, 1996, and September 14, 2023.
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3.2 Reviewer heterogeneity across categories

As can be seen in Table 4, all 34 product categories include reviews from OT (i.e.,
OTA and OTNOTA). OT reviews comprise 24.93% of the total review dataset. Specifically,
142,513,957 reviews are written by 50,939,994 unique OTs for 20,208,041 unique products
between November 15, 1996, and September 14, 2023. The rating distribution of OT reviews
is similarly polarized, with 14.91% 1-star and 62.54% 5-star ratings.

All product categories also contain reviews from OTA. A total of 10,309,129 reviews
from 10,309,129 unique OTAs for 1,908,223 unique products are identified between August
8, 1997, and September 12, 2023. OTA reviews constitute 1.8% of the full review dataset. The
share of 1-star ratings for OTA is more than the share for NOT across all product categories.
The share of 5-star ratings for OTA is less than the share for NOT, excluding five product
categories. OTA reviews show more negative polarity than NOT reviews across all categories,
while NOT reviews show more positive polarity than OTA, excluding a few categories. In
particular, the gap in the share of 1-and 5-star ratings between NOT and OTA is the highest in
the Subscription Boxes category among 34 product categories at 9.58%, where the share of
extreme ratings for OTA is much higher than that for NOT.

OTNOTA exists in all categories. A total of 132,204,828 reviews from 40,630,865
unique OTNOTA for 20,000,660 unique products are identified between November 15, 1996,
and September 14, 2023. The share of 1-star ratings for OTNOTA is also consistently higher
than the share for NOT across all product categories. The share of 5-star ratings for OTNOTA
is usually less than the share for NOT, excluding five categories. The gap in the share of 1-and
5-star ratings between NOT and OTNOTA is the highest in the Books category at 8.19%, where
the share of extreme ratings for OTNOTA is higher than that for NOT.

In sum, one-time reviews always show more negative polarity categories across all

categories and less positive polarity in most categories than multi-review reviewers.
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Table 4. Rating distribution of NOT, OTA, and OTNOTA reviews in each product category (Appendix)

All Reviews
oT
Product Category NOT
OTA OTNOTA
Rating 1 Rating 2 Rating 3 Rating 4 Rating 5 Rating 1 Rating 2 Rating 3 Rating 4 Rating 5 Rating 1 Rating 2 Rating 3 Rating 4 Rating 5
1 All Beauty 11.56% 5.82% 9.01% 13.46% 60.15% 21.79% 5.54% 5.14% 9.13% 58.40% 15.05% 6.21% 7.87% 10.91% 59.96%
2 Amazon Fashion 9.96% 6.75% 10.65% 15.61% 57.03% 20.56% 6.63% 7.22% 12.10% 53.49% 13.01% 7.02% 9.47% 13.43% 57.07%
3 Appliances 8.64% 3.18% 4.87% 10.49% 72.82% 24.87% 4.51% 3.94% 8.61% 58.07% 12.75% 3.97% 4.92% 9.51% 68.85%
4 Arts Crafts and Sewing 7.61% 4.10% 6.64% 10.70% 70.94% 22.04% 6.19% 6.14% 9.17% 56.45% 13.65% 5.65% 7.06% 10.19% 63.45%
5 Automotive 9.94% 3.97% 5.92% 11.15% 69.01% 24.86% 5.30% 5.04% 9.20% 55.60% 16.28% 5.21% 6.07% 10.08% 62.36%
6  Baby Products 7.63% 5.10% 7.78% 12.31% 67.17% 19.22% 5.68% 5.30% 8.70% 61.10% 11.62% 5.32% 6.51% 10.15% 66.40%
7  Beauty and Personal Care 10.21% 5.25% 7.59% 11.53% 65.42% 23.22% 5.29% 5.04% 8.72% 57.73% 15.30% 5.55% 6.27% 9.59% 63.29%
8  Books 3.86% 3.67% 7.41% 16.86% 68.19% 8.10% 3.85% 5.15% 13.21% 69.69% 6.75% 3.63% 5.21% 10.92% 73.49%
9  CDs and Vinyl 3.27% 2.88% 6.29% 15.05% 72.50% 8.68% 3.35% 4.29% 10.67% 73.01% 5.76% 2.98% 4.48% 9.26% 77.53%
10 Cell Phones and Accessories 11.83% 5.87% 7.78% 12.29% 62.23% 22.12% 5.89% 5.34% 9.92% 56.72% 15.98% 6.29% 6.87% 10.86% 60.00%
11 Clothing Shoes and Jewelry 7.87% 5.37% 8.54% 14.00% 64.23% 17.31% 6.34% 6.83% 11.65% 57.86% 12.69% 6.22% 7.64% 12.35% 61.09%
12 Digital Music 3.37% 2.14% 5.58% 14.00% 74.92% 13.80% 3.78% 5.73% 7.67% 69.02% 5.25% 2.55% 4.56% 9.33% 78.31%
13 Electronics 10.75% 5.00% 6.76% 13.14% 64.35% 22.07% 5.77% 5.33% 11.23% 55.60% 16.37% 5.61% 6.02% 11.10% 60.89%
14 Gift Cards 2.89% 0.50% 1.44% 4.06% 91.11% 27.57% 2.37% 3.24% 5.50% 61.32% 8.93% 1.40% 2.31% 4.45% 82.92%
15 Grocery and Gourmet Food 10.23% 4.65% 6.58% 9.54% 69.00% 32.41% 5.73% 4.88% 5.92% 51.05% 17.82% 5.27% 5.68% 7.25% 63.99%
16  Handmade Products 4.23% 2.34% 3.86% 6.82% 82.75% 11.97% 3.67% 3.55% 4.71% 76.11% 6.70% 3.28% 4.69% 6.84% 78.50%
17  Health and Household 9.06% 4.45% 6.49% 11.17% 68.83% 20.09% 4.47% 4.25% 9.22% 61.97% 14.38% 5.07% 5.76% 9.77% 65.01%
18  Health and Personal Care 9.78% 5.15% 8.12% 14.71% 62.25% 23.35% 5.20% 4.73% 9.09% 57.63% 14.47% 5.95% 7.44% 11.17% 60.97%
19 Home and Kitchen 9.32% 4.84% 6.90% 11.40% 67.53% 23.78% 6.55% 5.77% 9.06% 54.84% 16.11% 6.07% 6.53% 10.22% 61.06%
20  Industrial and Scientific 8.15% 3.93% 6.04% 11.68% 70.20% 26.68% 5.90% 5.29% 8.68% 53.46% 13.89% 5.08% 6.17% 10.04% 64.82%
21 Kindle Store 2.59% 3.12% 7.74% 21.66% 64.88% 4.76% 6.08% 6.13% 17.96% 68.00% 5.29% 3.65% 6.40% 16.08% 68.57%
22 Magazine Subscriptions 7.50% 4.43% 7.64% 13.85% 66.59% 30.60% 3.15% 7.46% 10.03% 45.83% 15.20% 5.91% 6.81% 10.67% 61.41%
23 Movies and TV 7.33% 4.59% 7.89% 16.03% 64.15% 13.28% 3.53% 4.49% 11.27% 67.44% 10.76% 3.86% 5.14% 11.51% 68.74%
24 Musical Instruments 6.53% 3.97% 6.74% 14.09% 68.67% 18.28% 5.26% 5.46% 12.08% 58.91% 11.37% 4.84% 6.30% 12.20% 65.29%
25  Office Products 7.96% 4.10% 6.27% 11.46% 70.22% 23.15% 5.82% 5.26% 8.87% 56.89% 13.71% 5.25% 6.20% 10.18% 64.66%
26  Patio Lawn and Garden 11.60% 4.92% 6.67% 11.27% 65.54% 27.98% 6.46% 5.42% 9.05% 51.10% 17.75% 5.92% 6.42% 9.94% 59.97%
27  Pet Supplies 10.34% 5.50% 7.71% 11.19% 65.25% 23.50% 6.36% 5.36% 8.51% 56.27% 15.97% 6.15% 6.65% 9.55% 61.68%
28  Software 12.22% 4.85% 9.21% 18.23% 55.49% 15.25% 5.71% 6.72% 17.97% 56.36% 18.17% 5.11% 7.54% 16.22% 52.95%
29  Sports and Outdoors 7.50% 4.40% 6.88% 13.58% 67.63% 19.65% 7.13% 5.33% 10.65% 58.67% 12.53% 5.43% 6.60% 11.52% 63.92%
30  Subscription Boxes 13.81% 7.79% 10.6% 10.49% 57.31% 18.16% 3.70% 5.75% 6.44% 62.53% 16.07% 9.43% 10.99% 10.34% 53.16%
31 Tools and Home Improvement 9.45% 4.48% 6.40% 11.92% 67.75% 24.92% 6.03% 5.39% 9.14% 54.53% 15.73% 5.58% 6.22% 10.13% 62.35%
32 Toys and Games 7.66% 4.24% 6.78% 11.51% 69.81% 23.38% 6.27% 5.96% 9.15% 55.25% 14.53% 5.72% 6.85% 10.14% 62.75%
33 Unknown 11.19% 5.21% 7.66% 13.89% 62.05% 18.47% 4.91% 5.51% 11.76% 59.36% 17.24% 5.79% 6.65% 11.59% 58.73%
34 Video Games 9.54% 5.05% 7.92% 14.64% 62.85% 24.43% 6.18% 5.81% 10.76% 52.82% 16.35% 5.85% 6.67% 11.72% 59.41%
Sum 8.78% 4.73% 7.29% 13.34% 65.86% 20.35% 5.56% 5.52% 10.47% 58.11% 14.48% 5.48% 6.42% 10.74% 62.89%

* Note: Total 571,544 746 reviews from 54,514,263 unique reviewers for 48,185,048 unique products between June 17, 1996, and September 14, 2023
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Big data analysis over time and across all categories shows that (1) one timer reviewers
exist in all categories and the share of OTNOTA is larger than OTA, (2) their number of
reviews and share in all reviews generally increased over time, (3) one-time reviewers shows
more negative polarity across all categories and less positive polarity in most categories than
multi-review reviewers. Overall, These descriptive analysis results indicate potential reviewer
heterogeneity between one-time and multi-review reviewers when reviewers give a star rating
for the reviewed product. In addition, the Subscription Boxes category shows the highest gap
in the share of extreme ratings between OTA and NOT. Accordingly, this study first selects
the target product category as the Subscription Boxes category and conducts empirical analysis
to estimate the factors, including reviewer heterogeneity, that affect consumers’ star ratings for

a reviewed product.

4. Empirical Analysis

This section discusses findings from an empirical analysis estimating the effect of
reviewer heterogeneity, price sentiment, and pre-purchase information on consumers’ star
ratings in the Subscription Boxes category, which exhibits an abnormal rating distribution
relative to other categories, may have fewer incentives for promotional reviews, and face fewer
constraints. Consumers and sellers also may want to investigate a specific product category for
relevant products for their purchase or business. Furthermore, the framework for empirical
analysis in the Subscription Boxes category can be extended to other product categories.

This section first describes the Subscription Boxes category for empirical analysis and
reviewer heterogeneity in the category. Second, price sentiment analysis for review text using
LLMs with manual annotation and results are described. Third, variables, the model, and
empirical results are presented. Specifically, ordered probit model analysis is conducted, and

then marginal effect analysis is implemented for interpretation.
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4.1 Target category selection and its reviewer heterogeneity

The Amazon Subscription Boxes regularly provide a themed collection of products
curated by experts (e.g., beauty products, snacks, educational toys) to subscribers. Consumers’
uncertainty about the quality of the collection of products may be higher than that of regular
products in other categories because the collection of products changes in each subscription
cycle. Hence, the value and impact of pre-purchase information from other previous consumers’
reviews in the Subscription Boxes may be high.

Previous studies (Luca and Zervas, 2016; Mayzlin et al., 2014) have noted that
suspicious reviewers may post positive reviews for their own businesses and negative reviews
for their competitors. He et al. (2022) reported that fake reviewers are more likely to submit
positive reviews than negative ones for competitors due to the higher cost of targeting
competitors on Amazon.com. Therefore, the Subscription Boxes may provide less incentive
for promotional reviewers, who aim to boost their products with positive reviews or undermine
competitors with negative ones, to write positive promotional reviews for their business-related
products in the Subscription Boxes category compared to other category, because the
subscription box is not for a single product, but for a collection of different products, with the
collection frequently changing in each subscription cycle. Also, promotional reviewers may
also have less incentive to write a negative review for competitors in the Subscription Boxes
category, as the cost of writing a negative review after subscription may be higher than the cost
of a one-time purchase for other products in other categories.

The Subscription Boxes category exhibits the most significant discrepancy between
OTA and NOT reviews regarding the share of extreme ratings among all categories. As can be
seen in Table 5, a total of 16,216 reviews from 15,237 unique reviewers for 64 1unique products
are identified between January 24, 2017, and August 30, 2023. The first review in the

Subscription Boxes category appears on January 24, 2017, during the entire sample period.
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As shown in Table 5, the gap in the share of extreme ratings between NOT (71.12%)
and OTA reviews (80.69%) in the category is 9.57%, the largest among all categories.
Specifically, the share of 1-star ratings in OTA reviews within the category (18.16%) is 4.35%
higher than in all reviews in the same category (13.81%). Similarly, the share of 5-star ratings
in OTA reviews within the category (62.53%) is 5.22% higher than the share of 5-star ratings
in OTA reviews within the same category (57.31%)).

The gap in the share of extreme ratings between NOT (71.12%) and OTNOTA reviews
(69.23%) in the category is 1.89%. The share of 1-star ratings in OTNOTA reviews within the
category (16.07% ) is 2.26% higher than in all reviews in the same category (13.81%). In
contrast, the share of 5-star ratings in OTNOTA reviews within the category (53.16%) is 4.15%
lower than in all reviews in the same category (57.31%).

Overall, one-time reviewers in the Subscription Boxes category show more negative
polarity and less polarity than multi-review reviewers. Additionally, the gap between the share
of extreme ratings between OTA and NOT is the highest among all product categories.
Therefore, this study selects the Subscription Boxes category as a target category for empirical
analysis, because this category shows significant reviewer heterogeneity in extreme ratings.

Table 5. Rating distribution of reviews in the Subscription Boxes category

B(S):'::Céi;: Sg::ry Rating 1 Rating 2 Rating 3 Rating 4 Rating 5 (%Ci(;u/r;tn) 1 af(??—er(;tfings reL\J/Iiléqu;ers Lgtn:r?;e
All(1.OT +2.NOT) (1??;;?4) (91.’14 99014,) (1})’;334) (1:)’.2234) (52’;2;) (1160’(2)3/06) 69.75% 15,237 641
1. OT (OTA+OTNOTA) (12’.3131;]) (91?65"2) (1(1)’;2;]) (1%)’.22(02) (sgtﬁ% (8194.’2447"2) 69.58% 14471 602
1.1OTA (18.7196%) (7?31%) (5_32%) (6.3%) (622.;§%) (22385"4) 80.69% 435 o1
1.2 OTNOTA (126’.?)57;,) ( 91.1?3202) (IB’.S;;%A,) (1162542%) (5;?2%4,) (816%%3“/?) 69.23% 14036 601
2. NoT (132.;;‘11%) (7.173960/0) (101.23%) (101.53%) (517’2?94,) (1:)’;2;)) 71.12% 766 340
2.1 NOT (first review)* 116 32 79 s 444 766 73.11% 766 251

(15.14%)  (6.79%) (10.31%) (9.79%) (57.96%) (4.72%)

* Note: The number of OTA, OTNOTA, NOT (first review) reviewers and the number of reviews are the same,
because only the first review from each unique reviewer in each subgroup is considered for a fair comparison.
NOT (first review) account for only the first review from a unique NOT reviewer in the Subscription Boxes

category.
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In addition, empirical analysis of the entire individual review dataset, using data
mining to extract pre-purchase information from crowd reviews and sentiment analysis with
generative LLMs combined with labor-intensive manual annotation, requires significant
computational resources, budgets, and time. Moreover, sellers and consumers may prefer to
focus on relevant products within a specific category for their purchase or business, rather than
considering all products across all categories. Based on these reasons and constraints, this study
selects the Subscription Boxes category as the focused group for econometric analysis.

Furthermore, OTAs are assumed to write their first and only review across all product
categories during the entire sample period, while OTNOTA in the category are assumed to
write their first and only review for a product in the category (but not the only review across
all categories) during the entire sample period. To enable a fair comparison between one-time
(i.e., OTA and OTNOTA) and multi-review reviewers (i.e., NOT) in the Subscription Boxes
category, this study limits the sample dataset for econometric analysis to the first review
submitted by each unique reviewer within the category. As a result, the number of reviews
equals the number of unique reviewers for all types of reviewers.

A total of 15,237 reviews from 766 unique reviewers for 251 unique products are
identified between January 24, 2017, and August 30, 2023. However, all 16,216 reviews are
used for the data mining process to extract pre-purchase information about the quality of
reviewed products from all previous other reviewers’ (i.e., crowd) reviews for the products.

Numerical price information for products in this category is unavailable; therefore,
each consumer’s sentiment towards the price of the reviewed product is classified as “positive’,
‘neutral’, and ‘negative’ using popular generative LLMs combined with human annotation
using prompt engineering with and without fine-tuning. The detailed process for this price

sentiment analysis is described in the following subsection.
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4.2 Price Sentiment Analysis Using LLMs combined with manual annotation

Deep learning has been widely used for economics research (Farrell et al., 2021;
Ramsey and Bergtold, 2021), online product review research (Liu et al., 2019; Timoshenko
and Hauser, 2019), and consumer behavior prediction (Safara, 2022). Further, applying pre-
trained large language models (LLMs) and generative Al (GenAl), which are built using deep
learning models, has extensively presented new opportunities for examining unstructured data
in economic research (Bybee, 2023; Han, 2024; Korinek, 2023; Ludwig et al., 2025),
measuring inflation using firms’ earning calls transcripts (Chava et al., 2022), identifying
consumer needs (Timoshenko et al., 2025), and distinguishing factors for Yelp review
polarization (Fang et al., 2024). Accordingly, the present research advances multimodal
economic analysis by integrating econometric methods for structured data with generative
models to enable analyzing unstructured textual data in user-generated content (UGC).

This study employs widely used and popular generative LLMs, specifically OpenAlI’s
GPT models, which have demonstrated remarkable performance in various tasks, both with
and without examples of the desired output for fine-tuning. In detail, this study uses GPT
models for price sentiment analysis via OpenAl’s API.

GPT is a pre-trained model based on the decoder structure of the Transformer model
(Vaswani et al., 2017). The Transformer model is the backbone of most modern LLM models
in natural language processing (NLP), initially developed for machine translation with an
encoder and decoder structure. In particular, the decoder in the Transformer model generates
an output sequence for various desired tasks from numerical information generated by the
encoder using unstructured data (e.g., text). Accordingly, Transformer’s decoder-based models,
such as GPT, are well-suited for text generation. Kheiri and Karimi (2024) demonstrated
outstanding predictive performance of GPT-3.5 Turbo, a predecessor of GPT-4 models that

handles text data only, by using prompt engineering for three-class sentiment classification
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using a Twitter dataset. Prompt engineering is the process of creating effective prompts for
generative LLMs (Korinek, 2023), and well-designed prompts can improve the performance
of LLMs on specific tasks (Zhao et al, 2023). Therefore, this study uses GPT-40, GPT-4.1, and
GPT-5 models for three-class price sentiment classification through prompt engineering with
Amazon product review data in the Subscription Boxes category.

As shown in Table 6, GPT-40, GPT-4.1, and GPT-5 models are trained with datasets
until October 1, 2023, June 1, 2024, and September 30, 2024, respectively. Therefore, the
knowledge cutoff date of all models is after the last date of the sample period in this study. The
context window refers to the maximum number of tokens (i.e., the basic unit of text), including
both input and output, that GPT models can consider at once. Maximum output tokens refer to
the maximum number of tokens that GPT models can generate in their output. Temperature
refers to the randomness of output generated from GPT models, where temperature 0 indicates
deterministic output, while 1 indicates standard randomness, which is the fixed default setting
for the GPT 5 model. The temperature for GPT-40 and GPT-4.1 in this study is set to 0,
producing deterministic and reproducible outputs.

Fine-tuning is an additional training process applied to pre-trained LLMs using a
relatively small, task- or domain-specific dataset. GPT-40 and GPT-4.1 support fine-tuning,
whereas GPT-5 does not. Fine-tuning requires a dataset created for a specific task; therefore,
the study uses a manually labeled dataset for price sentiment classification during the fine-
tuning process of GPT-40 and GPT-4.1 models.

Table 6. Model comparison between GPT-40, GPT-4.1, and GPT-5

Parameters GPT-40 GPT-4.1 GPT-5
API Model ID gpt-40-2024-08-06 gpt-4.1-2025-04-14 gpt-5
Knowledge cutoff Oct 1, 2023 Jun 1, 2024 Sep 30, 2024
Context window 128,000 1,047,576 400,000
Max output tokens 16,384 32,768 128,000

e No

Temperature flexibility Yes Yes (Fixed as 1)
Fine-tunning capability Yes Yes No

* Source: OpenAl. Compare models. (modified)
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The overall process of sentiment analysis in this study follows that of Liu et al. (2019),
who initially used a manually labeled, balanced product review dataset to validate the
predictive performance of deep learning-based sentiment classification models. Subsequently,
Liu et al. (2019) then employed the trained deep learning model, which achieved 93.3%
accuracy on the manually labeled test dataset, to classify the binary sentiment (i.e., positive vs.
negative) of the entire product review data. Therefore, this study follows the abovementioned
process for three-class price sentiment analysis instead of binary sentiment classification and
employs GPT models, rather than convolutional neural networks (CNNs; Kim, 2014).

This study first randomly selects 1,500 (about 10% of all 15,237 reviews) reviews as
a validation dataset to evaluate the predictive performance of GPT models with and without
fine-tuning. Before analysis, the review title and body of each review in all 15,237 reviews are
combined and converted to lowercase.

Second, the author manually annotated 1,500 reviews twice, providing the reason for
positive or negative sentiment classification for each review to ensure consistency and
minimize human error over 17 days between October 6, 2025, and October 22, 2025. The
trigger phrase in each review is manually classified as indicating either a positive or negative
sentiment. In contrast, all neutral reviews are labeled with the reason “there is no information
about price in the review” (Table 7). The author has prior experience in annotation for
sentiment analysis with Amazon product reviews.

During the manual annotation process to construct a dataset to train GPT models for
price sentiment analysis and evaluate the performance of GPT models, OpenAI’s ChatGPT
was also used to translate seven Spanish reviews into English. None of these Spanish reviews
contained any direct mention of price-related sentiment; therefore, all these Spanish reviews’
price sentiments are classified as neutral. GPT models are multilingual; consequently, they can

classify price sentiment for Spanish reviews using English prompts without any modification.
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Table 7. Manual annotation examples for three-class price sentiment classification

Reason for the manual price sentiment class Manual price sentiment class

the phrase "well worth the money" indicates a positive sentiment
towards the price.

there is no information about price in the review neutral
the phrase "expensive for quality i was disappointed" indicates a
negative sentiment towards the price.

positive

negative

The annotated validation dataset is divided into training (1,000 reviews) and test (500
reviews) datasets. As can be seen in Table 8, the dataset is imbalanced, with the majority of
price sentiments being neutral (73.87%), followed by negative (16.87%) and positive (9.27%)
sentiments.

Table 8. Sentiment distribution in training, test, and combined training and test datasets

Training (A) Test (B) Total (A+B)
Positive sentiment 92 (9.2%) 47 (9.4%) 139 (9.27%)
Neutral sentiment 737 (73.7%) 371 (74.2%) 1,108 (73.87%)
Negative sentiment 171 (17.1%) 82 (16.4%) 253 (16.87%)
Total 1,000 500 1,500

During the validation stage, the overall predicted performance of three-sentiment
classification across GPT models is evaluated based on predictive performance on the test set
with and without fine-tuning. Specifically, the direct use of a pre-trained model with prompt
engineering, providing a few desired output examples, is called the ‘few-shot learning’
approach in generative LLMs. The zero-shot learning approach, which provides no labeled
examples in a prompt, is applied to all GPT models to directly classify price sentiment in the
test set reviews without fine-tuning to compare its performance with the fine-tuned models.

Fine-tuning for a pre-trained model with a labelled sample dataset is known as the
supervised fine-tuning approach in generative LLMs. Using the supervised fine-tuning
approach, GPT-40 and GPT-4.1 are fine-tuned with manually labeled training datasets
containing either 50 or 1,000 samples to classify price sentiment in the test set reviews. GPT-

5 is excluded from fine-tuning as it does not support fine-tuning. The prompt for the fine-tuned
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model is the same as the above zero-shot learning approach without fine-tuning. The best price
sentiment classification model among GPT models is selected based solely on the predictive
performance in the test set.

Prompts in GPT models are divided into two parts: the system and user prompts. The
system prompt in GPT models refers to the specific guidelines for how GPT models should
behave and define their Al persona and/or personality. The system prompt for price sentiment
is the same across all GPT models (Table 9). In this study, the system prompt first instructs
GPT models to classify price sentiment in each Amazon product review into three classes:
positive, neutral, or negative. Second, the system prompt directs GPT models to classify
reviews that lack price information or are incapable of price sentiment classification as neutral.
Third, GPT models are asked to provide a one-sentence explanation for their sentiment analysis
of the price in the review. Fourth, the system prompt requests GPT models to separate the
classified price sentiment and the reason for that classification with a comma, and present all
responses in lowercase. Finally, three examples of the desired output formats with three
different sentiment classes are provided.

Table 9. System prompt for price sentiment analysis

You will be provided with Amazon online product reviews.

Your task is to classify their sentiment toward price as positive, neutral, or negative.

When you cannot classify the sentiment toward price, or there is no information about price
in the review, please classify it as neutral.

Additionally, please provide the reason for your sentiment analysis of the price in the review
in one sentence.

Separate the sentiment toward price and reason with a comma.

All responses must be in lowercase.

The examples of responses are:

negative, there is no information about the price in the review.

positive, the phrase "worth the money" indicates a positive sentiment toward the price.
negative, the phrase "not worth the money" indicates a negative sentiment toward the price.
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The user prompt in GPT models refers to the input provided by a user, such as a
specific question, request, or task. In this study, each review serves as a user prompt. Custom
Python functions are used to call the OpenAl API to classify the price sentiment of each review
(i.e., user prompt) based on a consistent system prompt applied across all GPT models,
regardless of fine-tuning. Another Python function is used to split the response from GPT
models into two columns: one for price sentiment and the other for the reason, separated by a
comma. This Python function also includes a filter that assigns a neutral price sentiment
whenever the GPT model’s response does not match any of the three price sentiment categories
(‘positive’, ‘neutral’, and ‘negative’) and instead returns other outputs, such as ‘none’.

Compared to binary classification of overall sentiment in reviews with a balanced
dataset, where sentiment classes are equally distributed, three-class sentiment classification for
price in reviews with an imbalanced dataset in this study presents a more challenging NLP task.
In particular, the F1-score is a widely used metric for evaluating the predictive performance of
classification models on an imbalanced dataset, whereas accuracy is more commonly used for
classification models with a balanced dataset. Riyanto et al. (2023) stated that the F1-score is
the most appropriate evaluation metric for classification tasks with an imbalanced dataset
among confusion matrix-based evaluation metrics, including accuracy, precision, and recall.
Accuracy measures the share of correctly classified samples across all classes relative to the
total sample size. Precision is the share of correctly classified samples for a specific class out
of all samples that are classified as that class. The recall is the share of correctly classified
samples of a specific class out of the sample size for that class. The F1 score is the combination

of precision and recall, the harmonic average of precision and recall, as follows:

2 2(precision-recall
F1-score = T — = (p )

—+
precision recall

precision+recall

The macro-average scores of precision, recall, and F1-score are used to evaluate the

predictive performance of GPT models for three-class price sentiment analysis in this study,
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because the macro-average score equally considers each class in multi-class classifications,
regardless of class imbalance. Overall, the macro F1 score is the primary metric for evaluating
the predictive performance of GPT models for price sentiment analysis in this study.

As shown in Table 10, fine-tuning improves the predictive performance of GPT-40
and GPT-4.1 across all evaluation metrics except macro recall, even when fine-tuning is
performed with only 50 samples in the training set. The best model of price sentiment analysis
on the test set is the GPT-4.1 model fine-tuned with 1,000 training samples, achieving a macro
F1-score 0of 93%, an accuracy of 96%, and a macro precision of 94%. The confusion matrix for
each GPT model is also presented in Table 11, where diagonal elements in each confusion
matrix indicate the number of correctly classified samples for each class.

Table 10. Prediction results for price sentiment classification in the test set

Instruction strategy Model  Accuracy  Macro precision ~ Macro recall ~ Macro F1
GPT-40 0.92 0.84 0.93 0.88
Zero-shot learning GPT-4.1 0.89 0.79 0.94 0.85
GPT-5 0.89 0.79 0.94 0.84
GPT-40 0.95 0.90 0.93 0.91
Fine-tuning with 50 samples in the training set
GPT-4.1 0.95 0.89 0.95 0.92
GPT-40 0.96 0.93 0.89 0.91
Fine-tuning with 1,000 samples in the training set
GPT-4.1 0.96 0.94 0.93 0.93

Table 11. Confusion matrix for price sentiment classification in the test set

GPT-40 (zero-shot learning) GPT-4.1 (zero-shot learning)
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The price sentiment of 13,737 reviews, excluding 1,500 manually labeled reviews, is
classified using the GPT-4.1 model fine-tuned with 1,000 manually labeled training samples.
Eventually, the total dataset includes 1,500 manually labelled reviews and 13,737 GPT-labeled
reviews. Specifically, the distribution of price sentiment class is imbalanced across all label
groups, showing an extremely skewed distribution toward neutral price sentiment (Table 12).
The combined price sentiment variables from both manual and GPT labels are used as

independent variables in the econometric analysis in this study.
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Table 12. Price sentiment distribution across manual, Al, and combined label sets

Manual label (A) GPT-4.1 label (B) Total (A+B)
Positive sentiment 139 (9.27%) 1,426 (10.38%) 1,565(10.27 %)
Neutral sentiment 1,108 (73.87%) 10,071 (73.31%) 11,179(73.37%)
Negative sentiment 253 (16.87%) 2,240 (16.31%) 2,493(16.36%)
Total 1,500 13,737 15,237

4.3 Ordered Probit Model Analysis and Results

This paper uses a random utility model (RUM) for ordinal responses, because
consumers’ star ratings for reviewed products on Amazon.com are ordinal in nature. The
ordered probit model is a broadly used random utility model for sample data with an ordinal
dependent variable (Chen and Tsai, 2012; Hausman et al., 1992; Greene, 2012; Kawakatsu and
Largey, 2009; McCullagh, 1980; Train, 2009; Winship and Mare, 1984; Pudney and Shields,
2000). Hence, this study also uses an ordinal probit model to estimate the effect of reviewer
heterogeneity between one-time and multi-review reviewers, price sentiment, and pre-purchase
information on consumers’ star ratings for Amazon subscription boxes.

The notation of the ordered probit model in this study follows Greene (2012).
Specifically, the model in this study assumes that the observed ordinal star rating R;j; in an
Amazon product review for a subscription box ¢’ rated by a reviewer ‘i’ at time ‘#’, ranges
from one to five stars. The ordered probit model also assumes the presence of an unobserved
continuous dependent variable U;;, on the real line, which represents the reviewer ‘i’s
unobservable true strength of preference (i.e., latent utility) toward the reviewed subscription

box Y’ at the time ‘#’. Additionally, the latent utility, Uj;, is assumed as a linear function of
observable independent variables (i.e., x;j;) and its independent and identically distributed
(i.1.d.) error terms (i.e., &;j¢) follows a standard normal distribution as follows:

Ujje = xije B+ €ije,
where [ denotes unknown coefficients for the independent variables.
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Importantly, the ordinal probit model assumes that the observable star rating R;;; in
actual Amazon product reviews represents a continuous range of true latent utility U, over
the real line as follows:

Rijy =1,if —o<Uj <ty

Rije = 2,if ty <Ujjy <t

Rije = 3,if t, < Ujj < t3

Rije = 4, if t3 < Ujjy Sty

R;j = 5, if ty <Ujjp S o
where t;, t,, t3, and t, represents latent thresholds required to map a range of the latent
utility into observable five-star ratings, and these thresholds follow a strict ascending order:

t) <t, <ty <t,<tsg

Additionally, maximum likelihood estimation (MLE) is used to estimate unknown parameters,
including both the coefficients of observable independent variables and the latent thresholds.

Table 13 presents the variables used in the ordered probit model. The ordinal
dependent variable is a star rating in an Amazon product review. The independent variables
fall into two categories: consumer-specific variables and pre-purchase information for the
reviewed products from previous reviewers (i.e., crowd). The first group consists of consumer-
specific attributes at and after the time of review. These include dummy variables for reviewer
type regarding reviewer heterogeneity, the length of the review title and body, and the
reviewer’s price sentiment expressed in the review title and body.

Reviewer type variables include binary dummy variables indicating purchase
unverified NOT, verified OTNOTA, unverified OTNOTA, verified OTA, and unverified OTA,
where base group is a purchase verified multi-review reviewers (i.e., verified NOT). In general,

this study assumes that purchase-verified reviews are relatively less likely to be written by
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suspicious reviewers because purchasing the reviewed product to write a promotional review
may increase the cost of such a promotional review. Additionally, the purpose of these
variables is to measure the effect of reviewer heterogeneity on each star rating, especially for
extreme ratings (i.e., 1-and 5-star ratings).

The lengths of the review title and body are used to measure reviewers’ willingness to
express and share their opinions about reviewed products with other consumers, since the
longer review titles and/or bodies generally require more time and effort compared to the
shorter ones.

Price sentiment variables reflect reviewers’ evaluation of the price worthiness of the
reviewed products. It is divided into two binary variables representing positive and negative
sentiments. The neutral sentiment is the base group for each binary price sentiment variable.
Economically, a positive sentiment for the price of the reviewed product is expected to increase
the probability of giving a 5-star rating. In contrast, a negative price sentiment of the reviewed
product is expected to increase the probability of giving a 1-star rating.

The other independent variables representing pre-purchase information about the
quality of the reviewed products from previous reviews are constructed using digital footprints
derived from all 16,216 reviews rather than only the first reviews of unique reviewers in the
Subscription Boxes category. This study assumes that a reviewer may be influenced by
previous reviews’ review title, review body, average rating, and the share of each rating when
giving a star rating for a product at ‘¢’. Therefore, this study includes the average length of
previous other reviews’ title for the revied product by ‘z-1’, the average length of previous other
reviews’ body text for the reviewed product by ‘#-1°, the average rating of previous reviews for
the reviewed product by ‘#-1°, the share of each rating from previous reviews for the reviewed
products by ‘#-1°, excluding the share of 3-star ratings as it is a minority class. Additionally,

the measure of positive imbalance (i.e., the share of 5- and 4-star ratings) in previous reviews
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for the reviewed product by ‘#-1’ is considered based on Schoenmueller et al. (2020). If a
reviewer in the Subscription Boxes category responds to previous reviewers’ reviews, the
marginal effects of these pre-purchase information variables will be statistically significant.

Furthermore, store ID dummy variables are included to account for time-invariant
characteristics of subscription boxes sold by each store. Dummy variables for year, month, and
day of the week are also incorporated. Specifically, the base group for the year dummy
variables is set to 2019, which is one year before the outbreak of the COVID-19 pandemic. If
the pandemic affected consumers’ star rating behaviors on Amazon.com, the marginal effect
of the 2020 dummy variable will be statistically significant. In addition, Bayerl et al. (2025)
demonstrate the negative effect of submitting ratings during the weekend on star ratings across
various platforms. Therefore, the day of the week variables are also considered.

Table 13. Variable description (N=15,237)

Variable Description

Star rating Star rating for the reviewed product at t (dependent variable)

Unverified NOT (n=53; 0.35%) Whether the reviewer is an unverified NOT or verified NOT (n=713;
4.68%)

Verified OTNOTA (n=12,343; 81.01%) Whether the reviewer is a verified OT or verified NOT
Unverified OTNOTA (n=1,693; 11.11%) Whether the reviewer is an unverified NOT or a verified NOT

Veritied OTA (n=304; 2%) Whether the reviewer is a verified OTA or verified NOT

Unverified OTA (n=131; 0.86%) Whether the reviewer is an unverified OTA or a verified NOT

Length of review title Length of review title for the product by i

Length of review body Length of review body for the product by i

Crowd’s average length of review title Crowd’s average length of review title for the product by t-1

Crowd’s average length of review body Crowd’s average length of review for the product by t-1

Negative price sentiment Whether negative or neutral price sentiment toward the product by i at t
Positive price sentiment Whether positive or neutral price sentiment toward the product by i at t
Crowd’s average rating Crowd’s average rating for the product by t-1

Crowd’s share of 5-star ratings Crowd’s share of 5 ratings on the product by t-1

Crowd’s share of 4-star ratings Crowd’s share of 4 ratings on the product by t-1

Crowd’s share of 2-star ratings Crowd’s share of 2 ratings on the product by t-1

Crowd’s share of 1-star ratings Crowd’s share of 1 rating on the product by t-1

Crowd’s positive imbalance Crowd’s share of 5-and 4-star ratings on the product by t-1

Store id Multiple dummy variables for the effect of the product’s store

Year Multiple dummy variables for year effect compared to 2019 (base)
Month Multiple dummy variables for month effect compared to January (base)
Day of week Multiple dummy variables for day of week compared to Monday (base)

* Note: "i" indicates a reviewer or their first review in the Subscription Boxes category; 't indicates review time,
including year, month, day, hour, minute, and second. The crowd indicates the previous reviewers.
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In contrast to linear regression models, the coefficients of independent variables in
ordered probit models cannot be directly interpreted as marginal effects because these models
are nonlinear. Accordingly, this study uses the marginal effects of ordered probit models for
interpretation. Before interpreting the marginal effect results, the model specification, model-
fits, and the signs and magnitudes of coefficients for independent variables across models are
described to identify the best model based on model-fit measures and robustness of results.

As can be seen in Table 14, all models include dummy variables for store, year, month,
and day of the week. Except for Model 1, the other models incorporate positive and negative
price sentiment variables. Specifically, Model 2 adds positive and negative sentiments to
Model 1. Models 3 through 8 each add one crowd rating variable, such as average star rating,
the share of star ratings, or positive imbalance, to Model 2. Model-fit is assessed using the
Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), where lower
scores on both measures indicate better model-fit.

Model 2 shows better model-fit than Model 1. Specifically, Model 2 has AIC and BIC
scores that are 2,913.2 and 2,898.1 points lower than those of Model 1. Models 3,4, 6, and 8
show better model-fit than Model 2. Importantly, Model 8 exhibits the best model-fit with the
lowest AIC and BIC scores across all models; therefore, interpretation of marginal effects is
based on Model 8 in the following subsection.

The sign, magnitude, and statistical significance of independent variables in Model 1,
a baseline model without sentiments and crowd variables, are the same and similar to those in
other models, except for the unverified OTA variable, which is insignificant in Model 1 but
statistically significant in the other models. The robustness of results across models with
different model specifications suggests that the effect of potential measurement errors in price
sentiment variables generated by LLMs, combined with manual annotation, is likely small or

negligible when interpreting the overall trends of marginal effect in the following subsection.
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Table 14. Results from ordered probit model (Appendix)

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Unverified NOT -0.4818%** -0.5249%** -0.5174%** -0.5203*** -0.5235%** -0.5271%** -0.5213%** -0.5176%**
reviewers (0.1760) (0.1785) (0.1787) (0.1786) (0.1785) (0.1786) (0.1786) (0.1788)
Verified OT -0.1599%** -0.1621%** -0.1585%** -0.1588*** -0.1622%** -0.1636%** -0.1604*** -0.1620%***
! (0.0487) (0.0495) (0.0495) (0.0495) (0.0495) (0.0495) (0.0495) (0.0496)
reviewers
Unverified OT -0.4650%** -0.4515%** -0.4452%** -0.4473%** -0.4512%** -0.4539%** -0.4481*** -0.4493***
er (0.0569) (0.0580) (0.0581) (0.0581) (0.0580) (0.0580) (0.0581) (0.0582)
Verified OTA -0.1885%* -0.2013** -0.1970%* -0.1981%** -0.2012%* -0.2027** -0.1991%** -0.2006**
. (0.0846) (0.0867) (0.0867) (0.0867) (0.0867) (0.0867) (0.0867) (0.0868)
reviewers
Unverified OTA -0.1706 -0.2270* -0.2297* -0.2338* -0.2251* -0.2299* -0.2263* -0.2315%
reviewers (0.1244) (0.1290) (0.1292) (0.1292) (0.1291) (0.1291) (0.1291) (0.1292)
. . -0.0046%** -0.0045%** -0.0045%** -0.0045%** -0.0045%** -0.0045%** -0.0045%** -0.0045%***
Length of review title
(0.0006) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006)
Length of review -0.0003*** -0.0002%** -0.0002%** -0.0002%*** -0.0002%** -0.0002%*** -0.0002%*** -0.0002%***
body (0.00003) (0.00003) (0.00003) (0.00003) (0.00003) (0.00003) (0.00003) (0.00003)
Crowd’s average -0.0044 -0.0009 0.0002 0.0001 -0.0009 0.0001 -0.0007 0.0002
length of review title (0.0028) (0.0029) (0.0029) (0.0029) (0.0029) (0.0029) (0.0029) (0.0030)
lcer;’“:lf o oaee -0.0002 -0.0002 -0.0001 -0.0001 -0.0002 -0.0001 -0.0002 -0.0001
= body (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
2017 -0.2285%** -0.1628** -0.1326%* -0.1414%* -0.1606** -0.1396** -0.1530%** -0.1251%*
(0.0650 (0.0661) (0.0668) (0.0665) (0.0662) (0.0665) (0.0665) (0.0669)
2018 -0.2807*** -0.2317*** -0.2128*** -0.2176*** -0.2301*** -0.2238*** -0.2250%*** -0.2087***
(0.0391) (0.0400) (0.0404) (0.0403) (0.0401) (0.0401) (0.0403) (0.0406)
2020 -0.0942%** -0.0534 -0.0479 -0.0478 -0.0534 -0.0554* -0.0512 -0.0473
(0.0323) (0.0332) (0.0332) (0.0332) (0.0332) (0.0332) (0.0332) (0.0332)
2021 -0.2253*** -0.1647*** -0.1519%** -0.1525%** -0.1651*** -0.1647*** -0.1599*** -0.1493***
(0.0357) (0.0367) (0.0369) (0.0369) (0.0367) (0.0367) (0.0369) (0.0369)
2022 -0.2370%** -0.1943%** -0.1812%** -0.1814%** -0.1949%** -0.1939%** -0.1895%** -0.1725%**
(0.0421) (0.0431) (0.0433) (0.0434) (0.0432) (0.0431) (0.0433) (0.0434)
2023 -0.1570** -0.1484** -0.1450* -0.1399* -0.1528** -0.1594** -0.1455* -0.1443*
(0.0729) (0.0745) (0.0746) (0.0746) (0.0748) (0.0746) (0.0746) (0.0747)
Negative price -1.2807*** -1.2788*** -1.2784%*** -1.2810%** -1.2796*** -1.2802%*** -1.2789***
sentiment (0.0276) (0.0276) (0.0276) (0.0276) (0.0276) (0.0276) (0.0277)
Positive price 0.7302%** 0.7316%** 0.7318*** 0.7299%** 0.7285%** 0.7310%** 0.7307***
sentiment (0.0393) (0.0393) (0.0393) (0.0393) (0.0393) (0.0393) (0.0393)
Crowd’s average 0.0836%**
rating (0.0255)
Crowd’s share of 5- 0.2627***
star ratings (0.0831)
Crowd’s share of 4- 0.1104
star ratings (0.1545)
Crowd’s share of 2- -0.4763***
star ratings (0.1398)
Crowd’s share of 1- -0.1524
star ratings (0.1133)
Crowd’s positive 0.3144%**
imbalance (0.0834)
Days of the week Yes Yes Yes Yes Yes Yes Yes Yes
Month Yes Yes Yes Yes Yes Yes Yes Yes
Store Yes Yes Yes Yes Yes Yes Yes Yes
Loglikelihood -18387.0 -16928.3 -16923.0 -16923.3 -16928.1 -16922.5 -16927.4 -16874.5
AIC 37331.9 34418.7 34409.9 34410.7 34420.2 34409.1 34418.9 34309.0
BIC 39448.5 36550.4 36549.3 36550.0 36559.5 36548.4 36558.2 36432.5
N 14565 14565 14565 14565 14565 14565 14565 14526

* Note: *p <.10; **p <.05; **p <.01. Sample period: January 24, 2017—August 30, 2023. Days of the week
dummies, month dummies, and store dummies are excluded for space. Perfectly predicted samples are dropped.
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4.4 Marginal Effect Analysis

Table 15 presents the marginal effect results based on statistically significant and/or
primary independent variables. The interpretation focuses specifically on the marginal effects
of these variables on the probability of 1-star and 5-star ratings.

The interpretation of the marginal effects for review heterogeneity and price sentiment
variables is based on Model 8, as it demonstrates the best model-fit among all models.
Unverified multi-review reviewers (i.e., unverified NOT) are approximately 10.05% more
likely to give a 1-star rating and 16.95% less likely to give a 5-star rating compared to verified
multi-review reviewers (i.e., verified NOT), who serve as the baseline group. The only
difference between these two groups is whether the reviewers are purchase verified. Therefore,
these marginal effect results indicate that purchase verification among multi-review reviewers
decreases the probability of giving a 1-star rating, while increasing the probability of giving a
5-star rating. Notably, for multi-review reviewers, the magnitude of the negative marginal
effect of purchase unverification for a 5-star rating is larger than the positive marginal effect
of purchase unverification for a 1-star rating.

Verified and unverified OTNOTA are 2.7% and 8.5% more likely to give a 1-star
rating and 5.2% and 14.7% less likely to give a 5-star rating, respectively, compared to verified
multi-review reviewers. In general, OTNOTA shows a higher probability of giving a 1-star
rating and a lower probability of giving a 5-star rating than verified multi-review reviewers.
The magnitudes of both positive and negative marginal effects for unverified OTNOTA on the
probability of giving a 1-star or 5-star rating are larger than those for verified OTNOTA.

Verified and unverified OTAs are 3.4% and 3.9% more likely to give a 1-star rating
and 6.5% and 7.5% less likely to give a 5-star rating, respectively, than verified multi-review
reviewers (i.e., verified NOT). OTA shows a higher probability of giving a 1-star rating and a

lower probability of giving a 5-star rating compared to verified multi-review reviewers. The
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gap in the probability of giving a 5-star rating is between OTA and verified NOT larger than
the gap in the probability of giving a 1-star rating between these groups. The effect of purchase
verification on the difference in the probabilities of giving 1-star or 5-star ratings between OTA
and verified NOT is smaller than between OTNOTA and verified NOT.

An additional character in the length of the review title and body increases the
probability of giving a 1-star rating by 0.082% and 0.004%, respectively. It decreases the
probability of giving a 5-star rating by 0.147% and 0.007%, respectively. Longer titles and
bodies increase the probability of giving a 1-star rating and decrease the probability of giving
a 5-star rating. The magnitude of the marginal effect from an additional character in the title is
larger than that of the body. The magnitude of the marginal effect of an additional character is
larger for a 5-star rating than for a 1-star rating. This suggests that unsatisfied consumers tend
to write longer titles and bodies, and especially titles, than others.

Negative price sentiment increases the probability of giving a 1-star rating by 36.54%
and decreases the probability of giving a 5-star rating by 41.74% compared to neutral price
sentiment (i.e., the baseline sentiment). In contrast, positive price sentiment decreases the
probability of giving a 1-star rating by 7.55% and increases the probability of giving a 5-star
rating by 23.33%. These results are reasonable because consumers are more likely to give a 1-
star or 5-star rating when they are unsatisfied or satisfied with the product price. Therefore,
potential measurement errors in price sentiment variables, generated from generative LLMs
combined with manual annotation, may be small or negligible. In addition, the magnitude of
negative price sentiment is larger than that of positive price sentiment. The magnitude of the
marginal effect on the 5-star rating is greater than on the 1-star rating in both negative and
positive price sentiments; therefore, sellers should pay more attention to negative price

sentiment than positive.
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Table 15. Marginal effect of reviewer heterogeneity, length of review, and price sentiment (Appendix)

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Unverified NOT 1 0.112617** 0.102432%** 0.100869** 0.101541%** 0.102097** 0.102754** 0.101700%** 0.100520**
(0.048671) (0.041193) (0.041104) (0.041159) (0.041151) (0.041198) (0.041164) (0.040998)
2 0.033364%** 0.032979%** 0.032510%** 0.032694*** 0.032893*** 0.033113%*** 0.032753%** 0.032595%*%*
(0.010627) (0.010498) (0.010530) (0.010515) (0.010504) (0.010502) (0.010514) (0.010579)
3 0.022723*** 0.025948%*** 0.025602*** 0.025715%** 0.025898*** 0.026060*** 0.025784*** 0.025737***
(0.005493) (0.006540) (0.006595) (0.006562) (0.006556) (0.006540) (0.006567) (0.006654)
4 0.007708*** 0.010636%*** 0.010515%** 0.010523*** 0.010640%*** 0.010709%*** 0.010577*** 0.010676%***
(0.001958) (0.001845) (0.001840) (0.001838) (0.001846) (0.001850) (0.001843) (0.001861)
5 -0.176411%%* -0.171995%*%* -0.169496%** -0.170473%** -0.171529%*%* -0.172637%** -0.170815%** -0.169528%**
(0.063790) (0.058442) (0.058510) (0.058475) (0.058445) (0.058449) (0.058489) (0.058573)
Verified OTNOTA 1 0.032105%** 0.027145%** 0.026577*** 0.026619%*** 0.027163*** 0.027365%** 0.026886%*** 0.027072%**
(0.009068) (0.007769) (0.007791) (0.007788) (0.007769) (0.007757) (0.007782) (0.007771)
2 0.011790%*** 0.010364*** 0.010134%*** 0.010155%** 0.010369*** 0.010458%*** 0.010257*** 0.010366***
(0.003618) (0.003144) (0.003144) (0.003145) (0.003143) (0.003143) (0.003145) (0.003153)
3 0.009402%#* 0.009392 % 0.009177*** 0.009196%*** 0.009396%** 0.009480%** 0.009293 *** 0.009393 %
(0.003054) (0.002978) (0.002974) (0.002975) (0.002978) (0.002980) (0.002977) (0.002987)
4 0.004762%*** 0.005311#** 0.005182%*** 0.005191*** 0.005315%** 0.005371*** 0.005251*** 0.005322%**
(0.001725) (0.001835) (0.001827) (0.001827) (0.001835) (0.001840) (0.001832) (0.001843)
5 -0.058060*** -0.052211%** -0.051070%*** -0.051160%*** -0.052244*** -0.052674%*** -0.051686*** -0.052152%*%
(0.017422) (0.015690) (0.015701) (0.015700) (0.015689) (0.015682) (0.015700) 0.015717)
Unverified OTNOTA 1 0.107895%** 0.085562%*** 0.084335%** 0.084759%*** 0.085495%** 0.085928%*** 0.084897*** 0.084909%**
(0.012379) (0.010445) (0.010454) (0.010455) (0.010444) (0.010437) (0.010458) (0.010443)
2 0.032364%** 0.028621*** 0.028218%*** 0.028349%** 0.028600%*** 0.028766*** 0.028403*** 0.028524 %%
(0.004103) (0.003717) (0.003719) (0.003719) (0.003717) (0.003718) (0.003720) (0.003731)
3 0.022255%** 0.023264%** 0.022944%** 0.023032%** 0.023250%** 0.023385%** 0.023096%*** 0.023209%**
(0.003180) (0.003230) (0.003229) (0.003228) (0.003230) (0.003231) (0.003232) (0.003242)
4 0.007787%** 0.010378%** 0.010238%*** 0.010256%*** 0.010380%*** 0.010452%** 0.010308*** 0.010403%***
(0.001724) (0.001846) (0.001839) (0.001839) (0.001847) (0.001851) (0.001843) (0.001855)
5 -0.170301*** -0.147824%** -0.145734% %% -0.146396%** -0.147725%** -0.148532%%* -0.146705%** -0.147044%**
(0.020457) (0.018644) (0.018661) (0.018655) (0.018643) (0.018637) (0.018667) (0.018683)
Verified OTA 1 0.038387** 0.034303** 0.033593%* 0.033776** 0.034290** 0.034497%* 0.033942%* 0.034109%**
(0.017902) (0.015320) (0.015318) (0.015321) (0.015320) (0.015306) (0.015322) (0.015293)
2 0.013856%* 0.012885%* 0.012606** 0.012677%* 0.012879** 0.012972%* 0.012742%* 0.012853%*
(0.006164) (0.005552) (0.005551) (0.005552) (0.005551) (0.005551) (0.005552) (0.005562)
3 0.010917** 0.011524%* 0.011269** 0.011329%* 0.011519%** 0.011605%** 0.011396%** 0.011497**
(0.004724) (0.004836) (0.004836) (0.004835) (0.004836) (0.004837) (0.004838) (0.004847)
4 0.005395%* 0.006351%** 0.006204** 0.006232%* 0.006351%* 0.006409** 0.006277%* 0.006351%*
(0.002253) (0.002566) (0.002564) (0.002561) (0.002567) (0.002571) (0.002566) (0.002578)
5 -0.068555%* -0.065063** -0.063672%* -0.064014%* -0.065039** -0.065482%* -0.064358** -0.064810%**
(0.030859) (0.028150) (0.028150) (0.028148) (0.028150) (0.028139) (0.028157) (0.028157)
Unverified OTA 1 0.034441 0.039114 0.039727* 0.040496* 0.038767 0.039598* 0.039035 0.039905*
(0.026695) (0.023879) (0.024007) (0.024073) (0.023851) (0.023893) (0.023905) (0.023938)
2 0.012567 0.014532* 0.014702* 0.014969* 0.014413* 0.014718* 0.014486* 0.014840*
(0.009053) (0.008268) (0.008269) (0.008270) (0.008269) (0.008269) (0.008268) (0.008284)
3 0.009977 0.012882* 0.012995* 0.013213* 0.012785* 0.013045* 0.012834* 0.013134*
(0.006823) (0.006912) (0.006885) (0.006867) (0.006922) (0.006907) (0.006909) (0.006905)
4 0.005008 0.006975%* 0.006993** 0.007088** 0.006934** 0.007070%** 0.006938** 0.007101%**
(0.003095) (0.003338) (0.003294) (0.003267) (0.003352) (0.003334) (0.003331) (0.003321)
5 -0.061991 -0.073503* -0.074417* -0.075767* -0.072899* -0.074431* -0.073292* -0.074981*
(0.045540) (0.042261) (0.042315) (0.042331) (0.042260) (0.042263) (0.042278) (0.042306)
Length of review title 1 0.001016%** 0.000821 *** 0.000818%** 0.000819%** 0.000820%** 0.000812%*** 0.000821*** 0.000819%*%*
(0.000131) (0.000111) (0.000111) (0.000110) (0.000111) (0.000111) (0.000111) (0.000110)
2 0.000325%** 0.000285%** 0.000284*** 0.000285%** 0.000285%** 0.000283%** 0.000285%** 0.000286%***
(0.000042) (0.000039) (0.000039) (0.000039) (0.000039) (0.000039) (0.000039) (0.000039)
3 0.000236%** 0.000242%** 0.00024 1 *** 0.00024 1 *** 0.00024 1 *** 0.000239%** 0.000242%** 0.0002427%*%*
(0.000031) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033)
4 0.000097*** 0.000118*** 0.000118*** 0.000118*** 0.000118*** 0.000117%%* 0.000118*** 0.000119%**
(0.000013) (0.000016) (0.000016) (0.000016) (0.000016) (0.000016) (0.000016) (0.000017)
5 -0.001673%** -0.001466%*** -0.001461%*** -0.001463*** -0.001465%*** -0.001451*** -0.001466%*** -0.001465%***
(0.000215) (0.000196) (0.000196) (0.000196) (0.000196) (0.000196) (0.000196) (0.000196)
Length of review body 1 0.000069*** 0.000040%** 0.000040%** 0.000040%*** 0.000040%*** 0.000039%*** 0.000040%*** 0.000040%**
(0.000007) (0.000006) (0.000006) (0.000006) (0.000006) (0.000006) (0.000006) (0.000006)
2 0.000022%** 0.000014%** 0.000014%** 0.000014%** 0.000014%** 0.000014%** 0.000014%** 0.000014%*%*
(0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002)
3 0.000016*** 0.000012%** 0.000012%** 0.000012%** 0.000012%** 0.000012%** 0.000012%** 0.000012%**
(0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002)
4 0.000007%%** 0.000006%*** 0.000006%*** 0.000006*** 0.000006*** 0.000006*** 0.000006*** 0.000006%***
(0.000001) (0.000001) (0.000001) (0.000001) (0.000001) (0.000001) (0.000001) (0.000001)
5 -0.000113%** -0.000071#** -0.000071#** -0.00007 1#** -0.000071#** -0.000070%*** -0.00007 1#** -0.000071%**
(0.000011) (0.000011) (0.000011) (0.000011) (0.000011) (0.000011) (0.000011) (0.000011)
Negative price sentiment 1 0.366525%** 0.365663%*** 0.365563%*** 0.366611%*** 0.365891%*** 0.366342%** 0.365410%**
(0.009341) (0.009340) (0.009341) (0.009341) (0.009339) (0.009341) (0.009354)
2 0.067186*** 0.067200%** 0.067204*** 0.067185%** 0.067242%** 0.067179%** 0.067386%**
(0.002266) (0.002265) (0.002265) (0.002266) (0.002266) (0.002266) (0.002272)
3 0.015111*** 0.015233*** 0.015211*** 0.015112%** 0.015218%** 0.015144*** 0.015323%**
(0.001872) (0.001868) (0.001868) (0.001872) (0.001869) (0.001871) (0.001871)
4 -0.030873%** -0.030734%** -0.030742%** -0.030873%** -0.030745%** -0.030843%** -0.030709%***
(0.002086) (0.002084) (0.002083) (0.002086) (0.002084) (0.002086) (0.002089)
5 -0.417949%** -0.417363%** -0.417235%** -0.418036*** -0.417605%** -0.417822%** -0.417410%**
(0.007119) (0.007128) (0.007131) (0.007119) (0.007125) (0.007121) (0.007139)
Positive price sentiment 1 -0.075611%*** -0.075717%** -0.075738%*** -0.075587*** -0.075505%** -0.075667*** -0.075527%**
(0.003017) (0.003017) (0.003017) (0.003018) (0.003021) (0.003017) (0.003015)
2 -0.053100%** -0.053151%** -0.053194*** -0.053073%** -0.052997*** -0.053128%** -0.053150%**
(0.002606) (0.002605) (0.002606) (0.002606) (0.002608) (0.002605) (0.002609)
3 -0.059780%*** -0.059846%** -0.059884*** -0.059747%** -0.059607%*** -0.059832%** -0.059799%***
(0.003298) (0.003297) (0.003298) (0.003298) (0.003298) (0.003298) (0.003299)
4 -0.044778%** -0.044841%** -0.044843%** -0.044760%** -0.044630%** -0.044833%** -0.044824%**
(0.002966) (0.002965) (0.002966) (0.002966) (0.002964) (0.002967) (0.002968)
5 0.233268*** 0.233555%*+* 0.233659%** 0.233166%** 0.232739*** 0.233460%*** 0.233299%**
(0.010529) (0.010522) (0.010523) (0.010530) (0.010539) (0.010525) (0.010529)
N 14565 14565 14565 14526

* Note: marginal effects of other variables are not displayed due to the size of the table.
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Tables 16 and 17 present the predicted probabilities of 1- and 5-star ratings by reviewer
types with different price sentiments based on the marginal effect analysis in Model 8. The
predicted probability of a 1-star rating is the highest with negative price sentiment, followed
by neutral and positive sentiments, respectively. These results are economically reasonable
because reviewers who are unsatisfied with the product price are more likely to give a 1-star
rating compared to indifferent or satisfied reviewers.

When price sentiment is negative, the predicted probability of a 1-star rating is the
highest for unverified NOT, followed by unverified OTNOTA, unverified OTA, verified OTA,
verified OTNOTA, and verified NOT, respectively. Moreover, purchase unverified reviewers
with negative price sentiment are more likely to give a 1-star rating compared to unverified
reviewers, regardless of reviewer type.

The predicted probability of a 5-star rating is the highest with positive price sentiment,
followed by neutral and negative price sentiment, regardless of reviewer type. Economically,
this result is reasonable, as reviewers who are satisfied with the product price are more likely
to give a 5-star rating compared to indifferent and unsatisfied reviewers. Specifically, when
price sentiment is positive, the predicted probability of a 5-star rating is the highest for verified
NOT, followed by OTNOTA and OTA. Purchase verified reviewers with positive price
sentiment are more likely to give a 5-star rating compared to unverified reviewers, regardless
of reviewer type.

Overall, the heterogeneity in the predicted probabilities of 1- and 5-star ratings with
respect to reviewer type, price sentiment, and purchase verification suggests that consumer
preferences should be closely examined based on reviewer segmentation and their price
sentiments, as each reviewer group may have different rating tendencies. Additionally, when
price information is missing in online product reviews, consumer review text data can serve as

an alternative source to derive insights for latent consumer and product information.
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Table 16. Predicted probabilities of star ratings by reviewer types with different price sentiment

The predicted probability

The predicted probability

Variables of a I-star rating of a 5-star rating
Verified NOT with negative price sentiment ?0333822;; (2028(1)471334)
Verified NOT with neutral price sentiment ?00332151491(;)* (20631 47‘?27)
Verified NOT with positive price sentiment (2005833?;; (2088%53(2)3)
Unverified NOT with negative price sentiment ?osgzzgg;)* ?0035537)
Unverified NOT with neutral price sentiment ?Olgigz;;)* (20482471%5)
Unverified NOT with positive price sentiment ?Oogfzgg;; ?0%2%54)
Verified OTNOTA with negative price sentiment ?048332431;; ?01382?22)
Verified OTNOTA with neutral price sentiment (20033338;; (2053(3)421836)
Verified OTNOTA with positive price sentiment ?00333827) (208(1)32285)
Unverified OTNOTA with negative price sentiment (2058112;13;; ?olggggf;
Unverified OTNOTA with neutral price sentiment (zolgg;gfl) (20433237)
Unverified OTNOTA with positive price sentiment (2003(2)1?39) (2078‘1‘45;;(1)9)
Verified OTA with negative price sentiment ?0435;?(5)*8)* ?olgféig;*;
Verified OTA with neutral price sentiment (2018} 234) (2058322;7)
Verified OTA with positive price sentiment (2003(5)2239) (208838%9)
Unverified OTA with negative price sentiment (20454312)2;;)* (zolggg?z:;
Unverified OTA with neutral price sentiment (2018;(3;26) (zosgmg 1)
Unverified OTA with positive price sentiment (2003(7)%;1) (20732%25)

* Note: * p<.1; ** p<.05; *** p<.01.

Table 17. Marginal Plot for 1-star and 5-star ratings
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* Note: vnot (verified NOT), unnot (unverified NOT), vot (verified OTNOTA), uvot

(unverified OTNOTA), vota (verified OTA), and uvota (unverified OTA)
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Table 18 presents the marginal effect of pre-purchase information from the previous
reviews on the probability of giving a star rating. Specifically, when a reviewer ‘i’ gives a
rating for the subscription box °j’ at time ‘#’, the reviewer is influenced by previous reviews
written by other previous reviewers (i.e., crowd). In detail, a one-star increase in the average
star rating from previous crowd reviews for the product decreases the probability of giving a
I-star rating by 1.53%. It increases the probability of giving a 5-star rating by 2.73%.
Importantly, the crowd’s average star rating for the product may reflect the aggregated
evaluation of the quality of the product by the crowd.

The marginal effect of the crowd’s average star rating on an individual star rating can
be further decomposed into the effects of the shares of different ratings in the previous crowd
reviews. Specifically, a 1% increase in the crowd’s share of 5-star ratings in previous reviews
decreases the probability of giving a 1-star rating by 0.0479% and increases the probability of
giving a 5-star rating by 0.0856%, respectively. In addition, a 1% increase in the share of 2-
star ratings in the previous crowd reviews increases the probability of giving a 1-star rating by
0.087%. It decreases the probability of giving a 5-star rating by 0.155%. Moreover, a 1%
increase in the share of 5- and 4-star ratings (i.e., positive imbalance) in previous crowd reviews
decreases the probability of giving a 1-star rating by 0.057% and increases the probability of
giving a 5-star rating by 0.102%, respectively. The magnitude of marginal effects for the share
of 2-star ratings in the previous reviews on the probability of giving extreme ratings is larger
than that for both the share of 5-star ratings and positive imbalance in previous reviews.
Therefore, reviewers are more sensitive to the crowd’s share of 2-star ratings than the crowd’s
positive imbalance.

These results indicate that consumers respond to previous crowd ratings when giving
a star rating; therefore, improving the quality of pre-purchase information in reviews may

enhance consumer purchase decisions while reducing their uncertainty about product quality.
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Table 18. Marginal effect of previous other reviewer’s rating distributions (Appendix)

Variable Model 3 Model 4 Model 6 Model 8
Crowd’s average rating 1 -0.015256%**
(0.004649)
2 -0.005307***
(0.001621)
3 -0.004494***
(0.001373)
4 -0.002199***
(0.000676)
5 0.027255%***
(0.008298)
Crowd’s share of 5-star ratings 1 -0.047927***
(0.015166)
2 -0.016676%**
(0.005289)
3 -0.014117%**
(0.004478)
4 -0.006902***
(0.002200)
5 0.085623***
(0.027073)
Crowd’s share of 2-star ratings 1 0.086900***
(0.025511)
2 0.030237***
(0.008901)
3 0.025588***
(0.007532)
4 0.012522%***
(0.003712)
5 -0.155246%**
(0.045539)
Crowd’s positive imbalance 1 -0.057286%**
(0.015200)
2 -0.019984***
(0.005317)
3 -0.016916%**
(0.004503)
4 -0.008291 ***
(0.002226)
5 0.102477***
(0.027161)
N 14565 14565 14565 14526

* Note: marginal effects of other variables are not displayed due to the size of the table.

5. Conclusion

This study presents the existence, prevalence, and negative rating polarity of one-time

reviewers compared to multi-review reviewers in all categories over decades by analyzing

individual 571,544,746 reviews from Amazon.com. One plausible explanation of the negative

polarity rating of one-time reviewers is negative self-selection, wherein unsatisfied consumers

write their first and only review with a 1-star rating in a category or across all categories.

Sellers and consumers may be interested in specific products related to their business

or purchase in a category rather than all products across all categories. Furthermore, conducting
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empirical analysis using all reviews across all categories requires significant computational
resources, budgets, and time. Therefore, the study selects the Subscription Boxes category as
the target category for further econometric analysis. Subscribers regularly receive a curated
collection of products, which is updated in each subscription period. Consumers' uncertainty
about the quality of the subscription box is high; thus, the value of pre-purchase information
from previous reviews for the box may be substantial. In addition, promotional reviewers may
have less incentive to write promotional reviews in this category because the cost of writing a
promotional review after the subscription may be relatively higher than a one-time purchase,
and the collection is frequently updated with different new products. Additionally, the category
shows the largest gap in the share of extreme ratings between OTA and the multi-review
reviewers among all categories. Overall, the first review of each unique reviewer in the
Subscription boxes category is used for further econometric analysis to enable a fair
comparison between one-time and multi-review reviewers.

Amazon’s star rating is an ordinal response reflecting the strength of consumer
preference toward a reviewed product; therefore, an ordered probit model is applied to estimate
the effects of reviewer heterogeneity, price sentiment, and pre-purchase information on star
ratings. However, since numerical price information is unavailable in the Subscription Boxes
category, this study constructs a discrete price sentiment variable from review text data using
generative LLMs combined with manual annotation. Additionally, pre-purchase information is
extracted from previous reviews by data mining.

Marginal effect analysis is used for interpretation because the ordered probit model is
non-linear. The analysis demonstrates heterogeneity in the marginal effects of reviewer type
on the probability of giving 1- or 5-star ratings. Specifically, when price sentiment is negative,
unverified NOT shows the highest predicted probability for a 1-star rating, followed by

unverified OTNOTA and OTA. Conversely, when price sentiment is positive, verified NOT
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(i.e., the baseline reviewers) shows the highest predicted probability of a 5-star rating, followed
by verified OTNOTA and OTA. In addition, purchase verified reviewers are more likely to
give a S-star rating compared to unverified reviewers. In contrast, purchase unverified
reviewers are more likely to give a 1-star rating, regardless of reviewer type. Furthermore,
positive price sentiment increases the probability of giving a 5-star rating, whereas negative
price sentiment increases the probability of giving a 1-star rating.

Further marginal effect analysis results suggest that consumers may respond to pre-
purchase information in previous reviews. Specifically, an increase in the average star rating,
the share of 5-star ratings, and the share of positive imbalance in previous reviews increases
the probability of giving a 5-star rating. Conversely, an increase in the share of 2-star ratings
in previous reviews increases the probability of giving a 1-star rating.

Suppose a consumer writes a longer review title and body, the probability of giving a
1-star rating increases, while the probability of giving a 5-star rating decreases. The magnitude
of the marginal effect is larger for the title than for the body. These results indicate that
unsatisfied consumers are more likely to write a longer review title and body, especially for the
title.

These findings suggest that sellers, consumers, and regulators should distinguish one-
time reviewers based on their heterogeneity compared to multi-review reviewers. The
consumer segmentation framework presented in this study can be useful for segmenting one-
time reviewers into distinguishable subgroups. Additionally, the existence, prevalence, and
behaviors of one-time reviewers should be analyzed in comparison to those of multi-review
reviewers for a fair comparison. Although all categories show overall increasing trends in the
number and negative polarity of one-time reviewers, the degree of patterns varies. Therefore,
one-time reviewers should be investigated both within and across categories to identify their

heterogeneous review behaviors across different categories.
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The findings in this paper also indicate that purchase-verified reviewers are more likely
to give a S-star rating, while unverified reviewers are more likely to give a I-star rating,
regardless of reviewer type. Even within the same one-time reviewer group, rating tendencies
differ based on verification status, and the degree of these tendencies varies by reviewer type.
This suggests that reviewer heterogeneity should be carefully investigated by considering
verification status as well, because rating behaviors can change based on verification. Overall,
when market players make business decisions related to abnormal reviewers, such as one-time
reviewers, these decisions should be customized based on consumer segment and reviewer
heterogeneity.

The study also demonstrates how to derive pre-purchase information from previous
reviews using data mining, and how to identify missing business information, such as price,
from unstructured user-generated content using generative LLMs combined with manual
annotation. Additionally, this paper shows how to improve the performance of generative
LLMs for a specific task using fine-tuning with manual annotation.

These findings and approaches can help mitigate asymmetric information in Amazon’s
recommendation system by identifying latent information from user-generated content.
Importantly, these computational methods can also be valuable for sellers, buyers, and
regulators in reducing the information gap between Amazon and other market players. Amazon
is not only a marketplace for sellers but also another seller on its own retail platform. Amazon
has access to consumers' and sellers' data, whereas other market players cannot directly access
this internal information for their business decisions. Therefore, other market players can
reduce this information gap with Amazon by leveraging publicly available user-generated
content.

Specifically, other market players can extract useful business information from

structured and unstructured user-, seller-, and platform-generated content on Amazon.com to
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make data-driven business decisions by combining data mining, generative LLMs, manual
annotation, and econometric analysis in this study. Additionally, regulators can use these
multimodal approaches to reduce potential biases and harmful content in user-generated
content. Overall, the hybrid multimodal approach with structured and unstructured data in this
paper is applicable, extendable, and scalable for different product categories on various digital
retail platforms.

However, price sentiment variables generated by LLMs may contain measurement
errors, hallucinations, and biases. To mitigate these concerns, several approaches presented in
this study are helpful, such as prompt engineering, fine-tuning, manual annotation for specific
tasks, and custom Python functions for filtering abnormal outputs of generative LLMs.
Ultimately, the predictive performance of the fine-tuned GPT models with manual annotation
is relatively high. The empirical results are robust across models, and the interpretation of
marginal effects is also economically feasible. Therefore, the approach in this study can help
reduce these concerns arising from LLMs.

The approach in this paper is also limited in its ability to conduct causal inference due
to the unavailability of actual individual demographics and relevant business information for
each reviewer, unless researchers have direct access to internal data or work with platforms.
Typically, platforms do not share internal data such as quantity information (Waldfogel, 2024).
For example, to assign randomized treatments for individual consumers who are potential one-
time and multi-review reviewers, researchers require a long period of internal data access to
track large-scale individual reviewers across all categories over time, since the share of one-
time reviewers is relatively small compared to multi-review reviewers, and one-time reviewers
may later become multi-review reviewers by posting additional reviews within or different
categories. Design-based quasi-experiments remain limited because researchers cannot access

individual consumers' demographic information to construct individual-level counterfactual
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potential outcomes. Additionally, internal instrument approaches, such as dynamic panel
models with lagged dependent variables, are also limited because this study uses only the first
review of each unique reviewer. External instrument variable approaches for linear models and
control function approaches for nonlinear models are similarly constrained, as both methods
also require individual demographic information to identify individual-level instrument
variables.

Notably, the findings and approaches in this study can be helpful for future research
on one-time reviewers using causal inference, because this study demonstrates the existence,
prevalence, abnormal rating behaviors, and heterogeneity of one-time reviewers across all
product categories over time compared to multi-review reviewers. Therefore, future studies can
use these findings and approaches to construct hypotheses, treatment variables, instrument
variables, and design large-scale field experiments or design-based quasi-experiments, while
mitigating computational resources, budgets, and time constraints. For example, before
conducting field experiments to understand why one-time reviewers remain as one-timers after
their first and only review for a long time, rather than writing additional reviews, researchers
can analyze user-generated content to derive insights for causal inference from observational
data.

Finally, the European Union’s Digital Service Act Article 40 includes a provision to
allowing “vetted researchers” to access internal data from platforms (Reimers and Waldfogel,
2023). This access could provide new opportunities for other stakeholders and researchers to
improve the approach presented in this paper, using causal inference and other advanced

methods for future studies.
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Appendix

Table A. 1 Rating distribution of NOT reviews over years

NOT

Year Rating 1 Rating 2 Rating 3 Rating 4 Rating 5 Total

# of Reviews % in the year # of Reviews % 1in the year # of Reviews % in the year # of Reviews % in the year # of Reviews % in the year
1996 0 0.00% 0 0.00% 1 4.17% 4 16.67% 19 79.17% 24
1997 148 3.42% 226 5.23% 303 7.01% 943 21.81% 2,703 62.53% 4,323
1998 1,147 4.29% 1,226 4.59% 2,063 7.72% 5,607 20.99% 16,673 62.41% 26,716
1999 3,713 5.32% 3,563 5.10% 6,073 8.70% 13,848 19.84% 42,606 61.04% 69,803
2000 11,562 4.33% 13,230 4.95% 26,037 9.75% 63,948 23.94% 152,332 57.03% 267,109
2001 13,292 4.77% 14,721 5.28% 28,672 10.28% 67,612 24.24% 154,646 55.44% 278,943
2002 15,636 5.24% 16,508 5.53% 30,559 10.24% 70,610 23.66% 165,152 55.33% 298,465
2003 19,309 6.04% 18,417 5.76% 33,100 10.36% 73,709 23.06% 175,102 54.78% 319,637
2004 30,205 7.70% 23,562 6.01% 39,998 10.19% 86,667 22.09% 211,936 54.01% 392,368
2005 44,209 8.18% 33,197 6.14% 55,435 10.25% 116,617 21.57% 291,305 53.87% 540,763
2006 46,253 7.82% 35,391 5.98% 57,918 9.79% 127,124 21.49% 324,944 54.92% 591,630
2007 59,819 6.64% 48,443 5.38% 82,602 9.17% 191,928 21.30% 518,356 57.52% 901,148
2008 75,761 7.32% 58,972 5.70% 95,499 9.23% 219,565 21.22% 584,984 56.53% 1,034,781
2009 102,083 7.81% 74,769 5.72% 121,571 9.30% 270,126 20.66% 738,970 56.52% 1,307,519
2010 154,958 8.37% 108,935 5.89% 171,903 9.29% 376,222 20.33% 1,038,494 56.12% 1,850,512
2011 265,769 8.77% 177,547 5.86% 276,571 9.12% 594,705 19.62% 1,716,773 56.63% 3,031,365
2012 463,823 7.82% 309,270 521% 514,890 8.68% 1,136,901 19.16% 3,508,642 59.13% 5,933,526
2013 918,337 5.96% 718,168 4.66% 1,365,977 8.87% 2,996,978 19.46% 9,404,051 61.05% 15,403,511
2014 1,517,499 6.13% 1,099,734 4.44% 2,043,115 8.26% 4,378,955 17.70% 15,705,776 63.47% 24,745,079
2015 2,224,225 6.48% 1,496,591 4.36% 2,659,440 7.75% 5,557,053 16.19% 22,392,136 65.23% 34,329,445
2016 2,679,146 6.71% 1,742,960 4.37% 2,981,833 7.47% 6,203,673 15.54% 26,321,150 65.92% 39,928,762
2017 2,947,609 7.72% 1,774,290 4.65% 2,782,045 7.28% 5,447,170 14.26% 25,245,064 66.09% 38,196,178
2018 3,484,909 8.70% 1,893,131 4.73% 2,802,789 7.00% 5,176,181 12.92% 26,693,869 66.65% 40,050,879
2019 4,189,385 8.50% 2,029,282 4.12% 2,993,648 6.08% 5,477,010 11.12% 34,576,242 70.18% 49,265,567
2020 5,101,472 9.81% 2,424,757 4.66% 3,434,667 6.61% 5,602,512 10.78% 35,425,383 68.14% 51,988,791
2021 6,040,510 11.31% 2,776,504 5.20% 3,827,206 7.17% 5,601,231 10.49% 35,163,223 65.84% 53,408,674
2022 5,436,723 11.56% 2,517,920 5.36% 3,551,059 7.55% 5,242,981 11.15% 30,269,448 64.38% 47,018,131
2023 1,840,891 10.31% 883,327 4.95% 1,292,090 7.24% 2,124,394 11.90% 11,706,438 65.59% 17,847,140
Total 37,688,393 8.78% 20,294,641 4.73% 31,277,064 7.29% 57,224,274 13.34% 282,546,417 65.86% 429,030,789

* Note: Total reviews 429,030,789 from 3182,7161 unique reviewers for 42,472,318 unique products between June 17, 1996, and September 14, 2023.
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Table A. 2 Rating distribution of OTA reviews over years

OTA
Rating 1 Rating 2 Rating 3 Rating 4 Rating 5
Year % in % in % in % in % in Total
Re#f/i(:af\)vs the R:i/i?:fws the R:\tli(z:fws the R:\t/i(::;vs the R:\é/i(z:ivs the
year year year year year
1996 0 NA 0 NA 0 NA 0 NA 0 NA 0
1997 22 2.45% 21 2.34% 30 3.34% 123 13.71% 701 78.15% 897
1998 157 3.22% 137 2.81% 185 3.80% 692 14.20% 3,702 75.97% 4,873
1999 547 4.65% 342 291% 522 4.43% 1,586 13.47% 8,775 74.54% 11,772
2000 1,400 5.59% 902 3.60% 1,387 5.54% 4,075 16.29% 17,259 68.97% 25,023
2001 1,350 6.61% 815 3.99% 1,191 5.83% 3,227 15.79% 13,856 67.79% 20,439
2002 1,512 7.38% 887 4.33% 1,130 5.52% 3,181 15.53% 13,770 67.24% 20,480
2003 2,012 9.20% 967 4.42% 1,271 5.81% 3,301 15.09% 14,320 65.47% 21,871
2004 2,576 11.13% 1,155 4.99% 1,453 6.28% 3,545 15.31% 14,419 62.29% 23,148
2005 3,713 12.33% 1,487 4.94% 1,918 6.37% 4,751 15.77% 18,253 60.60% 30,122
2006 3,065 9.60% 1,356 4.25% 1,720 5.39% 4,567 14.30% 21,231 66.47% 31,939
2007 2,901 7.99% 1,409 3.88% 2,095 5.77% 6,385 17.58% 23,524 64.78% 36,314
2008 3,716 9.83% 1,627 4.30% 2,053 5.43% 6,396 16.92% 24,006 63.51% 37,798
2009 5,133 10.72% 2,070 4.32% 2,775 5.79% 8,142 17.00% 29,768 62.16% 47,888
2010 7,483 12.83% 3,011 5.16% 3,828 6.56% 9,588 16.44% 34,417 59.01% 58,327
2011 12,271 14.57% 4,734 5.62% 5,587 6.63% 13,359 15.86% 48,292 57.32% 84,243
2012 18,975 13.37% 7,475 527% 9,366 6.60% 23,183 16.33% 82,934 58.43% 141,933
2013 35,964 12.45% 15907  5.51% 19,928  6.90% 47,948 16.60% 169,070  58.54% 288,817
2014 57,426 12.33% 22,126  4.75% 30,389  6.53% 77,286 16.60% 278,436  59.79% 465,663
2015 83,884 13.32% 29,757  4.72% 37,230  591% 92,670 14.71% 386,237  61.33% 629,778
2016 100,674  14.26% 34,085 4.83% 39,168  5.55% 94,747 13.42% 437,542 61.96% 706,216
2017 117,382 17.19% 36,099  529% 36,583  5.36% 78,233 11.46% 414,393  60.70% 682,690
2018 138,631  20.79% 37,332 5.60% 33,899  5.08% 66,210 9.93% 390,592 58.59% 666,664
2019 182,124  18.64% 45,164  4.62% 44,561  4.56% 93,960 9.61% 611,513  62.57% 977,322
2020 302,770 19.83% 74,124  4.86% 72,606 4.76% 137,666 9.02% 939,460  61.54% 1,526,626
2021 390,890  23.75% 96,710  5.88% 87,661 533% 135,984 8.26% 934,802  56.79% 1,646,047
2022 411,761 29.30% 98,892  7.04% 85,416  6.08% 104,605 7.44% 704,830  50.15% 1,405,504
2023 209,316 29.20% 54,188  7.56% 45,341  6.33% 53,651 7.49% 354,239 49.42% 716,735
Total 2,097,655 20.35% 572,779 5.56% 569,293  5.52% 1,079,061 10.47% 5,990,341 58.11% 10,309,129

* Note: Total 10,309,129 reviews from 10,309,129 unique reviewers for 1,908,223 unique products

between August 8, 1997, and September 12, 2023.
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Table A. 3 Rating distribution of OTNOTA reviews over years

OTNOTA

Vear Rating 1 . Rating 2 . Rating 3 . Rating 4 . Rating 5 . Total

# of % in # of % in # of % in # of % in # of % in
1996 0 0.00% 0 0.00% 0 0.00% 1 50.00% 1 50.00% 2
1997 11 2.78% 20 5.05% 18 4.55% 62 15.66% 285 71.97% 396
1998 137 3.72% 96 2.61% 170 4.61% 605 16.42% 2,677 72.65% 3,685
1999 609 5.44% 352 3.15% 544 4.86% 1,771 15.83% 7913 70.72% 11,189
2000 1,846 5.88% 1,349 4.30% 2,008 6.40% 5,750 18.32% 20,429 65.10% 31,382
2001 2,692 7.82% 1,824 5.30% 2,418 7.02% 6,093 17.69% 21,411 62.17% 34,438
2002 3,634 9.34% 2,301 591% 2,589 6.65% 6,433 16.53% 23,968 61.57% 38,925
2003 4,438 10.08% 2,654 6.03% 3,025 6.87% 7,301 16.59% 26,592 60.42% 44,010
2004 7,287 12.82% 3,529 6.21% 4,040 7.11% 8,925 15.70% 33,063 58.16% 56,844
2005 11,972 13.05% 5,758 6.27% 6,788 7.40% 15,414 16.80% 51,834 56.48% 91,766
2006 14,071 12.04% 7,091 6.07% 8,379 7.17% 19,867 17.00% 67,465 57.73% 116,873
2007 20,714 9.12% 11,395 5.01% 16,210 7.13% 42,208 18.57% 136,712 60.16% 227,239
2008 27,126 10.13% 14,303 5.34% 18,719 6.99% 49,887 18.62% 157,867 58.93% 267,902
2009 38,288 10.69% 19,617 5.48% 25,214 7.04% 64,375 17.97% 210,795 58.83% 358,289
2010 59,980 11.76% 29,443 5.77% 38,853 7.62% 89,353 17.52% 292,504 57.34% 510,133
2011 104,671 12.36% 50,987 6.02% 63,382 7.49% 142,801 16.86% 484,894 57.27% 846,735
2012 172,366 11.17% 84,932 551% 113,149  7.34% 258,276 16.74% 913,737 59.24% 1,542,460
2013 343,784 9.17% 196,434  5.24% 295305  7.87% 649,276 1731% 2,266,074  60.41% 3,750,873
2014 555,809 9.65% 287,959  5.00% 423,700  7.36% 921,045 15.99% 3,570,123  62.00% 5,758,636
2015 842,685 10.14% 408,543  491% 571,447 6.87% 1,203,840 14.48% 5,285,876  63.59% 8,312,391
2016 1,072,595  10.61% 499,503  4.94% 665,582  6.58% 1,363,161 13.49% 6,507,776  64.38% 10,108,617
2017 1,296,495  12.55% 557,339  5.40% 666,687  6.46% 1225872 11.87% 6,581,629  63.73% 10,328,022
2018 1,599,341 1435% 610,125 547% 684,674  6.14% 1,166,036  10.46% 7,086,038  63.57% 11,146,214
2019 2,023,783  13.07% 706,765  4.56% 810,524  523% 1,479,293 9.55% 10,468,833 67.59% 15,489,198
2020 2,898,721 14.67% 1,001,768 5.07% 1,125,340 5.70% 1,810,821 9.17% 12,919,074 6539% 19,755,724
2021 3,517,664  17.40% 1,200,371 5.94% 1,306,627 6.46% 1,728,039 8.55% 12,461,571 61.65% 20,214,272
2022 3,184,708  19.85% 1,066,270 6.64% 1,131,616 7.05% 1,325,667 8.26% 9,338,347  58.20% 16,046,608
2023 1,339,054  18.83% 468,474  6.59% 496,068  6.98% 606,894 8.53% 4,201,515  59.08% 7,112,005
Total 19,144,481 14.48% 7,239,202 5.48% 8,483,076 6.42% 14,199,066 10.74% 83,139,003  62.89% 132,204,828

* Note: Total reviews 132,204,828 from 40,630,865 unique reviewers for 20,000,660 unique products

between November 15, 1996, and September 14, 2023.
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Table A. 4 Rating distribution of all reviews in each product category

0/ 1 - -
Product Category 1-star-rating 2-star-rating 3-star-rating 4-star-rating 5-star-rating Count (% in Share of 1- and 5

total) ratings
102,080 43,034 56,307 79,381 420,726 701,528
All Beauty (14.55%) (6.13%) (8.03%) (11.32%) (59.97%) (0.12%) 74.52%
i LTS amel o wmwldpes s
. 0 . 0 . 0 . 0 . 0 0 0
Appliances 250,453 79,664 104,047 208,216 1,486,225 2,128,605 01.50%
(11.77%) (3.74%) (4.89%) (9.78%) (69.82%) (0.37%) :
Atts Crafts and 883,616 417,130 607,210 942,344 6,116,457 8,966,757 178.07%
Sewing (9.85%) (4.65%) (6.77%) (10.51%) (68.21%) (1.57%) Dl
emove DD ELS b ams bl lme o,
. 0 . 0 . 0 . 0 . 0 B 0
562,663 313,177 437,934 689,930 4,025,179 6,028,883
Baby Products (9.33%) (5.19%) (7.26%) (11.44%) (66.76%) (1.05%) 76.10%
Beauty and Personal 2,840,878 1,275,031 1,715,821 2,616,444 15,463,216 23,911,390 76,550,
Care (11.88%) (5.33%) (7.18%) (10.94%) (64.67%) (4.18%) =37
Books wamy. Geme aemy o eame. i 73.65%
A7% 67% 97% 2% 18% (5.16%) :
. 187,727 140,557 283,691 664,514 3,550,784 4,827,273
CDs and Vinyl (3.89%) (2.91%) (5.88%) (13.77%) (73.56%) (0.84%) 77:45%
Cell Phones and 2,802,212 1,251,658 1,543,387 2,446,330 12,769,358 20,812,945 2482
Accessories (13.46%) (6.01%) (7.42%) (11.75%) (61.35%) (3.64%) :
Clothing Shoes and 5,778,281 3,638,852 5,529,471 9,054,462 42,032,280 66,033,346(11 72 40%
Jewelry (8.75%) (5.51%) (8.37%) (13.71%) (63.65%) 55%) 407
. ) 3,159 6,392 14,129 100,618 130,434
Digital Music 6,136 (4.70%) ) ! : ’ ¢ 81.85%
(2.42%) (4.90%) (10.83%) (77.14%) (0.02%)
Electronics 5,358,800 2,257,604 2,883,065 5,557,725 27,829,748 43,886,942 75.629%
(12.21%) (5.14%) (6.57%) (12.66%) (63.41%) (7.68%) :
. 12,326 1,873 3271 128,248 152,410
Gift Cards (8.09%) (i 23%) 15%) 6.692(439%) ¢S 0.05%) 92.23%
Gro(ciery and Gourmet 1,855,04)9 ?95,425; ?98,31; (1,256,7)95 9,612,930 14,318,519 £0.09%
Foo (12.96% 4.86% 6.27% 8.78% (67.14%) (2.51%) :
41,592 20,531 29,944 45247 526,848 664,162
Handmade Products (% o (3.09%) (4.51%) (6.81%) (79.33%) (0.12%) 85.59%
Health and 2,772,511 1,186,802 1,597,024 2,750,389 17,324,619 25,631,345 78.41%
Household (10.82%) (4.63%) (6.23%) (10.73%) (67.59%) (4.48%) Al
Health and Personal 69,564 28,895 36,949 57,000 301,713 494,121 75.14%
Care (14.08%) (5.85%) (7.48%) (11.54%) (61.06%) (0.09%) v
. 7,160,456 3,410,803 4,600,479 7,536,382 44,701,824 67,409,944
Home and Kitchen (10.62%) (5.06%) (6.82%) (11.18%) (66.31%) (11.79%) 76.94%
Industrial and 584,133 234,763 315,792 560,932 3,487,385 5,183,005 78.56%
Scientific (11.27%) (4.53%) (6.09%) (10.82%) (67.29%) (0.91%) =07
Kindle Store 738,729 812,301 1,940,802 5,386,277 16,699,504 25,577,613 65.18%
(2.89%) (3.18%) (7.59%) (21.06%) (65.29%) (4.48%) :
Magazine 9,685 3,953 5,033 8,206 44,620 71,497 25.95%
Subscriptions (13.55%) (5.53%) (7.04%) (11.48%) (62.41%) (0.01%) :
Moviesand TV (S e Gam | Gsowh  @ame Gomy 7.27%
Musical Insruments (0% @iow 6oy (uomy  Gomm 0599 7584%
. 0 . 0 . 0 . 0 . 0 . 0
1,353,519 589,120 799,194 1,400,675 8,703,203 12,845,711
Office Products (10.54%) (4.59%) (6.22%) (10.90%) (67.75%) (2.25%) 78.29%
Patio Lawn and 2,282,783 868,187 1,083,552 1,782,189 10,473,336 16,490,047 77 36%
Garden (13.84%) (5.26%) (6.57%) (10.81%) (63.51%) (2.89%) =07
Pet Supplies 2,034,198 957,197 1,242,552 1,801,732 10,792,183 16,827,862 76229
(12.09%) (5.69%) (7.38%) (10.71%) (64.13%) (2.94%) :
Software Gi2e  @omh  @emy (o cestn 08 68.94%
0 0 . 0 . 0 . 0 0 0 . 0
1,836,990 933,101 1,324,911 2,518,170 12,981,998 19,595,170 )
Sports and Qutdoors g 370/ (4.76%) (6.76%) (12.85%) (66.25%) (3.43%) 75.63%
Subscription Boxes ?1’2.7;9% ) (19,4'11991% | (11’3_5;0% ) (ll’ff;ﬁ% | 8,734 (53.86%) gg,()z(;f% ) 69.75%
Tools and Home 3,057,747 1,291,499 1,709,616 3,078,376 17,845,01 26,982,256 77,479
Improvement (11.33%) (4.79%) (6.34%) (11.41%) (66.14%) (4.72%) il
Toys and Games 1,631,131 767,908 1,103,648 1,797,010 10,960,709 16,260,406 77449
(10.03%) (4.72%) (6.79%) (11.05%) (67.41%) (2.84%) :
Unkaown oy Gamy oumhy oame  eaeo oLy BT
12.27% 531% 7.47% A48% A46% 1.17%) :
Video Games 589,519 249,878 340,086 617,251 2,827,881 4,624,615 13.90%
(12.75%) (5.40%) (1.35%%) (13.35%) (61.15%) (0.81%) :
Sum 58,930,529 28,106,622 40,329,433 72,502,401 371,675,761 571,544,746 25 34%
(10.31%) (4.92%) (7.06%) (12.69%) (65.03%) (100%) :

* Note: Total 571,544 746 reviews from 54,514,263 unique reviewers for 48,185,048 unique products

between June 17, 1996, and September 14, 2023.
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Table A. 5 Rating distribution of OT (i.e., the union of OTA and OTNOTA) reviews in each

product category

0/ 1 - -
Product Category 1-star-rating 2-star-rating 3-star-rating 4-star-rating S-star-rating g(t’;ln(t)g./; m Sharerzfirllgsand 3
88,445 36,168 45,674 63,504 349,762 583,553 )
All Beauty (15.16%) (6.20%) (7.83%) (10.88%) (59.94%) (0.41%) 75.09%
Amazon Fashion 227,319 121,864 164,081 233,004 990,438 1,736,706 0,129
(13.09%) (7.02%) (9.45%) (13.42%) (57.03%) (1.22%) 12%
Aonliances 195,823 59,590 73,236 141,926 1,025,936 1,496,511 81649,
PP (13.09%) (3.98%) (4.89%) (9.48%) (68.56%) (1.05%) 64%
Arts Crafts and 439,988 177,912 220,189 318,530 1,981,689 3,138,308 7 179,
Sewing (14.02%) (5.67%) (7.02%) (10.15%) (63.15%) (2.20%) A7%
Atomative 784,735 244,887 282,131 470,809 2,909,762 4,692,324 _—
utomotiv (16.72%) (5.22%) (6.01%) (10.03%) (62.01%) (3.29%) 3%
281,301 125,053 151,107 236,075 1,549,405 2,342,941 ,
Baby Products (12.01%) (5.34%) (6.45%) (10.08%) (66.13%) (1.64%) 78.14%
Beauty and Personal 1L112,118 386,625 431,126 665,171 4,392,030 6,987,070 _—
Care (15.92%) (5.53%) (6.17%) (9.52%) (62.86%) (4.90%) T8%
Books 404,654 215,194 306,403 655,282 4,307,858 5,889,391 £0.02%%
(6.87%) (3.65%) (5.20%) (11.13%) (73.15%) (4.13%) 02%
. 65,420 32,857 48,758 102,355 843,165 1,092,555 X
CDs and Vinyl (5.99%) (3.01%) (4.46%) (9.37%) (77.17%) (0.77%) 83.16%
Cell Phones and 1,220,803 466,463 503,617 803,908 4,450,638 7,445,449 76,179
Accessories (16.40%) (6.27%) (6.76%) (10.80%) (59.78%) (5.22%) A7%
Clothing Shoes and 1,439,535 677,818 820,213 1,333,765 6,598,108 10,869,439 73050,
Tewelry (13.24%) (6.24%) (7.55%) (12.27%) (60.70%) (7.63%) 95%
Digital Music 4,708 (5.34%) (2252652 | (i’g);% | 8,202 (9.31%) (76;??02) 88,084 (0.06%) 83.55%
Electronics 1,750,289 580,360 614,116 1,147,012 6,226,940 10,318,717 31
(16.96%) (5.62%) (5.95%) (11.12%) (60.35%) (7.24%) 31%
, 11,386 1,710 2,802 98,592 119,860
Gift Cards 0500 () 2 31%) 5,370 (4.48%) ($226%) 008 91.76%
Grocery and Gourmmet 862,087 244,645 259,878 330,937 2,918,514 4,616,061 |
Food (18.68%%) (5.30%) (5.63%) (7.17%) (63.23%) (3.24%) 81.90%
35,950 17,407 24,789 36,135 416,344 530,625 ,
Handmade Products (6.78%) (3.28%) (4.67%) (6.81%) (78.46%) (0.37%) 85.24%
Health and 1,162,341 395,441 444,390 764,386 5,092,204 7,859,352 o580,
Houschold (14.79%) (5.03%) (5.65%) (9.73%) (64.79%) (5.51%) 8%
Health and Personal 64,147 26,044 32,451 48,851 267,217 438,710 75530
Care (14.62%) (5.94%) (7.40%) (11.14%) (60.91%) (0.31%) 3%
. 1,042,445 699,775 736,204 1,152,671 6,894,204 11,425,389 ,
Home and Kitchen (17.00%) (6.12%) (6.44%) (10.09%) (60.34%) (8.02%) 77.34%
Industrial and 377,341 135,138 162,575 264,597 1,706,633 2,646,284 28750
Scientific (14.26%) (5.11%) (6.14%) (10.00%) (64.49%) (1.86%) 5%
. 149,705 102,697 182,383 466,603 1,960,628 2,862,016 ,
Kindle Store (5.23%) (3.59%) (6.37%) (16.30%) (68.51%) (2.01%) 73.74%
Magazine 8293 3,130 3,615 5,635 32,256 . ,
Subscriptions (15.67%) (5.91%) (6.83%) (10.65%) (60.94%) 52,929 (0.04%) 76.61%
. 418,983 145,725 193,011 437,202 2,611,224 3,806,145 ,
Movies and TV (11.01%) (3.83%) (5.07%) (11.49%) (68.61%) (2.67%) 79.61%
Musical Instrumens 152,431 63,410 81,715 159,082 847,608 1,304,246 _—
(11.69%) (4.86%) (6.27%) (12.20%) (64.99%) (0.92%) 68%
755,577 281,240 328,307 539,480 3,426,497 5,331,101 .
Office Products (14.17%) (5.28%) (6.16%) (10.12%) (64.27%) (3.74%) 78.45%
Patio Lawn and 1,014,330 330,512 353,617 549,537 3,306,255 5,554,251 S—
Garden (18.26%) (5.95%) (6.37%) (9.89%) (59.53%) (3.90%) 79%
Pt Supplics 785,176 293,037 311,297 449,974 2,912,078 4,751,562 81
pp (16.52%) (6.17%) (6.55%) (9.47%) (61.29%) (3.33%) 1%
Software 312,586 87,122 130,360 285,339 928,045 1,743,452 _—
(17.93%) (5.00%) (7.48%) (16.37%) (53.23%) (1.22%) 16%
873,497 367,669 441,126 774,859 4,298,678 6,755,829 ,
Sports and Outdoors (12.93%) (5.44%) (6.53%) (11.47%) (63.63%) (4.74%) 76.56%
. 2335 1,355 1,567 1,480 7,734 X ,
Subscription Boxes (16.14%) 9.36%) (10.83%) (10.23%) (53.44%) 14,471 (0.01%) 69.58%
Tools and Home 1210972 417,171 459,434 750,193 4,608,907 7,446,677 8150
Tmprovement (16.26%) (5.60%) (6.17%) (10.07%) (61.89%) (5.23%) 5%
785,160 300,082 354,831 3,250,466 5.216,551
Toys and Games (15.05%) (5.75%) (6.80%) 526,012 (%) (62.31%) (3.66%) 77.36%
1,963,463 654,280 751,344 6,673,501 11,359,645
Unknown (17.28%) (5.76%) (6.61%) 1.317,057 (%) (58.75%) (1.97%) 76.03%
. 338,793 117,346 131,992 1,176,938 1,997,753
Video Games (16.96%) (5.87%) (6.61%) 232,684 (%) (58.91%) (1.40%) 7387%
21,242,136 7,811,981 9,052,369 15.278.127 89,129,344 142,513,957
Sum 77.45%
(14.91%) (5.48%) (6.35%) (10.72%) (62.54%) (100%) AS%

* Note: Total 142,513,957 reviews from 50,939,994 unique reviewers for 20,208,04 1unique products

between November 15, 1996, and September 14, 2023.
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Table A. 6 Rating distribution of OTA reviews in each product category

Count (% in total

Share of 1- and 5-

Product Category 1-star-rating 2-star-rating ~ 3-star-rating 4-star-rating S-star-ratin, .
g OTA) ratings
All Beauty (211*%% 480 (5.54%) 453 (5.14%) 805 (9.13%) (5;’;38/0) 8,819 (0.09%) 80.19%
) 3,525 1,137 1,238 2,075 9,170 . .
Amazon Fashion (20.56%) (6.63%) (1.22%) (12.10%) (53.49%) 17,145 (0.17%) 74.04%
) 10,290 1,865 1,630 ) 24,024 ) .
Appliances Q457%) 451%) (3.04%) 3,564 (8.61%) (5B.07%) 41,373 (0.40%) 82.94%
Arts Crafts and 30,244 8,490 8,426 12,586 77,456 ) )
Sewing (22.04%) (6.19%) (6.14%) ©.17%) (56.45%) 137,202 (1.33%) 78.50%
. 59,969 12,783 12,151 22,187 134,123
Automotive AR6%) (5.30%) (5.045%) (530%) (55.60%) 241,213 (2.34%) 80.47%
23,019 6,799 6,347 10,424 73,181
Baby Products (19.22%) (5.68%) (5.30%) (8.70%) 6110%) 119,770 (1.16%) 80.32%
Beauty and Personal 125,705 28,648 27,254 47,180 312,495
Care (23.22%) (5.29%) (5.04%) (8.72%) (57.73%) 341,282 (5.25%) 80.96%
43,532 20,695 27,638 70,944 374,312 . )
Books (8.10%) (3.85%) (5.15%) (13.21%) (69.69%) 337,121 (5.21%) 77.79%
) 2,873 3,675 9,148 62,590
0, £ R 9 9 0, 0,
CDs and Vinyl 7,441 (8.68%) (3.35%) @29%) A067%) T301%) 85,727 (0.83%) 81.69%
Cell Phones and 111,297 29,644 26,880 49,928 285,380
Accessories (22.12%) (5.89%) (5.34%) (9.92%) (56.72%) 303,129 (4.88%) 78.84%
Clothing Shoes and 224,498 82,272 88,625 151,147 750,318 1,296,860 75.17%
Jewelry (17.31%) (6.34%) (6.83%) (11.65%) (57.86%) (12.58%) AT
Digital Music 135 (13.80%) 37 (3.78%) 56 (5.73%) 75 (1.67%) 675 (69.02%) 978 (0.01%) 82.82%
Electronics 235,427 61,596 56,889 119,803 593,110 1,066,82 77 66%
(22.07%) (5.77%) (5.33%) (11.23%) (55.60%) (10.35%) 0670
. 1,013 X . ) 2,253 .
Gift Cards @7 57%) 87 (237%) 119 (3.24%) 202 (5.50%) (6132%) 3,674 (0.04%) 88.89%
Grocery and Gourmet 88,040 15,551 13,268 16,089 138,670 )
Food (32.41%) (5.73%) (4.88%) (5.92%) (51.05%) 271,618 (2.63%) 83.47%
Handmade Products 864 (11.97%) 265 (3.67%) 256 (3.55%) 340 (4.71%) (72"1‘913/) 7,220 (0.07%) 88.07%
. 0
112,829 25,093 23,883 51,774 348,061
Health and Household 2009%) (A7) (435%) ©.32%) 61.97%) 561,640 (5.45%) 82.06%
Health and Personal 1,718 o o 4,241
o @3 35%) 383 (5.20%) 348 (4.73%) 669 (9.09%) (5763%) 7,359 (0.07%) 80.98%
. 314,325 86,583 76,210 119,752 724,903 1,321,773 .
Home and Kitchen (23.78%) (6.55%) (5.77%) (9.06%) (54.84%) (12.82%) 78.62%
Industrial and 20,453 4,521 4,053 . 40,088 . .
Scientific (26.68%) (5.90%) (5.29%) 6,655 (8.68%) (53.46%) 76,670 (0.74%) 80.14%
) 16,117 10,673 20,784 60,843 230,400 ) )
Kindle Store 4.36%) (6.58%) 6.13%) (17.96%) (68.90%) 338,817 (3.29%) 72.76%
Magazine
Subgscriptions 488 (30.60%) 97 (3.15%) 119 (7.46%) 160 (10.03%) 731 (45.83%) 1,595 (0.02%) 76.43%
. 50,545 13,442 17,081 42,894 256,703
Movies and TV (13.58%) (343%) (449%) (127%) (67.44%) 380,665 (3.69%) 80.71%
. 11,104 3,197 3,319 7,342 35,792
Musical Instruments (18.28%) (5.26%) (5.46%) (12.08%) (58.91%) 60,754 (0.59%) 77.19%
60,685 15,265 13,790 23,239 149,111
Office Products @315%) (5.829%) (5.36%) ©87%) (56.89%) 262,090 (2.54%) 80.05%
Patio Lawn and 77,966 17,997 15,095 25231 142,397 ;
Garden (27.98%) (6.46%) (5.42%) (9.05%) (51.10%) 278,686 (2.70%) 79.07%
. 81,549 22,072 18,589 29,520 195,226 ) .
Pet Supplies (23.50%) (6.36%) (5.36%) (8.51%) (56.27%) 346,956 (3.37%) 79.77%
21,846 5,298 9,629 25,735 80,720
Software (15.25%) (5.71%) (6.72%) (17.97%) (56.36%) 143,228 (1.39%) 71.61%
73,929 21,485 20,050 40,076 220,769
Sports and Outdoors y 4 ; ? > 376,309 (3.65%) 78.31%
(19.65%) (7.13%) (5.33%) (10.65%) (58.67%) :
Subscription Boxes 79 (18.16%) 31 (3.70%) 25 (5.75%) 28 (6.44%) 272 (62.53%) 435 (0.004%) 80.69%
Tools and Home 108,161 26,163 23,401 39,657 236,691 )
Improvement (24.92%) (6.03%) (5.39%) (9.14%) (54.53%) 434,073 (4.21%) 79.45%
71,937 19,290 18,331 28,148 170,016 ) .
Toys and Games (23.38%) (6.27%) (5.96%) 9.15%) (55.25%) 307,722 (2.98%) 78.63%
69,970 18,594 20,866 44,535 224,843 ) .
Unknown (18.47%) 4.91%) (5.51%) (11.76%) (59.36%) 378,808 (3.67%) 77.83%
) 37,033 9,364 8,815 16,306 80,075 ) .
Video Games (24.43%) (6.18%) (5.81%) (10.76%) (52.82%) 151,593 (1.47%) 77.25%
2,097,655 572,779 569,293 1,079,061 5,990,341 10,309,129
Sum 78.45%
(20.35%) (5.56%) (5.52%) (10.47%) (58.11%) (100%) -

* Note: Total 10,309,129 reviews from 10,309,129 unique reviewers for 1,908,223 unique products

between August 8, 1997, and September 12, 2023.
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Table A. 7 Rating distribution of OTNOTA reviews in each product category

Count (% in total

Share of 1- and

Product Category 1-star-rating 2-star-rating 3-star-rating 4-star-rating S-star-rating OTNOTA) 5- ratings
All Beauty (18 560552030) (36.52’612/?) (‘;.Sé%%i) (16 02.’961902) (%54«;4.‘6211/?) 574,734 (0.43%) 75.01%
Amazon Fashion (212.36712/:‘) (172?)27% 331’78,;‘03) (zlgf)igf/?) éiﬁ% 1,719,561 (1.30%) 70.08%
Appliances (oawn  Gomn  @smy s (mswe 4SS0 8Le%
S (36w (e (oo (0imy  aay  BOLI06Q2T 7710%
Automotive (71?2’;?/5) (2532’11,,83 (266?)79,5(; (‘}ffagf/f) %672? 6?)/3 ? 4,451,111 (3.37%) 78.64%
Baby Products (ﬁ%% (151222,;‘; (164";’17,,2(; (213),51’22) t’gﬁb%/zu‘; 2,223,171 (1.68%) 78.02%
RTINS vt P
PO T T s S .Y, B
CDs and Vinyl (2.77’2;3) (?9’?;‘) (‘f i?;:/f) (3_32%% (ZE;(.)S’;ZZ) 1,006,828 (0.76%) 83.29%
comeows ok S0 S B TSR e
Gt LG ST WG SO o
Digital Music 4,573 (5.25%) (2252512 | (j_’?g;) , o 1270033%) (76;’321102 | 87,106 (0.07%) 83.56%
GO - ST, S -,
Gift Cards (;99’2;3) (1124602% | (223618i ) s68 @4s%) (892693233 | 116,186 (0.09%) 91.85%
coow i OBEEE e SR e e
Handmade Products (3657,33‘3/5) (;72’;}/3) (3146,593/3) (3655231%/?) (‘;;05’34,}2) 523,405 (0.40%) 85.20%
R - T R 1 - B
Home and Kitchen 116622311/2‘; ?61%)7122) ?65 2.392‘; 11%3529/1? ?’6116,3’630/2)1 10,103,616 (7.64%) 77.18%
oo g G BEOSR R
Kindle Store 2533295% (2_26’23/:‘) (1 66_ 11(?029) (?2.56;% 1(678327%22; 2,523,199 (1.91%) 73.87%
gﬁagsacﬂ;teions (1;’.2?);]) (53.’9013 "SA)) (63.,;19 02) (1?)’.2;;)) (63 11.?4512 02) 31,334 (0.04%) 76.62%
Movies and TV (318?7’23/3) 233?362%3) 257 5149.%(; (3191‘_‘5*31?/?) %6385;‘4502; 3,425,480 (2.59%) 79.49%
Musical Instruments (11113’?;3/3) (goéi,l)/z ) (283’322) (llglz’z)ﬂ/?) (21512’2‘1)/?) 1,243,492 (0.94%) 76.65%
Office Products (?2‘_‘7’?2/3) 5565259,;]5) 361‘;5,;]7) (51 :)_61@12) %6247263055 5,069,011 (3.83%) 78.36%
moens B0 SR OBE SR S e
Pet Supplics (71(;39’33/3) (267?59.%5) fg%;% ?92,2’54;‘; %ﬁzlggﬁzg 4,404,606 (3.33%) 77.66%
O D 1 RS P,
Sports and Outdoors (713?5’2?2) (354 33102‘; ?é 163‘;)6) (7131‘.‘5’?/3) ‘2’6037;’2?)2? 6,379,520 (4.83%) 76.46%
Subscription Boxes (12’%)57% (91';:’32;/1 | (1})’;‘;;) | (1(1)’23& | ( 5;"‘1‘23& | 14,036 (0.01%) 69.24%
ST T I B,
Toys and Games (71}"35%32) (25227%2) (363255.% (}%?ﬁ% z6028(7) ’51/?] ;] 4,908,829 (3.71%) 77.28%
O I B v B
Video Games (312?3’;?2) (150;59,22) (1 623671,;]7) (21 'lééz/f) 1(’5099_2’1%/63 1,846,160 (1.40%) 75.76%
o 19,144,481 7239202 8483076 14,199,066 83,139,003 132,204,828 -

(14.48%) (5.48%) (6.42%) (10.74%) (62.89%) (100%)

* Note: Total reviews 132,204,828 from 40,630,865 unique reviewers for 20,000,660 unique products

between November 15, 1996, and September 14, 2023.
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Table A. 8 Rating distribution of NOT reviews in each product category

Count (% in Share of 1- and 5-

Product Category 1-star-rating 2-star-rating 3-star-rating 4-star-rating S-star-rating total OTA) ratings
13,635 6,866 10,633 15,877 70,064 . 5
All Beauty (11.56%) (5.82%) ©.01%) (13.46%) (60.15%) 117,975 (0.03%) TLT1%
4 76,092 51,598 81,390 119,323 435,830 . 5
Amazon Fashion (9.96%) (6.75%) (10.65%) (15.61%) (57.03%) 764,233 (0.18%) 66.99%
4 54,630 20,074 30,811 66,290 460,289 . )
Appliances (8.64%) (3.18%) (4.87%) (10.49%) (72.82%) 632,094 (0.15%) 81.46%
Atts Crafts and 443,628 239,218 387,021 623,814 4,134,768 5,828,449 78,550
Sewing (7.61%) (4.10%) (6.64%) (10.70%) (70.94%) (1.36%) 227
Automotive 1,517,692 606,666 903,298 1,701,745 10,533,725 15,263,126 18.96%
u v (9.94%) (3.97%) (5.92%) (11.15%) (69.01%) (3.56%) 207
281,362 188,124 286,827 453,855 2,475,774 3,685,942 5
Baby Products (7.63%) (5.10%) (7.78%) (12.31%) (67.17%) (0.86%) 74.80%
Beauty and Personal 1,728,760 888,406 1,284,695 1,951,273 11,071,186 16,924,320 75.63%
Care (10.21%) (5.25%) (7.59%) (11.53%) (65.42%) (3.94%) 03%
Books 911,431 865,703 1,747,654 3,977,650 16,083,620 23,586,058 2.06%
(3.86%) (3.67%) (7.41%) (16.86%) (68.19%) (5.50%) Do%
A 122,307 107,700 234,933 562,159 2,707,619 3,734,718 )
CDs and Vinyl (3.27%) (2.88%) (6.29%) (15.05%) (72.50%) (0.87%) 7377%
Cell Phones and 1,581,409 785,195 1,039,770 1,642,422 8,318,700 13,367,496 24.06%
Accessories (11.83%) (5.87%) (7.78%) (12.29%) (62.23%) (3.12%) Lo
Clothing Shoes and 4,338,746 2,961,034 4,709,258 7,720,697 35,434,172 55,163,907 2 10%
Jewelry (7.87%) (5.37%) (8.54%) (14.00%) (64.23%) (12.86%) A0%
- ‘ 1,428 . 2,362 5,927 31,728 . 5
Digital Music 337%) 905 (2.14%) (5.58%) (1500%) (74.92%) 42,350 (0.01%) 78.29%
Electronics 3,608,511 1,677,244 2,268,949 4,410,713 21,602,808 33,568,225 75.10%
(10.75%) (5.00%) (6.76%) (13.14%) (64.35%) (7.82%) 0%
Gift Cards 940 (2.89%) 163 (0.50%) 469 (1.44%) 1,322 (4.06%) (9219 ’16155) 32,550 (0.01%) 94.00%
. 0
Grocery and 992,962 450,783 638,439 925,858 6,694,416 9,702,458 70239
Gourmet Food (10.23%) (4.65%) (6.58%) (9.54%) (69.00%) (2.26%) 7
5,642 3,124 5,155 . 110,504 . )
Handmade Products @23%%) (2.34%) (386%) 9,112 (6.82%) (82.75%) 133,537 (0.03%) 86.98%
Health and 1,610,170 791,361 1,152,634 1,985,503 12,232,325 17,771,993 77 89%
Household (9.06%) (4.45%) (6.49%) (11.17%) (68.83%) (4.14%) S
Health and Personal 5417 2,851 4,498 8,149 34,496 . )
Care 9.78%) (5.15%) (8.12%) (14.71%) (62.25%) 35,411 (0.01%) 72.03%
. 5,218,011 2,711,028 3,864,275 6,383,711 37,807,530 55,984,555 )
Home and Kitchen (9.32%) (4.84%) (6.90%) (11.40%) (67.53%) (13.05%) 76.85%
Industrial and 206,792 99,625 153,217 296,335 1,780,752 2,536,721 18.35%
Scientific (8.15%) (3.93%) (6.04%) (11.68%) (70.20%) (0.59%) 2%
Kindle Store 589,024 709,604 1,758,419 4,919,674 14,738,876 22,715,597 67.43%
(2.59%) (3.12%) (7.74%) (21.66%) (64.88%) (5.29%) ass
Magazine 1,392 . 1,418 2,571 12,364 . )
Subscriptions (7.50%) 823 (4.43%) (7.64%) (13.85%) (66.59%) 18,568 (0.004%) 74.08%
) 991,267 621,010 1,067,206 2,167,625 8,675,061 13,522,169 5
Movies and TV (7.33%) (4.59%) (7.89%) (16.03%) (64.15%) (3.15%) 71.49%
Musical Instrument 111,921 68,031 115,416 241,305 1,176,520 1,713,193 75219
ustcal Instruments (6.53%) (3.97%) (6.74%) (14.09%) (68.67%) (0.40%) e
597,942 307,880 470,887 861,195 5,276,706 7,514,610 )
Office Products (7.96%) (4.10%) (6.27%) (11.46%) (70.22%) (1.75%) 78.18%
Patio Lawn and 1,268,453 537,675 729,935 1,232,652 7,167,081 10,935,796 77 14%
Garden (11.60%) (4.92%) (6.67%) (11.27%) (65.54%) (2.55%) A
Pet Sunpfis 1,249,022 664,160 931,255 1,351,758 7,880,105 12,076,300 75.60%
PP (10.34%) (5.50%) (7.71%) (11.19%) (65.25%) (2.81%) 007
Software 383,268 152,131 288,996 571,743 1,740,591 3,136,729 67.71%
(12.22%) (4.85%) (9.21%) (18.23%) (55.49%) (0.73%) A1
963,493 565,432 883,785 1,743,311 8,683,320 12,839,341 )
Sports and Outdoors (7.50%) (4.40%) (6.88%) (13.58%) (67.63%) (2.99%) 75.13%
Subscription Boxes 241 (13.81%) 136 (7.79%)  185(10.6%) 183 (10.49%) 1,000 (57.31%) 1,745 (0.0004%) 71.12%
Tools and Home 1,846,775 874,328 1,250,182 2,328,183 13,236,111 19,535,579 77210
Improvement (9.45%) (4.48%) (6.40%) (11.92%) (67.75%) (4.55%) =17
Tovs and Games 845,971 467,826 748,817 1,270,998 7,710,243 11,043,855 77,479
Y (7.66%) (4.24%) (6.78%) (11.51%) (69.81%) (2.57%) Al
Unknown 5,869,333 2,735,405 4,016,181 7,286,774 32,546,634 52,454,327 73.24%
(11.19%) (5.21%) (7.66%) (13.89%) (62.05%) (12.23%) A
Video Games 250,726 132,532 208,094 384,567 1,650,943 2,626,862 72.39%
(9.54%) (5.05%) (1.92%) (14.64%) (62.85%) (0.61%) 2o
Sum 37,688,393 20,294,641 31,277,064 57,204.274 282,546,417 429,030,789 24.64%
(8.78%) (4.73%) (7.29%) (13.34%) (65.86%) (100%) o

* Note: Total reviews 429,030,789 from 3182,7161 unique reviewers for 42,472,318 unique products

between June 17, 1996, and September 14, 2023.
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Table A. 9 Results from ordered probit model

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Unverified NOT reviewers 0481798  -0.524877°" 0517357  -0.520348°"  -0.523474"°  0.527086™  -0.521254""  -0.517566"
(0.176013) (0.178471) (0.178650) (0.178600) (0.178452) (0.178561) (0.178576) (0.178767)
Verified OT reviewers 20.159947°" 0162079 -0.158548"  -0.158834™"  -0.162185™  -0.163613""  -0.160430™"  -0.161977""
(0.048681) (0.049496) (0.049511) (0.049511) (0.049495) (0.049513) (0.049510) (0.049606)
Unverified OT reviewers 204649797 0451522 0.445239°  -0.447258™  0.451238"  -0.453902°°  -0.448090™"  -0.449343""
(0.056860) (0.058028) (0.058067) (0.058053) (0.058028) (0.058050) (0.058084) (0.058169)
Verified OTA reviewers £0.188486" 0201297 £0.197025" -0.198077" 0.201234" 0.202716 -0.199103" -0.200622"
(0.084612) (0.086691) (0.086711) (0.086702) (0.086694) (0.086706) (0.086709) (0.086758)

Unverified OTA reviewers 0.170647 0.226956° -0.229693" -0.233804" 0.225131° -0.229928" 0.226263" £0.231549°
(0.124396) (0.129038) (0.129178) (0.129191) (0.129059) (0.129090) (0.129081) (0.129185)
Length of review title 20.004578° 0004496 -0.004482°"  -0.004488™"  -0.004493"  -0.004451"  -0.004496™"  -0.004495"""
(0.000591) (0.000604) (0.000604) (0.000604) (0.000604) (0.000604) (0.000604) (0.000604)
Length of review body 0.000309°" 0000218 -0.000217°  -0.000217""  -0.000218"  -0.000215""  -0.000219™"  -0.000217""*
(0.000031) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033)

Crowd’s average length of -0.004419 -0.000862 0.000154 0.000148 £0.000876 0.000123 -0.000667 0.000240

review title

(0.002781) (0.002883) (0.002898) (0.002903) (0.002882) (0.002898) (0.002885) (0.002979)

Crowd’s average length of -0.000169 -0.000155 -0.000120 -0.000106 -0.000158 -0.000114 -0.000156 -0.000111

review body

(0.000121) (0.000126) (0.000126) (0.000127) (0.000126) (0.000126) (0.000126) (0.000129)

2017 0228484 -0.162832" -0.132635° -0.141395° -0.160633" -0.139599" -0.153032° -0.125101°
(0.064986) (0.066124) (0.066771) (0.066488) (0.066193) (0.066489) (0.066521) (0.066931)
2018 2028066977 0231721 0212761 -0217627°7  -0.230130°"  -0.223764""  -0.225001""  -0.208701"""
(0.039098) (0.040002) (0.040423) (0.040264) (0.040061) (0.040075) (0.040311) (0.040555)

2020 £0.094155" £0.053361 0047874 0.047797 £0.053449 0.055410" 0051208 £0.047282
(0.032344) (0.033184) (0.033234) (0.033239) (0.033184) (0.033193) (0.033225) (0.033246)
2021 02252047 0164710 -0.151921°  -0.152481°"  -0.165080°  -0.164732"°  -0.159893"  -0.149273"""
(0.035700) (0.036682) (0.036900) (0.036897) (0.036686) (0.036688) (0.036860) (0.036861)
2022 02370307 0194285  -0.181244° 0181398 -0.194894"  -0.193892""  -0.189514""  -0.172492""*
(0.042081) (0.043147) (0.043349) (0.043356) (0.043154) (0.043149) (0.043300) (0.043379)

2023 -0.157015" -0.148400° -0.144989" -0.139872" -0.152849" -0.159398" -0.145455" -0.144265"
(0.072892) (0.074512) (0.074602) (0.074617) (0.074782) (0.074626) (0.074570) (0.074727)

February 0.115309™ 0.113141° 0.112437" 0.112573" 0.113037" 0.110756™ 0.113293" 0.109574"
(0.047392) (0.048569) (0.048567) (0.048567) (0.048571) (0.048575) (0.048568) (0.048662)

March 0.033126 0.064916 0.066454 0.066598 0.064939 0.065285 0.065259 0.063142
(0.049632) (0.050901) (0.050906) (0.050906) (0.050903) (0.050910) (0.050900) (0.051007)

April 0.082552° 0.078673 0.079640 0.079135 0.078543 0.078523 0.079394 0.080276
(0.048582) (0.049659) (0.049661) (0.049662) (0.049660) (0.049668) (0.049660) (0.049747)

May 0.042768 0.081409° 0.080215° 0.080339° 0.081149° 0.079197 0.081483° 0.079052
(0.047305) (0.048471) (0.048473) (0.048472) (0.048473) (0.048480) (0.048470) (0.048536)

June 0.117342" 0.118030™ 0.117828" 0.117630™ 0.117708" 0.112999" 0.119113™ 0.115260™
(0.046752) (0.047845) (0.047847) (0.047845) (0.047849) (0.047870) (0.047853) (0.047921)

July 0.069193 0.074208 0.069772 0.070800 0.073638 0.071023 0.073052 0.070628
(0.045356) (0.046459) (0.046486) (0.046477) (0.046467) (0.046479) (0.046468) (0.046579)

August 0.040745 0.047893 0.047370 0.046093 0.047727 0.044458 0.049121 0.050021
(0.043943) (0.044945) (0.044953) (0.044953) (0.044947) (0.044962) (0.044957) (0.045034)

September 0.081461° 0.108436™ 0.103438" 0.103841°* 0.107840" 0.101568" 0.108070™ 0.103255™
(0.047845) (0.049057) (0.049078) (0.049074) (0.049064) (0.049095) (0.049058) (0.049150)

October 0.051211 0.115850" 0.111692° 0.112851° 0.114834" 0.109093" 0.115600™ 0.107192"
(0.046666) (0.047856) (0.047878) (0.047870) (0.047877) (0.047901) (0.047858) (0.047962)

November -0.048607 -0.008424 0013187 0011792 -0.008884 0013882 -0.009628 -0.011486
(0.048097) (0.049271) (0.049295) (0.049287) (0.049276) (0.049301) (0.049278) (0.049386)

December -0.084121" -0.054538 -0.056395 0055989 £0.055140 0059177 -0.054233 £0.055898
(0.044841) (0.045870) (0.045873) (0.045872) (0.045879) (0.045892) (0.045869) (0.045955)

Tuesday -0.030051 0.011969 -0.012399 -0.011703 -0.012492 0.011823 0012174 0.011597
(0.036266) (0.037192) (0.037198) (0.037194) (0.037201) (0.037196) (0.037194) (0.037236)

Wednesday -0.003976 0.006532 0.004948 0.006292 0.006180 0.005691 0.005611 0.005864
(0.036191) (0.037038) (0.037045) (0.037041) (0.037042) (0.037044) (0.037044) (0.037090)

Thursday 0.012300 0.010575 0.011142 0.011961 0.010197 0.011949 0.010327 0.014307
(0.036487) (0.037365) (0.037375) (0.037374) (0.037371) (0.037376) (0.037368) (0.037427)

Friday -0.003853 0.004666 0.003891 0.005173 0.003813 0.003905 0.004367 0.006476
(0.037205) (0.038114) (0.038122) (0.038122) (0.038133) (0.038123) (0.038116) (0.038161)

Saturday 0.028256 0.054921 0.055224 0.055568 0.054546 0.055201 0.055045 0.055804

65



(0.037071) (0.038054) (0.038057) (0.038054) (0.038060) (0.038056) (0.038056) (0.038083)
Sunday 0.007963 0.031880 0.032683 0.033247 0.031697 0.033214 0.031745 0.033231
(0.038319) (0.039267) (0.039273) (0.039272) (0.039269) (0.039273) (0.039269) (0.039325)
Negative Price Sentiment -1.280668"" -1.278823""" -1.278442°"" -1.280973**" -1.279618™"" -1.280239"*" -1.278949"*"
(0.027615) (0.027623) (0.027626) (0.027619) (0.027620) (0.027617) (0.027666)
Positive Price Sentiment 0.730199™" 0.731554"* 0.731797"* 0.729893"** 0.728517"*" 0.730991*** 0.730747"*
(0.039266) (0.039279) (0.039282) (0.039267) (0.039270) (0.039273) (0.039288)
Crowd’s average rating 0.083620""
(0.025476)
Crowd’srzsiltliz;rgesofS-star 0262685
(0.083113)
Crowd’s share of 4-star 0.110368
ratings
(0.154465)
Crowd’s share of 2-star 0476287
ratings
(0.139801)
Crowd’s sh_are of 1-star 0152351
ratings
(0.113264)
Crowd’s positive imbalance 0.314440™"
(0.083417)
Threshold 1 -1.760533"" -1.894206™" -1.552516™" -1.749323" -1.868377"" -2.018682""* -1.893339™* -1.651767""
(0.316477) (0.323219) (0.339375) (0.326002) (0.325394) (0.325239) (0.323198) (0.329878)
Threshold 2 -1.398986""" -1.477536"" -1.135638™"" -1.332322""" -1.451735"" -1.601675™"" -1.476704™"" -1.234287""
(0.316385) (0.323103) (0.339282) (0.325901) (0.325275) (0.325114) (0.323082) (0.329775)
Threshold 3 -1.055594"" -1.069612"" -0.727506"" -0.924103"" -1.043859"" -1.193659™" -1.068742""* -0.825991"
(0.316323) (0.323017) (0.339218) (0.325828) (0.325182) (0.325026) (0.322997) (0.329699)
Threshold 4 -0.764126"" -0.726587"" -0.384279 -0.580930" -0.700828"* -0.850514™"" -0.725643"" -0.482480
(0.316284) (0.322962) (0.339182) (0.325780) (0.325129) (0.324969) (0.322942) (0.329657)
LL -18,387 -16,928 -16,923 -16,923 -16,928 -16,923 -16,927 -16,875
AIC 37,332 34,419 34,410 34,411 34,420 34,409 34,419 34,309
BIC 39,449 36,550 36,549 36,550 36,560 36,548 36,558 36,432
N 14,565 14,565 14,565 14,565 14,565 14,565 14,565 14,526
* Note: *p <.10; **p <.05; **p < .01. Store dummies are excluded for space. Perfectly predicted samples are

dropped.
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Table A. 10 Marginal effect of ordered probit model

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Unverified NOT 1 0.112617" 0.102432" 0.100869™ 0.101541™ 0.102097"* 0.102754™ 0.101700™ 0.100520""
(0.048671) (0.041193) (0.041104) (0.041159) (0.041151) (0.041198) (0.041164) (0.040998)
Unverified NOT 2 0.033364™" 0.032979™" 0.032510™" 0.032694™" 0.032893™" 0.033113™" 0.032753™" 0.032595""
(0.010627) (0.010498) (0.010530) (0.010515) (0.010504) (0.010502) (0.010514) (0.010579)
Unverified NOT 3 0.022723"* 0.025948""" 0.025602""" 0.025715™ 0.025898""" 0.026060™" 0.025784™" 0.025737"**
(0.005493) (0.006540) (0.006595) (0.006562) (0.006556) (0.006540) (0.006567) (0.006654)
Unverified NOT 4 0.007708""* 0.010636™" 0.010515™" 0.010523™" 0.010640™" 0.010709™" 0.010577"" 0.010676""
(0.001958) (0.001845) (0.001840) (0.001838) (0.001846) (0.001850) (0.001843) (0.001861)
Unverified NOT 5 -0.176411°" -0.171995™ -0.169496™" -0.170473" -0.171529"" -0.172637"" -0.170815"" -0.169528™"*
(0.063790) (0.058442) (0.058510) (0.058475) (0.058445) (0.058449) (0.058489) (0.058573)
Verified OTNOTA 1 0.032105™" 0.027145™" 0.026577"" 0.026619™" 0.027163™" 0.027365™" 0.026886™" 0.027072"""
(0.009068) (0.007769) (0.007791) (0.007788) (0.007769) (0.007757) (0.007782) (0.007771)
Verified OTNOTA 2 0.011790™* 0.010364™" 0.010134™ 0.010155™ 0.010369™" 0.010458™" 0.010257™" 0.010366"*
(0.003618) (0.003144) (0.003144) (0.003145) (0.003143) (0.003143) (0.003145) (0.003153)
Verified OTNOTA 3 0.009402""* 0.009392""" 0.009177"* 0.009196™" 0.009396™" 0.009480™" 0.009293™" 0.009393""*
(0.003054) (0.002978) (0.002974) (0.002975) (0.002978) (0.002980) (0.002977) (0.002987)
Verified OTNOTA 4 0.004762"* 0.005311™" 0.005182""" 0.005191™" 0.005315™ 0.005371™" 0.005251™" 0.005322"*
(0.001725) (0.001835) (0.001827) (0.001827) (0.001835) (0.001840) (0.001832) (0.001843)
Verified OTNOTA § -0.058060""" -0.052211™ -0.051070"" -0.051160™" -0.052244" -0.052674"" -0.051686"" -0.052152"""
(0.017422) (0.015690) (0.015701) (0.015700) (0.015689) (0.015682) (0.015700) (0.015717)
Unverified OTNOTA 1 0.107895"* 0.085562""" 0.084335™" 0.084759™" 0.085495™" 0.085928"" 0.084897"" 0.084909"**
(0.012379) (0.010445) (0.010454) (0.010455) (0.010444) (0.010437) (0.010458) (0.010443)
Unverified OTNOTA 2 0.032364™" 0.028621"" 0.028218™" 0.028349™" 0.028600™" 0.028766™" 0.028403™" 0.028524"™"
(0.004103) (0.003717) (0.003719) (0.003719) (0.003717) (0.003718) (0.003720) (0.003731)
Unverified OTNOTA 3 0.022255"" 0.023264"" 0.022944™" 0.023032""" 0.023250™"" 0.023385™" 0.023096™" 0.023209°"
(0.003180) (0.003230) (0.003229) (0.003228) (0.003230) (0.003231) (0.003232) (0.003242)
Unverified OTNOTA 4 0.007787"* 0.010378""" 0.010238""" 0.010256™" 0.010380™" 0.010452"" 0.010308™" 0.010403"""
(0.001724) (0.001846) (0.001839) (0.001839) (0.001847) (0.001851) (0.001843) (0.001855)
Unverified OTNOTA 5 -0.170301°" -0.147824™ -0.145734™ -0.146396"" -0.147725" -0.148532"" -0.146705" -0.147044™
(0.020457) (0.018644) (0.018661) (0.018655) (0.018643) (0.018637) (0.018667) (0.018683)

Verified OTA 1 0.038387"" 0.034303"" 0.033593"" 0.033776"™ 0.034290™ 0.034497™ 0.033942"" 0.034109"
(0.017902) (0.015320) (0.015318) (0.015321) (0.015320) (0.015306) (0.015322) (0.015293)

Verified OTA 2 0.013856™ 0.012885™ 0.012606™ 0.012677 0.012879™ 0.012972" 0.012742" 0.012853"
(0.006164) (0.005552) (0.005551) (0.005552) (0.005551) (0.005551) (0.005552) (0.005562)

Verified OTA 3 0.010917"" 0.011524™ 0.011269™ 0.011329™ 0.011519™ 0.011605™ 0.011396™ 0.011497"
(0.004724) (0.004836) (0.004836) (0.004835) (0.004836) (0.004837) (0.004838) (0.004847)

Verified OTA 4 0.005395™ 0.006351" 0.006204™ 0.006232" 0.0063517 0.006409™ 0.006277" 0.006351"*
(0.002253) (0.002566) (0.002564) (0.002561) (0.002567) (0.002571) (0.002566) (0.002578)
Verified OTA 5 -0.068555"" -0.065063"" -0.063672"" -0.064014" -0.065039"" -0.065482"" -0.064358"" -0.064810™
(0.030859) (0.028150) (0.028150) (0.028148) (0.028150) (0.028139) (0.028157) (0.028157)

Unverified OTA 1 0.034441 0.039114 0.039727" 0.040496" 0.038767 0.039598" 0.039035 0.039905"
(0.026695) (0.023879) (0.024007) (0.024073) (0.023851) (0.023893) (0.023905) (0.023938)

Unverified OTA 2 0.012567 0.014532" 0.014702" 0.014969" 0.014413" 0.014718" 0.014486" 0.014840"
(0.009053) (0.008268) (0.008269) (0.008270) (0.008269) (0.008269) (0.008268) (0.008284)

Unverified OTA 3 0.009977 0.012882" 0.012995" 0.013213" 0.012785" 0.013045" 0.012834" 0.013134"
(0.006823) (0.006912) (0.006885) (0.006867) (0.006922) (0.006907) (0.006909) (0.006905)

Unverified OTA 4 0.005008 0.006975™ 0.006993" 0.007088" 0.006934™ 0.007070™ 0.006938" 0.007101"*
(0.003095) (0.003338) (0.003294) (0.003267) (0.003352) (0.003334) (0.003331) (0.003321)

Unverified OTA 5 -0.061991 -0.073503" -0.074417" -0.075767" -0.072899" -0.074431" -0.073292" -0.074981"
(0.045540) (0.042261) (0.042315) (0.042331) (0.042260) (0.042263) (0.042278) (0.042306)
Length of review title 1 0.001016"" 0.000821""" 0.000818"" 0.000819™" 0.000820""" 0.000812""" 0.0008217"" 0.000819°"
(0.000131) (0.000111) (0.000111) (0.000110) (0.000111) (0.000111) (0.000111) (0.000110)
Length of review title 2 0.000325"" 0.000285™"" 0.000284""" 0.000285™" 0.000285™" 0.000283™" 0.000285™"" 0.000286""
(0.000042) (0.000039) (0.000039) (0.000039) (0.000039) (0.000039) (0.000039) (0.000039)
Length of review title 3 0.000236"" 0.000242" 0.000241°"" 0.000241°"" 0.0002417" 0.000239™" 0.000242°"" 0.000242°"
(0.000031) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033) (0.000033)
Length of review title 4 0.000097"* 0.000118™" 0.000118™" 0.000118™" 0.000118™* 0.000117"* 0.000118™" 0.000119""
(0.000013) (0.000016) (0.000016) (0.000016) (0.000016) (0.000016) (0.000016) (0.000017)
Length of review title 5 -0.001673" -0.001466"" -0.001461"" -0.001463" -0.001465" -0.001451" -0.001466"" -0.001465™"
(0.000215) (0.000196) (0.000196) (0.000196) (0.000196) (0.000196) (0.000196) (0.000196)
Length of review body 1 0.000069"* 0.000040™"" 0.000040™" 0.000040™" 0.000040™"" 0.000039™* 0.000040™" 0.000040""
(0.000007) (0.000006) (0.000006) (0.000006) (0.000006) (0.000006) (0.000006) (0.000006)
Length of review body 2 0.000022"*" 0.000014"" 0.000014"" 0.000014™" 0.000014™" 0.000014™" 0.000014™" 0.000014"*
(0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002)
Length of review body 3 0.000016"* 0.000012""" 0.000012""* 0.000012""* 0.000012""* 0.000012""* 0.000012""* 0.000012"*"
(0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002) (0.000002)
Length of review body 4 0.000007"*" 0.000006""" 0.000006""" 0.000006""" 0.000006"" 0.000006™" 0.000006™" 0.000006""
(0.000001) (0.000001) (0.000001) (0.000001) (0.000001) (0.000001) (0.000001) (0.000001)
Length of review body 5 -0.000113""" -0.000071"" -0.000071""* -0.000071""* -0.000071""* -0.000070""" -0.000071""* -0.000071°"*
(0.000011) (0.000011) (0.000011) (0.000011) (0.000011) (0.000011) (0.000011) (0.000011)

Crowd’s length of review title 1 0.000981 0.000157 -0.000028 -0.000027 0.000160 -0.000022 0.000122 -0.000044
(0.000617) (0.000526) (0.000529) (0.000530) (0.000526) (0.000529) (0.000527) (0.000543)

Crowd’s length of review title 2 0.000313 0.000055 -0.000010 -0.000009 0.000056 -0.000008 0.000042 -0.000015
(0.000197) (0.000183) (0.000184) (0.000184) (0.000183) (0.000184) (0.000183) (0.000189)

Crowd’s length of review title 3 0.000228 0.000046 -0.000008 -0.000008 0.000047 -0.000007 0.000036 -0.000013
(0.000143) (0.000155) (0.000156) (0.000156) (0.000155) (0.000156) (0.000155) (0.000160)

Crowd’s length of review title 4 0.000093 0.000023 -0.000004 -0.000004 0.000023 -0.000003 0.000018 -0.000006
(0.000059) (0.000076) (0.000076) (0.000076) (0.000076) (0.000076) (0.000076) (0.000079)

Crowd’s length of review title 5 -0.001615 -0.000281 0.000050 0.000048 -0.000286 0.000040 -0.000218 0.000078
(0.001016) (0.000940) (0.000945) (0.000946) (0.000940) (0.000945) (0.000941) (0.000971)

Crowd’s length of review body 1 0.000037 0.000028 0.000022 0.000019 0.000029 0.000021 0.000028 0.000020
(0.000027) (0.000023) (0.000023) (0.000023) (0.000023) (0.000023) (0.000023) (0.000023)

Crowd’s length of review body 2 0.000012 0.000010 0.000008 0.000007 0.000010 0.000007 0.000010 0.000007
(0.000009) (0.000008) (0.000008) (0.000008) (0.000008) (0.000008) (0.000008) (0.000008)

Crowd’s length of review body 3 0.000009 0.000008 0.000006 0.000006 0.000008 0.000006 0.000008 0.000006
(0.000006) (0.000007) (0.000007) (0.000007) (0.000007) (0.000007) (0.000007) (0.000007)

Crowd’s length of review body 4 0.000004 0.000004 0.000003 0.000003 0.000004 0.000003 0.000004 0.000003
(0.000003) (0.000003) (0.000003) (0.000003) (0.000003) (0.000003) (0.000003) (0.000003)

Crowd’s length of review body 5 -0.000062 -0.000051 -0.000039 -0.000035 -0.000052 -0.000037 -0.000051 -0.000036
(0.000044) (0.000041) (0.000041) (0.000041) (0.000041) (0.000041) (0.000041) (0.000042)

2017,1 0.048842"" 0.028894™ 0.023414" 0.025031" 0.028479™ 0.024539™ 0.027122" 0.022032"
(0.015074) (0.012356) (0.012291) (0.012307) (0.012350) (0.012222) (0.012373) (0.012263)

2017,2 0.016400™" 0.010372"" 0.008452"" 0.009010™ 0.010232"* 0.008898"* 0.009749"™* 0.007983"
(0.004515) (0.004197) (0.004245) (0.004225) (0.004202) (0.004229) (0.004224) (0.004263)

2017,3 0.012383"" 0.009013""* 0.007375™ 0.007842" 0.008897" 0.007788" 0.008482" 0.006969"
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2017, 4
2017,5
2018, 1
2018,2
2018,3
2018, 4
2018, 5
2020, 1
2020, 2
2020, 3
2020, 4
2020, 5
2021, 1
2021,2
2021, 3
2021,4
2021, 5
2022, 1
2022,2
2022,3
2022, 4
2022,5
2023, 1
2023,2
2023.3
2023,4
2023,5
Negative price sentiment 1
Negative price sentiment 2
Negative price sentiment 3
Negative price sentiment 4
Negative price sentiment 5
Positive price sentiment 1
Positive price sentiment 2
Positive price sentiment 3
Positive price sentiment 4
Positive price sentiment 5
Crowd’s average rating 1
Crowd’s average rating 2
Crowd’s average rating 3
Crowd’s average rating 4
Crowd’s average rating 5
Crowd’s share of 5-star ratings 1
Crowd’s share of 5-star ratings 2
Crowd’s share of 5-star ratings 3
Crowd’s share of 5-star ratings 4
Crowd’s share of 5-star ratings 5
Crowd’s share of 4-star ratings 1
Crowd’s share of 4-star ratings 2

Crowd’s share of 4-star ratings 3

(0.003138)
0.005584""
(0.001191)
-0.083210""
(0.023731)
0.061490""
(0.009039)
0.019962""
(0.002748)
0.014701""
(0.001957)
0.006243""
(0.000858)
-0.102396"
(0.014219)
0.018840""
(0.006440)
0.006863""
(0.002367)
0.005495""
(0.001904)
0.002812""
(0.000989)
-0.034011°"
(0.011669)
0.048087""
(0.007646)
0.016179""
(0.002594)
0.012234""
(0.001970)
0.005536""
(0.000933)
-0.082037"
(0.012971)
0.050876""
(0.009339)
0.016990""
(0.003011)
0.012777*
(0.002211)
0.005709""
(0.000978)
-0.086352°
(0.015337)
0.032421"
(0.015944)
0.011379"
(0.005221)
0.008872"
(0.003864)
0.004298"
(0.001673)
-0.056971"
(0.026637)

(0.003486)
0.004665""
(0.001644)
-0.052945"™
(0.021626)
0.042325""
(0.007596)
0.014740""
(0.002551)
0.012483""
(0.002100)
0.006103""
(0.001006)

-0.075651°"
(0.013077)

0.009034
(0.005604)
0.003392
(0.002113)
0.003061
(0.001910)
0.001713
(0.001073)
-0.017199
(0.010691)
0.029251°"
(0.006528)
0.010492°
(0.002359)
0.009111°"
(0.002045)

0.004709""
(0.001069)

-0.053562""
(0.011932)
0.034936"
(0.007946)
0.012372""
(0.002766)
0.010627""
(0.002331)
0.005364""
(0.001150)

-0.063298""
(0.014096)
0.026172"
(0.013773)
0.009453"
(0.004756)
0.008257"
(0.003990)
0.004322°
(0.001916)
-0.048204™
(0.024395)
0.366525""
(0.009341)
0.067186""
(0.002266)
0.015111°"
(0.001872)

-0.030873"
(0.002086)

-0.417949"
(0.007119)

-0.075611°"
(0.003017)

-0.053100""
(0.002606)

-0.059780""
(0.003298)

-0.044778°
(0.002966)
0.233268""
(0.010529)

(0.003574)
0.003850"
(0.001733)
-0.043091°
(0.021806)
0.038845""
(0.007640)
0.013541""
(0.002578)
0.011470""
(0.002128)
0.005608""
(0.001017)

-0.069464°"
(0.013218)

0.008149
(0.005644)
0.003045
(0.002117)
0.002736
(0.001905)
0.001517
(0.001061)
-0.015447
(0.010720)

0.027039""
(0.006577)
0.009680""
(0.002371)
0.008389""
(0.002053)
0.004314"
(0.001066)

-0.049422"
(0.012008)
0.032658""
(0.007982)
0.011544""
(0.002778)
0.009897""
(0.002340)
0.004971°"
(0.001150)

-0.059070""
(0.014165)
0.025729"
(0.013857)
0.009239"
(0.004761)
0.008026"
(0.003974)
0.004151°
(0.001885)
-0.047145"
(0.024438)
0365663
(0.009340)
0.067200""
(0.002265)
0.015233""
(0.001868)

-0.030734°
(0.002084)

-0.417363"
(0.007128)

0.075717"
(0.003017)

-0.053151°"
(0.002605)

-0.059846""
(0.003297)

-0.044841°
(0.002965)
0.233555""
(0.010522)

-0.015256"
(0.004649)

-0.005307""
(0.001621)

-0.004494°"
(0.001373)

-0.002199"
(0.000676)
0.027255""
(0.008298)

(0.003539)
0.004071"
(0.001696)
-0.045955™
(0.021725)
0.039779""
(0.007626)
0.013849""
(0.002567)
0.011717""
(0.002116)
0.005712""
(0.001010)

-0.071056"
(0.013165)

0.008129
(0.005639)
0.003040
(0.002117)
0.002733
(0.001906)
0.001517
(0.001062)
-0.015419
(0.010719)
0.027121°"
(0.006572)

0.009716""
(0.002371)
0.008423""
(0.002054)
0.004335""
(0.001067)

-0.049595""
(0.012005)
0.032659""
(0.007977)
0.011554""
(0.002779)
0.009911°"
(0.002342)
0.004983""
(0.001152)

-0.059108°
(0.014166)
0.024746"
(0.013795)
0.008913"
(0.004763)
0.007762"
(0.003993)
0.004034"
(0.001912)
-0.045455"
(0.024427)
0365563
(0.009341)
0.067204""
(0.002265)
0.015211°"
(0.001868)

-0.030742"
(0.002083)

-0.417235"
(0.007131)

-0.075738"
(0.003017)

-0.053194°
(0.002606)

-0.059884""
(0.003298)

-0.044843°
(0.002966)
0.233659""
(0.010523)

-0.047927"
(0.015166)
-0.016676"
(0.005289)
-0.014117"
(0.004478)
-0.006902°"
(0.002200)
0.085623""
(0.027073)
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(0.003495)
0.004614""
(0.001654)
-0.052222"
(0.021645)
0.042008""
(0.007602)
0.014639""
(0.002554)
0.012404""
(0.002104)
0.006074""
(0.001009)

-0.075126™
(0.013096)

0.009049
(0.005604)
0.003398
(0.002113)
0.003065
(0.001909)
0.001715
(0.001073)
-0.017228
(0.010691)

0.029322""
(0.006530)
0.010515"
(0.002359)
0.009129""
(0.002045)
0.004717°"
(0.001068)

-0.053684°"
(0.011933)
0.035056""
(0.007951)
0.012410""
(0.002766)
0.010656""
(0.002330)
0.005377""
(0.001149)

-0.063499°
(0.014099)
0.027009"
(0.013871)
0.009736"
(0.004772)
0.008490""
(0.003991)
0.004429°
(0.001903)
-0.049665™
(0.024494)
0.366611°"
(0.009341)
0.067185""
(0.002266)
0.015112"
(0.001872)

-0.030873"
(0.002086)

-0.418036"
(0.007119)

-0.075587"
(0.003018)

-0.053073°
(0.002606)

-0.059747"
(0.003298)

-0.044760°
(0.002966)
0.233166""
(0.010530)

-0.020151
(0.028205)
-0.007006
(0.009806)
-0.005930

(0.003564)
0.004097"
(0.001735)
-0.045322"
(0.021709)
0.040754""
(0.007578)
0.014247""
(0.002558)
0.012087""
(0.002111)
0.005941""
(0.001015)

-0.073029°
(0.013100)

0.009394"
(0.005612)
0.003525"
(0.002115)
0.003175"
(0.001908)
0.001772"
(0.001070)
-0.017866"
(0.010698)

0.029268""
(0.006532)
0.010500"
(0.002360)
0.009107""
(0.002044)
0.004700"
(0.001066)

-0.053575"
(0.011934)
0.034875""
(0.007949)
0.012354""
(0.002768)
0.010601°"
(0.002330)
0.005344""
(0.001147)

-0.063174°
(0.014097)
0.028257"
(0.013912)
0.010160°
(0.004764)
0.008830"
(0.003962)
0.004576"
(0.001867)
-0.051822"
(0.024458)
0.365891°"
(0.009339)
0.067242""
(0.002266)
0.015218""
(0.001869)

-0.030745"
(0.002084)

-0.417605°
(0.007125)

-0.075505"
(0.003021)

-0.052997°
(0.002608)

-0.059607"
(0.003298)

-0.044630°
(0.002964)
0.232739""
(0.010539)

(0.003524)
0.004400""
(0.001677)
-0.049752"
(0.021748)
0.041100""
(0.007641)
0.014315""
(0.002570)
0.012124""
(0.002118)
0.005926""
(0.001014)

-0.073465"
(0.013179)

0.008687
(0.005622)
0.003256
(0.002116)
0.002934
(0.001909)
0.001636
(0.001070)
-0.016513
(0.010710)

0.028421""
(0.006563)
0.010186"
(0.002369)
0.008840""
(0.002054)
0.004561°"
(0.001071)

-0.052007*
(0.011992)
0.034109"
(0.007973)
0.012068""
(0.002775)
0.010360""
(0.002339)
0.005220""
(0.001152)

-0.061757"
(0.014148)
0.025696"
(0.013792)
0.009266"
(0.004759)
0.008084™"
(0.003991)
0.004218"
(0.001913)
-0.047264"
(0.024417)
0.366342""
(0.009341)
0.067179""
(0.002266)
0.015144""
(0.001871)

-0.030843°
(0.002086)

-0.417822"
(0.007121)

-0.075667"
(0.003017)

-0.053128°
(0.002605)

-0.059832"
(0.003298)

-0.044833°
(0.002967)
0.233460""
(0.010525)

(0.003598)
0.003649"
(0.001758)
-0.040633"
(0.021849)
0.038070"
(0.007656)
0.013302""
(0.002590)
0.011259"
(0.002137)
0.005508""*
(0.001020)

-0.068139"
(0.013262)

0.008053
(0.005649)
0.003012
(0.002121)
0.002701
(0.001905)
0.001495
(0.001058)
-0.015261
(0.010727)

0.026560"
(0.006568)
0.009525"
(0.002372)
0.008244"
(0.002050)
0.004237""
(0.001064)

-0.048565"
(0.011997)
0.030992""*
(0.007958)
0.011004"
(0.002784)
0.009442*
(0.002349)
0.004763"
(0.001158)

-0.056202°
(0.014173)

0.025614"
(0.013886)
0.009206"
(0.004775)
0.007982"
(0.003978)
0.004119*
(0.001883)
-0.046920°
(0.024483)

0.365410"
(0.009354)
0.067386"
(0.002272)
0.015323"
(0.001871)

-0.030709"
(0.002089)

04174107
(0.007139)

-0.075527""
(0.003015)

-0.053150"
(0.002609)

-0.059799"
(0.003299)

-0.044824™
(0.002968)
0.233299""
(0.010529)



(0.008299)

Crowd’s share of 4-star ratings 4 -0.002900
(0.004060)
Crowd’s share of 4-star ratings 5 0.035988
(0.050364)
Crowd’s share of 2-star ratings 1 0.086900™""
(0.025511)
Crowd’s share of 2-star ratings 2 0.030237"**
(0.008901)
Crowd’s share of 2-star ratings 3 0.025588™""
(0.007532)
Crowd’s share of 2-star ratings 4 0.012522"**
(0.003712)
Crowd’s share of 2-star ratings 5 -0.155246"
(0.045539)
Crowd’s share of 1-star ratings 1 0.027812
(0.020676)
Crowd’s share of 1-star ratings 2 0.009671
(0.007192)
Crowd’s share of 1-star ratings 3 0.008188
(0.006091)
Crowd’s share of 1-star ratings 4 0.004004
(0.002982)
Crowd’s share of 1-star ratings 5 -0.049676
(0.036927)
Crowd’s positive imbalance 1 -0.057286"""
(0.015200)
Crowd’s positive imbalance 2 -0.019984™*
(0.005317)
Crowd’s positive imbalance 3 -0.016916™""
(0.004503)
Crowd’s positive imbalance 4 -0.008291""*
(0.002226)
Crowd’s positive imbalance 5 0.102477"*"
(0.027161)

* Note: *p <.10; **p < .05; **p < .01. Days of the week dummies, month dummies, and store dummies are
excluded for space. Perfectly predicted samples are dropped.
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