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Abstract

This dissertation comprises of three essays on global reviews on Amazon.com and their

impact on future reviews. The first chapter examines the interplay between economic policy uncer-

tainty (EPU) and global review sharing on consumer behavior and product reviews on Amazon.com.

By analyzing data from Nike products available on the platform and considering EPU indices for

the USA and China, econometric models are constructed to test various hypotheses. The study

reveals that higher levels of USA EPU adversely affect product review rates, while China EPU

positively influences review rates. Additionally, increased EPU volatility leads to a decrease in the

sharing of non-English and English reviews by Amazon, impacting sales and review-sharing behav-

ior.Moreover, the study investigates the effect of global reviews on customer decision-making for

products at different stages of their lifecycle. For early-stage products, introducing global reviews

influences customer perceptions and decision-making positively. However, for popular products

with substantial review volumes, the addition of global reviews overwhelms customers, negatively

impacting their decision-making. Furthermore, the research includes a counterfactual analysis to

assess the potential implications of the absence of global reviews. The findings suggest that global

review sharing positively impacts early-stage products but may adversely affect popular products.

These insights shed light on how businesses can strategically leverage global reviews, considering

economic policy uncertainties and product lifecycle stages, to enhance customer experiences on e-

commerce platforms like Amazon.com. By understanding the nuanced effects of EPU and global

review-sharing, companies can tailor review-sharing strategies for optimal customer engagement and

improved business performance in a globalized marketplace.

The second chapter investigates the impact of product origin information on the review

rate of products in online businesses, with a focus on Amazon.com as the platform of interest. The
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study explores how references to ”made-in USA/China” in customer reviews influence purchasing

decisions and customer behavior. By understanding the relationship between product sources and

customer behavior, businesses can optimize marketing strategies and enhance customer satisfaction.

The literature review highlights the importance of the country of origin in consumer decision-making

and its influence on product perception. Online reviews play a crucial role in guiding customer pur-

chasing decisions, and product origin significantly affects the perception of product quality. While

products made in the USA are positively perceived, products made in China have undergone a shift

in perception due to increased awareness of China’s manufacturing capabilities. Economic Policy

Uncertainty (EPU) can also significantly impact consumer behavior and market dynamics. Using a

comprehensive dataset, the study employs Ordinary Least Squares (OLS) methods to examine the

direct effects of ”made-in” mentions on changes in review rates and scores. The analysis includes

control variables and product category fixed effects to ensure a robust analysis. The results indicate

that ”Made in China” mentions positively influence the review rate, while ”Made in USA” mentions

do not significantly impact the review rate. Economic uncertainty in both the USA and China leads

to decreased review rates and scores, suggesting changes in consumer behavior during uncertain

economic times. However, EPU volatility does not significantly impact mentions of products made

in either country. This research provides valuable insights for businesses seeking to optimize mar-

keting efforts and cater to consumer preferences effectively. The study underscores the significance

of product origin information and its impact on customer behavior in the global marketplace.

The third chapter aims to explore how review language diversity, particularly English and

Spanish reviews, influences customer behavior on the platform. The research addresses gaps in un-

derstanding the effects of non-English reviews on sales, providing insights for businesses to optimize

their review strategies. Past research have addressed on how review language diversity can foster

inclusivity and social proof, influencing the motivation of English and Spanish-speaking customers

to post reviews. Language plays a crucial role in shaping customer behavior, and the study hypoth-

esizes that the count of Spanish reviews affects English and Spanish-speaking customers differently.

We employed econometric models to test the relationships between variables and their impact on re-

view rates and scores accounting for different product categories. The results reveal that an increase

in Spanish reviews positively affects future review scores for customers and encourages Spanish-

speaking customers to contribute reviews. English reviews positively influence the review rate for

iii



both English and Spanish-speaking customers. The study concludes by emphasizing the importance

of understanding language dynamics and their implications for customer behavior on Amazon.com,

especially in the context of diverse language reviews. The research contributes to the field of con-

sumer behavior, shedding light on the role of language in shaping purchase decisions and customer

perceptions.
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Chapter 1

Do Global Review Sharing Impact

Online Business?

Evidence from Nike Products on

Amazon

1.1 Introduction

The proliferation of online reviews has surged in recent years, driven by the rapid growth

of online commerce (Howarth, 2022). This surge has prompted businesses to recognize the signif-

icance of online reviews in consumer decision-making (Podium, 2017). A report by Podium.com

revealed that a substantial majority of consumers (93%) are influenced by online reviews when mak-

ing purchasing decisions. Concurrently, globalization has gained momentum, compelling businesses

to establish a global presence and cater to diverse markets (Federico, 2016). In response to this

trend, many companies have adopted a review-sharing strategy, whereby reviews from one market

are disseminated to customers in different markets. Examples of this strategy include Nike sharing

reviews from their distributor’s website and featuring them on Nike.com and Amazon sharing reviews

from multiple countries on Amazon.com and vice versa. Amazon, which operates in over 20 countries
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(Mbabazi, 2022), offers products on both Amazon.com and its international websites. Each country-

specific website accumulates reviews for the products available in that particular market. Starting in

January 2020, Amazon has implemented a practice of sharing reviews posted on one country’s web-

site with other country-specific websites, thereby expanding the pool of visible reviews for customers.

Simultaneously, macroeconomic factors, such as policy uncertainties, profoundly influence

customers (Handley and Limão, 2017), thereby impacting businesses. In this study, we identify

economic policy uncertainty (referred to as EPU hereafter) as a potential factor that can signifi-

cantly affect sales on Amazon.com. Studies have demonstrated that EPU amplifies domestic prices

and diminishes consumer income (Handley and Limão, 2017). Moreover, research has shown that

increasing uncertainty reduces consumer spending, highlighting the consequential impact of EPU on

businesses (Tamara Charm, 2022; Lai, 2022). Baker et al. (2013) further contribute to this under-

standing by establishing a negative correlation between increased EPU and investment, employment,

and output. Their subsequent work Baker et al. (2016) reveals that EPU correlates negatively with

stock market returns and corporate investment. Furthermore, an upsurge in EPU results in de-

clining consumer confidence, ultimately reducing consumer spending (Ozdemir et al., 2021). While

traditional macroeconomic variables, such as GDP and GDP per capita, are undoubtedly important,

EPU captures the uncertainty and unpredictability arising from changes in government policies and

regulations. Such uncertainty often prompts cautious behavior among businesses and individuals,

resulting in reduced investment and spending. Consequently, EPU emerges as a critical variable

that merits consideration in economic research, particularly during political and economic turmoil.

Recognizing the significance of EPU, we have chosen it as the focal variable of interest in our study.

Importantly, the specific impacts of varying EPU conditions on businesses still need to be answered.

Our study seeks to address this knowledge gap by investigating the influence of EPU on the domestic

review rate of products on Amazon.com. Additionally, we aim to explore the factors that influence

Amazon’s review-sharing behavior and assess the impact of the global review-sharing program on

the domestic product review rate. We investigate three main research questions as a part of this

study: (i) How does EPU affect the product review rate on Amazon.com? (ii) What factors influ-

ence Amazon’s review-sharing behavior? (iii) How does global review sharing impact product review

rate? Prior studies have investigated the impact of product reviews on sales, but to our knowledge,

this study has yet to explore the impact of foreign reviews on domestic sales.
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To address the research questions, we have developed three main hypotheses. The first

set of hypotheses addresses the impact of EPU on the domestic product review rate. Specifically,

we hypothesize that USA and China EPU has a negative direct effect on domestic product sales.

The second set of hypotheses focuses on the variables that may impact Amazon’s review-sharing

behavior. We hypothesize that EPU positively affects review-sharing behavior, such that higher

EPU leads to higher review-sharing. Finally, in the third set of hypotheses, we examine how global

review sharing affects the domestic review rate. In this hypothesis, the direction of the effect needs

to be clarified. Higher levels of sharing will positively affect the domestic review rate because cus-

tomers can see more reviews. However, at the same time, review manipulation will have adverse

effects. Overall, we hope to provide valuable insights into the complex relationship between EPU

and domestic review rate and to offer practical implications for businesses operating in a globalized

market by investigating these hypotheses.

To address our research questions, we required a dataset encompassing reviews from multi-

ple markets available on a single platform. Amazon is the world’s largest online retailer (Angelovska,

2019), and Nike is one of the largest sportswear companies with a presence in over 170 countries.

We selected Amazon as our primary focus and Nike as the brand of interest. Amazon’s practice of

sharing reviews from various countries with domestic customers on Amazon.com made it an ideal

platform for our study. We conducted web scraping to collect data on 2,197 Nike products, capturing

174,172 unique reviews. Among these reviews, 117,516 originated from domestic customers in the

USA, while the remaining reviews were shared global reviews. From the Amazon.com website, we

gathered information such as ratings, review texts, and other relevant variables, enabling the con-

struction of variables like review rate, recent five reviews rating, cumulative review rating, and more.

In our study, we categorized our variables into international and domestic levels. To ad-

dress the language barrier in shared global reviews, we employed the fastText package (Bojanowski

et al., 2016; Facebook, 2016; Bojanowski et al., 2017a,b; Mouselimis, 2022) in R to classify them

into English and non-English reviews. We then calculated the number of reviews, review scores, and

review rates separately for English and non-English reviews. Additionally, we constructed variables

based on the last five reviews to explore the potential impact of recency bias. We used five reviews
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to test the recency bias as Zhou (2023) presented the significant influence of having five reviews on

a product’s selling behavior.

Furthermore, a report by Bizrate.com highlighted that most customers read at least five

reviews before making a purchase decision. To measure the EPU indexes, a critical variable in our

study, we utilized the index developed by Baker et al. (2016). Baker et al. (2016) evaluates the

USA EPU, which incorporates three components: newspaper coverage of policy-related economic

uncertainty, federal tax code provisions, and the Federal Reserve Bank of Philadelphia’s Survey of

Professional Forecasters. Baker et al. (2013) developed the index by using the frequency count of

articles related to government policies in the South China Morning Post newspaper.

Our estimation strategy comprised three main components. Firstly, we aimed to assess the

impact of EPU. For this analysis, we employed an Ordinary Least Squares (OLS) approach to exam-

ine the effects of USA EPU and China EPU on the future review rates of the product. The domestic

review rate served as a proxy for sales. Review rate indicates the speed at which reviews are posted

on Amazon.com, which is associated with sales performance Spool (2009). Secondly, we utilized a

two-stage regression model to explore the factors influencing the number and score of reviews shared

under the review-sharing strategy. In the first stage, we employed predictive modeling to estimate

the global review variables, such as the number of reviews and the average score, based on the prod-

uct’s past performance. Subsequently, in the second stage, we used the residual values from the first

stage as an independent variable to predict the impact of the global review-sharing program on the

product’s review rate. Multiple dependent variables, including the next review rate and score, were

tested against different models to examine the impact of review sharing. Additionally, we conducted

a counterfactual analysis to assess the impact of review sharing. This analysis allowed us to explore

the potential effects on the product’s review rate under different scenarios and shed light on the

significance of the review-sharing strategy in influencing customer behavior. Overall, our estimation

strategy involved a combination of OLS regression, two-stage modeling, and counterfactual analysis

to comprehensively investigate the impacts of EPU and global review sharing on the product’s re-

view rates and associated factors.

Our findings reveal intriguing insights regarding the impact of EPU and the review-sharing
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program on Amazon.com. Specifically, we observed contrasting effects between USA EPU and

China EPU on product review rates and scores. The USA EPU negatively influenced review rates

and scores, suggesting that higher levels of EPU in the USA context adversely affect customer per-

ceptions and evaluations on Amazon.com. On the other hand, the China EPU impacted review

rates and scores positively, implying that increased EPU in China may generate positive evaluations

on the platform. Regarding the review-sharing program, our analysis yielded mixed results. Shared

English reviews negatively affected the future scores, indicating that Amazon.com customers might

perceive English reviews from a different country negatively. However, the non-English review count

positively affected future review scores. These results suggest that shared reviews do not elicit the

same positive response from Amazon.com customers in the USA, potentially due to customers per-

ceiving foreign reviews negatively. Overall, our findings highlight the complex interplay between

EPU, the review-sharing program, and customer behavior on Amazon.com. The contrasting effects

of USA EPU and China EPU and the differential responses to English and non-English reviews

underscore the importance of considering cultural and contextual macroeconomic factors in under-

standing customer reactions and the effectiveness of review-sharing strategies.

On e-commerce platforms, reviews have gained tremendous significance, shaping consumer

perceptions and influencing purchasing decisions. As brands increasingly position themselves as

global entities, the opportunity to gather reviews from various countries where their products are

sold has expanded. However, devising and implementing effective strategies for utilizing these re-

views effectively on domestic customers is crucial. Merely increasing the number of product reviews

may not suffice; platforms must ensure that the shared reviews benefit customers. Our research em-

phasizes critical findings that provide insights into when managers should consider sharing reviews

from foreign markets with domestic customers. Managers should exercise caution during volatile

periods of policy uncertainty before embracing a global brand identity and implementing review-

sharing strategies. Understanding the impact of EPU is crucial in this regard. By examining the

effects of EPU on review rates and scores, our work provides valuable guidance for managers in lever-

aging reviews from foreign markets to enhance customer experiences. Our research contributes to

developing effective review-sharing strategies by highlighting the importance of context and timing.

Managers must be mindful of policy uncertainty conditions and consider the potential implications

on customer perceptions and behaviors before implementing review-sharing initiatives. By doing
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so, platforms can leverage reviews to add value to customers rather than increase product review

counts. Overall, our work underscores the importance of strategic review sharing and the need for

managers to align their decisions with the prevailing policy uncertainty conditions. By adopting a

thoughtful approach, platforms can harness the power of reviews to enhance customer satisfaction

and drive business success in the global marketplace.

1.2 Literature and hypothesis development

This section focuses on the impact of global review sharing on customers influenced by

economic policy uncertainty (EPU) and develops hypotheses related to several aspects of the phe-

nomenon. Firstly, we investigate how reviews can serve as a source of information for customers, and

secondly, how global the product’s domestic performance influences review sharing. We also examine

the effect of shared review language on the review rate. Our work is rooted in three main research

streams: (i) online reviews, (ii) economic uncertainty, and (iii) information sharing across multiple

markets. Although the study of reviews and their impact on business has been well-established in

marketing, information systems, and economics literature, operations academia has only recently

begun to focus on the topic (Lei et al., 2022; Xu et al., 2021; Ko et al., 2019). The importance of

customer reviews in business has been well-established in previous research. Operations management

researchers have observed a positive effect of reviews on business (Xu et al., 2021; Deshpande and

Pendem, 2022). Reviews help optimize search algorithms for hotels (Ghose et al., 2014) and pricing

strategies for sellers (Moreno and Terwiesch, 2014). Service quality can be assessed from reviews

using text mining techniques (Mejia et al., 2021; Xu et al., 2021). Theoretical work has also shown

that customers delay their purchase decisions unless they see reviews from peers (Papanastasiou and

Savva, 2017). In our study, we contribute to the literature by empirically investigating how reviews

from a different country impact local customers and examining the phenomenon of review-sharing

to understand when and why Amazon shares reviews.
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1.2.1 Effect of EPU on product review rate

1.2.2 Economic Policy Uncertainty

The first hypothesis aims to investigate the potential effect of EPU in the USA on online

business. Previous studies have explored the impact of economic uncertainty on various economic

variables. During high uncertain times, firms follow more conservative policies (Çolak et al., 2017) by

delaying investments (Jens, 2017) and reduce capital spending (Gulen and Ion, 2015). (Hu and Liu,

2021) has shown that EPU negatively affected China’s gross exports. On the other hand, EPU’s im-

pact on customers is studied extensively. Handley and Limão (2017) showed that policy uncertainty

increases domestic prices and reduces consumers’ income. Furthermore, multiple corporate reports

have indicated that uncertainty reduces customer spending (Tamara Charm, 2022; Lai, 2022), which

in turn reduces customer consumption (Romer, 1990; Gudmundsson, 2012). Prior literature has

shown that uncertainty affects household consumption (Bernanke, 1983) and delays non-essential

purchases(Eberly, 1994). During high uncertainty, spending becomes less attractive to households

(Bloom, 2009). This reduced consumption again affects production (Bloom et al., 2007). Also, Yu

et al. (2017); Phan et al. (2018) noted the volatility clustering around the index of EPU. Goodell

et al. (2021) notes that the volatility of EPU is more economically significant than the EPU itself.

Using this literature, we use the volatility of EPU as our measure to predict the product review

rate. We use a six-month EPU volatility measure which we discuss more in the data section of this

paper. With the literature mentioned, as EPU increases, the sales in an economy decrease. As we are

using a product review rate to see how more reviews are coming into the system, we hypothesize that:

Hypothesis 1 (a): Increased USA’s EPU negatively affects the domestic review rate.

At the same time, uncertainty in one country can have spillover effects on another country’s

economy, especially under the economic conditions (Kelly et al., 2016). Depending on the exposure

of a business in a country, the EPU of one country can have a negative spillover effect on another

country.(Ghirelli et al., 2021). Klößner and Sekkel (2014) has noted that international spillovers

considerably affect other countries’ dynamics. Additionally, Colombo (2013) has noted that USA

EPU has a significant negative impact on the European market. Considering the strong trade ties

with China, we expect that as China’s EPU increases, it can have a negative effect on the USA
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market, thereby leading us to hypothesize that

Hypothesis 1 (b): Increased China’s EPU negatively affects the domestic review rate.

1.2.2.1 Effect of EPU on review sharing

Reviews have become an essential tool for customers to gather information about a product

(Dellarocas, 2003), and they serve as a proxy for word-of-mouth (Chrysanthos Dellarocas, 2004).

Literature has shown that customers contribute to reviews based on the product’s popularity (Del-

larocas et al., 2010) and brand reputation (Amblee and Bui, 2008), meaning that customers review

popular products more. Furthermore, more reviews can equate to more sales (Spool, 2009). The

positive effect of reviews on sales has been well documented in economics (Chevalier and Mayzlin,

2006; Liu, 2006; Duan et al., 2008). By sharing reviews, Amazon is increasing the number of reviews.

As hypotheses 1(a) and 1(b) mention, the product review rate decreases when USA or China EPU

volatility increases. Policy uncertainty increases domestic prices (Handley and Limão, 2017), reduces

customer spending (Tamara Charm, 2022; Lai, 2022), and in turn, reduces customer consumption

(Gudmundsson, 2012; Romer, 1990). Literature has also found a spillover effect of a foreign coun-

try’s EPU on another country (Antonakakis et al., 2018). Specifically, China’s EPU impacts the

economy of other countries (Biljanovska et al., 2021). As the global reviews can be in multiple lan-

guages, we split the global reviews into English and non-English reviews. Therefore, we hypothesize

that Amazon shares more global reviews to account for the reduction in review rate during highly

volatile conditions, improving the number of reviews customers can see. From Amazon’s perspec-

tive, when the EPU increases, the sales go down even in their global markets. So they will have

fewer reviews to share. As we do not know which direction of sharing is stronger, we hypothesize that

Hypothesis 2(a): USA EPU volatility positively affects the number of shared reviews from a

non-USA market that Amazon shares in the USA market.

Hypothesis 2(b): USA EPU volatility negatively affects the number of shared reviews from a

non-USA market that Amazon shares in the USA market.
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Hypothesis 2(c): China EPU volatility positively affects the number of shared reviews from

a non-USA market that Amazon shares in the USA market.

Hypothesis 2(d): China EPU volatility negatively affects the number of shared reviews from

a non-USA market that Amazon shares in the USA market.

1.2.2.2 Effect of Global Review Sharing

Amazon shares more reviews, showing their customer more reviews than the product got

domestically. According to Chevalier and Mayzlin (2006), past reviews positively impact future

sales. Additionally, Xu et al. (2021) found a positive correlation between review ratings and de-

mand. At the same time, giving more information is only sometimes beneficial. However, Dellarocas

(2006) demonstrated that review manipulation has negative effects. Wu et al. (2019) has shown the

customer’s perceived risk when fake reviews persist. While Amazon is not faking or manipulating

reviews, it artificially increases the number of reviews by selectively sharing reviews from its other

markets and displaying them to customers in the USA, which we consider a form of artificial inflation.

At the same time, the literature suggests that customers feel burdened when presented

with more information (Eppler and Mengis, 2004). Lee and Lee (2004) has shown that an overload

of information to consumers can negatively affect their satisfaction. Information has an inverted

U-curve relation with a consumer’s decision accuracy Eppler and Mengis (2004); Roetzel (2018),

stating that consumers have an optimal information processing capacity, and if the threshold is

crossed, the burden of information will confuse the consumers. In product reviews, customers are

more satisfied with their decision-making when the information overload is reduced (fen Hu and

Krishen, 2019). The abundance of online information is linked to the possibility of experiencing in-

formation overload depending on how reviews are shown. Information overload can lead to negative

outcomes, such as decreased purchase intention and heightened perceived risk (Soto-Acosta et al.,

2014). In this research, we also test if sharing global reviews can benefit customers coming early in

the market. When the product has fewer reviews, global reviews can show a positive impact, but not

when the product already has enough domestic reviews. So we split the customers into two groups:

(i)early customers: one who sees less than or equal to 100 domestic reviews for the product, and
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(ii) late customers: who see more than 100 reviews for the product. Specifically, we hypothesize that

Hypothesis 3(a): The shared global reviews on Amazon have a positive impact on the ”early”

customers for the product.

Hypothesis 3(b): The shared global reviews on Amazon have a negative impact on the ”late”

customers for the product.

1.3 Data

1.3.1 Data Collection

To test our hypothesis, we collected data from three sources. The first dataset was scraped

from Amazon.com, specifically reviews for Nike products sold on the site. We chose Nike as it is

a USA-based company with a global market presence, similar to Amazon. Moreover, Nike is the

world’s most valuable sports brand, according to sportsmedia.com, making it an appropriate setting

to study our research question. We used Python language and Selenium WebDriver to scrape the

reviews for multiple Nike products from Amazon.com. Given the many products to scrape, the

process took ten days, from July 3rd, 2021, to July 12th, 2021. We collected the review date, text,

rating for all reviews scraped, and product details from each product page.

The second dataset was secondary data from previous studies by Baker et al. (2016) and

Baker et al. (2013). The authors developed an Economic Policy Uncertainty (EPU) index for the

USA and China. We chose China’s EPU as a proxy for the global EPU, given that China is the

leading manufacturing economy globally and Nike has significant manufacturing operations there.

The EPU index was computed using three components: newspaper coverage related to policy-related

economic uncertainty, reports by the Congressional Budget Office, and the Federal Reserve Bank of

Philadelphia’s Survey of Professional Forecasters. The newspaper coverage was used to construct

an index for the volume of news articles discussing economic policy uncertainty. The Congressional

Budget Office provided lists of temporary federal tax code provisions, which were used to com-

pile annual dollar-weighted numbers for each tax code set to expire in the next ten years, giving
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a measure of the uncertainty regarding the future of the federal tax code. The Federal Reserve

Bank of Philadelphia’s Survey of Professional Forecasters was used to create indices of uncertainty

about policy-related macroeconomic variables using the dispersion between individual forecasters’

predictions of future levels of the Consumer Price Index, Federal Expenditures, and State and Local

Expenditures.

The construction of the EPU index for China by Baker et al. (2013) involved several steps.

Firstly, monthly counts of articles containing at least one term from three sets - economics, pol-

icy, and uncertainty - were obtained. The total number of articles for the same newspaper and

month was then scaled to these counts. The sample was split into three periods, and each period’s

newspaper’s monthly series of scaled frequency counts were standardized for unit standardization.

The standardized series were averaged over newspapers by month and then normalized to an av-

erage of 100 for each period. Detailed methodology for constructing the EPU index can be found

at www.policyuncertainty.com. Figure 2.6 displays the dispersion of USA and China EPU values.

Notably, China’s EPU has been higher than the USA’s EPU in recent times, indicating an increase

in global EPU values compared to the domestic USA market.

The third dataset is the quarterly e-commerce report developed by U.S. Census Bureau.

This dataset comprises data on e-commerce activity in the United States. We use this dataset to

obtain information on quarterly e-commerce sales in the United States.

1.3.2 Data Cleaning and Summary

Our data collection from Amazon.com consisted of a sample of 300,878 reviews. However,

before conducting any analysis, we followed a data-cleaning process with four steps:

1. The first step was to remove any repeated reviews from the sample. 54,503 reviews were

repeated, leaving us with a sample of 246,375 reviews.

2. The second step involved filtering out reviews that were assigned to products without a unique

ASIN (Amazon Standard Identification Number). There were 2,910 reviews without an ASIN,

attributed to 38 products. Eliminating these reviews resulted in a sample size of 243,465
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reviews.

3. The third step was to remove three reviews that did not have a date assigned to them. This

step reduced our sample size to 243,462 reviews.

4. The fourth step involved removing reviews that were posted before the product was first

available on Amazon.com. We deemed these reviews fake and removed 19,975 such reviews

from our sample. This step reduced our sample size to 223,487 reviews.

5. Finally, we removed products with only one review, leading to a final sample size of 174,334

reviews.

Our data consists of reviews from 15 countries. As we scraped Amazon.com, the US website,

more than 50% of the reviews come from US customers. As shown in Table 1.1, the US has the

highest number of reviews, with 117,729 reviews, Germany with 11,578 reviews, Italy with 7,733

reviews, and the UK with 5,160 reviews. This is consistent with the growth of Amazon, as it was

first established in the US and then expanded into European and Asian markets. In our sample, out

of the total 175,092 reviews in our final sample size, 117,729 reviews are from the US, and the rest of

the 57,363 reviews are global reviews shared on Amazon.com. Figure 1.4 demonstrates the number

of shared reviews by language over time. The number of non-English reviews shared is increasingly

more than the English language reviews.

This information suggests that most of the products in our sample have relatively recent

reviews. Only 41 products have had domestic reviews since 2013, and only nine products have

shared global reviews as old as 2013, indicating that most of our data are centered on more recent

years of 2020 and 2021. Additionally, 135 products (6%) are yet to have domestic reviews in 2021,

suggesting that these products may be less popular or less frequently reviewed than other products

in our sample. This may have implications for the representativeness of our data, mainly if these

products are disproportionately represented in specific categories or markets.
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1.4 Variable Construction

1.4.1 Variables for Hypothesis 1

1.4.1.1 Independent Variables

Under the group of hypothesis 1, three major independent variable groups were built.

� EPU variables: The EPU variables were collected from Baker et al. (2013) and Baker et al.

(2016). The USA and China EPU are the dataset’s economic policy uncertainty index values.

As shown in Table 1.3, the average EPU of China is greater than that of the USA. Using these

EPU variables, we built the EPU volatility variable using a six-month window period.

� Recent review variables: These variables are constructed to test the impact of the most

recent five reviews on the domestic review rate. These variables are constructed from the

US customer reviews on Amazon.com. Prior literature has established that customers weigh

recent events more than past events ( Gaur and Park (2007), Davis et al. (2021). Similarly,

we expect a customer recency bias concerning online reviews too. We constructed the ”recent

reviews” variable group based on the most recent five reviews for the product. The recent

review rate is the average review rate for the most recent five domestic reviews. The recent

reviews score is the average rating of the recent five domestic reviews as seen by the customer

for the product.

� Cumulative variables: The cumulative variables are intended to measure the impact of

historical reviews on the domestic review rate. The ”domestic score” variable represents the

average rating of all reviews before the most recent five reviews, as observed by customers

on Amazon.com. The ”domestic reviews” variable represents the total number of domestic

reviews a customer can see for the product on Amazon.com. Finally, the ”domestic review

rate” variable represents the average review rate of all reviews before the most recent five

reviews for the product as seen by the customer on Amazon.com. We can test whether past

reviews impact the domestic review rate by examining these variables.

1.4.1.2 Dependent Variables

To test the hypotheses under the first group of hypotheses, the primary dependent variable

of interest is the review rate for a product. The review rate is calculated as the inverse of the time
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difference (measured in days) between two consecutive reviews for a product in the system. The

longer the time difference, the slower the reviews come in, and vice versa. The idea aligns with

the concept of cycle time in Little’s law. The review rate is measured as the number of reviews

per month, and it provides a quantitative measure of the frequency and pace of reviews for a given

product. By analyzing the factors that influence the review rate, we can gain insights into how the

online business is affected by the market conditions and how businesses can leverage this information

to optimize their marketing and sales strategies.

NextReviewRate = 30/(Dater+1 −Dater) (1.4.1)

Since multiple reviews could come on the same date making the denominator in the review

rate variable zero, we had to adjust the formula. In cases where a day had multiple reviews, we used

1/number of reviews to calculate the denominator. Upon analyzing the data from Table 1.3, we can

observe that the second quartile for the next review rate is 30, indicating that more than half of the

reviews were posted within a day of their previous review. This suggests that the review rate was

relatively high, and customers were actively reviewing the product.

A second dependent variable we used is ∆Next review rate. This variable is calculated as

the difference between the next review rate and the cumulative average of the review rate calculated

as follows:

∆NextReviewRate = NextReviewRate− CumulativeReviewRate (1.4.2)

This variable captures the difference between the current performance of a product to the

past performance of a performance. This accounts for any selection bias in the products we have.

Products can be at multiple stages of their life cycle. Using this dependent variable, we capture the

product’s performance with respect to its past performance. In contrast, the ”Next Review Rate”

variable compares the product’s performance against all other products in the dataset.
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1.4.2 Variables for Hypothesis 2

1.4.2.1 Independent Variables

Under the group of hypothesis 2, three major independent variable groups were built.

� EPU variables: The EPU variables were collected from Baker et al. (2013) and Baker et al.

(2016). The USA and China EPU are the dataset’s economic policy uncertainty index values.

As shown in Table 1.3, the average EPU of China is greater than that of the USA.

� Recent review variables: These variables are constructed to test the impact of the most

recent five reviews on the domestic review rate. These variables are constructed from the US

customer reviews on Amazon.com. Prior literature has established that customers weigh recent

events more than past events (Gaur and Park (2007), Davis et al. (2021)). We constructed the

”recent reviews” variable group based on the most recent five reviews for the product. The

recent review rate is the average review rate for the most recent five domestic reviews. The

recent review score is the average rating of the recent five domestic reviews as seen by the

customer for the product.

� Cumulative variables: These variables are constructed to test the impact of the history

of the reviews on the domestic review rate. These variables are constructed from the US

customer reviews on Amazon.com. We excluded the most recent five reviews to avoid the bias

introduced by the ”recency effect.” The cumulative rating is the cumulative average rating

of all previous reviews for the product as observed by the customer on Amazon.com. The

cumulative count variable tells us how many domestic reviews a customer can see for the

product on Amazon.com. The cumulative review rate is the average review rate of all previous

reviews for the product, as seen by the customer on Amazon.com.

1.4.2.2 Dependent Variables

There are four primary dependent variables of interest to test our hypotheses 2. We ob-

served that the reviews posted on Amazon.com are in multiple languages. To investigate the effect

of EPU volatility on the language of shared reviews, we divided the data into two groups based on

language: English and non-English. As shown in Table 1.3, the average number of shared English

reviews seen by the customer is 91, while the average number of shared non-English reviews seen by
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the customer is 414. This suggests that Amazon shares more non-English reviews with its customers.

Furthermore, the average rating of English reviews is 4.38, compared to 4.40 for non-English

reviews. This is an exciting finding where, on average, Amazon shares more non-English reviews

while the rating is similar to its English counterparts. However, the average rating of shared English

and non-English reviews is considerably different from the domestic review’s average rating of 4.22.

To detect the language of the reviews, we used the ”fastText” package in R.

� English variables: We developed the ”English variables” based on the shared English re-

views from Amazon.com. This group includes two variables: ”count” and ”score.” The count

represents the total number of shared English reviews as seen by the customer, while ”score”

represents the average rating of all shared English reviews as seen by the customer at the time

of the review for the product.

� Non-English variables: We developed the ”Non-English variables” based on the shared

non-English reviews from Amazon.com. This group of variables also includes two variables:

”reviews” and ”score.” The count represents the total number of shared non-English reviews

as seen by the customer, while ”score” represents the average rating of all shared non-English

reviews as seen by the customer at the time of the review for the product.

1.4.3 Variables for Hypothesis 3

In our study, we encountered reviews in languages other than English in our dataset. To

account for the potential impact of review language on customer behavior, we utilized the fastText

package in R to detect the language of each review. However, upon reviewing a random sample of

reviews, we found that the language detection accuracy was unsatisfactory for a significant portion

of the reviews, with an approximate error rate of 10%. To address this issue, we implemented a

probabilistic categorization approach based on the language probabilities provided by the fastText

package. Here are the steps we followed for language categorization:

� We estimated the language tag for each review using the fastText package.

� We collected the language probability associated with each review.
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� If the language probability exceeded 0.75, we assigned the review to the corresponding language

category determined by the package.

� If the language probability was below 0.75, we categorized the review as part of an unconfident

group.

As a result, we classified all the reviews into three groups:

1. English confident: This category comprises reviews confidently detected as being in English

with a probability greater than 0.75.

2. Non-English confident: This category includes reviews that were confidently identified as being

in a non-English language with a probability greater than 0.75.

3. Unconfident: This category consists of reviews for which the language probability fell below

0.75, indicating a lack of confidence in the language classification.

By employing this categorization approach, we aimed to address the errors associated with

natural language processing packages. Notably, a significant portion of the unconfident group reviews

may contain similar words between two languages. For example, ”excellent” in English is ”excelente”

in Spanish. When the textual content of a review is closely related to another language, the language

detection packages may struggle to determine the review’s language confidently. Moreover, when

the shared words are easily understandable across languages, the language effect on reviews may be

limited.

1.4.3.1 Independent Variables

Under the group of hypothesis 3, four major independent variable groups were built.

� EPU variables: The EPU variables were collected from Baker et al. (2013) and Baker et al.

(2016). The USA and China EPU are the datasets of economic policy uncertainty index values.

As shown in Table 1.3, the average EPU of China is greater than that of the USA.

� Global variables: We have four variables under the group of ”Global variables,” which are

derived from the residual values obtained from the first stage regression. The procedure for

calculating these variables is described in detail in the variable construction section of the
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paper. The four variables are: curated English count, curated English score, curated non-

English count, and curated non-English score. Curated English count represents the number

of additional English reviews shared by Amazon beyond what was predicted; curated English

score represents the additional score of the English reviews shared by Amazon beyond what was

predicted; non-English count represents the number of additional non-English reviews shared

by Amazon beyond what was predicted, and non-English score represents the additional score

of the non-English reviews shared by Amazon beyond what was predicted. The English and

non-English variables are calculated based on the groups categorized as English confident and

non-English confident respectively.

� Recent review variables: These variables are constructed to test the impact of the most

recent five reviews on the domestic review rate. A detailed description of these variables was

given under the variables for Hypothesis 1 section.

� Cumulative variables: These variables are constructed to test the impact of the history of

the reviews on the domestic review rate. A detailed description of these variables was given

under the variables for Hypothesis 1 section.

1.4.3.2 Dependent Variables

To test our hypothesis 3, the primary dependent variable of interest is the review rate for a

product, as discussed in section 4.1.2.

1.4.4 Control Variables

� Price variables We collected the listed price data for each product from Amazon.com, which

included multiple options based on color and size. Each product option was sold at a different

price. However, considering all options, we observed the product’s minimum and maximum

prices on each product page. These two listed price values were used as control variables. Price

is an important feature of any product when a customer evaluates it. As customer-level price

data was unavailable, we used the static values of the listed price as control variables.

� Time trend variables Considering the increasing trend in the e-commerce business, we built

a time trend variable: the number of months since the first review month in our dataset. These

variables account for any time effects present in the data.
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1.5 Analysis

In this section, we will develop an econometric model to test our hypotheses. We will build

the analysis in three sections, each representing the three groups of hypotheses we have constructed.

1.5.1 Econometric setup for hypothesis 1

The analysis focuses on the domestic review rate as the dependent variable. The inde-

pendent variables are divided into four groups: Macroeconomic variables, and cumulative review

variables, as shown in Table 1.3.

We will test the direct impact of the EPU variables on the next review rate, ∆next review

rate, next review score, and ∆next review score by using four econometric equations in combination

with other independent variable groups. The independent variables in all the equations are the same,

with only the dependent variable being different.

RVDomestic
d,r+1 = α0+αMV

1 ∗MV Domestic
r +αMV

2 ∗MV China
r +αRV

3 ∗RVDomestic
p,d,1:r−5 +αCV

4 ∗CVDomestic
r

(1.5.1)

where RVDomestic
dp,r+1 is the vector of our dependent variables: next review rate, ∆next review

rate, next review score, and ∆next review score, which we use one at once to analyze the impact

of all the independent variables one at once. MV Domestic
r is the EPU volatility value for the USA,

and MV China
r is the EPU volatility value for China, RVDomestic

p,d,r−4:r is a vector of recent five review

variables which includes the average review rate and score, RVDomestic
p,d,1:r−5 is a vector of cumulative

review variables, which includes the average rate, average score and the number of reviews. CVdp,r

is a vector of price control variables, including minimum product price and price range for multiple

product options listed on Amazon.com and the time trend variables.

When using the cumulative review rate variables, we divide it by the cumulative reviews to

account for the correlation between a product’s review rate and the number of reviews a product

has. In general, products have a higher review rate when they have more reviews.
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1.5.2 Econometric setup for hypothesis 2

To address the second research question of what drives Amazon’s global reviews in the USA

market, we use only the sample data for products with reviews shared from a different country and

for the reviews coming after January 2020.

We will analyze solely global products, which have additional variables compared to domestic

products. These products contain ”Global cumulative variables,” which consist of the cumulative

score and count for both English and non-English reviews. However, the curation mechanism behind

Amazon’s shared global reviews needs to be clarified and can result in endogeneity issues. To address

this, we will use a two-stage model to correct the curated global variables and estimate their effect.

In the first stage, we will estimate the global variables using the EP volatility, recent review, and

cumulative variables. The estimation equations are as follows:

First stage:

RVGlobal
p,g,1:r︸ ︷︷ ︸

uncorrected

= β0 + βMV
1 ∗MV Domestic

r + βMV
2 ∗MV China

r + βRV
3 ∗RVDomestic

p,d,r−4:r+

βRV
4 ∗RVDomestic

p,d,1:r−5 + βCV
5 ∗CVDomestic

r + FEgp,r

(1.5.2)

We use this equation to analyze the second set of hypotheses we developed, with four

dependent variables, one for each equation. We use English reviews and English score, non-English

reviews, and non-English score as dependent variables in four separate regression equations with the

same independent variables. Since we are assessing the effect of the global variables, which are a

part of the global review-sharing program, we only use the data after 2020 for the analysis.

1.5.3 Econometric setup for hypothesis 3

The expected values for the global variables are calculated from the first stage regression in

equation 5.2, and residual values are then calculated for each data point. The residual value is used

as an independent variable in the second stage of regression.

We calculate the residuals from equation 5.2 as:

ϵ̂p,g,r = R̃V
Global

p,g,1:r = R̂V
Global

p,g,1:r −GRGlobal
p,g,1:r (1.5.3)
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where,

R̂V
Global

p,g,1:r = β̂0 + β̂MV
1 ∗MV Domestic

r + β̂MV
2 ∗MV China

r + β̂RV
3 ∗RVDomestic

p,d,r−4:r+

β̂RV
4 ∗RVDomestic

p,d,1:r−5 + β̂CV
5 ∗CVDomestic

r + ϵp,r

(1.5.4)

In the second stage of our analysis, we utilized the residuals obtained from equation 5.5 as

independent variables to predict the domestic review. To understand the effect of sharing more or

fewer reviews than expected, we employed the difference between the predicted and actual interna-

tional reviews as a proxy for curation. We predicted the direct effect of the EPU volatility, global

cumulative, recent domestic, and cumulative domestic variables using the following equations:

RV Domestic
p,d,r+1 = δ0 + δMV

1 ∗MV Domestic
r + δMV

2 ∗MV China
r + δRV

3 ∗ R̃VDomestic

p,d,1:r + δRV
4 ∗RVDomestic

p,d,r−4:r+

δRV
5 ∗RVDomestic

p,d,1:r−5 + δCV
6 ∗CVDomestic

r

(1.5.5)

We estimate the direct effect of the China EPU volatility and USA EPU volatility on the

review rate of the products using equation 5.5. We conducted a multicollinearity check (r > 0.75)

before running our regression models. Additionally, we examined the dataset for rare variables (i.e.,

variables with less than 30 observations). We also included interaction terms in all equations.

1.6 Results

1.6.1 EPU Volatility: Results from hypothesis 1

In this section, we discuss how EPU volatility impacts the domestic review rate of a product.

1.6.1.1 USA EPU drives domestic sales

We analyzed whether the USA EPU volatility impacts the review rate of domestic prod-

ucts. In Table 1.5, we presented the estimation results using Equation (5.1). In column (1), we

considered the effect of the USA and China EPU volatility and other independent variable groups of

cumulative reviews, price, and time trend variables. Each column has a different dependent variable.

The dependent variables used are next review rate, ∆next review rate, current review rate, next

review score, and ∆next review score and recent review score. Our results showed that the USA
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EPU volatility has a negative and statistically significant effect on all the dependent variables. This

indicates that USA EPU volatility affects future review rates negatively. The coefficient of the EPU

volatility index in column (1) suggested that a 1% increase in USA EPU decreases the review rate

by 0.11%. It is important to note that the USA EPU and China EPU volatility values are logged

variables.

Furthermore, as USA EPU increase by 1%, the ∆next review rate decreases by 0.25%, indi-

cating that the future review rates depend on the macroeconomic conditions. Interestingly customer

scores also had a negative effect because of USA EPU. The coefficient for the USA EPU volatility

in column (4) indicates that as USA EPU increase by 1%, the following review score decreases by

0.04%, indicating that future ratings depend on the EPU too. These results are consistent with

the literature on policy uncertainty (Handley and Limão, 2017). In summary, table 1.5 supports

Hypothesis 1(a).

1.6.1.2 China EPU improves domestic sales

Table 1.5 presents China’s EPU volatility estimation results. The coefficient in columns (1)

and (2) for China EPU volatility suggests that as China EPU volatility increases by 1%, the review

rate increases by 0.095%, and the ∆next review rate increases by 0.318%. This indicates that the

review rate increases as the China EPU volatility increases, indicating more sales in the USA market.

This can be because of low sales in the Chinese market and a possible overproduction of goods that

might help the USA consumers. This is counter-intuitive to hypothesis 1(b). The spillover effect of

policy uncertainty is not straightforward and needs more investigation.

Interestingly customer scores also had a positive effect because of China EPU. The coeffi-

cient for the China EPU volatility in column (4) indicates that as USA EPU increase by 1%, the

next review score increases by 0.06%, indicating that future ratings depend on the EPU too. While

we did not find evidence to support Hypothesis 1(b), we did observe a significant positive effect

which refutes the literature findings.
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1.6.2 Review sharing: Results from hypothesis 2

1.6.2.1 EPU drives review sharing

We analyzed the conditions under which Amazon shares global reviews and presented the

results of the first stage estimation in table 1.6 and 1.7. In columns (1) - (3) of table 1.6, the number

of shared non-English reviews is the dependent variable. The values indicate that when the USA

EPU volatility increases by 1%, the shared non-English reviews decrease by 1.09%. Similarly, when

the China EPU volatility increases by 1%, the shared non-English reviews decrease by 0.958%. In

columns (4) - (6) of table 1.6, the number of shared English reviews is the dependent variable. The

values indicate that when the USA EPU volatility increases by 1%, the shared English reviews de-

crease by 0.861%. Similarly, when the China EPU volatility increases by 1%, the shared non-English

reviews decrease by 0.292%. This shows that when global markets are uncertain, Amazon has fewer

reviews to share with the customers, reducing the shared reviews for USA customers. Combining

the results from columns (2) and (5), we can conclude that sales are reduced when markets become

uncertain, as mentioned in the traditional economics literature, thereby giving Amazon fewer re-

views to share. These results have found support for hypotheses 2(b) and 2(d), thereby refuting

hypotheses 2(a) and (c).

1.6.2.2 EPU drives review sharing scores

We analyzed what drives the ratings of shared reviews. In columns (1) - (3) of table 1.7, the

score of shared non-English reviews is the dependent variable. The values indicate that when the

USA EPU volatility increases by 1%, the shared non-English reviews decrease by 1.07%. Similarly,

when the China EPU volatility increases by 1%, the shared non-English reviews decrease by 0.31%.

In columns (4) - (6) of table 1.7, the score of shared English reviews is the dependent variable.

The values indicate that when the USA EPU volatility increases by 1%, the score of shared English

reviews decreases by 0.89%.

Similarly, when the China EPU volatility increases by 1%, the score of shared non-English

reviews decreases by 0.24%. This shows that when global markets are uncertain, Amazon receives

lower product scores, leaving them with low-score reviews to share with the customers. Combining
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the results from table 1.6 and 1.7, we can conclude that when markets become uncertain, the Amazon

sharing program also takes a hit by the reduced number of reviews and by sharing low-rated reviews.

1.6.3 Global Products: Results from Hypothesis 3

1.6.3.1 Effect of Global Reviews

We analyzed whether the review rate of domestic products is driven by global review vari-

ables based on whether the customers are early or late into the market. The estimation results

using equation (5.5) are reported in Table 1.8. Each column has a different dependent variable:

next review rate, ∆next review rate, recent review rate, next review score, and ∆next review score.

We use cumulative, price, and time variables in all models as controls. The results show that early

customers perceive the language of shared reviews differently. Interestingly, there is a negative effect

because of the English reviews, while a positive effect is because of non-English reviews. This is

an interesting result to investigate more. However, the results show that the next review rate of

early customers is impacted by the non-English score but does not impact the late customers. This

implies that early customers look at the content of the review. However, the late customers are

only impacted by the review volume indicating an information overload effect on the late customers

(Eppler and Mengis, 2004; Lee and Lee, 2004). These results partly support hypothesis 3(a) and 3(b)

1.7 Counterfactual Analysis

Although, in the analysis of global reviews, we assessed the effect of the global review sharing

program, the question of what would have the performance of the products if the global reviews

were absent needs to be answered. We answer this question using the counterfactual analysis models.

Counterfactual models (Heckman, 2001; Cartwright, 2007) are used to answer the what-if questions.

In this part of the analysis, we study what would happen if global reviews were absent. We followed

the steps listed below to employ the counterfactual techniques:

� Select the reviews which USA customers post.

� Select the reviews posted only after the review sharing date of 2020.
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� Split the data into two parts (i) the USA customers who see at least one English review from

a different country, (ii) the USA customers who see at least one non-English review from a

different country.

� Estimate the global count and score variables individually using the cumulative variables and

price variables

� Predict the global expected reviews for all the customers in the USA using the estimation in

the previous step.

� Estimate the curated values for all global variables

� Estimate the review rate on the entire sample using the estimated curated values. This esti-

mation is our ”Ex-ante” prediction of the review rate.

� Convert all the global variables to zero for products with global reviews, and for products

without global reviews, add the global variables using their predicted values.

� Re-estimate the review rate when the global variables are changed. This estimation is our

”counterfactual” prediction of the review rate.

� Compare the counterfactual and Ex-ante prediction.

We present the findings from the counterfactual analysis in table ??, which explores the im-

pact of global review sharing (GRS) on customer behavior. The analysis is conducted using multiple

review groups, categorized based on the year and the popularity of the products.

The results consistently show a positive effect of global reviews for products with less than or

equal to 100 reviews, which are considered early-stage products. This group’s ”Percentage” column

demonstrates a significant positive impact, suggesting that global reviews are beneficial on average,

regardless of the year or specific product. This finding implies that additional global reviews can

enhance customer perception and decision-making when a product is relatively new to the market.

On the other hand, for products with more than 100 reviews, classified as popular products,

the results demonstrate a consistent negative effect of global reviews. The ”Percentage” column in
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this group reveals a significant negative impact, indicating that global review sharing has a detri-

mental effect on average, irrespective of the year or specific product’s popularity. This finding aligns

with the concept of information overload in the literature (Eppler and Mengis, 2004; Lee and Lee,

2004). When a product already has a substantial number of reviews, introducing additional global

reviews overwhelms customers and negatively affects their decision-making process.

In summary, the analysis reveals that global review sharing positively impacts customer

perception and decision-making for early-stage products. However, introducing more global reviews

has a negative effect on popular products with an adequate number of reviews. The counterfactual

analysis suggests the importance of considering the stage of a product’s lifecycle and the existing

review volume when implementing global review-sharing strategies. By understanding the dynam-

ics between product popularity, review volume, and the impact of global reviews, businesses can

effectively leverage review sharing to enhance customer experiences and drive positive outcomes.

1.8 Conclusions

We contribute to the existing literature on online reviews by examining the impact of au-

thentic reviews shared from different markets and the language of reviews. We provide valuable

insights into how review-sharing programs affect e-commerce businesses and shed light on the influ-

ence of review language on customer behavior. Through empirical analysis of a rich dataset from

Amazon.com, we demonstrate that review sharing has a differential effect on the domestic review

rate based on the timing of the customer into the market. Our findings indicate that adding a

shared English review increases the domestic review rate by approximately 0.02% for a late cus-

tomer. In contrast, an additional non-English review increases it by approximately 0.08% for an

early customer. We also find that the number of reviews Amazon shares is influenced by the prod-

uct’s domestic performance and economic policy uncertainty (EPU) level. In periods of low EPU,

Amazon shares lesser global reviews irrespective of the language, suggesting sales, and in turn, re-

views are reduced during economic certainty. We argue that Amazon’s strategy of sharing genuine

reviews from different markets is effective only under certain conditions.

Review sharing is only sometimes viewed positively by customers. This result has implica-
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tions for sellers, consumers, and policymakers interested in cross-border trade on digital platforms.

The findings from the counterfactual analysis have critical managerial implications and contribute to

the existing literature on global review sharing. The results highlight the need for managers to con-

sider the stage of a product’s lifecycle and the volume of existing reviews when implementing global

review-sharing strategies. Early-stage products can benefit from including global reviews, as they

enhance customer perception and decision-making. However, introducing additional global reviews

may lead to information overload for popular products with many reviews and negatively impact

customer behavior. These insights guide managers in designing effective global review-sharing ini-

tiatives and contribute to understanding the complex dynamics between product popularity, review

volume, and customer response in online platforms.

However, our study has certain limitations. Firstly, we need price data for the products,

limiting our ability to analyze the effects of pricing on review rates. Future research should incor-

porate price data to understand its influence comprehensively. Additionally, our study focuses on a

single brand, Nike, within the fashion category on Amazon, which may restrict the generalizability

of our findings. Expanding the scope to include other product categories would provide a more com-

prehensive understanding of the impact of review sharing across different industries. Furthermore,

analyzing individual customer responses to global reviews by collecting data at a customer level

would deepen insights into consumer behavior.

In summary, our study highlights the importance of sharing authentic reviews to enhance

the reputation of global brands on e-commerce platforms. However, caution should be exercised

regarding the language of shared reviews, particularly during periods of economic certainty. Over-

all, our study provides new insights into the impact of review-sharing programs on e-commerce

businesses and contributes to the existing literature on online reviews. Considering the limitations

identified, future research should explore the interplay between economic policy uncertainty, mar-

ket competition, product characteristics, and customer demographics to gain a more comprehensive

understanding of online reviews. Broadening the scope of the study to include different product

categories and brands would enhance the generalizability of findings. Qualitative research methods

can be employed to explore the underlying mechanisms that drive the relationships between eco-

nomic policy uncertainty, global reviews, and consumer decision-making. Comparative studies on
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review-sharing practices across various e-commerce platforms would deepen understanding of the

role of online reviews in shaping consumer behavior. Additionally, investigating the impact of online

reviews in conjunction with other types of user-generated content and promotional strategies and

exploring the implications of emerging technologies on review systems would further advance the

field. By addressing these research gaps, scholars can enhance their understanding of the multi-

faceted nature of online reviews, the influence of macroeconomic factors, and their implications for

businesses operating in the global e-commerce landscape.
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1.9 Exhibits

Table 1.1: Nike review collection on Amazon.com by country (in July 2021)

Products Reviews Score
USA 2,185 117,516 4.22
Germany 730 17,615 4.41
Italy 556 9,788 4.55
UK 557 9,501 4.45
Spain 462 7,180 4.41
France 443 4,192 4.34
Japan 282 4,042 4.37
Mexico 384 1,855 4.47
India 217 1,558 3.59
Canada 237 783 4.14
Brazil 37 86 4.62
Australia 12 38 4.55
Netherlands 13 15 3.27
Sweden 2 2 4.00
Singapore 1 1 5.00
Total 2,197 174,172 4.28

The table summarizes the number of unique products, the number of unique reviews, and the average ratings for the
reviews from each country are mentioned in the table. The countries are sorted (from higher to lower) according to the
number of reviews from each country in our dataset.

Table 1.2: Review data overview by customer location and year
Products with Reviews Products without Reviews Total Reviews Average Review Score
Domestic Global Domestic Global Domestic Global Domestic Global

2013 41 9 4 36 733 22 4.22 4.83
2014 76 22 8 62 1, 297 133 4.30 4.28
2015 135 51 14 98 2, 968 528 4.36 4.22
2016 268 101 11 178 6, 247 1, 881 4.34 4.40
2017 388 190 37 235 10, 179 3, 294 4.27 4.19
2018 631 316 55 370 18, 359 6, 850 4.22 4.33
2019 1, 149 618 109 640 32, 430 14, 159 4.26 4.26
2020 1, 442 848 171 765 28, 834 18, 317 4.10 4.24
2021 1, 250 636 135 749 16, 469 11, 472 4.00 4.08

The table summarizes the number of products in each year without domestic and international reviews, the percentage of
international reviews, and the difference between the mean international rating and domestic rating.
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Figure 1.1: Timeline of shared global reviews by language and month
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The plot displays the comparison between the number of reviews in each month by the language of the review. We used the
fastText package in R to detect the language of the review.
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Figure 1.2: Comparison of USA and China EPU indices
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The figure compares the economic uncertainty of the USA and China over the years. The black-shaded region is when USA
EPU is higher than the China EPU, and the grey-shaded region is when the China EPU is greater than the USA EPU. In
the most recent times, China’s EPU is predominantly greater than USA’s EPU.
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Table 1.3: Descriptive statistics of review and product variables
Min Q1 Q2 Q3 Max Mean SD Description

Macroeconomic MVDomestic
r USA EPU volatility 2.08 16.25 24.87 30.54 197.01 33.70 37.06 Volatility of economic uncertainty index of USA for the last 6 months

MVChina
r China EPU volatility 16.88 68.16 76.41 96.62 176.62 86.42 34.97 Volatility of economic uncertainty index of China for the last 6 months

MVSales
r USA e-commerce sales 96.17 122.59 147.59 207.72 256.60 163.99 45.31 E-commerce sales in USA in the quarter measured in billions

Reviews RVDomestic
p,d,r+1 Next review rate 0.02 10.00 30.00 60.00 1260.00 60.46 87.56 The number of reviews per month, calculated as shown in Equation (4.1)

Next review ∆rate −5.38 −2.95 −1.54 3.07 6.95 −0.22 3.18 Difference between the next review rate to the cumualtive review rate of the product
Next review score 1.00 4.00 5.00 5.00 5.00 4.22 1.34 Review rating given by the customer
Next review ∆score −4.00 −0.41 0.51 0.70 4.00 −0.09 1.33 Difference between the next review’s rating to the cumulative rating

RVDomestic
p,d,r−4:r Recent rate 0.12 18.20 37.33 73.00 1200.00 60.48 77.60 Average review rate of recent five domestic reviews

Recent score 1.00 3.80 4.40 5.00 5.00 4.23 0.77 Average score of the recent five domestic reviews

RVDomestic
p,d,1:r−5 Cumulative rate 0.12 18.23 34.28 64.13 221.88 55.98 57.41 Ratio of log average cumulative review rate to the log cumulative count

Cumulative count 11.00 78.00 274.00 939.00 9502.00 943.10 1656.20 Ratio of log average cumulative review rate to the log cumulative count
Cumulative relative rate 0.04 0.56 0.63 0.71 1.86 0.65 0.15 Cumulative number of domestic reviews as seen by the customer
Cumulative score 1.00 4.17 4.35 4.49 5.00 4.31 0.30 Cumulative average score of the domestic reviews as seen by the customer

RVGlobal
p,g,1:r Cumulative English count 0.00 0.00 3.00 24.00 2386.00 90.24 308.19 Cumualtive number of shared global English reviews for the product as seen by the customer

Cumulative English score 1.00 4.00 4.50 4.75 5.00 4.28 0.76 Cumulative average score of shared global English reviews as seen by the customer
Cumulative English ∆score −0.76 0.00 0.00 0.01 0.84 −0.00 0.04 Value by which the total rating increased by shared English reviews
Cumulative Non-English count 0.00 0.00 6.00 72.00 7396.00 291.45 998.49 Cumulative number of shared global non-English reviews for the product as seen by the customer
Cumulative Non-English score 1.00 4.22 4.50 4.71 5.00 4.41 0.56 Cumulative average score of the global non-English reviews as seen by the customer
Cumulative Non-English ∆score −0.89 −0.00 0.00 0.01 1.79 0.01 0.06 Value by which the total rating increased by shared non-English reviews

Prices PVDomestic
p,d,r Product’s minimum price 8.99 30.01 47.78 84.99 812.50 60.04 42.45 Minimum listed price for product options of Amazon.com in July 2021

Product’s price range 0.00 0.00 25.44 113.17 560.04 61.86 75.63 Listed price range for product options on Amazon.com in July 2021

Controls CVDomestic
r Monthly time trend 26.00 97.00 110.00 120.00 133.00 106.32 18.66 Number of months since the first review in the dataset

This table summarizes the dependent and independent variables we use in our model. All the values are calculated for products after they receive at least ten reviews.
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Table 1.4: Effect of product’s past performance on future
Next Next ∆Next Recent Next Next ∆Next Recent

Review Review Review Review Review Review Review Review
Rate Rate Rate Rate Score Score Score Score
(1) (2) (3) (4) (5) (6) (7) (9)

Intercept 1.098* −2.655* −3.187 −0.571* 4.212* 0.395 −2.646* −0.661�

(0.014) (0.433) (2.209) (0.071) (0.016) (0.571) (0.959) (0.314)

Reviews RVDomestic
p,d,r−4:r Recent rate 1.471* −1.133*

(0.015) (0.018)

Recent score −0.496* −0.570* −2.573* −0.034* 0.257* 0.242*

(0.005) (0.008) (0.023) (0.006) (0.010) (0.010)

Recent rate * score 0.337* 0.389* 1.678* 0.292* 0.065* 0.070*

(0.004) (0.004) (0.013) (0.005) (0.005) (0.005)

RVDomestic
p,d,1:r−5 Cumulative count 0.156* −0.213* 0.082* −0.383* −0.549* −0.534*

(0.020) (0.079) (0.003) (0.027) (0.032) (0.015)

Cumulative rate * count 0.074* −0.105* 0.011* −0.007* −0.008* −0.007*

(0.001) (0.004) (0.000) (0.002) (0.002) (0.001)

Cumulative relative rate 0.488* −4.294* 0.560* 0.003 −0.028 0.209*

(0.027) (0.081) (0.004) (0.036) (0.036) (0.019)

Cumulative count * score −0.066* −0.025 −0.007* 0.091* 0.128* 0.131*

(0.005) (0.019) (0.001) (0.007) (0.008) (0.004)

Cumulative score 0.270* 0.270* 0.013* −0.030 −1.163* 0.042*

(0.020) (0.078) (0.003) (0.026) (0.030) (0.014)

Prices PVDomestic
p,d,r Product’s minimum price −0.042* 0.153* −0.012* 0.025* 0.020* 0.029*

(0.005) (0.015) (0.001) (0.007) (0.007) (0.004)

Product’s price range 0.006* −0.015* 0.002* 0.002 0.001 0.003*

(0.002) (0.005) (0.000) (0.002) (0.002) (0.001)

Controls CVDomestic
r Monthly time trend 1.911* 3.997* 0.612* 1.315* 2.953* 2.266*

(0.192) (0.976) (0.031) (0.253) (0.426) (0.139)

Monthly time trend2 −0.238* −0.471* −0.079* −0.169* −0.349* −0.284*

(0.022) (0.110) (0.004) (0.029) (0.048) (0.016)
Statistics R-squared 0.467 0.560 0.151 0.871 0.055 0.062 0.065 0.651

Adjusted R-squared 0.467 0.560 0.151 0.871 0.055 0.062 0.065 0.651
N 115331 115329 107052 115329 115331 115329 108050 115329

This table reports the results for domestic products. The headers are the dependent variables. RVDomestic
p,d,r−4:r is a vector of domestic last five review variables, which includes the

domestic review rate and the average score for the recent five reviews, RVDomestic
p,d,1:r−5 is a vector of domestic cumulative review variables, which includes the cumulative domestic

reviews, and the average score for all but the recent five reviews, PVDomestic
p,d,r is a vector of price variables, CVDomestic

r is a vector of price control variables including the

minimum price and price range. Significance at *p < 0.05, �p < 0.01
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Table 1.5: Impact of EPU volatility on domestic review rate of domestic products
Next ∆Next Recent Next ∆Next Recent

Review Review Review Review Review Review
Rate Rate Rate Score Score Score
(1) (2) (3) (4) (5) (6)

Intercept −2.491* −18.793* 0.057 0.161 −4.389* −4.650*

(0.471) (2.557) (0.074) (0.595) (1.049) (0.364)

Macroeconomic MVDomestic
r Adjusted USA EPU volatility −0.110* −0.250* −0.017* −0.040* −0.034* −0.027*

(0.005) (0.017) (0.001) (0.007) (0.007) (0.004)

MVChina
r Adjusted China EPU volatility 0.095* 0.318* 0.023* 0.061* 0.057* 0.058*

(0.008) (0.023) (0.001) (0.009) (0.010) (0.006)

Controls RVDomestic
p,d,1:r−5 Cumulative variables Yes Yes Yes Yes Yes Yes

PVDomestic
p,d,r Price variables Yes Yes Yes Yes Yes Yes

CVDomestic
r Time trend variables Yes Yes Yes Yes Yes Yes

Statistics R-squared 0.500 0.013 0.864 0.025 0.027 0.552
Adjusted R-squared 0.500 0.013 0.864 0.025 0.027 0.552
N 115329 107052 115329 115329 108050 115329

This table reports the results for domestic products. The headers are the dependent variables. MVdomestic
r is the volatility of China EPU, and MVDomestic

r is the volatility of
USA EPU in the past six months. To check the coefficients of other variables in this analysis, refer to table 8

Significance at *p < 0.05, �p < 0.01
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Figure 1.3: Average rating of shared global reviews and domestic reviews
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The figure compares the domestic and shared global ratings of a product by language. The black-shaded region shows that
the global ratings (both English and non-English) are higher than the domestic rating, and the grey-shaded region shows
when the domestic rating is higher than the shared global ratings (both English and non-English). The graph shows that
the shared global ratings are usually higher than the domestic ones.
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Table 1.6: Impact of EPU on shared review count
Non-English Non-English Non-English English English English

Count Count Count Count Count Count

Intercept −4.493* 1.239* −5.211* −3.683* 1.688* −4.437*

(0.359) (0.372) (0.466) (0.324) (0.336) (0.421)

Macroeconomic MVDomestic
r Adjusted USA EPU volatility −0.958* −0.861*

(0.015) (0.013)

MVChina
r Adjusted China EPU volatility −0.290* −0.307*

(0.028) (0.026)

Reviews RVDomestic
p,d,r−4:r Recent rate 0.780* 0.786*

(0.207) (0.187)
Recent score 0.032 0.062

(0.075) (0.067)

Recent rate * score −0.105� −0.111*

(0.048) (0.044)

RVDomestic
p,d,1:r−5 Cumulative count 1.165* 0.964* 1.152* 0.955* 0.771* 0.940*

(0.079) (0.075) (0.084) (0.072) (0.068) (0.076)

Relative rate −0.369* −0.358* −0.585* −0.508* −0.494* −0.715*

(0.076) (0.072) (0.089) (0.069) (0.065) (0.080)

Cumulative count * score −0.158* −0.113* −0.165* −0.115* −0.074* −0.121*

(0.018) (0.017) (0.019) (0.016) (0.015) (0.017)
Cumulative score 0.084 0.009 0.182� 0.032 −0.036 0.113

(0.078) (0.074) (0.081) (0.070) (0.067) (0.073)

Controls CVDomestic
r Price variables Yes Yes Yes Yes Yes Yes

Statistics R-squared 0.139 0.232 0.142 0.150 0.241 0.153
Adjusted R-squared 0.139 0.231 0.142 0.150 0.241 0.153
N 35352 35352 35352 35352 35352 35352

This table reports the results for domestic products. EPUGlobal
m is the volatility of China EPU, and EPUDomestic

m is the volatility of USA EPU in the past six months.

RVDomestic
gp,r+1 is the dependent variable, next-review rate of the customer, RVDomestic

gp,r−4:r is a vector of domestic last five review variables, RVDomestic
gp,1:r−5 is a vector of domestic

cumulative review variables, CVDomestic
gp,r is a vector of price control variables, and FEgp,r is a vector of fixed effect variables. Significance at *p < 0.05; �p < 0.01
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Table 1.7: Impact of EPU on shared review score
Non-English Non-English Non-English English English English

Score Score Score Score Score Score

Intercept −3.359* 2.917* −4.890* −4.090* 1.770* −5.800*

(0.342) (0.347) (0.444) (0.325) (0.332) (0.423)

Macroeconomic MVDomestic
r Adjusted USA EPU volatility −1.057* −0.974*

(0.014) (0.013)

MVChina
r Adjusted China EPU volatility −0.310* −0.301*

(0.027) (0.025)

Reviews RVDomestic
p,d,r−4:r Recent rate 1.288* 1.266*

(0.197) (0.187)

Recent score 0.207* 0.230*

(0.071) (0.068)

Recent rate * score −0.232* −0.229*

(0.046) (0.044)

RVDomestic
p,d,1:r−5 Cumulative count 1.756* 1.535* 1.770* 1.687* 1.483* 1.745*

(0.076) (0.070) (0.080) (0.072) (0.067) (0.076)

Relative rate −0.587* −0.576* −0.791* −0.635* −0.624* −0.838*

(0.073) (0.067) (0.085) (0.069) (0.064) (0.080)

Cumulative count * score −0.365* −0.315* −0.377* −0.342* −0.296* −0.364*

(0.017) (0.016) (0.018) (0.016) (0.015) (0.017)

Cumulative score 0.562* 0.480* 0.682* 0.674* 0.598* 0.815*

(0.074) (0.069) (0.077) (0.071) (0.066) (0.074)

Controls CVDomestic
r Price variables Yes Yes Yes Yes Yes Yes

Statistics R-squared 0.059 0.195 0.065 0.067 0.194 0.072
Adjusted R-squared 0.059 0.194 0.064 0.067 0.193 0.072
N 35352 35352 35352 35352 35352 35352

This table reports the results for domestic products. EPUGlobal
m is the volatility of China EPU, and EPUDomestic

m is the volatility of USA EPU in the past six months.

RVDomestic
gp,r+1 is the dependent variable, next-review rate of the customer, RVDomestic

gp,r−4:r is a vector of domestic last five review variables, RVDomestic
gp,1:r−5 is a vector of domestic

cumulative review variables, CVDomestic
gp,r is a vector of price control variables, and FEgp,r is a vector of fixed effect variables. Significance at *p < 0.05; �p < 0.01
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Figure 1.4: Relation between domestic product performance and shared global reviews
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The figure depicts three different relationships. Firstly, a product’s number of domestic reviews in the past month is plotted
against the number of global reviews Amazon shared in the same month. Secondly, the average rating of domestic reviews
in the past month is plotted against the average rating of the shared global reviews the product has received in the same
month. Finally, the interaction between the number of domestic reviews and the average rating of those reviews in the past
month is compared with the interaction between the number of global reviews Amazon shared and the average rating of
those reviews in the same month for the product.
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Table 1.8: Effects of curated global reviews on domestic reviews
Next ∆Next Next ∆Next

Review Review Review Review
Rate Rate Score Score

Early Late Early Late Early Late Early Late

Intercept −0.225 −22.851* 3.216 −72.916* −0.017 −14.122* −0.017 −14.122*

(1.219) (1.665) (2.633) (5.863) (1.426) (2.308) (1.426) (2.308)
Reviews RVGlobal

p,g,1:r Curated English count −0.039 −0.017 0.068 −0.107� −0.009 0.022 −0.009 0.022

(0.029) (0.013) (0.062) (0.046) (0.034) (0.018) (0.034) (0.018)

Curated English score 0.011 0.026* −0.020 0.005 0.052* −0.034* 0.052* −0.034*

(0.013) (0.009) (0.029) (0.033) (0.015) (0.013) (0.015) (0.013)

Curated non-English count −0.018 0.012 −0.004 0.120* −0.056* −0.003 −0.056* −0.003
(0.020) (0.012) (0.044) (0.041) (0.024) (0.016) (0.024) (0.016)

Curated non-English score 0.031* 0.001 0.017 0.019 −0.009 0.001 −0.009 0.001
(0.010) (0.009) (0.021) (0.032) (0.011) (0.013) (0.011) (0.013)

Controls RVDomestic
p,d,1:r−5 Cumulative variables Yes Yes Yes Yes Yes Yes Yes Yes

PVDomestic
p,d,r Price variables Yes Yes Yes Yes Yes Yes Yes Yes

CVDomestic
r Time variables Yes Yes Yes Yes Yes Yes Yes Yes

Statistics R-squared 0.216 0.418 0.016 0.014 0.028 0.031 0.061 0.006
Adjusted R-squared 0.215 0.418 0.016 0.013 0.027 0.031 0.060 0.006
N 28164 78888 28164 78888 28164 78888 28164 78888

This table reports the results for global products. RVDomestic
gp,r+1 is the dependent variable, next-review rate of the customer, R̃V

Global
gp,r is the group of variables constructed

using the shared global reviews, EPUDomestic
g,r is the EPU value for USA and EPUGlobal

g,r is the EPU value for China, RVDomestic
gp,r−4:r is a vector of domestic last five review

variables, RVDomestic
gp,1:r−5 is a vector of domestic cumulative review variables, CVDomestic

gp,r is a vector of price control variables, and FEgp,r is a vector of fixed effect variables.
”Early” and ”Late” denote early customers for the product. To check the coefficients of other variables in this analysis, refer to table 9

Significance at *p < 0.05, �p < 0.01.
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Figure 1.5: Impact of Cumulative and Recent reviews on the next review rate under the influence of USA EPU
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The figure shows the relationship between the log of cumulative domestic reviews and the cumulative score to the future review rate and the product of the log of recent
domestic review rate and the recent score to the future review rate. The lines are the fit regression lines for the variables mentioned on the axis of the plot. The solid line
represents the fit line when the EPU in the USA is high, and the dashed line represents when the EPU in the USA is low.
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Table 1.9: State Table - Counterfactual Results
Ex-post Ex-ante Predicted Overcuration Counterfactual Counterfactual
Global Global Global Global Global Curated
Reviews Reviews Reviews Reviews Reviews Reviews

English cumulative count Before 2020 Products without GRS 0.00 0.00 80.01 −80.01 80.01 0.00
Products with future GRS 56.37 0.00 70.20 −70.20 70.20 0.00

After 2020 Products without GRS 161.38 161.38 72.20 89.18 0.00 −72.20
Products active GRS 0.00 0.00 83.60 −83.60 83.60 0.00

Non-English cumulative count Before 2020 Products without GRS 0.00 0.00 203.29 −203.29 203.29 0.00
Products with future GRS 187.70 0.00 182.73 −182.73 182.73 0.00

After 2020 Products without GRS 512.56 512.56 186.83 325.73 0.00 −186.83
Products active GRS 0.00 0.00 226.74 −226.74 226.74 0.00

Relative English score Before 2020 Products without GRS 0.00 −0.00 −0.00 0.00 −0.00 0.00
Products with future GRS 0.01 0.00 −0.02 0.02 −0.02 0.00

After 2020 Products without GRS −0.01 −0.01 −0.02 0.01 0.00 0.02
Products active GRS 0.00 0.00 −0.01 0.01 −0.01 0.00

Relative Non-English score Before 2020 Products without GRS 0.00 −0.00 0.02 −0.02 0.02 0.00
Products with future GRS −0.00 0.00 0.02 −0.02 0.02 0.00

After 2020 Products without GRS 0.02 0.02 0.03 −0.01 0.00 −0.03
Products active GRS 0.00 0.00 0.03 −0.03 0.03 0.00

GRS represents ”Global Review Sharing.” This table reports the counterfactual results of global sharing. We split the results using three subsamples: (i) products without
GRS, (ii) products with future GRS, and (iii) products with active GRS. The results tell how the domestic review rate estimation under multiple conditions changes when
compared to a scenario when there is no review sharing at all by the year.
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Table 1.10: Quantification of the impact of global reviews
0 - 100 reviews 100+ reviews

Ex-ante Counterfactual Percentage Ex-ante Counterfactual Percentage
2018 Products with future GRS 13.90 13.39 3.80 89.15 90.01 −0.96

Products without GRS 7.93 7.21 9.97 42.96 43.06 −0.23

2019 Products with future GRS 14.74 14.33 2.88 74.54 75.49 −1.26
Products without GRS 7.45 6.68 11.47 53.94 54.04 −0.20

2020 Products with active GRS 15.87 15.47 2.58 73.75 74.12 −0.50
Products without GRS 9.11 8.44 7.98 59.41 59.66 −0.42

2021 Products with active GRS 14.42 14.13 2.02 71.51 71.52 −0.02
Products without GRS 15.50 14.94 3.77 58.52 58.73 −0.36

GRS represents ”Global Review Sharing.” This table reports the counterfactual results of global sharing. We split the
results using two samples: (i) only global products and (ii)global and domestic products. ”< expected” represents the set of
reviews when the expected shared global reviews were less than expected, and ”> expected” represents when the expected
shared global reviews were more than expected. The results tell how the domestic review rate estimation under multiple
conditions changes when compared to a scenario when there is no review sharing at all by the year.

Table 1.11: Moderating effect of EPU on global review sensitivity
Non-English ∆Non-English English ∆English
Curation Curation Curation Curation

IRF IRF IRF IRF
(1) (2) (3) (4)

Intercept 395.993 −2813.606 878.474 −6491.102�

(2379.196) (3552.792) (2103.028) (3514.241)
Macroeconomic MVDomestic

r Adjusted USA EPU volatility −0.045 0.080 0.080 0.029
(0.087) (0.129) (0.077) (0.128)

MVChina
r Adjusted China EPU volatility 0.123� 0.010 −0.021 0.010

(0.060) (0.089) (0.053) (0.088)

Controls RVDomestic
p,d,1:r−5 Cumulative variables Yes Yes Yes Yes

PVDomestic
p,d,r Price variables Yes Yes Yes Yes

CVDomestic
r Time variables Yes Yes Yes Yes

Statistics R-squared 0.120 0.014 0.127 0.015
Adjusted R-squared 0.119 0.013 0.126 0.014
N 12194 11893 11677 11503

The table reports the sensitivity analysis between the dependent variable of the previous models, the next review rate, and
our significant independent variables of non-English count and English count. IRF stands for Impulse response function
sensitivity. In this table, each column represents a model with column (1) having a dependent variable as non-English count
IRF, meaning the dependent variable is the ratio of the next review rate and the non-English count, and the independent
variables are USA and China EPU volatility. In column (2), ∆tells us it is the ratio between ∆next review rate and the
non-English count. Columns (3) and (4) follow the same strategy as columns (1) and (2) but replace the non-English count
with the Enlgish count.
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Chapter 2

Understanding the Impact of

”Made in China” and ”Made in

USA” Mentions on Amazon

Reviews

2.1 Introduction

The globalization of markets has facilitated the sourcing of products from various countries

worldwide, providing businesses greater access to international markets. However, alongside this

convenience, there is a prevailing notion that consumers prefer locally produced goods. According

to a survey conducted by Nielsen, a significant majority of consumers, approximately 75%, deem

it essential to purchase local products (Washington, 2020). This preference has several reasons,

including the desire to support local economies and a stronger sense of connection to locally sourced

products. Despite the growing emphasis on local sourcing, it remains unanswered whether this con-

sumer preference for local products translates into actual online purchasing behavior, considering

the wide availability of products from different geographical locations.
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Furthermore, it is noteworthy that imports from China continue to exhibit a rising trend

despite the ongoing trade tensions between the United States and China. In the United States, for

instance, imports from China have demonstrated consistent growth (Bown, 2023). This increase

raises questions about the impact of product origin information on consumer behavior in online

businesses. This paper examines the influence of product origin source information on the review

rate of products in online businesses. By analyzing the relationship between consumer reviews and

product origin, this study sheds light on how product origin affects consumer behavior and purchas-

ing decisions in an online setting.

Online reviews play a crucial role in enabling customers to assess the quality of products

(Kaemingk, 2020). These reviews serve as a valuable resource for customers, allowing them to make

well-informed purchasing decisions and evaluate the credibility of a brand (Chakraborty and Bhat,

2018). Moreover, reviews provide customers with insights into the country of origin of a product,

which has gained increasing importance in recent years. Since 2021, Amazon has mandated that

sellers provide information regarding the country of origin (Dawson, 2021; Verma, 2020). However,

before this requirement, no reliable source of origin information was available to Amazon’s customers.

This research focuses on examining the impact of origin information derived from reviews on the

business of Amazon.com. Specifically, we aim to address how references to ”made-in USA/China”

in customer reviews influence Amazon.com’s customers. By exploring the effects of such mentions

on customer behavior, this study aims to provide insights into the significance of origin information

in shaping customer perceptions and decisions within the context of Amazon.com.

The awareness of a product’s source location notably impacts customers’ perception, sat-

isfaction, and purchasing behavior (Zhang and Merunka, 2015). Positive associations with specific

countries can enhance customers’ satisfaction and confidence in their purchase decisions, while neg-

ative biases towards specific locations may discourage customers from purchasing. Furthermore, the

source location of a product plays a significant role in influencing customers’ purchasing decisions.

Some customers prioritize supporting local economies or seeking products with ethical manufactur-

ing practices, while others prioritize cost considerations. Businesses can capitalize on this knowledge

to customize their marketing strategies and effectively meet customer expectations. By understand-

ing the importance of product source location to customers, businesses can align their messaging,
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branding, and sourcing practices to resonate with customers’ preferences. This strategic approach

allows businesses to establish stronger connections with their target audience, enhance customer

satisfaction, and drive positive purchasing behavior.

Transparency into a product can also build trust among customers (Buell et al., 2021). This

can create a positive impression among customers, who are more likely to trust and remain loyal to

brands that prioritize transparency. Overall, the information captured in online reviews, including

the source country of the product, can greatly impact customer satisfaction and decision-making.

Brands that prioritize transparency and ethical sourcing can benefit from positive reviews and in-

creased customer loyalty.

In addition to transparency, the economic conditions of a country significantly impact cus-

tomer buying behavior (Tamara Charm, 2022). A volatile economy can profoundly influence cus-

tomer behavior, leading to cautious spending and changes in purchasing priorities. Customers tend

to adopt a more conservative approach to their purchases during economic uncertainty (Lai, 2022).

They prioritize essential items and may opt for lower-cost alternatives(Eberly, 1994). This cautious

behavior stems from concerns about job security and income stability, as customers aim to maintain

financial resilience amidst economic fluctuations. Furthermore, customer preferences may undergo a

shift during uncertain economic times. Increased price sensitivity becomes evident, with customers

placing a greater emphasis on obtaining value for their money. In response to these changes in

customer behavior, businesses must adapt their marketing strategies and offerings accordingly. Em-

phasizing value, affordability, and stability becomes crucial in attracting and retaining customers

during volatile economic periods. Understanding economic indicators and trends becomes essential

for businesses to anticipate customer behavior shifts and proactively adjust their strategies. By

keeping a pulse on economic conditions and aligning their marketing efforts with customer behavior,

businesses can navigate the challenges of an uncertain economy. By providing value and stability

to customers, businesses can enhance their competitive edge and maintain customer loyalty even in

challenging economic circumstances.

The main dataset used in this research was a secondary dataset collected by (Ni et al., 2019),

which consisted of product reviews from Amazon.com, scraped in 2018. This dataset provided infor-
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mation on review attributes such as rating, reviewer name, review text, and the Amazon Standard

Identification Number (ASIN). Additionally, secondary data on the Economic Policy Uncertainty

(EPU) index for the USA and China, developed by , was utilized to capture macroeconomic variables.

Furthermore, macroeconomic variables were incorporated into the analysis using secondary

data from the Economic Policy Uncertainty (EPU) index for the USA and China. The EPU index,

developed by Baker et al. (2013) and Baker et al. (2016), provided insights into the macroeconomic

conditions and uncertainty levels prevailing in the respective countries during the study period. We

considered these macroeconomic variables to understand the broader economic context and its po-

tential influence on customer behavior. By leveraging this combined dataset, encompassing product

reviews and macroeconomic indicators, this research aimed to understand the relationship between

product origin information, customer reviews, and macroeconomic factors.

We formulated multiple sets of variables by considering the historical and recent perfor-

mance of the products to investigate the research question. The initial set of variables concentrated

on mentions of ”made in” and specifically examined references to ”made in USA” and ”made in

China.” These variables were derived from the review texts available in the dataset, enabling us to

analyze the effect of product origin on customer behavior. We also calculated additional variables

such as review rate, review score, and their corresponding changes (∆) to assess the impact of ”made

in” mentions on customer review rates and scores. This comprehensive approach allowed us to ex-

amine the influence of product source information on various aspects of customer reviews and ratings.

We conducted data analysis using Ordinary Least Squares (OLS) methods to examine the

data. Using OLS methods allowed us to evaluate the direct effects of the ”made in” mention vari-

ables on the changes in review rates and review scores (∆review rate and ∆review score). By

incorporating controls for relevant factors such as the monthly time trend and product category, we

aimed to isolate the impact of product source on customer behavior. This approach gave us valuable

insights into the relationship between ”made in” mentions and customer review rates and scores.

By investigating the effects of product sources on customer behavior, this study contributes to our

understanding of how consumers perceive and evaluate products based on their origin. The results

of our analysis hold significant implications for businesses, as they provide insights that can inform
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the development of targeted marketing strategies. By effectively leveraging the influence of prod-

uct sources, businesses can drive customer satisfaction and enhance their competitive advantage.

Overall, this analysis offers valuable findings that shed light on the relationship between ”made in”

mentions and customer behavior. By examining the impact of product sources on customer percep-

tion and evaluation, this study provides valuable insights for businesses seeking to optimize their

marketing efforts and capitalize on the influence of product origin.

2.2 Literature

2.2.1 Local Made

The literature extensively recognizes the significance of the country of origin in consumer

decision-making. With the advent of online platforms and the proliferation of social media, con-

sumers have increasingly relied on online reviews as a vital source of information to guide their

purchasing decisions (Podium, 2017). Within this context, consumers tend to attribute importance

to the origin of a product and perceive products manufactured in specific countries as possessing

higher quality (Moriuchi, 2021). In the United States, customers often positively perceive products

made within the country (Nagashima, 1970; Elliott and Cameron, 1994). This favorable perception

can influence their review behavior. When customers perceive a product as being made in the USA,

it can shape their evaluation and subsequently impact the nature and tone of their online reviews.

Understanding these underlying consumer perceptions is crucial for businesses seeking to effectively

manage their online reputation and capitalize on the positive associations with a specific country of

origin.

When customers encounter mentions of products made in the USA, these mentions are ob-

served to evoke a positive association with the product’s origin (Nagashima, 1970). This association

influences customers’ perception of the product’s quality and subsequently impacts their review be-

havior. Customers attribute higher quality to products made in the USA, prompting them to leave

positive reviews (Moriuchi, 2021). Furthermore, actively mentioning the USA as the country of ori-

gin elicits feelings of patriotism or national pride among USA customers (Yu et al., 2022; Maronick,

1995). These vibrant connections to the country influence customers’ review behavior, potentially
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resulting in more positive reviews. The positive perception and emotional resonance associated with

products made in the USA actively influence customers’ review rates and the tone of their reviews.

Businesses aiming to leverage the impact of product origin on customer behavior and reviews must

actively understand these dynamics.

Numerous studies have demonstrated that customers’ knowledge of a product’s source loca-

tion actively influences their perception, satisfaction, and purchasing behavior (Zhang and Merunka,

2015; Chen and Zhong, 2023). In the case of products manufactured in the USA, customers often

have preconceived notions regarding the quality and reliability of such products, increasing their

inclination to provide positive reviews. This positive association between the USA as the coun-

try of origin and customer perception fosters a sense of trust and confidence, further reinforcing

their propensity for positive review behavior (Nagashima, 1970). It is worth noting that the ex-

tent to which the USA mentions affect the review rate may vary across different product categories

or industries. To summarize, based on the extensive literature, an augmented frequency of USA

mentions will positively influence the review rate. This hypothesis is grounded in consumers’ per-

ception of products made in the USA as being of higher quality and the positive associations and

feelings of national pride that such mentions evoke. Specifically, we propose the following hypothesis:

Hypothesis 1 (a): The number of USA mentions will influence the review rate positively.

The influence of country of origin on consumer behavior extends beyond products made in

the USA. Extensive research suggests consumers hold diverse perceptions of products from different

countries, including China. Historically, products made in China are associated with lower quality

(Schniederjans et al., 2004, 2011). However, when customers encounter mentions of products made

in China, it can shift their perception.

Recent research by Yu et al. (2022) suggests that the rise of nationalism has positively af-

fected consumers’ perception of a product’s country of origin. As consumers become more aware of

China’s manufacturing capabilities and the quality of its products, their perception of products made

in China may become more negative. This change in perception can be attributed to the evolving

awareness and changing attitudes toward China’s manufacturing industry and the associated quality
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standards. It is essential to acknowledge that consumers’ perceptions of products made in China are

subject to various factors, including their individual experiences, cultural influences, and exposure to

information. While historical associations may have shaped the initial perception of products made

in China, the evolving narrative driven by increased awareness and changing perceptions should be

considered when examining the impact of product origin on consumer behavior.

Furthermore, the impact of China’s mentions on the review rate can be contingent upon

the context. On online platforms like Amazon.com, the price often emerges as the most significant

factor for customers (Mohsin, 2022). While positive perceptions of products made in China may

exist, customers’ review behavior can be influenced by additional factors such as price (Drozdenko

and Jensen, 2009). As a result, the mention of products made in China can positively influence the

review rate if customers associate these products with affordability. However, the review rate may be

negatively affected if customers associate products made in China with nationalism or other negative

connotations. Hence, it is essential to consider the various factors that shape customers’ perceptions

and preferences when examining the impact of product origin on the review rate. Factors such as

price and customer value perceptions can interact with the perception of products made in China,

leading to different outcomes in review behavior.

Specifically, based on the considerations above, we propose the following hypothesis:

Hypothesis 1 (b): The number of China mentions will influence the review rate positively.

Hypothesis 1 (c): The number of China mentions will influence the review rate negatively.

2.2.2 Economic Policy Uncertainty

Previous research has extensively examined the impact of Economic Policy Uncertainty

(EPU) on economic variables and consumer behavior. During economic uncertainty, businesses adopt

more cautious strategies (Çolak et al., 2017). These strategies often involve delaying investments

(Jens, 2017) and reducing capital spending (Gulen and Ion, 2015) to mitigate risks and maintain

financial stability. However, such decisions can adversely affect sales and revenue generation for busi-
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nesses. Moreover, policy uncertainty has increased domestic prices and reduced consumers’ income

(??). These factors, in turn, can lead to changes in consumer spending patterns. Corporate reports

have also highlighted the negative impact of uncertainty on customer spending (Tamara Charm,

2022; Lai, 2022), which may decrease overall consumption (Romer, 1990; Gudmundsson, 2012). The

findings from previous research highlight the intricate relationship between Economic Policy Uncer-

tainty, economic variables, and consumer behavior. Understanding the impact of policy uncertainty

on businesses and consumers is vital for policymakers and industry practitioners alike, as it allows

for better decision-making and strategic planning in uncertain economic environments.

Furthermore, uncertainty notably impacts household consumption (Eberly, 1994). Research

has demonstrated that higher levels of uncertainty are associated with reduced consumption and a

delay in non-essential purchases (Bernanke, 1983). During times of uncertainty, households tend

to prioritize essential goods and services over non-essential items. Consequently, businesses may

experience decreased product demand, resulting in declining sales. Moreover, previous studies have

observed the volatility of Economic Policy Uncertainty (EPU), as indicated by the clustering of

volatility around the EPU index (Yu et al., 2017; Phan et al., 2018), suggesting that EPU volatil-

ity carries more economic significance than the EPU itself (Goodell et al., 2021). The volatility in

EPU can have broader implications for economic variables and consumer behavior, affecting business

operations and market dynamics. Understanding the relationship between uncertainty, household

consumption, and economic variables is crucial for policymakers and businesses to navigate uncer-

tain economic conditions effectively. By considering the impact of uncertainty on consumer behavior,

businesses can adapt their strategies to align with changing consumption patterns and mitigate the

effects of economic volatility.

Based on the existing literature, an increase in the USA’s Economic Policy Uncertainty

(EPU) negatively affects mentions of products made in the USA. This hypothesis is grounded in

the potential impact of uncertainty on business sales and consumer preferences. As EPU increases,

businesses may adopt more conservative strategies, which can result in decreased sales. The uncer-

tainty surrounding economic policies and conditions can also influence consumer behavior, leading

to changes in spending patterns and potentially affecting preferences for products made in the USA.

50



Furthermore, fluctuations in domestic prices and income levels, driven by EPU, can further

contribute to consumer behavior and preferences alterations. It is worth noting that products made

in the USA often carry a perceived higher price than those made in other countries (Ha-Brookshire

and Yoon, 2012). This perception of higher prices may interact with consumer responses to EPU,

potentially impacting mentions of products made in the USA.

Based on these considerations, we propose the following hypothesis:

Hypothesis 2 (a): Increased USA’s EPU negatively affects the mentions of products made

in the USA.

The spillover effects of economic uncertainty from one country to another have received sig-

nificant attention in prior research. Economic conditions and trade relations between countries can

contribute to the transmission of uncertainty across borders. Specifically, an increase in Economic

Policy Uncertainty (EPU) in one country can potentially adversely affect the economy of another

country (Kelly et al., 2016). Recognizing and comprehending these spillover effects is vital, particu-

larly when investigating the relationship between China’s EPU and the mentions of products made

in China. The interconnectedness of global economies and the interdependence of countries in the

global market highlight the significance of understanding how economic uncertainty in one country

can reverberate and impact other countries. The transmission of economic uncertainty can influ-

ence various economic indicators, consumer behavior, trade patterns, and overall market dynamics.

Therefore, when examining the mentions of products made in China, it is essential to consider the

potential spillover effects of China’s EPU on consumer perception, market conditions, and the overall

economic environment both domestically and internationally.

Numerous studies have underscored the significant impact of international spillovers on

the dynamics of other countries (Klößner and Sekkel, 2014). One country’s Economic Policy Un-

certainty (EPU) has been observed to exert substantial adverse effects on the market of another

country (Ghirelli et al., 2021). These findings emphasize the interconnectedness of economies and

the potential transmission of uncertainty across borders. Given the strong trade ties between the

USA and China, it is reasonable to anticipate that an increase in China’s EPU can adversely affect
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the USA market; potentially influencing consumer perceptions and preferences for products made

in China. The transmission of uncertainty between the two countries can impact various economic

factors, trade relations, and consumer behavior. Understanding these spillover effects is essential for

comprehending the broader context in which consumer preferences and market dynamics operate,

particularly when examining the mentions of products made in China in the USA market.

In conclusion, drawing from the existing literature, an increase in the USA’s Economic Pol-

icy Uncertainty (EPU) negatively affects the mentions of products made in the USA. Similarly, an

increase in China’s EPU negatively affects the mentions of products made in China. These hy-

potheses are grounded in research that explores the influence of economic uncertainty on a range

of economic variables, consumer behavior, and the potential spillover effects across countries. The

impact of EPU on consumer behavior, market dynamics, and international spillovers has been ex-

tensively studied. The interconnectedness of economies, trade relations, and the transmission of

uncertainty highlights the potential effects on consumer perceptions and preferences for products

made in the USA and China. By examining the implications of EPU on the mentions of products

made in each country, we can gain valuable insights into the relationship between economic uncer-

tainty and consumer behavior. However, it is essential to note that further empirical analysis is

required to validate these hypotheses and understand the subtle effects of EPU on consumer be-

havior and product mentions. Future research can delve deeper into these relationships, considering

additional factors such as market conditions, industry-specific dynamics, and the evolving nature of

consumer preferences.

Hypothesis 2 (b): Increased China’s EPU negatively affects the mentions of products

made in China.

2.3 Data

We collected data from four sources to investigate our research question. The first dataset

is a secondary dataset obtained from Ni et al. (2019), who scraped and updated the dataset in

2018. This dataset includes all product reviews from Amazon.com in 2018, providing information
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on various review attributes such as rating, reviewer name, and review text. We extracted data on

review rating, review date, Amazon Standard Identification Number (ASIN), and review text from

this dataset.

The second dataset is also from Ni et al. (2019), who scraped the product description data

and price for the related products from the first dataset mentioned above. We gathered a textual

description of the products and the Amazon listed price from this dataset.

The third dataset is secondary data from previous studies by Baker et al. 2016 and Baker

et al. 2013. The authors developed an Economic Policy Uncertainty (EPU) index for the USA and

China. We chose China’s EPU as a proxy for the global EPU, given that China is the leading man-

ufacturing economy globally, and Nike has significant manufacturing operations there. The EPU

index was computed using three components: newspaper coverage related to policy-related economic

uncertainty, reports by the Congressional Budget Office, and the Federal Reserve Bank of Philadel-

phia’s Survey of Professional Forecasters. The newspaper coverage was used to construct an index

for the volume of news articles discussing economic policy uncertainty. The Congressional Budget

Office provided lists of temporary federal tax code provisions, which were used to compile annual

dollar-weighted numbers for each tax code set to expire in the next ten years, giving a measure of

the uncertainty regarding the future of the federal tax code. The Federal Reserve Bank of Philadel-

phia’s Survey of Professional Forecasters was used to create indices of uncertainty about policy-

related macroeconomic variables using the dispersion between individual forecasters’ predictions of

future levels of the Consumer Price Index, Federal Expenditures, and State and Local Expenditures.

Constructing the EPU index for China by Baker et al. 2013 involved several steps. Firstly,

monthly counts of articles containing at least one term from three sets - Economics, Policy, and

Uncertainty - were obtained. The total number of articles for the same newspaper and month was

then scaled to these counts. The sample was divided into three periods, and each period’s news-

paper’s monthly series of scaled frequency counts was standardized to have a unit standardization.

The standardized series were averaged over newspapers by month and then normalized to an av-

erage of 100 for each period. Detailed methodology for constructing the EPU index can be found

at www.policyuncertainty.com. Figure 2 displays the dispersion of USA and China EPU values.
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Notably, China’s EPU has been higher than the USA’s EPU in recent times, indicating an increase

in global EPU values compared to the domestic USA market.

The fourth dataset is the quarterly e-commerce report developed by U.S. Census Bureau.

This dataset comprises data on e-commerce activity in the United States. We use this dataset to

obtain information on quarterly e-commerce sales in the United States.

2.3.1 Data Cleaning and Summary

Our study utilized a comprehensive dataset consisting of 27 product categories. However, we

excluded specific categories such as gift cards, Kindle Store, music, and magazines from the analysis

due to their content-dependent nature, which makes their reviews less influenced by the country of

manufacture. Our dataset comprises over 178 million reviews, ensuring a robust and representative

sample for our analysis. Among these reviews, the largest dataset pertained to clothing and jewelry,

encompassing approximately 19 million reviews, followed closely by the electronic products dataset.

It is worth noting that most product mentions in our dataset were related to products made in

China. This observation underscores the significant role of Chinese manufacturing in the context of

our study.

An Oberlo report on Amazon.com in 2022 (Mohsin 2022) revealed that electronics, apparel,

and home and kitchen goods were the most popular shopping categories on the platform. Interest-

ingly, as depicted in Table 3.2, our dataset predominantly consists of data from these categories.

Even though the data was scraped in 2018, this alignment between our dataset and the popular

shopping categories observed in 2022 adds relevance and applicability to our findings. It suggests

that our dataset can is representative of the current trends on Amazon.com. Furthermore, it is es-

sential to highlight that our dataset covers a period of 252 months, as indicated by the monthly time

trend variable presented in Table 3.3. This extensive time range allows us to capture the dynamics

and changes in consumer behavior over an extended period, enhancing the depth and breadth of our

analysis.

The initial data size across all product categories was 148,830,623. However, while extract-
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ing information from the dataset, some reviews needed values for rating, year, month, and date

variables, essential for building our group of independent variables. After removing these missing

values, the data size was reduced to 136,607,712. Furthermore, we excluded reviews from categories

such as gift cards, Kindle Store, magazines, music, and software, further reducing the sample size

to 131,152,449. Additionally, as the dependent variable in the subsequent analysis is the review

rate, which cannot be calculated for the first review of a product, a portion of the dataset was

eliminated, further condensing the dataset to 118,967,739 observations. The final dataset included

a total of 2,921,293 unique products. However, the description information could only be extracted

and matched for 524,196 products, possibly due to data storage issues. Despite this, the final dataset

remains rich and substantial, allowing us to effectively study the impact of ”made in” mentions on

customer review rates. In summary, the final dataset consists of 118,967,739 observations, provid-

ing a robust and extensive dataset for analyzing the relationship between ”made in” mentions and

customer review rates.

2.3.2 Variable Construction

2.3.2.1 Dependent and Independent Variables

To study the research questions, we have built variables under multiple categories.

� Macroeconomic Variables: The macroeconomic variables related to Economic Policy Un-

certainty (EPU) were obtained from the studies conducted by Baker et al. (2013) and Baker

et al. (2016). To measure the volatility of EPU, we calculated the standard deviation of the

EPU values over the past six months.

– USA EPU volatility was determined by finding the standard deviation of the USA EPU

values for the six months preceding a given month. For instance, to calculate the USA

EPU volatility for July 2020, we considered the monthly USA EPU values from January

2020 to June 2020 and computed their standard deviation.

– China EPU volatility was determined by finding the standard deviation of the China EPU

values for the six months preceding a given month. As detailed in Table 3.3, it can be

observed that the volatility of China’s EPU is greater than that of the USA on average

in this dataset.
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– USA e-commerce sales is the quarterly e-commerce sales value in the USA in billions of

dollars

� Next Review variables: The next review variables serve as our primary dependent variables

in the model. We define and calculate these variables as follows:

– Review Rate: This variable measures the rate at which reviews are generated for a prod-

uct. It is calculated using the equation:

ReviewRate = 30/(Dater+1 −Dater) (2.3.1)

Here, Dater+1 represents the date when the current review is submitted into the system,

and Dater represents the date of the most recent review before the current one. The

review rate is analogous to the cycle time, indicating the time between two successive

units in a system. We compute the review rate as the number of monthly reviews,

including 30 in the numerator. A higher value for this variable indicates a faster influx

of reviews for a product, while a lower value implies a slower rate.

– Relative Review Rate: This variable captures the difference between the next review rate

and the cumulative average of all past review rates for a particular product. It compares

the product’s current review rate to its historical performance, reflecting how much the

current rate deviates from its average past performance.

– Score: The score variable represents the rating assigned by the current customer for the

product. As reported in Table 3.3, it can be seen that more than 50% of the reviews have

a five-star rating.

– Relative Score: The relative score is computed as the difference between the current

customer’s rating and the product’s average rating from prior reviews.

� Description variables: These are the variables built from the product description text

dataset.

– Made in China: This is a binary variable, which indicates if there is a ”made in China”

mention in the product description.
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– Made in USA: This is a binary variable, which indicates if there is a ”made in USA”

mention in the product description.

� Review variables

– Recent review variables: According to a report by Invesp, most customers read 4-6

reviews before making a purchase. Using this idea, we constructed variables to test the

impact of the recency bias by building variables based on the five most recent reviews.

* Recent rate is the average review rate of the recent five reviews. It captures the

average rate at which reviews are generated for a product based on the most recent

customer feedback.

* Recent USA mentions is the number of ”Made in USA” mentions the current customer

can see in the five most recent reviews. It reflects the frequency of references to

products manufactured in the USA, as customers perceive based on recent feedback.

From table 3.3, we can see that most customers do not see any made-in-USA mentions

in the recent five variables.

* Recent China mentions is the number of ”Made in China” mentions the current

customer can see in the five most recent reviews. It represents the occurrence of

references to products manufactured in China, as observed by customers based on

recent feedback.

* Recent score is the average rating customers give in the five most recent reviews for

the product. It provides insights into the average customer satisfaction level expressed

through ratings in recent feedback.

– Cumulative variables: We created these variables to investigate the influence of the

review history on product review rate. We excluded the five most recent reviews when

computing the cumulative variables to avoid potential confounding effects with the recent

variables.

* Cumulative rate is the cumulative average review rate of all previous reviews for the

product, as perceived by the customer. It captures the overall review generation rate

over time.

* Cumulative reviews is the number of reviews the product has received, as seen by the

customer. It reflects the total volume of feedback available for the product.
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* Cumulative USA mentions is the count of the number of mentions of the product

being made in the USA from all of its reviews.

* Cumulative China mentions is the count of the number of mentions of the product

being made in China from all of its reviews.

* Cumulative score is the average rating derived from all past reviews for the product.

* Cumulative made in USA score is the average rating derived from all reviews made

in USA mentioned in their text.

* Cumulative made in China score is the average rating derived from all reviews which

have been made in China mentions in their text.

2.3.2.2 Control Variables

Monthly time trend : The number of months since the first review in the dataset. It captures

the temporal effects and trends in sales over time.

Political Events: These are a collection of multiple binary variables. We gathered multiple

political events that could have impacted the trade relations between USA and China, which could

have impacted customer response on Amazon.com. We shortlisted the events from the Council of

Foreign Relations website, www.cfr.org. The events we considered for the analysis are shortlisted in

table 2.2. The significant events we considered are the election times in both countries as they can

impact the leader’s strategy about foreign trade policies. We used the great recession as it impacted

most of the economies. Other events like tariff wars between USA and China have also been used.

Each variable tells if a review occurred six months after the event was initiated. Except for the great

recession event, which lasted for 19 months, we recorded if the review came within 19 months of the

recession.

2.3.2.3 Fixed Effects

Product Category : We have a total of 23 product categories, as mentioned earlier. This

variable allows us to account for any unobservable effects of the review rate specific to each product

category. Our model does not incorporate time-fixed effects, as the monthly time trend variable

already captures the temporal changes.
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2.4 Analysis

This section will introduce an econometric model to analyze the relationship between EPU

volatility, ”Made in” mentions, and review rates. Our analysis will be structured into three main

sections to examine these variables’ associations thoroughly.

2.4.1 Econometric setup to test the affect of made in mentions

In the first section of our analysis, we will examine the impact of the ”made in” mention

variables on the changes in review rate (∆review rate) and changes in review score (∆review score).

To do so, we will employ two econometric equations to test the direct effects of these variables. The

equations are as follows:

RV Rate
p,r+1 = αD0 + αRV

D1 ∗RVp,r−4:r + αRV
D2 ∗RVp,1:r−5 + αPD

D3 ∗PDr + αCV
D4 ∗CVr + FEp (2.4.1)

RV Score
p,r+1 = βD0 + βRV

D1 ∗RVp,r−4:r + βRV
D2 ∗RVp,1:r−5 + βPD

D3 ∗PDr + βCV
D4 ∗CVr + FEp (2.4.2)

where in the first equation, RV Rate
p,r+1 represents the next-review rate of the customer. The

variables RVp,r−4:r and RVp,1:r−5 are vectors that capture the recent and cumulative ”Made in”

mentions variables, respectively. These variables reflect the frequency of ”made in” mentions in

customer reviews over the total past and the most recent five reviews, respectively.

The second equation focuses on the ∆review score as the dependent variable. The variables

RVp,r−4:r and RVp,1:r−5 are again included to account for the recent and cumulative ”made in”

mentions variables.

The vector CVr represents the control variables, such as the recent review rate, recent

score, cumulative review rate, cumulative score, and time trend variables. These control variables

help account for other factors influencing the review rate and score.
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The product category fixed effects denoted as FEp in the model to capture specific product

category effects. These fixed effects control for any inherent differences among product categories

that could impact the review rate and review score.By estimating these econometric equations, we

aim to assess the direct effects of the ”Made in” mentions variables on the review rate and review

score changes while accounting for relevant control variables and product category effects.

In our analysis, we incorporated the ratio of these mentions to the total number of reviews

when considering the cumulative USA and China mentions variables. This approach was adopted to

address the potential bias introduced by products with more reviews having a higher likelihood of

receiving more ”made in” mentions. We aimed to normalize the impact of the ”made in” mentions

relative to the overall review activity by using the ratio of mentions to total reviews.

Furthermore, we multiplied the made-in-China mention rate by 100 and the made-in-USA

mention rate by 1000 to enhance the interpretability of the results. This scaling was implemented

because the frequency of ”made in” mentions is generally much lower than the total number of

reviews. The scaling allows for a more meaningful comparison and interpretation of the coefficients

associated with the ”made in” mention variables throughout our analysis. By applying these adjust-

ments consistently in our analysis, we aimed to address potential biases and ensure that the ”made

in” mention variables are appropriately considered in relation to the total review activity and the

overall scale of the dataset.

The second equation tests the impact of volatility on change in review and mention rates.

To test this, we use four econometric equations as below:

RV Rate
p,r+1 = γD0 + γUSA

D1 ∗MV Domestic
r + γMV

D2 ∗MV China
r + γCV

D3 ∗CVDomestic
p,r + FEp (2.4.3)

RV Score
p,r+1 = δD0 + δMV

D1 ∗MV Domestic
r + δMV

D2 ∗MVChina
r + δCV

D3 ∗CVr + FEp (2.4.4)
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RV USA
p,r+1 = ζD0 + ζMV

D1 ∗MV Domestic
r + ζMV

D2 ∗MVChina
r + ζCV

D3 ∗CVr + FEp (2.4.5)

RV China
p,r+1 = κD0 + κMV

D1 ∗RV USA
r + κMV

D2 ∗RV China
r + κCV

D3 ∗CVr + FEp (2.4.6)

where RV USA
p,r+1 represents the change in USA mentions, which is the difference between

the recent five ”made in USA” mentions and the cumulative ”Made in USA” mentions. Similarly,

RV China
p,r+1 represents the change in China mentions, calculated as the difference between the recent

five ”Made in China” mentions and the cumulative ”Made in China” mentions.

To account for the potential impact of economic conditions, we introduce the concept of

adjusted volatility. This adjusted volatility is obtained by dividing the volatility variables by the

USA quarterly e-commerce sales. This adjustment helps normalize the volatility measures relative

to the scale of the USA e-commerce market, allowing for a more meaningful interpretation of the

results. By incorporating the change in ”Made in USA” and ”Made in China” mentions and the

adjusted volatility measures, we aim to capture the dynamic nature of customer reviews and their

association with product origin information.

In our analysis, when utilizing the variables of EPU volatility, we apply a scaling adjustment

by dividing the EPU volatility values by the scaled e-commerce sales in the USA. This adjustment

accounts for the increasing trend observed in both EPU volatility values and e-commerce sales in

the USA. We followed the same strategy throughout our analysis when using the EPU variables.
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2.5 Results

2.5.1 Made in mentions drive sales: Results from hypothesis 1

In this section, we present the results of our study, focusing on the impact of ”Made in

USA” and ”Made in China” mentions on the domestic review rate of products. Our analysis aimed

to determine whether there was a significant relationship between these mentions and consumers’

review behavior. We also examined the influence of other factors, including cumulative review vari-

ables, recent review variables, and time trend variables, on the review rate and score. The results of

our analysis are summarized in Table 2.4, and we discuss the implications of these findings below.

In column (1) of Table 2.4, we examined the impact of ”made in USA” and ”made in China”

mentions, as well as other independent variable groups, on the ∆review rate and ∆review score. Our

findings reveal that the cumulative ”made in USA” mentions do not significantly affect the review

rates or scores. However, we observed a positive and statistically significant impact of the cumulative

”Made in China” mentions on the ∆next review rate and next review score.

The coefficient for cumulative ”Made in China” mentions indicates that for every 1% in-

crease in mentions, the ∆next review rate is expected to increase by 0.26%. This result aligns with

our hypothesis 1(b), which proposed that an increased number of ”Made in China” mentions would

positively influence the review rate. This result suggests that consumers’ knowledge of products

made in China and their perception of the associated quality and price can impact their review

behavior.

Our findings align with the report by (Mohsin, 2022), which emphasizes the importance of

price in Amazon customers’ purchasing decisions. While positive perceptions of products made in

China may exist, customers’ review behavior is influenced by price and perceived value for money.

Within the context of Amazon, where the price is a significant factor, customers may be more in-

clined to leave positive reviews for products made in China due to their affordability and perceived

value. This result further supports the notion that price considerations impact customers’ review

behavior and their evaluation of products.
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Contrary to our hypothesis 1(a), our findings reveal that the cumulative ”made in USA”

mentions do not significantly affect the review rate. This result implies that customers’ positive

perception of products made in the USA and any associated feelings of patriotism or national pride

do not substantially impact their review behavior. These findings suggest that other factors, such

as price, quality, or overall customer satisfaction, may play a more prominent role in influencing

customers’ review behavior rather than the country of origin.

In conclusion, our analysis encompassed various independent variable groups, including cu-

mulative review, recent review, and time trend variables. The results of our study indicate that the

cumulative mentions of ”Made in China” have a positive and statistically significant impact on the

∆next review rate of products. This finding supports our hypothesis that more ”Made in China”

mentions would positively influence the review rate. However, we did not find a significant effect for

”Made in USA” mentions, contradicting our hypothesis that these mentions would positively impact

the review rate. These results suggest that in online platforms like Amazon, factors such as price

and perceived value for money may be more influential in customers’ review behavior than in the

country of origin.

2.5.1.1 EPU does not drive mentions: Results from hypothesis 2

In this section, we present the findings of our study on the impact of Economic Policy Uncer-

tainty (EPU) on consumer behavior and the mentions of products made in the USA and China. We

aimed to investigate the relationship between EPU volatility and consumer preferences for products

from these countries and explore the potential spillover effects of EPU between the USA and China.

As shown in Table 2.6, our results shed light on these dynamics and provide valuable insights. We

will now discuss the implications of our findings.

In columns (1) to (4) of Table 2.6, we estimated the impact of EPU volatility on the re-

view rate, review score, mentions of products made in the USA, and mentions of products made in

China. Our findings reveal that both USA EPU volatility and China EPU volatility have a negative

and statistically significant effect on the review rate and score. Specifically, a 1% increase in USA

EPU volatility is associated with a decrease of 0.025% in the ∆next review rate. In comparison,
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a 1% increase in China’s EPU volatility is associated with a 0.1% decrease in the ∆next review

rate. These results suggest that higher levels of EPU volatility in both countries are associated with

decreased review rates and scores, indicating potential changes in consumer behavior during periods

of economic uncertainty.

However, the EPU volatility of both the USA and China does not significantly impact the

change in mentions of products made in either country. This finding contradicts our hypotheses

2(a) and 2(b), which suggested that increased EPU volatility in each respective country would neg-

atively influence the mentions of products made in that country. The non-significant relationship

between EPU volatility and mentions of products made in the USA or China suggests that the

economic uncertainty levels may not significantly influence consumer preferences for products from

these countries in those countries alone. It is important to note that our analysis focused on the

impact of EPU volatility on consumer behavior and mentions of products. It did not explore the

specific factors driving consumer preferences or the underlying mechanisms of their decision-making

processes. Further research is necessary to delve deeper into these factors and better understand the

dynamics between economic uncertainty and consumer preferences for products made in different

countries.

Our findings also shed light on the spillover effects of EPU between the USA and China.

Interestingly, our results suggest that EPU volatility in one country does not significantly impact

consumer preferences for products made in the other country. This result indicates that factors

other than economic uncertainty levels, such as product quality, brand reputation, or cultural as-

sociations, may influence consumer perceptions and preferences for products made in the USA or

China. Our study provides valuable insights into the impact of EPU volatility on consumer behavior

and preferences for products made in the USA and China. The results indicate that higher levels

of EPU volatility in both countries are associated with decreased review rates and scores, reflecting

potential changes in consumer behavior during uncertain economic times. However, it is important

to note that EPU volatility does not significantly affect consumer mentions of products made in the

USA or China. These findings highlight the complex nature of consumer preferences and suggest

that multiple factors beyond economic uncertainty contribute to consumer decision-making pro-

cesses. Further research is needed to explore these factors in more detail and better understand the
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underlying mechanisms of consumer preferences in the context of international trade and economic

uncertainty.

2.6 Conclusions

In conclusion, this study sheds light on the influence of product origin information and

economic policy uncertainty on customer reviews in the context of online businesses. The findings

provide valuable insights into consumer behavior and preferences, particularly regarding ”made-in

USA/China” mentions on Amazon.com. The results regarding the impact of ”made in” mentions

reveal that cumulative mentions of products made in China significantly and positively affect the

next review rate. This result suggests that increased mentions positively influence customer review

behavior, possibly due to consumers’ awareness of products made in China and their perceptions of

quality and price. On the other hand, cumulative mentions of products made in the USA do not

show a significant impact on review rates or scores. This result implies that customers’ positive

perception of products made in the USA, and any associated feelings of patriotism or national pride,

may not substantially influence their review behavior.

Moreover, the study highlights the influence of economic policy uncertainty on consumer

behavior. Both USA and China’s economic policy uncertainty volatility negatively and significantly

affect review rates and scores. Higher levels of economic policy uncertainty in both countries lead to

reduced review rates and scores, indicating potential changes in consumer behavior during uncertain

economic times. However, volatility of economic policy uncertainty does not significantly affect the

mentions of products made in the USA or China. This result suggests that consumer preferences

for products from these countries are influenced by factors other than economic uncertainty, such as

product quality, brand reputation, or cultural associations.

The findings contribute to a deeper understanding of consumer decision-making processes

and the factors that shape customer review behavior. They have important implications for busi-

nesses operating on online platforms like Amazon. Businesses can devise targeted marketing strate-

gies and enhance sales by understanding the impact of product origin mentions on customer reviews.
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Additionally, recognizing the influence of economic policy uncertainty on consumer behavior can help

businesses adapt their strategies during uncertain economic times.

However, it is essential to note that this study has limitations. First, the data cannot iden-

tify the sales price of the product. Although the listed price is available, identifying the sales price

can significantly improve the results. Also, the description data could not gather all possible product

IDs, which would have made the dataset even richer. Furthermore, the study focuses solely on the

influence of ”made-in USA/China” mentions. Studying other countries’ mentions can provide more

insights into how the made-in mentions shape consumer behavior based on ethnicity, language, etc.

Finally, this research focuses only on the ”made in” text; there is a need to incorporate forms of

”made in” versions like manufactured in, assembled in, produced in, etc. Future research should

consider these factors and incorporate data from websites other than Amazon.com to provide a

comprehensive understanding of consumer decision-making in online businesses.

In conclusion, this study contributes to the existing literature on consumer behavior and

product origin by examining the impact of ”made-in USA/China” mentions on customer reviews.

It also explores the influence of economic policy uncertainty on consumer behavior. The findings

provide valuable insights for businesses seeking to understand and leverage customer reviews in the

online marketplace. By considering the impact of product origin information and economic policy

uncertainty, businesses can better tailor their strategies and enhance customer satisfaction, ulti-

mately gaining a competitive advantage in the dynamic online business environment.
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Table 2.1: Data summary
Total Total Mean Made in USA Made in China

Products Reviews Rating Mentions Mentions
Clothing and Jewelry 1, 127, 172 24, 665, 669 4.14 205 17, 393
Home and Kitchen 549, 241 16, 958, 390 4.13 221 17, 299
Electronics 402, 627 16, 265, 245 3.98 35 6, 623
Sports and Outdoors 418, 845 10, 051, 262 4.20 111 9, 132
Cell phone and Accessories 257, 504 7, 706, 972 3.84 9 2, 001
Tools and Home Improvement 253, 982 7, 079, 173 4.18 87 8, 432
Toys and Games 290, 887 6, 423, 963 4.20 21 3, 525
Movies and TV 114, 306 6, 035, 245 4.16 31 96
Automotive 357, 120 6, 010, 165 4.24 47 4, 736
Pet Supplies 106, 820 5, 088, 673 4.06 123 4, 812
Office Products 140, 116 4, 359, 157 4.12 23 1, 706
Patio Lawn and Garden 141, 691 4, 195, 488 4.08 100 3, 775
Grocery and Gourmet Food 150, 748 3, 985, 562 4.27 33 808
CDs and Vinyl 219, 898 3, 437, 645 4.47 2 10
Arts Crafts and Sewing 114, 742 2, 129, 153 4.29 15 707
Video Games 46, 869 2, 054, 206 3.97 2 288
Industrial and Scientific 60, 800 1, 325, 182 4.26 14 964
Musical Instruments 53, 667 1, 201, 703 4.24 5 1, 235
Fashion 54, 273 565, 674 3.91 3 367
Appliances 15, 060 489, 232 4.24 3 394
Luxury Beauty 9, 554 473, 856 4.18 4 49
Prime Pantry 9, 286 397, 262 4.31 1 21
Beauty 13, 657 276, 573 4.06 4 105

This table summarizes the data for each product category, sorted by the total number of reviews present in each category.
The ”Total products” column represents the number of products in each category. The ”Total reviews” column displays the
total reviews received by the product category. The ”Mean rating” column indicates the average rating based on all the
review ratings for the product category. The ”Made in USA mentions” column shows the total number of reviews that
mention ”made in USA.” The ”Made in China mentions” column displays the total number of reviews that mention ”made
in China” within the product category.

2.7 Exhibits
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Figure 2.1: Comparison of USA and China mentions per review
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This figure illustrates the monthly comparison of the number of ”made in China” and ”made in USA” mentions per review.
To ensure comparability, the mention rates for ”made in China” and ”made in USA” are multiplied by 100 and 1000,
respectively.
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Table 2.2: Major Political events between USA and China during 1998-2018
Event Description

2001 January Presidential Election in USA G.W. Bush elected as the President of USA
2001 September September 11 attacks Terrorist attack on USA. China and USA worked together in the war on terror
2007 December - June 2009 Great Recession The great recession which lasted for 19 months in USA
2008 September U.S foreign creditor China became the largest foreign creditor to USA
2009 January Presidential Election in USA Barack Obama elected as the President of USA
2011 November Pivot to East Asia USA invested heavily in East Asian countries including China
2012 February Rising trade tensions USA and its allies contend China’s quota violates international trade norms
2012 November Presidential Election in China Xi Jinping elected as the President of People’s Republic of China (PRC)
2013 June Sunnylands Summit Presidents Obama and Jinping meet in California to ease tensions
2017 January Presidential Election in USA Donald Trump elected as the President of USA
2018 March Tariff war Trump administration announces tariffs on Chinese imports

This table summarizes major political events that could have influenced trade relations between the USA and China. The first column displays the year and month in which
each event occurred. The second column presents the event’s name, while the third column briefly describes the event. The timeline of these events is sourced from the Council
on Foreign Relations website (www.cfr.org).
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Table 2.3: Descriptive statistics of mentions and review variables
Min Q1 Q2 Q3 Max Mean SD Description

Macroeconomic MVDomestic
r USA EPU volatility 0.00 6.85 10.57 25.87 86.21 15.64 11.79 Volatility of economic uncertainty index of USA for the last 6 months

Variables MVChina
r China EPU volatility 0.00 17.91 24.50 32.08 103.72 31.57 23.18 Volatility of economic uncertainty index of China for the last 6 months

MVSales
r USA e-commerce sales 1.83 4.32 4.50 4.66 5.05 4.45 0.34 E-commerce sales in USA in the quarter measured in billions

Description PDr Made in China 0.00 0.00 0.00 0.00 1.00 0.00 0.02 Made in China mentions in the product description
Made in USA 0.00 0.00 0.00 0.00 1.00 0.00 0.06 Made in USA mentions in the product description

Next Review NRDomestic
r Rate 0.00 1.43 6.00 30.00 150.00 15.49 21.41 Number of reviews per month, calculated as 30/Interdays

Variables Relative rate −149.61 −6.26 0.00 1.18 149.97 0.49 15.76 Difference between the next review rate and the product’s cumulative review rate
Score 1.00 4.00 5.00 5.00 5.00 4.12 1.33 Rating given by the customer
Relative score −4.00 −0.59 0.34 0.75 4.00 −0.07 1.29 Difference between the next review score and the product’s cumulative score

Review RVDomestic
p,d,r−4:r Recent rate 0.00 0.96 7.56 20.75 126.00 13.44 16.49 Average review rate of the recent five reviews

Variables Recent USA mentions 0.00 0.00 0.00 0.00 2.00 0.00 0.01 Number of ”made in USA” mentions in the last five reviews as seen by the customer
Recent China mentions 0.00 0.00 0.00 0.00 5.00 0.00 0.06 Number of ”made in China” mentions in the last five reviews as seen by the customer
Recent score 0.00 3.60 4.20 4.80 5.00 4.12 0.73 Average score of the recent five reviews

RVDomestic
p,1:r−5 Cumulative rate 0.00 0.95 8.67 19.71 150.00 12.90 14.42 Cumulative average review rate of all reviews of the product

Cumulative reviews 1.00 8.00 42.00 173.00 6453.00 175.05 354.44 Cumulative number of reviews for the product as seen by the customer
Cumulative USA mentions 0.00 0.00 0.00 0.00 9.00 0.00 0.06 Cumulative number of mentions of ”made in USA” as seen by the customer
Cumulative China mentions 0.00 0.00 0.00 0.00 114.00 0.13 0.89 Cumulative number of mentions of ”made in China” as seen by the customer
Cumulative score 0.00 3.27 4.10 4.48 5.00 3.34 1.74 Cumulative average score of the reviews as seen by the customer
Cumulative made in USA score 0.00 0.00 0.00 0.00 5.00 0.01 0.19 Cumulative rating of the made in USA mentioned reviews
Cumulative made in China score 0.00 0.00 0.00 0.00 5.00 0.22 0.90 Cumulative rating of the made in China mentioned reviews

Controls CVr Monthly time trend 0.00 205.00 221.00 233.00 254.00 215.17 29.10 Number of months since the first review in the dataset

This table provides an overview of the dependent and independent variables used in our model. It lists the variables and briefly describes each variable.
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Table 2.4: Impact of ”made in” mentions on product review rate
Dependent Variable

∆Next ∆Next
Review Rate Review Score

Review Variables RVp,r−4:r Recent rate 1.170* −0.036*

(0.081) (0.009)
Recent USA mentions 0.108 −0.001

(0.078) (0.010)

Recent China mentions 0.060* 0.001
(0.013) (0.002)

Recent score 0.143* 0.999*

(0.023) (0.005)
Cumulative USA mentions −0.016 0.003

(0.036) (0.002)

Cumulative China mentions 0.026* 0.004*

(0.011) (0.001)

Made in China score 0.026* −0.001*

(0.003) (0.000)

Made in USA score 0.018 −0.001*

(0.014) (0.000)
Statistics R-square 0.09 0.27

Adj.R-square 0.09 0.27
N (in millions) 118.97 118.97

The column header indicates the dependent variable in the model, which is either the ∆next review rate or the ∆next
review score. The model uses the recent mention variables, cumulative review variables, cumulative review variables, time
trend variables, and product category fixed effects as independent variables and control variables.

Significance at *p < 0.05, �p < 0.01

Table 2.5: Effect of Political Events on future reviews
Dependent variable

∆Next ∆Next
Review Rate Review Score

Political PVr 2000 USA Presidential election −0.103* −0.135*

(0.033) (0.017)

2001 September 11 attacks −0.121 −0.133*

(0.079) (0.019)

2007 Great Recession −0.172* −0.039*

(0.058) (0.013)

2008 China top foreign creditor 0.155* 0.004
(0.041) (0.004)

2009 USA Presidential election −0.168* −0.031*

(0.031) (0.006)

2011 Pivot to East Asia 0.090* −0.038*

(0.034) (0.005)

2012 Rising trade tensions −0.171* −0.060*

(0.042) (0.004)

2012 China Presidential election 0.540* 0.075*

(0.019) (0.006)

2013 Sunnylands summit 0.195* −0.004
(0.026) (0.008)

2017 Presidential election −0.276* −0.028*

(0.019) (0.004)

2018 tariff war −0.151* −0.063*

(0.023) (0.007)
Statistics R-square 0.012 0.001

Adj.R-square 0.012 0.001
N (in millions) 118.97 118.97

The column header indicates the dependent variable in the model, which is either the ∆next review rate or the ∆next
review score. The dummy variables for the political events are used as independent variables in the model. The product

category fixed effects are also included as another variable in the model. Significance at *p < 0.05, �p < 0.01
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Table 2.6: Effect of EPU Volatility on ”Made In” mentions
Dependent variable

∆Next ∆Next ∆Made-in ∆Made-in
Review Review USA China
Rate Score Mentions Mentions

Macroeconomic MVDomestic
r Adjusted USA volatility −0.025* −0.002* 0.000 0.000

(0.005) (0.000) (0.000) (0.000)

Variables MVChina
r Adjusted China volatility −0.101* −0.004* 0.000 0.000�

(0.012) (0.001) (0.000) (0.000)
Statistics R-square 0.089 0.266 0.037 0.040

Adjusted R-square 0.089 0.266 0.037 0.040
N 118.97 118.97 118.97 118.97

The column header indicates the dependent variable in the model, which is either the ∆next review rate or the ∆next
review score. The EPU volatility variables are used as independent variables in the model. The cumulative review variables,

time trend variables, and product category fixed effects are included as controls. Significance at *p < 0.05, �p < 0.01

Table 2.7: Model Fit by Product Category
Recent Cumulative Made in Macroeconomic All
Review Review Mention Variables Variables
Variables Variables Variables

Appliances 0.43 0.44 0.07 0.01 0.48
Arts Crafts and Sewing 0.38 0.39 0.02 0.00 0.44
Automotive 0.41 0.43 0.04 0.00 0.47
Beauty 0.44 0.41 0.09 0.00 0.48
CDs and Vinyl 0.51 0.38 0.00 0.01 0.53
Cell phone and Accessories 0.48 0.38 0.02 0.00 0.50
Clothing and Jewelry 0.43 0.38 0.05 0.01 0.47
Electronics 0.49 0.43 0.03 0.01 0.52
Fashion 0.40 0.35 0.02 0.00 0.44
Grocery and Gourmet Food 0.44 0.44 0.02 0.01 0.49
Industrial and Scientific 0.44 0.45 0.06 0.00 0.49
Luxury Beauty 0.40 0.39 0.01 0.01 0.45
Movies and TV 0.57 0.47 0.00 0.04 0.60
Musical Instruments 0.43 0.44 0.04 0.01 0.49
Office Products 0.45 0.44 0.03 0.01 0.50
Patio Lawn and Garden 0.41 0.39 0.04 0.01 0.45
Pet Supplies 0.47 0.47 0.04 0.02 0.52
Prime Pantry 0.31 0.32 0.02 0.02 0.37
Sports and Outdoors 0.42 0.41 0.04 0.01 0.47
Tools and Home Improvement 0.44 0.44 0.05 0.01 0.49
Toys and Games 0.39 0.33 0.03 0.01 0.43
Video Games 0.52 0.40 0.02 0.02 0.54

The table provides the R-squared values for models predicting the next review rate using different independent variable
groups. The values represent the goodness of fit of each model when considering specific sets of variables. Only recent
review variables are included as independent variables in the first column. In the second column, only cumulative review
variables are used. The third column includes only ”made in” variables, while the fourth includes only EPU and time trend
variables. Lastly, the fifth column includes all variables combined. The next review rate serves as the dependent variable in
all models. The R-squared values indicate the proportion of variance in the next review rate explained by the independent
variables in each model.
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Table 2.8: Moderating effect of EPU on Made in mentions
Dependent Variable

Recent Recent Cumulative Cumulative
Made-in USA Made-in China Made-in USA Made-in China
Mentions IRF Mentions IRF Mentions IRF Mentions IRF

Macroeconomic MVDomestic
r Adjusted USA volatility −0.328* −0.327* −0.331* −0.301*

(0.002) (0.002) (0.002) (0.002)

MVChina
r Adjusted China volatility −1.140* −1.139* −1.160* −1.063*

(0.003) (0.003) (0.003) (0.003)
Controls Cumulative review variables Yes Yes Yes Yes

Category fixed effects Yes Yes Yes Yes
Time trends Yes Yes Yes Yes

Statistics R-squaretype 0.013 0.013 0.014 0.014
Adjusted R-square 0.013 0.013 0.014 0.014
N 118.968 118.968 116.046 116.046

The table presents the sensitivity analysis between the dependent variable, the next review rate, and the significant
independent variables of recent and cumulative mentions of products made in the USA and China. The sensitivity is
measured using Impulse Response Function (IRF). Each column represents a model with a different dependent variable.
The dependent variable in column (1) is the IRF of recent made-in-USA mentions. In column (2), the dependent variable is
the IRF of recent made-in-China mentions, which is calculated as the ratio of the next review rate to the number of
made-in-China mentions in the last five reviews. In column (3), the dependent variable is the IRF of cumulative made-in
USA mentions, which is calculated as the ratio of the next review rate to the cumulative number of made-in USA mentions.
In column (4), the dependent variable is the IRF of cumulative made-in China mentions, which is calculated as the ratio of
the next review rate to the cumulative number of made-in China mentions. The independent variables in all models are the
adjusted EPU volatility for the USA and China. The sensitivity analysis explores the relationship between these variables
and the next review rate, providing insights into the impact of recent and cumulative mentions on consumer behavior.
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Chapter 3

Managing Cross-Lingual

Inclusiveness in Online Platforms:

Evidence from Amazon Reviews

and Translation Technology

3.1 Introduction

The rise of e-commerce platforms has transformed the way consumers shop for products

and services, with Amazon.com emerging as a dominant player in the United States. With its vast

array of products and a large customer base, Amazon.com offers businesses a unique opportunity to

reach a wide audience and drive sales. In this context, understanding the factors that influence the

customers on Amazon.com is pivotal for it’s success. One way Amazon communicates with reviews

is by the information Amazon can share to customers through reviews. The language the customer

receives a service in plays a pivotal role in shaping consumers’ perceptions and purchase decisions

(Kelly, 2012). According to Kelly (2012) 72.4% of consumers are more likely to buy a product with

information in their own language. Customers prefer to interact in their first language (Holmqvist,

2011). But online reviews are posted in multiple languages. It is not yet studied in a e-commerce
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setting on how consumers react to reviews from a language other than their own. In this research

we focus on how review language can influence the business of Amazon.

According to eDesk, online product reviews, are a way of communicating with the e-

commerce customer. Online reviews have gained considerable prominence as a vital source of infor-

mation for potential buyers. They not only provide insights into product features and functionality

but also reflect the opinions and experiences of customers. Consequently, businesses have increas-

ingly recognized the significance of reviews and their impact on sales performance. Understanding

how the language used in reviews affects businesses on Amazon.com is therefore a critical area of

research. The aim of this study is to explore the relationship between the language employed in

reviews on Amazon.com and its influence on businesses’ future review rates. Specifically, we will

investigate the effects of English reviews count and Spanish reviews count on the review rate for

a product on Amazon.com. By analyzing a comprehensive dataset obtained from Ni et al. (2019),

which encompasses reviews across 28 distinct product categories, we aim to provide valuable insights

into the language dynamics within online reviews and its implications for businesses operating on

Amazon.com.

Research in the field of online consumer behavior has established that online reviews sig-

nificantly impact purchase decisions. Previous studies have investigated various aspects of reviews,

including their volume, sentiment, and linguistic characteristics, and their effects on sales perfor-

mance. Notably, (Chevalier and Mayzlin, 2006) demonstrate the positive influence of reviews on

book sales, analyzing Amazon.com and Barnes & Noble. (Dellarocas, 2003) highlights the signifi-

cance of user feedback mechanisms, such as user forums, in shaping customer behavior. Moreover,

Spool (2009) estimates that a single review on Amazon.com can result in 1300 sales, underscoring

the positive impact of reviews on customer behavior and businesses. At the same time (Ajjuguttu

et al., 2023) have shown that the language of a shared review by Amazon.com can have a significant

impact on customers. (Ajjuguttu et al., 2023) have shown that customer respond differently to

different review languages under multiple conditions.

While positive effects of English reviews and negative effects of non-English reviews have

been studied by (Ajjuguttu et al., 2023) in a global review sharing setting, the influence of domestic
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peer customer reviews is not studied yet. This represents a significant research gap, considering

that Amazon.com caters to a diverse customer base comprising individuals with different linguistic

backgrounds. Understanding how domestic English and Spanish reviews affect sales performance

is vital for businesses operating on Amazon.com to effectively engage with this diverse customer

segment.

Existing research provides some indications regarding the impact of reviews Dellarocas

(2003); Xu et al. (2021). Studies in the field of cultural analysis have noted non-English reviews

exhibit different expectations than their English counterparts (Schuckert et al., 2015). Antonio et al.

(2018) identifies that non-English customers gave lower rating compared to English speaking cus-

tomers. This suggests that reviews written in languages other than English may convey less positive

sentiment, potentially leading to reduced sales. However, further investigation is needed to provide

a comprehensive understanding of the specific influence of non-English reviews on businesses’ sales

performance on Amazon.com.

In light of these research gaps and the significance of language in shaping consumer per-

ceptions and purchase decisions, this study seeks to contribute to the existing body of knowledge

by examining the relationship between language in reviews and businesses’ sales performance on

Amazon.com. By investigating the effects of English reviews count and Spanish reviews count, we

aim to provide insights that can guide businesses in optimizing their review strategies and leverag-

ing the language dynamics in online reviews to enhance their sales performance on this influential

e-commerce platform. We focus only on Spanish reviews as that is the most widely spoken language

in USA after English.

In the era of globalization and digital connectivity, online platforms have become a cen-

tral hub for product reviews, enabling customers from diverse cultural backgrounds and linguistic

preferences to share their experiences and insights. While the influence of reviews on consumer

decision-making is widely recognized, the role of review language diversity in motivating customers

to write their first reviews remains an intriguing and understudied area. Review language diversity

refers to the presence of reviews written in various languages for a given product. In an increasingly

interconnected world, products are often accessible to a global customer base, transcending language
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barriers (Ajjuguttu et al., 2023). When customers encounter a product with multiple language re-

views, it suggests widespread usage and acceptance among diverse communities, creating a sense of

inclusivity. This research explores whether this inclusivity can motivate customers to contribute to

their reviews.

One key aspect of multiple language reviews is the concept of social proof. According to so-

cial proof theory, individuals are inclined to look to others for guidance on how to behave, especially

in situations with high uncertainty (Cialdini, 2006). When customers see a product with reviews in

different languages, it provides a powerful form of social proof, signaling that the product has gar-

nered a broad user base and enjoys global popularity. This collective approval and acceptance of the

product may influence first-time customers to feel compelled to participate in the reviewing process,

as they perceive their contribution as valuable in shaping the overall reputation and perception of

the product. Additionally, review language diversity can foster a sense of community and belonging

among customers. When individuals encounter reviews in their native or familiar language, they feel

a greater connection to the product and the reviewing community (Holmqvist, 2011). This linguistic

affinity creates a shared identity and a desire to engage in the discourse, as customers are more likely

to trust and resonate with reviews written in their preferred language. Consequently, customers may

be motivated to write their first reviews to actively participate in this linguistic community, express

their opinions, and contribute to the overall diversity and richness of the reviewing ecosystem. This

research aims to shed light on the impact of multiple language reviews on customers’ motivation to

engage in the review process for the first time.

3.2 Literature and hypothesis development

3.2.1 Reviews

Customer reviews have become integral in shaping consumer perceptions and influencing

purchase decisions, providing valuable information for individuals seeking insights about products

or services (Dellarocas, 2003). While previous research has extensively examined the impact of re-

views on product popularity, sales, and brand reputation (Dellarocas et al., 2010; Amblee and Bui,

2008; Spool, 2009), the influence of review language diversity on customers’ reviewing behavior re-

mains a relatively understudied area. Review language diversity has the potential to foster inclusivity
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and diversity within the reviewing community, as customers encounter reviews written in various

languages. This linguistic diversity can be perceived by English-speaking customers as a reflection of

a broader user base, indicating the product’s popularity and global acceptance (Papanastasiou and

Savva, 2017). As customers often delay their purchase decisions until they see reviews from peers,

more reviews for a product can positively influence customer behavior (Papanastasiou and Savva,

2017). Therefore, we hypothesize that Amazon, as a leading online marketplace, would actively post

Spanish reviews to customers in the USA, aiming to enhance the review rate among English-speaking

customers.

We posit that the count of Spanish reviews can positively affect English-speaking customers’

review rates. When English-speaking customers encounter a higher count of Spanish reviews, it

can create a sense of inclusivity and diversity within the reviewing ecosystem. English-speaking

customers may perceive this linguistic diversity as indicating the product’s popularity and global

acceptance, influencing their motivation to participate actively in the review process and provide

feedback. The increased presence of Spanish reviews can serve as social proof, bolstering the credi-

bility and trustworthiness of the product among English-speaking customers and ultimately leading

to a higher review rate.

On the other hand, Spanish-speaking customers often find comfort and validation in reviews

written in their native language or a language they understand well. The presence of Spanish re-

views signifies that the product has gained attention and usage within their linguistic community,

enhancing their trust and relatability (Holmqvist, 2011). The sense of connection and belonging fos-

tered by encountering reviews in their preferred language can motivate Spanish-speaking customers

to share their experiences and contribute to the review count actively. Consequently, a higher count

of Spanish reviews positively influences the review rate among Spanish-speaking customers. Specif-

ically, we hypothesize that

Hypothesis 1(a): The count of Spanish reviews affects the English customer’s next review

rate positively.

Hypothesis 1(b): The count of Spanish reviews affects the Spanish customer’s next review
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rate positively.

3.2.2 Review Language

Drawing from the literature on language impact on customer behavior, we propose that the

language in which customers encounter reviews plays a crucial role in shaping their subsequent re-

viewing behavior (Holmqvist, 2011; Holmqvist and Vaerenbergh, 2013). Language holds significant

emotional and psychological meaning for individuals, influencing perceptions of brand authenticity

(Puntoni et al., 2009).

Research by Vaerenbergh and Holmqvist (2014) highlights that customers are less likely to

engage in positive word-of-mouth communication when they receive service or encounter information

in a second language, which can hinder effective communication and diminish emotional connections.

Additionally, Vaerenbergh and Holmqvist (2013) finds that customers who receive service in their

preferred language demonstrate a greater willingness to tip more, indicating a stronger positive re-

sponse when encountering their native language during service encounters.

Building on this literature, we propose Hypothesis 2(a), which suggests that the count of

Spanish reviews negatively affects the review rate of English-speaking customers. When English-

speaking customers encounter many Spanish reviews, a lack of familiarity and emotional connection

to the Spanish language may decrease their motivation to contribute their reviews. This disconnect

or disengagement may reduce their review rate. Furthermore, Spanish reviews may create a percep-

tion of exclusion or limited relevance for English-speaking customers, as reviews in a language they

need help understanding may reduce their perceived importance within the reviewing community.

Conversely, the count of Spanish reviews positively affects the review rate of Spanish-

speaking customers. Spanish-speaking customers react positively to a higher number of Spanish

reviews. Reviews in their preferred language enhance their familiarity and emotional connection,

increasing their motivation to contribute their own reviews. Consequently, the review rate of Spanish-

speaking customers positively influences the count of Spanish reviews.

Based on the literature regarding language’s impact on customer behavior, we hypothesize
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that the count of Spanish reviews negatively affects the review rate of English-speaking customers.

In contrast, it positively affects the review rate of Spanish-speaking customers. Specifically, we hy-

pothesize that:

Hypothesis 2(a): The count of Spanish reviews affects the English-speaking customer’s

next review rate negatively.

Hypothesis 2(b): The count of Spanish reviews affects the non-English-speaking cus-

tomer’s next review rate positively.

3.2.3 First Reviewers

The study by Dellarocas and Narayan (2006) observed that individuals post reviews about

a movie if the movie already has more reviews. This self-involvement and social benefits perspective

suggests that reviewing is driven by a desire to contribute to an existing online community and gain

social recognition. As individuals observe more reviews for a product, they may perceive a thriving

and active reviewing community, which can stimulate their motivation to participate and contribute

to their reviews.

The literature on social influence further supports the relationship between the number of

reviews seen and the propensity to post reviews. According to social proof theory, individuals look

to others for behavior guidance, especially in highly uncertain situations (Cialdini, 2006). When

individuals observe a more significant number of reviews for a product, it serves as social proof,

indicating that the product has been extensively reviewed and experienced by others. This social

proof can influence first reviewers by providing reassurance and a sense of validation, increasing their

likelihood of posting their reviews (Cialdini, 2006).

In addition to social proof, a higher number of reviews can signal product popularity and

demand. Previous research has found that the quantity of reviews positively influences consumers’

perceptions (Chevalier and Mayzlin, 2006). When first reviewers observe a substantial number of

reviews for a product, they may interpret it as an indication of its popularity and value, further

motivating them to contribute their reviews. Moreover, the mere exposure effect suggests that re-
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peated exposure to a stimulus increases individuals’ liking and positive evaluation of that stimulus.

In the context of online reviews, when first-reviewers encounter a product with a higher number of

reviews, they are exposed to more information and opinions about the product. This exposure to

diverse perspectives and experiences can enhance their understanding and evaluation of the product,

prompting them to share their thoughts and contribute to the growing body of reviews (?Gregan-

Paxton and Moreau, 2003).

This hypothesis builds upon the findings of Dellarocas and Narayan (2006) and aligns with

theories of social proof (Cialdini, 2006), product popularity, and the mere exposure effect. As first

reviewers observe more reviews for a product, their motivation to participate in the reviewing pro-

cess increases, driven by the desire to contribute to the existing reviewing community, gain social

recognition, perceive product popularity, and benefit from exposure to diverse opinions. Specifically,

we hypothesize that

Hypothesis 3(a): The count of English reviews affects the first-review customer’s review

rate positively.

Hypothesis 3(b): The count of Spanish reviews affects the first-review customer’s review

rate positively.

3.3 Data and Methodology

We collected our data from four sources to investigate our research question. The first

dataset is a secondary dataset obtained from Ni et al. (2019), who scraped and updated the dataset

in 2018. This dataset includes all product reviews from Amazon.com in 2018, providing informa-

tion on various review attributes such as rating, reviewer name, and review text. We specifically

extracted data on review rating, review date, Amazon Standard Identification Number (ASIN), and

review text from this dataset.

The second dataset is secondary data from previous study by Baker et al. (2016). The
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authors developed an Economic Policy Uncertainty (EPU) index for the USA. The EPU index was

computed using three components: newspaper coverage related to policy-related economic uncer-

tainty, reports by the Congressional Budget Office, and the Federal Reserve Bank of Philadelphia’s

Survey of Professional Forecasters. The newspaper coverage was used to construct an index for the

volume of news articles discussing economic policy uncertainty. The Congressional Budget Office

provided lists of temporary federal tax code provisions, which were used to compile annual dollar-

weighted numbers for each tax code set to expire in the next ten years, giving a measure of the level

of uncertainty regarding the future of the federal tax code. The Federal Reserve Bank of Philadel-

phia’s Survey of Professional Forecasters was used to create indices of uncertainty about policy-

related macroeconomic variables using the dispersion between individual forecasters’ predictions of

future levels of the Consumer Price Index, Federal Expenditures, and State and Local Expenditures.

The third dataset is the quarterly e-commerce report developed by U.S. Census Bureau.

This dataset comprises data on e-commerce activity in the United States. We use this dataset to

obtain information on quarterly e-commerce sales in the United States.

The fourth dataset is from trends.google.com. We used the interests in the topic ”Make

America Great Again” on trends.google.com over time. Trends.google provides this data from 2004

to present at a monthly level.

3.3.1 Data Cleaning and Summary

Our study encompassed a comprehensive dataset consisting of 28 product categories. Table

3.2 provides a detailed list of the 28 product categories included in our dataset. However, we ex-

cluded books, kindle store, digital music, magazine data from the analysis from our analysis due to

their content-dependent nature rather than the product themselves. The dataset we utilized com-

prises 178,828,181 reviews, ensuring a robust and representative sample for our analysis. Among

these reviews, the largest dataset pertained to clothing and jewelry, encompassing approximately 19

million reviews, followed closely by the electronic products dataset.

We followed three steps in our process of data cleaning.
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� We excluded reviews that did not include a rating, as the rating aspect was integral to our

analysis. This step removed 44,392 reviews.

� To mitigate the potential impact of reviews for relatively unpopular products, we established

a minimum threshold of 10 reviews for inclusion in our analysis. We removed products which

have less than 10 reviews in total. This step aimed to ensure the reliability and validity of our

findings by focusing on products that had received a sufficient number of reviews. This step

removed more than 5 million reviews.

� We also did not consider the reviews that came before a product has reached 10 reviews,

essentially we removed the first 10 reviews of a product out of our analysis to eliminate the

early stage introduction effects for a product. And consumers are known to be reading at least

10 reviews on average before trusting a business (Zhou, 2023). This step removed around 3

million reviews.

Our final sample size for the analysis is approximately 170,815,387 million reviews.

According to an Oberlo report on Amazon.com in 2022 (Mohsin, 2022), electronics, apparel,

and home and kitchen goods emerged as the most popular shopping categories on the platform.

Interestingly, our dataset, as reflected in Table 3.2, predominantly comprises data from these very

categories. Consequently, despite the fact that the data was scraped in 2018, our sample can be

considered a representation of the current trends observed in 2022. This alignment between our

dataset and the popular shopping categories on Amazon.com in 2022 enhances the relevance and

applicability of our findings. Furthermore, it is important to highlight that our data encompasses a

time span of 254 months, as indicated by the monthly time trend variable presented in Table 3.3.

3.3.2 Variable Construction

3.3.2.1 Dependent and Independent Variables

To study the research questions we have built variables under multiple categories.

� Macroeconomic Variables: The macroeconomic variables related to Economic Policy Un-

certainty (EPU) were obtained from the study conducted by Baker et al. (2016). To measure
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the volatility of EPU, we calculated the standard deviation of the EPU values over the past

six months.

– USA EPU volatility was determined by finding the standard deviation of the USA EPU

values for the six months preceding a given month. For instance, to calculate the USA

EPU volatility for July 2020, we considered the monthly USA EPU values from January

2020 to June 2020 and computed their standard deviation.

– USA e-commerce sales is the quarterly e-commerce sales value in USA in billions of dollars

– MAGA is the interest on the topic ”Make America Great Again” in USA. The variable

spans over a time period of 2004 to 2023. The peak interest in this time period is

considered as value 100 and all other values calculated based on the peak time period

ranging from 0-100.

– Monthly non-English count is the number of non-English reviews in a month in our

dataset. This variable accounts for the trend of non-English review on Amazon.com.

� Next Review variables: The next review variables serve as our primary dependent variables

in the model. We define and calculate these variables as follows:

– Review Rate: This variable measures the rate at which reviews are generated for a prod-

uct. It is calculated using the equation:

ReviewRate = 30/(Dater+1 −Dater) (3.3.1)

Here, Dater+1 represents the date when the current review is submitted into the system,

and Dater represents the date of the most recent review prior to the current one. The

review rate is analogous to the cycle time, indicating the time between two successive

units in a system. We compute the review rate as the number of reviews per month,

hence the inclusion of 30 in the numerator. A higher value for this variable indicates a

faster influx of reviews for a product, while a lower value implies a slower rate.

– Relative Review Rate: This variable captures the difference between the next review rate

and the cumulative average of all past review rates for a particular product. It compares

the product’s current review rate to its own historical performance, reflecting how much

the product’s current rate deviates from its average past performance.
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– Score: The score variable represents the rating assigned by the current customer for the

product. As reported in Table 3.3, it can be seen that more than 50% of the reviews have

a five star rating.

– Relative Score: The relative score is computed as the difference between the rating as-

signed by the current customer and the average rating of the product from prior reviews.

– Next English Rate: This variable captures the next review rate of the English review.

– Next English Rate: This variable captures the difference between the next review rate

of the English review compared to the cumulative average of all past review rates for

a particular product. It compares the product’s current English review rate to its own

historical performance, reflecting how much the product’s current rate deviates from its

average past performance.

– Next Spanish Rate: This variable captures the difference between the next review rate

of the Spanish review compared to the cumulative average of all past review rates for

a particular product. It compares the product’s current Spanish review rate to its own

historical performance, reflecting how much the product’s current rate deviates from its

average past performance.

In our study, we encountered reviews in languages other than English in our dataset. To

account for the potential impact of review language on customer behavior, we utilized the fastText

package in R to detect the language of each review. However, upon reviewing a random sample of

reviews, we found that the language detection accuracy was unsatisfactory for a significant portion

of the reviews, with an approximate error rate of 10%. To address this issue, we implemented a

probabilistic categorization approach based on the language probabilities provided by the fastText

package. Here are the steps we followed for language categorization:

� We estimated the language tag for each review using the fastText package.

� We collected the language probability associated with each review.

� If the language probability exceeded 0.75, we assigned the review to the corresponding language

category determined by the package.

� If the language probability was below 0.75, we categorized the review as part of an unconfident

group.
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As a result, we classified all the reviews into four groups:

1. English confident: This category comprises reviews confidently detected as being in English

with a probability greater than 0.75.

2. Spanish confident: This category includes reviews that were confidently identified as being in

a Spanish language with a probability greater than 0.75.

3. Other confident: This category includes reviews that were confidently identified as being in a

non-English and non-Spanish language with a probability greater than 0.75.

4. Unconfident: This category consists of reviews for which the language probability fell below

0.75, indicating a lack of confidence in the language classification.

By employing this categorization approach, we aimed to address the errors associated with

natural language processing packages. Notably, a significant portion of the unconfident group reviews

may contain similar words between two languages. For example, ”excellent” in English is ”excelente”

in Spanish. When the textual content of a review is closely related to another language, the language

detection packages may struggle to determine the review’s language confidently. Moreover, when

the shared words are easily understandable across languages, the language effect on reviews may be

limited. The review variables are built based on only the English confident and Spanish confident

groups.

� Review variables

– Recent review variables: According to a report by Invesp, most customers read 4-6

reviews before making a purchase. Using this idea, we constructed variables to test the

impact of the recency bias by building variables based on the five most recent reviews.

* Recent rate is the average review rate of the recent five reviews. It captures the

average rate at which reviews are generated for a product based on the most recent

customer feedback.

* Recent score is the average rating given by customers in the five most recent reviews

for the product. It provides insights into the average customer satisfaction level

expressed through ratings in recent feedback.
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* Recent English count is the number of English reviews that the customer can see in

the five most recent reviews.

* Recent English rate is the average review rate of English reviews that the customer

can see in the five most recent reviews.

* Recent English score is the average rating of English reviews that the customer can

see in the five most recent reviews.

* Recent Spanish count is the number of Spanish reviews that the customer can see in

the five most recent reviews.

* Recent Spanish rate is the average review rate of Spanish reviews that the customer

can see in the five most recent reviews.

* Recent Spanish score is the average rating of Spanish reviews that the customer can

see in the five most recent reviews.

– Cumulative variables: We created these variables to investigate the influence of the

review history on product review rate. To avoid any potential confounding effects with the

recent variables, we excluded the five most recent reviews when computing the cumulative

variables.

* Cumulative count is the total number of reviews a product has received in the past.

* Cumulative rate is the average review rate of all the reviews in the past.

* Cumulative score is the average rating given by customers for the product.

* Cumulative English count is the number of English reviews that the customer can

see for the product.

* Cumulative English rate is the average review rate of English reviews that the cus-

tomer can see for the product.

* Cumulative English score is the average rating of English reviews that the customer

can see in the for the product.

* Cumulative Spanish count is the number of Spanish reviews that the customer can

see for the product.

* Cumulative Spanish rate is the average review rate of Spanish reviews that the cus-

tomer can see for the product.
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* Cumulative Spanish score is the average rating of Spanish reviews that the customer

can see for the product.

� Reviewer variables

– Reviewer count is the count of the number of reviews a customer a review posted.

3.3.2.2 Control Variables

Monthly time trend is the number of months since the first review in the dataset. It captures

the temporal effects and trends in sales over time.

3.3.2.3 Fixed Effects

Product Category We have a total of 25 product categories, as mentioned earlier. This allows

us to account for any unobservable effects of review rate specific to each product category. We do

not incorporate time fixed effects in our model, as the monthly time trend variable already captures

the temporal changes.

3.4 Analysis

In this section, we will present an econometric model to examine the impact non-English

reviews on review rates. Our analysis will be divided into three main sections to provide a compre-

hensive understanding of the relationships between these variables.

3.4.1 Econometric setup to test the affect of Spanish reviews

In the first section of the analysis, we focus on the ∆review rate, ∆review score as the

dependent variable. We test the direct affect of the language variables on the ∆next review rate and

∆review score of the variables by using two econometric equations as follows:

RVRate
p,r+1 = α0 + α1 ∗RVp,r−4:r + α2 ∗RVp,1:r−5 + α3 ∗CVp,r + FEp (3.4.1)

where RV Rate
p,r+1 is vector of multiple dependent variables. the next-review rate, next review

score, ∆next review rate, ∆next review score, RVp,r−4:r is the vector of recent review variables,
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RVp,1:r−5 is the vector of cumulative review variables. CVp,r is the vector of all control variables

like recent review rate, recent score, and time trend variables. FEp is the product category fixed

effects used in the model.

3.4.2 Econometric setup to study the impact on different language cus-

tomers

In the second part of the analysis we split the data into two parts as English and Spanish

reviewing customers. In the first group we have only the customer who reviewed in English. We

measured the review rate of this subset of customers. This value tells us how fast English reviewing

customers are coming into the system. This allows us to measure the rate at which English reviews

come into the system. We repeat the same exercise for Spanish reviewing customers too.

The econometric equation for the English reviewing customers is:

RVEnglishRate
p,r+1 = β0 + β1 ∗RVp,r−4:r + β2 ∗RVp,1:r−5 + β3 ∗CVp,r + FEp (3.4.2)

The econometric equation for the Spanish reviewing customers is:

RVSpanishRate
p,r+1 = β0 + β1 ∗RVp,r−4:r + β2 ∗RVp,1:r−5 + β3 ∗CVp,r + FEp (3.4.3)

For English customers, we use the ∆Next English review rate as a new dependent variable

as shown in equation 4.2. And for Spanish customers, we use the ∆Next Spanish review rate as a

new dependent variable which tells how fast the next Spanish review is coming into the system as

shown in equation 4.3.

3.4.3 Econometric setup to test the affect of first reviewers

In the third section of the analysis, we focus on the ∆review score variable as the dependent

variable. We test the affect of the review variables on the ∆next review score of the variables on

only the first-review customers by using the econometric equation as follows:

RVRate
p,r+1 = α0 + α1 ∗RVp,r−4:r + α2 ∗RVp,1:r−5 + α3 ∗CVp,r + FEp (3.4.4)
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where RV Rate
p,r+1 is vector of dependent variable the next review score, ∆next review rate,

∆next review score, RVp,r−4:r is the vector of recent review variables, RVp,1:r−5 is the vector of

cumulative review variables. CVp,r is the vector of all control variables like recent review rate,

recent score, and time trend variables. FEp is the product category fixed effects used in the model.

3.5 Results

3.5.1 Effect of Spanish reviews

In this section, we present the estimation results from our analysis, examining the impact

of Spanish review variables on Amazon.com customers. Table 3.4 displays the estimation results

using equation (4.1), providing insights into the relationship between the Spanish review variables

and the customers’ reviewing behavior.

Several noteworthy patterns emerge from the results presented in Table 3.4. Firstly, we find

that the count of Spanish reviews significantly positively affects the customers’ next review score.

This result implies that increased Spanish reviews lead to higher future review scores, indicating that

Spanish reviews influence customers’ perceptions of the product. Furthermore, the count of Spanish

reviews also positively impacts the next review rate of Spanish-speaking customers. This result

suggests that Spanish-speaking customers are more inclined to contribute their reviews when they

observe more Spanish reviews for a product. Spanish reviews serve as social proof and contribute

to community engagement, motivating Spanish-speaking customers to participate in the reviewing

process.

On the other hand, the count of English reviews demonstrates a positive effect on the next

review rate for both English-speaking and Spanish-speaking customers. As the number of English

reviews increases, customers are likely to post them. English reviews serve as a social cue, indicating

the popularity and engagement surrounding the product, which influences customers to participate

and share their opinions actively.

Interestingly, the cumulative English review rate positively impacts the future review rate.

90



As a measure of the product’s past performance, a higher English review rate increases the likeli-

hood of future reviews. This finding suggests that English review rates have a lasting impact on

customers’ reviewing behavior, as customers are motivated by the positive experiences and percep-

tions of English-speaking reviewers. However, it is noteworthy that the English score, representing

the average rating of English reviews, has a counterintuitive effect on the future review rate. While it

positively impacts the next review rate, indicating that higher average ratings encourage customers

to post their reviews, it negatively influences future review scores. This result suggests that higher

expectations from positive English reviews may lead to a relative decrease in future review scores.

This finding emphasizes the importance of managing customer expectations and understanding the

complex interplay between review ratings and customers’ perceptions.

Turning to the impact of cumulative Spanish count, we find no significant effect on the review

rate. This result implies that Spanish reviews do not influence the number of reviewers. However,

the next review score and the change in the next review score (∆Next review score) increase, indi-

cating that Spanish reviews shape customers’ future ratings and perceptions of the product. This

finding suggests that while Spanish reviews may not directly impact sales or the overall review rate,

they influence customers’ perceptions and evaluations of the product.

Our results demonstrate that English reviews positively impact the review rate, while Span-

ish reviews primarily influence the review score and customers’ perceptions. These findings highlight

the nuanced effects of different language reviews on customers’ reviewing behavior and emphasize

the importance of considering the diverse linguistic backgrounds of customers in understanding their

engagement with and perceptions of products.

3.5.2 Effect of review language on customers from different backgrounds

In this section, we present the estimation results from our analysis, examining the impact of

Spanish review variables on Amazon.com customers. Table 3.5 and 3.7 displays the estimation re-

sults using equations (4.2) and (4.3), providing insights into the relationship between the customer’s

review language and the cumulative review variables by language.
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In this section, we present the results of our analysis, focusing on the impact of Spanish and

Spanish reviews on the reviewing behavior of English-speaking and Spanish-speaking customers. We

examine the relationship between various review variables and the customers’ next review rate, next

review score, and ∆next review score.

Literature suggested two confounding effects on reviews and language. The service cus-

tomer receives expected to be in the customer’s first language to make the customers more satisfied

(Holmqvist, 2011; Holmqvist and Vaerenbergh, 2013; Holmqvist et al., 2019; Puntoni et al., 2009;

Vaerenbergh and Holmqvist, 2013). In this research, we treat customers receiving reviews in a

different language than they prefer as a different service. Reviews enable customers with more infor-

mation. Providing more information to customers helps them make more informed decisions (Gallino

and Moreno, 2018). This information effect is more evident in our research. When designing a new

service for the customers, focusing more on providing more information to the consumers is more

important than the service’s language.

Table 3.5 provides the estimation results for English customers, while Table 3.7 presents

the results for Spanish customers. The results indicate that the count of Spanish reviews does not

significantly influence English customers’ next review score or ∆next review score. However, the

count of Spanish reviews positively impacts the next review rate of English customers. This result

suggests that when English customers observe more Spanish reviews for a product, they are likelier

to contribute their reviews.

The cumulative English count has a minimal impact on the next review rate, but it has a

negative effect on ∆next review score. This result suggests that as the number of English reviews

increases, the relative change in the current rating compared to the total rating decreases for English

customers. Additionally, the cumulative English score has a negative impact on both the next review

score and ∆next review score. This result implies that higher prior ratings from English reviews

lead to lower future scores for English customers.

On the other hand, for Spanish customers, the results reveal that the English review score

has a negative impact on both the next review score and ∆next review score. This result suggests

that Spanish customers have different expectations than English customers, and higher English re-
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view scores may not align with their preferences.

Regarding the impact of Spanish reviews on Spanish customers, most variables do not have

significant effects. This result could be due to the dataset’s relatively low sample size of Spanish

reviews. However, the English review score has a negative impact on both the next review score

and ∆next review score for Spanish customers. This finding indicates that Spanish customers have

distinct expectations from English-speaking customers, and higher English review scores may not

align with their preferences.

The literature suggests that the language of service has a significant impact on customer

satisfaction (Holmqvist, 2011; Holmqvist and Vaerenbergh, 2013; Holmqvist et al., 2019; Puntoni

et al., 2009; Vaerenbergh and Holmqvist, 2013). However, our research treats customers receiving

reviews in a different language than their preference as a different service. Our results indicate

that the service’s language may not substantially impact the next review rate, next review score,

or ∆next review score. Instead, providing more information to customers through reviews plays a

crucial role in enabling them to make more informed decisions (Gallino and Moreno, 2018).

In summary, the count of Spanish reviews positively influences the next review rate of En-

glish customers. However, the count of Spanish reviews does not significantly impact the next review

score or ∆next review score. Furthermore, the cumulative English count and score have mixed ef-

fects on English customers’ reviewing behavior. The English review score negatively affects Spanish

customers’ next and ∆next review scores. However, most of the variables related to Spanish reviews

do not show significant effects, potentially due to the low sample size of Spanish reviews. These

findings emphasize the need to consider customer expectations and the informational value of re-

views in understanding the impact of language diversity on reviewing behavior.

3.5.2.1 First Reviewer

In this section, we present the results of our analysis, focusing on the impact of English and

Spanish reviews on the review rate of first-review customers. We examine the relationship between

the count of English reviews, the count of Spanish reviews, and the review rate of customers posting
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their first reviews. The Chevalier and Mayzlin (2006) study found that individuals are more likely

to post reviews about a movie if the movie already has more reviews. This finding aligns with

social proof theory, which suggests that individuals look to others for guidance on how to behave,

particularly in situations characterized by high uncertainty (Cialdini, 2006).

Our results indicate that the count of English reviews positively affects the review rate of

first-review customers. Specifically, as the count of English reviews increases by 1%, the ∆next

review score, representing the relative change in the current rating compared to the total rating,

increases by 0.04 units. This positive effect suggests that first-review customers perceive a more

positive experience or have a more favorable perception of the product when they observe more

English reviews. The positive impact of English reviews on the review rate of first-review customers

aligns with the findings of Chevalier and Mayzlin (2006) and the social proof theory. More English

reviews signal popularity, engagement, and a thriving reviewing community. This social proof effect

influences first-review customers, encouraging them to participate and contribute to their reviews,

thereby increasing the review rate.

In summary, our results support Hypothesis 3(a), indicating that the count of English

reviews positively impacts the review rate of first-review customers. This finding aligns with the

study by (Chevalier and Mayzlin, 2006). It provides empirical evidence for the influence of social

proof and the presence of reviews on the reviewing behavior of first-review customers.

3.6 Conclusions

This study aimed to explore the influence of language dynamics within online reviews on

Amazon.com and its implications for businesses’ sales performance. Specifically, we investigated the

effects of English and Spanish reviews on businesses’ future review rates and scores. Our analysis

was based on a comprehensive dataset of 128 million reviews across 25 product categories obtained

from various sources. In this research, we examined the impact of review language diversity on the

reviewing behavior of customers. Specifically, we investigated how the count of English and Span-

ish reviews influences the review rate of different customer segments, including English-speaking

customers, Spanish-speaking customers, and first-review customers. Through our analysis and the
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presentation of results, we gained valuable insights that can contribute to understanding review

diversity, inform managerial decisions, and identify avenues for future research.

Our findings reveal several vital outcomes. Firstly, we found that the count of Spanish

reviews positively influences the scores of Spanish-speaking customers. This result suggests that

Spanish-speaking customers are more inclined to contribute their reviews when they observe more

in their preferred language. This finding emphasizes the importance of catering to the language

preferences of diverse customer segments to encourage active participation in the reviewing process.

Additionally, we observed that the count of English reviews positively impacts the review score of

first-review customers. This result highlights the social proof effect and the role of English reviews

in signaling product popularity, engendering a sense of community engagement, and motivating cus-

tomers to contribute their reviews. Managers can leverage this insight by promoting English reviews

and encouraging customer engagement through strategic communication and marketing efforts.

Furthermore, our results demonstrated that the language of encounter, particularly receiv-

ing reviews in a different language than preferred, may not substantially impact future reviews.

Instead, providing more information to customers through reviews played a crucial role in enabling

them to make more informed decisions. This result suggests that managers should prioritize the

quality and comprehensiveness of reviews, regardless of the language, to assist customers in their

decision-making processes.

The implications of our research extend beyond the academic sphere and provide practical

guidance for businesses. By understanding the impact of review language diversity on customer

behavior, managers can develop targeted strategies to improve review diversity and engagement.

For example, managers can encourage customers from different linguistic backgrounds to share their

experiences by providing incentives or implementing user-friendly platforms that support multiple

languages. These strategies foster a diverse and inclusive reviewing community, enhancing the over-

all quality and credibility of the reviews.

However, it is essential to acknowledge the limitations of our study. First, our research

focused on a specific online platform and a particular set of products, which may limit the gener-
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alizability of our findings to other contexts. Future research should explore different platforms to

obtain a more comprehensive understanding of the impact of reviewing language diversity. Addi-

tionally, our analysis primarily focused on the count of reviews and did not delve into the content

and sentiment of the reviews. Future studies could examine the content-related factors of reviews,

such as the use of specific keywords or language styles, to further uncover the influence of review

language diversity on customer behavior.

In conclusion, our research sheds light on the significance of review language diversity in

shaping customer behavior. The findings highlight the positive impact of Spanish reviews on Spanish-

speaking customers and the influence of English reviews on English-speaking, Spanish-speaking, and

first-review customers. These insights provide valuable guidance for managers in their decision-

making processes, emphasizing the importance of encouraging diverse review contributions and

ensuring comprehensive information to customers. By understanding the complexities of review

language diversity, businesses can enhance customer satisfaction, foster inclusive communities, and

make informed strategic decisions to improve their products and services.
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Table 3.1: Language Statistics by Year
Before 2014 2014-2016 2016-2018

Reviews Percent Reviews Percent Reviews Percent
English Confident 27097652 0.97 82681032 0.85 39484387 0.85
Spanish Confident 61767 0.00 36388 0.00 31987 0.00
Other Confident 14021 0.00 125497 0.00 61820 0.00
Unconfident 629104 0.02 13907275 0.14 6678795 0.14

This table summarizes the data by each language detected in our data. The columns represent the year groups before 2014,
between 2014-2016 and 2016-2018. Percent shows the percentage of the reviews in that language. Reviews columns shows
that total number of reviews in the language in the corresponding year category.

Table 3.2: Data summary
Total Products with Total Reviews with Mean Rating
English Spanish English Spanish English Spanish

Clothing and Jewelry 2, 664, 884 45, 801 31, 872, 206 66, 656 4.19 4.40
Electronics 753, 310 26, 238 20, 776, 033 47, 095 4.07 4.45
Cell phone and Accessories 586, 352 14, 855 9, 931, 345 27, 724 3.93 4.28
Home and Kitchen 1, 280, 594 14, 055 21, 729, 350 18, 644 4.19 4.34
Sports and Outdoors 951, 314 13, 749 12, 823, 763 18, 225 4.24 4.43
CDs and Vinyl 430, 408 10, 864 4, 474, 251 15, 132 4.49 4.56
Automotive 919, 742 11, 427 7, 896, 584 13, 480 4.25 4.40
Movies and TV 181, 093 6, 725 8, 638, 321 11, 499 4.23 4.12
Toys and Games 621, 325 8, 896 8, 084, 740 11, 221 4.23 4.46
Tools and Home Improvement 557, 420 6, 898 8, 924, 077 8, 867 4.22 4.39
Video Games 71, 716 3, 834 2, 526, 740 8, 709 4.02 4.45
Office Products 305, 392 4, 897 5, 524, 830 7, 867 4.18 4.53
Grocery and Gourmet Food 281, 927 4, 296 4, 983, 510 5, 689 4.31 4.48
Arts Crafts and Sewing 301, 213 3, 122 2, 845, 697 3, 930 4.32 4.47
Pet Supplies 197, 742 2, 941 6, 485, 299 3, 804 4.15 4.34
Patio Lawn and Garden 275, 519 3, 115 5, 187, 816 3, 668 4.12 4.24
Musical Instruments 111, 633 2, 332 1, 494, 658 3, 240 4.26 4.53
Industrial and Scientific 164, 835 1, 628 1, 740, 200 2, 088 4.29 4.48
Fashion 184, 682 1, 220 871, 409 1, 424 3.91 4.04
Luxury Beauty 12, 106 503 568, 980 876 4.22 4.46
Prime Pantry 10, 797 573 461, 135 764 4.34 4.56
Beauty 32, 386 455 367, 172 588 4.11 4.16
Appliances 30, 150 407 597, 973 504 4.27 4.40

This table summarizes the data by each product category and sorted by the total reviews present in the category. Total
products column show the number of products in each category with English and Spanish reviews. Total reviews column
show the total number of English and Spanish reviews the product category has. Mean rating column is the average rating
of all the English and Spanish review ratings for the product category.

3.7 Exhibits
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Figure 3.1: Comparison of English and Spanish reviews on Amazon.com

Percentage of total Reviews Average Rating

Ja
n 

20
00

Ja
n 

20
05

Ja
n 

20
10

Ja
n 

20
15

Ja
n 

20
00

Ja
n 

20
05

Ja
n 

20
10

Ja
n 

20
15

4.0

4.2

4.4

0.25

0.50

0.75

 Month

 English

Non−English

The figure shows the comparison between the average rating and the number of English and Spanish reviews posted on
Amazon.com.
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Table 3.3: Descriptive Statistics
Min Q1 Q2 Q3 Max Mean SD Description

MVr Macroeconomic USA EPU volatility 1.37 6.85 10.57 18.97 86.21 15.35 11.51 Volatility of economic uncertainty index of USA for the last 6 months
USA e-commerce sales 5.24 78.02 90.69 106.58 155.06 90.99 23.01 E-commerce sales in USA in the quarter measured in billions
MAGA 0.00 0.00 0.00 0.00 83.00 3.75 12.30 Interest in Make America Great Again topic on trends.google.com

RVp,r+1 Next Review Next rate 0.00 3.33 15.00 60.00 62520.00 65.65 525.62 The number of reviews per month, calculated as shown in Equation (4.1)
Next ∆rate −54486.10 −15.99 −4.23 9.23 61167.18 −10.18 416.96 Difference between the next review rate to the cumulative review rate of the product
Next score 1.00 4.00 5.00 5.00 5.00 4.19 1.30 Review rating given by the customer
Next ∆score −4.00 −0.47 0.36 0.69 3.96 −0.05 1.20 Difference between the next review’s rating to the cumulative rating
Next English rate 0.00 3.00 15.00 30.00 61800.00 63.36 511.41 The number of English reviews per month, calculated as shown in Equation (4.1)
Next English ∆rate −53780.15 −16.23 −4.35 8.73 60447.18 −10.84 413.55 Difference between the next English review’s rate to the cumulative English rate
Next Spanish rate 0.00 0.00 0.00 0.00 330.00 0.00 0.51 The number of Spanish reviews per month, calculated as shown in Equation (4.1)
Next Spanish ∆rate −258.47 0.00 0.00 0.00 330.00 −0.17 2.04 Difference between the next Spanish review’s rate to the cumulative Spanish rate

RVp,r−4:r Review Recent rate 0.03 7.73 21.20 43.50 62520.00 64.98 520.32 Average review rate of recent five reviews
Recent score 1.00 3.80 4.40 4.80 5.00 4.19 0.74 Average score of the recent five reviews
Recent English count 0.00 5.00 5.00 5.00 5.00 4.94 0.25 Number of English reviews in the recent five reviews
Recent English rate 0.00 7.33 20.77 42.20 61800.00 63.51 509.85 Average review rate of English reviews in the recent five reviews
Recent English score 0.00 3.80 4.40 4.80 5.00 4.19 0.74 Average score of English reviews in the recent five reviews
Recent Spanish count 0.00 0.00 0.00 0.00 5.00 0.01 0.09 Number of Spanish reviews in the recent five reviews
Recent Spanish rate 0.00 0.00 0.00 0.00 330.00 0.00 0.27 Average review rate of Spanish reviews in the recent five reviews
Recent English score 0.00 0.00 0.00 0.00 5.00 0.03 0.39 Average score of Spanish reviews in the recent five reviews

RVp,1:r−5 Cumulative count 11.00 41.00 130.00 450.00 28539.00 529.42 1267.47 Cumulative number of reviews as seen by the customer
Cumulative score 1.00 4.00 4.33 4.57 5.00 4.23 0.47 Cumulative average score of the reviews as seen by the customer
Cumulative rate 0.02 9.64 22.13 46.64 54529.46 75.01 582.21 Cumulative average review rate as seen by the customer
Cumulative English count 0.00 39.00 125.00 438.00 28387.00 517.70 1246.90 Cumulative number of English reviews as seen by the customer
Cumulative English score 0.00 4.00 4.33 4.57 5.00 4.24 0.48 Cumulative average of English review score as seen by the customer
Cumulative English rate 0.00 9.56 21.98 46.36 53823.62 74.20 574.64 Cumulative average of English review rate as seen by the customer
Cumulative Spanish count 0.00 0.00 0.00 0.00 304.00 0.01 0.57 Cumulative number of Spanish reviews as seen by the customer
Cumulative Spanish score −3.74 0.00 0.00 0.00 2.95 0.01 0.12 Cumulative average of Spanish review score as seen by the customer
Cumulative Spanish rate 0.00 0.00 0.00 0.00 258.47 0.17 2.00 Cumulative average of Spanish review rate as seen by the customer

CVr Controls Monthly time trend 7.00 208.00 223.00 235.00 254.00 218.41 25.96 Number of months since the first review in the dataset

This table summarizes the dependent and independent variables we use in our model. All the values are calculated for product after they receive at least 10 reviews.
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Table 3.4: Effect of Spanish Reviews on review rate and scores
Next Next ∆Next

Review Review Review
Rate Score Score

Cumulative Cumulative English count 0.071* 0.001 −0.006*

(0.015) (0.002) (0.001)

Review English rate 0.280* 0.003 0.000
(0.010) (0.004) (0.002)

Variables English score 0.033* −0.011* −0.688*

(0.003) (0.003) (0.015)

Spanish count −0.046 0.145* 0.114*

(0.031) (0.016) (0.018)

Spanish rate 0.030* −0.002* 0.004*

(0.009) (0.001) (0.001)

Spanish score −0.003 0.004* 0.003
(0.006) (0.002) (0.003)

Recent Recent English rate 0.607* 0.003� 0.004*

(0.030) (0.001) (0.002)

Review English score 0.022* 0.989* 0.773*

(0.006) (0.001) (0.010)

Variables Spanish count −0.253* 0.023 −0.024
(0.061) (0.027) (0.023)

Spanish rate 0.244* −0.018� −0.013
(0.045) (0.009) (0.011)

Spanish score 0.002 0.192* 0.149*

(0.005) (0.003) (0.003)

Statistics Statistics R-squared 0.638 0.271 0.165
Adjusted R-squared 0.638 0.271 0.165
N (in millions) 159.82 170.81 170.81

The table reports the results of the analysis on full dataset. The dependent variables are next review rate and next review

score. The major independent variables of interest are the cumulative review variables. Significance at *p < 0.05, �p < 0.01

Table 3.5: Effect of review language on English customers
Next ∆Next

Review Score Review Score
Cumulative Review English rate 0.003 0.000

(0.008) (0.003)

Variables English score −0.018* −0.691*

(0.005) (0.016)
Spanish rate −0.002 0.004�

(0.005) (0.002)
Spanish score 0.002 0.000

(0.005) (0.005)

Cumulative1 Cumulative English count 0.001 −0.007*

(0.004) (0.002)

Statistics Statistics R-squared 0.261 0.168
Adjusted R-squared 0.261 0.168
N (in millions) 40.13 40.13

The table reports the results of the analysis of only English reviews. The dependent variables are next review score, ∆next
review score, ∆next review rate. The major independent variables of interest are the cumulative review variables.

Significance at *p < 0.05, �p < 0.01
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Table 3.6: Effect of review language on Spanish customers
Next ∆Next

Review Score Review Score

Cumulative Review English rate 0.002* −0.001
(0.001) (0.002)

Variables English score −0.005� −0.642*

(0.003) (0.025)
Spanish count 0.002 −0.010

(0.004) (0.007)
Spanish rate 0.007 0.014�

(0.005) (0.008)
Spanish score 0.006 0.016

(0.006) (0.013)

Statistics Statistics R-squared 0.789 0.860
Adjusted R-squared 0.789 0.860
N (in millions) 0.07 0.07

The table reports the results of the analysis of only Spanish reviews. The dependent variables are next review score, ∆next
review score, ∆next review rate. The major independent variables of interest are the cumulative review variables.

Significance at *p < 0.05, �p < 0.01

Table 3.7: Effect of review language on first review customers
∆Next Next ∆Next

Review Score Review Score Review Score

Macroeconomic Variables M.A.G.A 0.006* −0.004* −0.002*

(0.001) (0.000) (0.000)

Recent Recent English count −0.353*

(0.032)

English rate 0.636*

(0.025)

Review English score 0.028*

(0.006)
Variables Spanish count −0.045

(0.172)

Spanish rate 0.381*

(0.056)
Spanish score 0.013�

(0.006)

Cumulative Cumulative English count 0.073* 0.040*

(0.015) (0.010)

Review English rate 0.782* 0.299*

(0.029) (0.011)

Variables English score 0.090* 0.026*

(0.012) (0.005)

Spanish count 0.202* −0.051
(0.033) (0.035)

Spanish rate 0.090* 0.071*

(0.031) (0.019)

Spanish score 0.039* 0.018*

(0.017) (0.007)

Statistics Statistics R-squared 0.056 0.575 0.653
Adjusted R-squared 0.056 0.575 0.653
N (in millions) 7.88 7.88 7.88

The table reports the results of the analysis of only Spanish reviews. The dependent variables are next review score, ∆next
review score, ∆next review rate. The major independent variables of interest are the cumulative review variables.

Significance at *p < 0.05, �p < 0.01
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Table 8: Impact of EPU volatility on domestic review rate of domestic products
Next ∆Next Recent Next ∆Next Recent

Review Review Review Review Review Review
Rate Rate Rate Score Score Score
(1) (2) (3) (4) (5) (6)

Intercept −2.491* −18.793* 0.057 0.161 −4.389* −4.650*

(0.471) (2.557) (0.074) (0.595) (1.049) (0.364)

Macroeconomic MVDomestic
r Adjusted USA EPU volatility −0.110* −0.250* −0.017* −0.040* −0.034* −0.027*

(0.005) (0.017) (0.001) (0.007) (0.007) (0.004)

MVChina
r Adjusted China EPU volatility 0.095* 0.318* 0.023* 0.061* 0.057* 0.058*

(0.008) (0.023) (0.001) (0.009) (0.010) (0.006)

Reviews RVDomestic
p,d,1:r−5 Cumulative count 0.174* 0.555* 0.050* −0.463* −0.767* 0.482*

(0.020) (0.084) (0.003) (0.025) (0.032) (0.015)

Cumulative rate 2.164* −0.585* 0.613* 0.156* 0.126* 0.191*

(0.018) (0.061) (0.003) (0.023) (0.023) (0.014)

Cumulative score −0.158* 0.458* −0.049* 0.079* −1.172* 0.903*

(0.019) (0.080) (0.003) (0.024) (0.029) (0.015)

Prices CVDomestic
r Minimum price −0.027* 0.032� −0.007* 0.031* 0.023* 0.037*

(0.005) (0.016) (0.001) (0.007) (0.007) (0.004)

Ending range −0.035* 0.013* −0.004* 0.007* 0.006* 0.011*

(0.002) (0.005) (0.000) (0.002) (0.002) (0.001)

Controls Time trend 1.267* 8.505* 0.331* 1.908* 4.381* 2.511*

(0.208) (1.121) (0.033) (0.262) (0.461) (0.161)

Time Trend2 −0.164* −1.057* −0.045* −0.256* −0.522* −0.334*

(0.024) (0.125) (0.004) (0.030) (0.051) (0.018)
Statistics R-squared 0.500 0.013 0.864 0.025 0.027 0.552

Adjusted R-squared 0.500 0.013 0.864 0.025 0.027 0.552
N 115329 107052 115329 115329 108050 115329

This table reports the results for domestic products. The headers are the dependent variables. MVdomestic
r is the volatility of China EPU, and MVDomestic

r is the volatility of

USA EPU in the past six months. Significance at *p < 0.05, �p < 0.01

104



Table 9: Effects of curated global reviews on domestic reviews
Next ∆Next Next ∆Next

Review Review Review Review
Rate Rate Score Score

Early Late Early Late Early Late Early Late

Intercept 3.436� −16.173* 7.088� −47.748* 2.568 −9.057* 2.568 −9.057*

(1.692) (1.107) (3.260) (3.656) (1.948) (1.491) (1.948) (1.491)

Reviews RVDomestic
p,d,1:r−5 Cumulative count 0.247 0.520* −0.450 1.982* −1.253* −0.454* −1.253* −0.454*

(0.201) (0.045) (0.387) (0.148) (0.231) (0.060) (0.231) (0.060)

Cumulative rate 1.436* 4.560* −1.019* 0.502* 0.084* 0.159* 0.084* 0.159*

(0.030) (0.032) (0.058) (0.105) (0.035) (0.043) (0.035) (0.043)

Cumulative count * score −0.003 0.029* −0.004 −0.452* 0.294* 0.102* 0.294* 0.102*

(0.046) (0.010) (0.089) (0.033) (0.053) (0.014) (0.053) (0.014)

Cumulative score 0.028 −0.149* −0.003 1.914* −0.486* 0.231* −1.486* −0.769*

(0.118) (0.052) (0.228) (0.171) (0.136) (0.070) (0.136) (0.070)

RVGlobal
p,g,1:r Curated English count −0.125* 0.028* −0.074 0.062� 0.143* 0.008 0.143* 0.008

(0.048) (0.011) (0.093) (0.036) (0.055) (0.015) (0.055) (0.015)

Curated English score −0.017 0.030* −0.060 −0.020 −0.001 0.004 −0.001 0.004
(0.019) (0.008) (0.037) (0.027) (0.022) (0.011) (0.022) (0.011)

Curated non-English count 0.078� −0.038* 0.149� −0.038 −0.102� −0.005 −0.102� −0.005
(0.040) (0.010) (0.078) (0.033) (0.046) (0.014) (0.046) (0.014)

Curated non-English score 0.037� 0.006 0.006 0.045� −0.010 −0.020� −0.010 −0.020�

(0.017) (0.007) (0.032) (0.025) (0.019) (0.010) (0.019) (0.010)

Controls CVDomestic
r Time trend −1.567� 6.938* −2.508� 19.324* 1.801� 5.724* 1.801� 5.724*

(0.750) (0.478) (1.446) (1.579) (0.864) (0.644) (0.864) (0.644)

Time Trend2 0.196� −0.857* 0.320� −2.367* −0.221� −0.669* −0.221� −0.669*

(0.088) (0.053) (0.169) (0.175) (0.101) (0.071) (0.101) (0.071)

Statistics R-squared 0.191 0.450 0.039 0.011 0.023 0.030 0.115 0.007
Adjusted R-squared 0.190 0.450 0.038 0.010 0.022 0.030 0.114 0.007
N 12128 94924 12128 94924 12128 94924 12128 94924

This table reports the results for global products. RVDomestic
gp,r+1 is the dependent variable, next-review rate of the customer, R̃V

Global
gp,r is the group of variables constructed

using the shared global reviews, EPUDomestic
g,r is the EPU value for USA and EPUGlobal

g,r is the EPU value for China, RVDomestic
gp,r−4:r is a vector of domestic last five review

variables, RVDomestic
gp,1:r−5 is a vector of domestic cumulative review variables, CVDomestic

gp,r is a vector of price control variables, and FEgp,r is a vector of fixed effect variables.
”Early” and ”Late” denote early customers for the product .

Significance at *p < 0.05, �p < 0.01.
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Table 10: Impact of ”made in” mentions on product review rate
Dependent Variable

∆Next ∆Next
Review Rate Review Score

Description PDp Made in China −0.011 0.000
(0.016) (0.002)

Made in USA −0.037* 0.002�

(0.010) (0.001)

Review Variables RVp,r−4:r Recent rate 1.170* −0.036*

(0.081) (0.009)

Recent rate * score −0.079* 0.015*

(0.015) (0.002)
Recent USA mentions 0.108 −0.001

(0.078) (0.010)

Recent China mentions 0.060* 0.001
(0.013) (0.002)

Recent score 0.143* 0.999*

(0.023) (0.005)

RVp,1:r−5 Cumulative rate −1.228* 0.011*

(0.039) (0.004)

Cumulative rate * score 0.032* −0.006*

(0.009) (0.001)

Cumulative reviews −0.129� 0.008*

(0.076) (0.003)

Cumulative reviews * score 0.057* −0.002�

(0.015) (0.001)
Cumulative USA mentions −0.016 0.003

(0.036) (0.002)

Cumulative China mentions * mention score −0.028* 0.000*

(0.004) (0.000)

Cumulative China mentions 0.026* 0.004*

(0.011) (0.001)

Cumulative USA mentions * mention score −0.005 0.000*

(0.007) (0.000)

Cumulative score −0.150* −1.015*

(0.033) (0.002)

Made in China score 0.026* −0.001*

(0.003) (0.000)

Made in USA score 0.018 −0.001*

(0.014) (0.000)
Political PVr 2000 USA Presidential election 0.172 0.007

(0.144) (0.005)

2001 September 11 attacks 0.047 0.007*

(0.120) (0.002)

2007 Great Recession −0.273* −0.004*

(0.056) (0.001)

2008 China top foreign creditor 0.122* 0.006*

(0.030) (0.002)

2009 USA Presidential election −0.165* −0.013*

(0.031) (0.003)
2011 Pivot to East Asia −0.057� −0.004�

(0.032) (0.002)

2012 Rising trade tensions −0.220* −0.008*

(0.025) (0.001)

2012 China Presidential election 0.212* 0.009*

(0.028) (0.002)

2013 Sunnylands summit 0.031� −0.008*

(0.018) (0.001)

2017 Presidential election −0.141* −0.005*

(0.023) (0.001)

2018 tariff war 0.057� 0.004*

(0.029) (0.001)

Controls CVr Time Trend 4.530* 0.191*

(1.767) (0.030)

Time trend2 −0.475* −0.019*

(0.183) (0.003)
Statistics R-square 0.09 0.27

Adj.R-square 0.09 0.27
N (in millions) 118.97 118.97

The column header indicates the dependent variable in the model, which is either the ∆next review rate or the ∆next
review score. The model uses the recent mention variables, cumulative review variables, cumulative review variables, time

trend variables, and product category fixed effects as independent variables and control variables. Significance at *p < 0.05,
�p < 0.01 107
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