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Abstract 

Online reviews, which are consumer-generated messages, play a vital role in the consumer 

decision making process especially prior to their purchase adoption (i.e., pre-usage). The objective 

of this research is to investigate the effects of two-sided online reviews’ contents affecting the 

consumers' attitudes at the pre-usage stage of a focal experience service. Contrary to one-sided 

reviews (i.e., only positive or negative information), two-sided reviews contain both positive and 

negative information about a product/service: Two-sided reviews are considered more informative. 

Extant studies make an important assumption that there is no information asymmetry between 

writer/source of two-sided reviews and consumers that read/receive it. Their implicit assumption 

is that the attitude of the writer/source of the two-sided review is completely transferred to the 

reader/receiver of the review. Given the subjective nature of two-sided online reviews for 

experience goods, we contend that such an assumption is flawed because transfer of personal 

experience in form of attitude towards a focal object/service to others is fraught with ambiguity 

and uncertainty that can mitigate the transfer. Drawing on ambivalence and prospect theories, our 

hypothesis states that: the anticipatory ambivalence of the receiver/reader based on a two-sided 

review content for a focal service is higher than the ambivalent attitude of the source/writer of the 

review who has already experienced the focal service. Our empirical study, consist ing of 1492 

subjects from Canada and the United States, supports our stated hypothesis. The implication of our 

finding is profound. It shows that the extant literature had underestimated the negative attitude of 

the receiver/reader of the online reviews in their investigation, which confound their findings. To 

that end, we provide future research direction and implications of our findings in practice.  
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1. Introduction 

Consumers generally seek information as they are unsure about their decision to purchase 

a product/service (Berger, 2014). Although they can obtain information from formal information 

sources (e.g., brochures, handouts, newspapers, or advertising campaigns), they mostly rely on 

informal (i.e., personal information) sources before making a purchase decision (Bansal & Voyer, 

2000). This informal communication is referred to as word of mouth  (WoM) and is defined as 

"informal communications directed at other consumers about the ownership, usage, or 

characteristics of particular goods and services or their sellers" (Westbrook, 1987, p.261).  

With the advances in information technology, especially web 2.0 technologies (e.g., 

consumer review sites or social networks), it became easier for people to share their opinion using 

information technology tools, and WoM is evolved into the online reviews (also called electronic 

word of mouth (eWoM)) and refers to as "any positive or negative statement made by potential, 

actual, or former customers about a product or company, which is made available to a multitude 

of people and institutions via the Internet" (Hennig-Thurau et al., 2004, p.39). Case in point, Yelp, 

TripAdvisor, and Amazon where people post reviews to share their opinions about restaurants, 

hotels, or products, and the posts on the social networking services such as Facebook or Twitter.  

Consumer review websites attract millions of consumers. For example, Yelp reached 265 

million reviews for a variety of businesses (Yelp, 2023), and Facebook has around 2.96 billion 

monthly active users as of December 31, 2022 (Meta, 2023). Consumers rely increasingly more 

on informal information sources: "85% of consumers usually read up to ten reviews or opinions of 

other users before making their purchase decision" (Picher Vera et al., 2016, The Appearance of 

EWOM, para.3). Online reviews also affect product awareness; for example, by reading comments 

on Amazon.com, consumers may become aware of an unfilled product need and thus buy the 
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product (Mudambi & Schuff, 2010). They also positively influence sales (Chen et al. 2008; 

Clemons et al. 2006), and 20% to 50% of purchasing decisions are derived by WoM (Bughin et 

al., 2010). In the United States, "31% of adults have rated a person, product, or service" (Zhang, 

Zhang et al., 2014) . In South Korea, 80% percent of the consumers refer to eWoM while searching 

for information about a product/service. (Doh & Hwang, 2009). Because of its impact on consumer 

decision-making, 64% of marketers recognize that eWoM messages are more effective than 

traditional marketing tools (Whitler, 2014).  

1.1 Why people talk and what they talk about 

Why do people share WoM, and why do some of them get talked/shared more than others? 

Berger (2014) provides answers to these questions using the five functions of WoM: Impression 

Management, Emotion Regulation, Information Acquisition, Social Bonding, and Persuading 

Others as follows. 

Impression Management: One of the primary reasons people share word of mouth is to 

shape the impression they have on themselves, and others have on them since what they talk about 

impacts how others see them (Berger, 2014). Also, by sharing their experiences, people signal that 

they are  knowledgeable in a specific area (Berger, 2014).  

Emotion Regulation: WoM also facilitates consumers to regulate their emotions (Berger, 

2014). Emotion regulation is "a person's active attempt to manage his emotional state by enhancing 

or decreasing specific feelings, or by reducing stress, anxiety or depression" (Shafir, 2015, p.231).  

People share their emotional experiences (Rimé, 2009), and generally, they share negative 

experiences to feel better (Berger, 2014).  
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In the case of negative experiences, people use WoM as a coping strategy because sharing 

their experience with others provides catharsis reducing emotional impact (Zech  & Rimé, 2005).  

Consumers also use WoM as a venting mechanism when they are dissatisfied or angry (Wetzer et 

al., 2007). Although individuals are more inclined to share negative experiences, they also share 

positive ones as well. In such circumstances, sharing positive experiences enhances the positive 

effect of the experience (Gable et al., 2004). 

Emotions convey not only valence (i.e., positivity or negativity) but also arousal as well. 

Bestelmeyer et al. (2017) define arousal (intensity) as "the level of autonomic activation that an 

event creates, and ranges from calm (or low) to excited (or high)" (p.1351). For example, although 

"anger, anxiety and sadness are all negative emotions" (Chou et al., 2022, p.4), sadness is a low 

arousal emotion (Raghunathan & Pham, 1999), and anger and anxiety are high arousal emotions 

(Yin, Bond et al., 2014). High arousal negative emotions increase the need to vent and hence they 

are shared more (Berger, 2014). On the positive side, due to its high willingness to experience it 

again (Berger, 2014), people share their positive experience through WoM.  

Information Acquisition: As people are generally not sure about what they should do for 

a particular situation, they seek advice.  In the consumer context, gathering information about 

products/services not only decreases the uncertainty about the purchasing decision but also 

associated perceived risk (Huang et al. 2007; Furner et al., 2013).  Prospect theory shows that the 

effect of gains and losses on the individuals are different, and the psychological value of the loss 

is more than the gain (Kahneman & Tversky, 1979); hence consumers tend to minimize the loss 

(risk) through getting advice from others who already have purchased/used the pertinent 

products/services via WoM. 
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One way of information acquisition is to buy the product and try it (Lutz & Reilly, 1974). 

However, this is not only costly but also time-consuming. WoM plays a significant role in 

information acquisition as learning about other's experience (e.g., a negative customer experience 

from a specific brand) mitigates not only economic losses (e.g., trial and error by purchasing the 

product) but also time losses through obtaining information quickly and easily (Berger, 2014). 

Social Bonding: Social relationships are a need (Thapa et al., 2022), and interpersonal 

communication such as WoM helps to fulfill that need (i.e., belonging to an online community) 

(Berger, 2014). Emotions also play a role in social bonding as high arousal emotions make 

individuals to connect with others (Berger, 2014). 

Persuading Others: People use interpersonal communication to affect others in various 

domains, such as health behaviour and purchasing decisions (Berger, 2014).  Although WoM 

provides the above functionalities, we would like to note that people may share their experiences 

and thoughts without realizing those functions. That is, they may share their experiences and 

thoughts as a result of intrinsic reward mechanism, as "sharing personal feelings and thoughts 

activates the same brain regions that respond to things like food, money, and seeing attractive 

members of the opposite sex" (Berger, 2014, p.597) and hence intrinsically rewarding (Tamir & 

Mitchell, 2012). This may explain why most social media posts, more than 70%, are about one's 

own personal experience (Berger, 2014).  

1.2 WoM vs Online Reviews 

Although WoM and Online Review provide the same functionality and serve the same 

purpose, there are slight differences between them, as outlined in Table 1. As can be seen from the 

table,  
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 WoM Online Review 

Credibility 

The receiver of the 

information knows the 

communicator (positive 

influence on credibility) 

Anonymity between the 

communicator and the receiver 

of the information (negative 

influence on credibility) 

Privacy 

The conversation is private, 

interpersonal (via 

dialogues), and conducted in 

real-time 

The shared information is not 

private and, because it is 

written down, can sometimes 

be viewed by anyone and at 

any time 

Diffusion 
speed 

Messages spread slowly. 

Users must be present 

when the information is 

being shared 

Messages are conveyed more 

quickly between users and, via 

the Internet can be conveyed 

at any time 

Accessibility Less accessible Easily accessible 

Table 1 Differences between WoM and Online Review (Adopted from Huete-Alcocer (2017)) 

 

 

while WoM is more personal, face-to-face communication, and hence more credible and private, 

online review is more accessible and can diffuse faster than WoM.  As a result of its fast diffusion, 

Online Review is found to be more influential than WoM as Sun et al. (2006) state that "compared 

to traditional WoM, eWoM [Online Review] is more influential due to its speed, convenience, one-

to-many reach, and its absence of face-to-face human pressure" (p.1106). Since online review is 

more accessible than WoM, Schiffman and Kanuk (2000) conclude that: "The expectation of 

receiving information that may decrease decision time and effort and/or contribute to the 

achievement of a more satisfying decision outcome" (p. 398). 

Typologically, online reviews have two dimensions: communication scope and interaction 

level (Litvin et al., 2008). While the communication scope refers to the number of people included 

in an online review communication, e.g., one-to-one, many-to-one and many-to-many, the 



Ph.D. Thesis - Mehmet Akgul - McMaster University, DeGroote School of Business 

 

 

 

6 
 

interaction level refers to whether the interaction between the participants is synchronous 

(simultaneous) or asynchronous (Litvin et al., 2008). Examples of online review communication 

for each category is depicted in Table 2.As can be seen from Table 2, online review websites are 

under the one-to-many, where one reviewer can share his/her thoughts/experiences with many 

other consumers simultaneously in an asynchronous way. 

 

co
m

m
u

n
ic

at
io

n
 s

co
p

e Many-to-Many 
Blogs and Virtual 

Communities 

Newsgroups (e.g., 

Google Group) 

One-to-Many 

Websites, Product 

Review and Hate 

Sites 

Chatrooms 

One-to-One Emails 
Instant  

Messaging 

  

Asynchronous  Synchronous  

  

Level of Interactivity 

Table 2 Categorization of online review messages (Adopted from Litvin et al. (2008)) 

 
 

1.3 Information Load  

Consumers have access to a vast number of reviews available on service provider sites, 

which brings additional challenges and costs. It is not only time-consuming to find and read the 

reviews, but the amount of information also makes it difficult for the consumer to process and 

judge reviews as a result of information load. Information load refers to "a complex mixture of the 

quantity, ambiguity and variety of information that people are forced to process. As load increases, 

people take increasingly strong steps to manage it" (Weick, 1995, p. 87). Roetzel (2019) modelled 
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this information load and decision-making process as an inverted U curve, depicted in Figure 1. 

As shown in Figure 1, the decision-making performance ("the probability of achieving the best 

possible decision" (Roetzel, 2019, p.484)) increases as the information increases up to some point. 

After the optimal point, the performance decreases. This occurs for two reasons: cognitive capacity 

constraints and resource capacity constraints. 

 
Figure 1 Information and decision-making performance (Roetzel,2019) 

 

(a) Cognitive capacity constraints: This is an internal constraint to an individual; 

individuals have limited information processing capability  (Simon, 1957); hence they cannot 

process information more than they can. This is also known as bounded rationality. 

(b) Resource capacity constraints: This is an external constraint to an individual. This can 

happen when there are external constraints such as time and budget, and in such cases, decision-

making performance decreases (Roetzel, 2019). 

As consumers tend to decrease their effort while making a decision (Hu et al., 2014), they 

use various attributes of an online review, such as the numerical rating  of the review to narrow 

down the choices (Racherla et al., 2012). 
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1.4 Online Reviews & Helpfulness 

Review helpfulness refers to "the degree to which consumers perceive a product review to 

be helpful in their own purchasing decision-making" (Lopez & Garza, 2022, p.441). Thus, an 

online review's perceived helpfulness can be interpreted as measuring the online review's 

perceived value for the consumer (Mudambi & Schuff, 2010).  There are a number of factors that 

affect review helpfulness as follows. 

1.5 Factors Affecting Online Review Helpfulness 

There has been extensive research in identifying factors that make a review helpful. Extant 

research shows that consumers rely on various attributes, such as star rating and the sender's 

reputation, to evaluate the online review (Qahri-Saremi & Montazemi, 2019). Since an online 

review is a part of the communication process between a sender of review and receiver of the 

review, the factors affecting the helpfulness of a review can be grouped into four as described by 

the Sender-Message-Channel-Receiver (SMCR) model (Berlo, 1960). The model assumes that 

there are four components in communication: Sender (S), Message (M), transmission medium (i.e., 

Channel (C)) and Receiver (R). Using the SMCR model for the content of the online review 

message, it can be inferred that: 

• The source is the reviewer who has already purchased the products/services 

• The message is the review text and associated review star rating 

• The channel is the platform the review has been posted (e.g., blogs, social network sites or 

third-party consumer review websites such as Yelp.com or TripAdvisor.com), and 

• The receiver of the message is the review reader (i.e., potential consumer) 
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Table 3 shows the factors affecting online review helpfulness from the extant literature. In this 

study, we controlled source, channel, and message-related attributes. Factors identified in Table 3 

are used in extant literature affecting review helpfulness. Usually, this is done through a set of 

hypotheses. Demographic factors such as age, education, level of familiarity with online activities, 

and with online reviews used as control variables (i.e.,  no hypothesis tested) hence they are not 

included in Table 3. 

Table 3 Factors affecting online review helpfulness 

Source  Channel Message Receiver 

Source Credibility Platform Type Message Rating Expertise 

Source Expertise   Message Consistency   

Source Trustworthiness   Message Sidedness   

Source Attractiveness   Message Valance   

Gender   Message Quality   

    Message Credibility   

    Message Length   

    Message Readability   

    Message Style  

 

1.5.1 Source Related Attributes 

1.5.1.1 Source Credibility 

Source credibility is defined as "the extent to which the source is perceived as possessing 

expertise relevant to the communication topic and can be trusted to give an objective opinion on 

the subject" (Goldsmith et al., 2000, p.44). Source credibility is not related to the message itself 

but is directly associated with the message owner. Studies show that information source credibility 

affects consumer information processing (Cheung et al., 2012). Source credibility is a complex 
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concept, and according to the Source Credibility Model (Ohanian, 1990), it is identified by three 

components: source expertise, source trustworthiness and source attractiveness.  

1.5.1.2 Source Expertise 

Source Expertise refers to "the extent to which a communicator is expert, knowledgeable, 

experienced, qualified, or skilled" (Zhu et al., 2014, pp.270). Source expertise has a positive effect 

on the review helpfulness since the receiver of the review presumes that expert users are competent 

and provide correct information (Ismagilova et al., 2020; Zhu et al., 2014). Some platforms provide 

various attributes in an online environment to demonstrate the source's expertise level, such as the 

"Elite" badge on Yelp.com or the "Top 10,000 Reviewer" badge on Amazon.com.  

1.5.1.3 Source Trustworthiness 

Source trustworthiness refers to "consumers' perceptions that a source of communication 

is reliable, unbiased, and honest" (Filieri et al., 2018, pp.959). Studies show that source 

trustworthiness positively impacts the review helpfulness (Cao et al., 2018) as trustworthy sources 

are perceived to provide valid information. Although not directly observable, source 

trustworthiness can be inferred from the attributes provided in a review platform, such as the 

number of reviews submitted by a reviewer (Filieri, 2016) or the number of followers of a reviewer 

(Banerjee et al. 2017).  

1.5.1.4 Source Attractiveness  

Source attractiveness refers to the physical attractiveness of the source (Ohanian, 1990). 

Within an online community, the source attractiveness refers to the "online attractiveness" (i.e., the 

popularity of the source) in the community (Zhu et al., 2014). Zhu et al. (2014) used the number 



Ph.D. Thesis - Mehmet Akgul - McMaster University, DeGroote School of Business 

 

 

 

11 
 

of the reviewer's online friends as a proxy for online attractiveness and found that online 

attractiveness and review helpfulness are positively associated.  

1.5.1.5 Gender  

The psychology literature shows that emotion norms are different between men and women, 

and generally, women express more emotions than men (Craciun & Moore, 2019). While women 

smile more and show more sadness, fear and guilts men express physically aggressive anger 

(Craciun & Moore, 2019). Moreover, depending on gender, people attribute different causes to 

emotional expressions. That is, while external factors (e.g., an event) are attributed to the men's 

emotional reactions, internal factors (e.g., personal characteristics) are attributed to the women's 

emotional reactions (Brescoll & Uhlmann, 2008). The attribution of emotional expressions affects 

the consumers' perception of the review (Kim & Gupta, 2012) and hence the review helpfulness. 

For example, Craciun et al. (2020) found that female-authored reviews are perceived as less helpful 

when expressing anger. Kwok and Xie (2016) also found that male reviewers' reviews are found 

to be more helpful compared to female reviewers' reviews. 

1.5.2 Channel Related Attributes 

1.5.2.1 Platform Type 

Platform type refers to the platform where online review is shared. Consumers share their 

experiences and read others' experiences on various platforms such as retailers' websites and 

independent websites (Kwak et al., 2023; Lee & Koo, 2012). Consumers evaluate online reviews 

differently based on the platform they are posted (Kim et al., 2017; Lee & Youn, 2009). Due to the 

perceived credibility of the platforms, consumers rely more on the reviews that are posted on well-
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established and reputable websites or independent internet forums compared to the reviews posted 

on personal blogs or commercially oriented websites (Kim et al., 2017).  

1.5.3 Message Related Attributes 

1.5.3.1 Message (Review) Rating (Star Rating) 

Message rating (star rating) shows the reviewer's overall evaluation of a product/service 

(Lopes et al. 2020), where 1 star represents an extremely negative experience, and 5 stars represent 

an extremely positive experience of the product/service (Mudambi & Schuff, 2010). Some of the 

extant studies show that star rating impacts (positively or negatively) the review helpfulness  

(Chatterjee, 2020; Chua & Banerjee, 2015)  

1.5.3.2 Message (Review) Consistency 

Message consistency indicates how the current review is consistent with the other reviews 

related to the same products/services (Cheung et al., 2009). It has been shown that there is a 

positive relationship between review consistency and message credibility. That is, the more a  

review is consistent (inconsistent) with the other reviews; it is perceived more (less) credible 

(Chakraborty & Bhat, 2018; Cheung et al., 2009) and hence found to be more helpful (Qahri-

Saremi & Montazemi 2019).  

1.5.3.3 Message (Review) Quality 

Review quality "refers to the argument quality in a review message" (Shin et al., 2107, 

p.219). Argument quality is defined as "the audience's subjective perception of the arguments in 

the persuasive message as strong and cogent on the one hand versus weak and specious on the 

other" (Petty & Cacioppo, 1981, p. 264-265). Information with high-quality arguments 
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"(arguments that are relevant, objective and verifiable) tend to be viewed as more credible and 

persuasive" (Furner et al., 2013, p.425). 

Review quality is positively associated with review helpfulness: as the quality of the 

argument increases, the receiver finds those reviews more logical and reliable (Chakraborty & 

Bhat, 2018), and those messages are found to be more helpful (Qahri-Saremi & Montazemi, 2019; 

Srivastava & Kalro, 2019).   

1.5.3.4 Message (Review) Language Style 

Although message quality has a positive effect on the review helpfulness, the use of 

language (i.e., writing style) can mitigate its effectiveness. Deceptive reviews contain more 

positive and less negative words (Yoo & Gretzel, 2009), and they tend to be verbose and 

ambiguous and longer compared to the authentic reviews (Banerjee & Chua, 2014). 

1.5.3.5 Message (Review) Credibility 

Message credibility refers to "the extent to which one perceives a recommendation / review 

as believable, true, or factual" (Cheung et al., 2009, p.12). Previous studies show that message 

credibility has a positive effect on the message helpfulness (Clare et al., 2018). 

1.5.3.6 Message (Review) Length 

Review length represents the extent of the information contained in a review. Previous 

studies show that longer reviews are more helpful as they contain more information about the 

product/service and its usage (Mudambi & Schuff, 2010; Filieri, 2016). They are also perceived to 

be more trustworthy than the shorter ones (Filieri, 2016). 
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1.5.3.7 Message (Review) Readability 

Message readability refers to the understandability of the message. A message is most 

likely to be read if it is highly readable (Krishnamoorthy, 2015). Highly readable messages are 

also found to be more helpful (Aakash & Aggarwal, 2020; Korfiatis et al., 2012).  

1.5.3.8 Message (Review) Valance 

Review valence refers to the review's nature as positive, negative, or neutral (Kim et al., 

2018). Prior studies show that consumers perceive positive and negative reviews differently and 

that negative reviews are the most influential ones (Zhang, Lee et al., 2010) and more helpful (Park 

& Nicolau, 2015). However, there are also other studies arguing that positive reviews, compared 

to negative reviews, are perceived to be more credible, trustworthy, and helpful (Pentina et al., 

2018). The effects of message valence on the review helpfulness discussed through negativity bias, 

which states that individuals give more importance to negative information (Baumeister et al., 

2001) as "negative information tends to be more diagnostic or informative than positive or neutral 

information" (Herr et al., 1991, p.460). 

1.5.3.9 Message (Review) Sidedness 

Review sidedness refers to the content of the review: "a one-sided review contains either 

positive or negative product comments, whereas a two-sided review contains both positive and 

negative comments on a product" (Cheung et al., 2012, p.622). Previous research found mixed 

results regarding the effect of review sidedness on the helpfulness of the review. While some 

studies show that one-sided reviews are more helpful compared to two-sided ones (Lee & Choeh, 

2018; Chen, 2016), some studies found two-sided reviews more credible (Cheung et al., 2012) and 

are more helpful (Li, Lee et al., 2020; Filieri et al. 2018). 
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1.5.4 Receiver Related Attributes 

1.5.4.1 Expertise 

Expertise refers to the knowledge/experience related to the product/service (i.e., naïve vs 

expert). Depending on the product knowledge, experts and novices process information differently 

(Connors et al., 2011; Hong & Sternthal, 2010) as expert people perceive the two-sided reviews to 

be more helpful (Connors et al., 2011). 

1.6 Research Objective 

As stated before, online platforms, such as Yelp and TripAdvisor, provide convenient access 

to a large number of reviews (Qahri-Saremi & Montazemi, 2023). However, they impose an 

information load on the consumers due to their large number of reviews. It is not only time -

consuming to find and read the reviews, but the amount of information also makes it difficult for 

the consumer to process and judge reviews as a result of the information load (Roetzel, 2019).  

To mitigate the information load, it is recommended that review websites provide more 

useful information to consumers (Wang et al., 2020) by providing more helpful reviews, as review 

helpfulness is a measure of perceived value for the consumer (Mudambi & Schuff, 2010). 

In the previous section, we identified the factors affecting online review helpfulness. 

However, for some factors, e.g., review star rating, review valence and review sidedness, the 

findings are mixed. Specifically for the review star rating, it is argued that it doesn't capture the 

reviewers' attitude accurately. For example, the star rating of a review, which is believed to measure 

a reviewer's attitude, is unable to identify indifference and ambivalence: individuals who are 

indifferent or ambivalent are inclined to give a 3 star to a product/service (Klopfer & Madden, 

1980). Also, within these studies, it is implicitly assumed that the attitude enacted by the reviewer 
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via the review text is completely transferred to the review reader. However, such an assumption 

may not be correct. 

To the best of our knowledge, none of the studies investigated whether the review writers' 

attitudes are completely transferred to review readers. To ameliorate this void, in this study, we 

investigated the following research question: 

Are the review writers' attitudes enacted in the review text completely transferred to the 

review readers? 

In responding to the research questions, we will provide the theoretical background in the next 

chapter – chapter two. Then, in chapter three, we provide the details of the methodology of our 

research design, and in chapter four, we provide the analysis results. Finally, we discuss our 

findings in chapter five.  
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2 Theory Development 

2.1 Information Flow 

In an online review message, the reviewer conveys a message (the review) to the consumers. 

As the communication between the sender (the reviewer) and the receiver (the consumer) happens, 

the receiver judges the message and then makes inferences from that message. According to Berlo 

(1960), communication is a linear process where the information (message) flows from the sender 

to the receiver in a transmission medium. The model depicted in Figure 2  shows four components 

in communication: Sender (S), Message (M), transmission medium (i.e., Channel (C)) and 

Receiver (R). 

 

 
Figure 2 SMCR model for communication (Adopted from Berlo (1960)) 

 

The application of Berlo's (1960) model to online review communication is depicted in 

Figure 3. Tang and Guo (2015) contend that "[online] communication begins when an [online] 

sender develops attitudes [which can be positive, negative or two-sided] toward a product/service 

based on their consumption experience(s)" (p. 69). They then convert (encode) their thoughts and 

attitudes "into a text review of the product/service and an assigned star rating" (Tang & Guo, 2015, 
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p.72) posted on consumer review websites (channel) such as TripAdvisor.com or Yelp.com, 

product review websites such as Amazon.com or social network sites. The receiver reads (seeing) 

the message and then creates an attitude towards the product/service.  

 

 
Figure 3 Information flow in online review communication (adapted from Berlo's (1960) SMCR model) 

 

 

The objective of this research is to investigate the effects of two-sided online reviews' 

contents affecting the consumers' attitudes at the pre-usage stage of a focal experience service. 

Depending on the information content, online reviews can be classified into two categories: one-

sided or two-sided. Contrary to one-sided reviews (i.e., only positive or negative information), 

two-sided reviews contain both positive and negative information about a product/service (Jensen 

et al., 2013; Uribe et al., 2016; Hsieh & Li, 2020).  The receiver/reader of an online review shows 

their attitude towards the review by providing a helpful vote to the associated review. (For example, 

readers can press the "Helpful" button under the reviews on Amazon.com or use the thumbs-up 

emoji on TripAdvisor.com to show that they found the review helpful.) "Two-sided reviews are 
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perceived to be more helpful" (Yin et al., 2021, p. 3) since they not only can be found to be more 

informative (Muralidharan et al., 2017), but also they reduce the receiver's skepticism (Cheung et 

al., 2009; Wang, Cunningham et al. 2015), enhance the reviewers' credibility (Jensen et al., 2013; 

Gerrath & Usrey, 2016), and increase the online review credibility (Cheung et al., 2012; Uribe et 

al., 2016; Park et al., 2019; Lopes et al. 2020).  

Experience services cannot be objectively evaluated and can only be subjectively evaluated 

after consuming the service (Xiao & Benbasat, 2007). Examples of experience services include 

restaurant services and hotel services. Online reviews are one of the crucial information sources in 

reducing consumers' uncertainty in the evaluation of experience services (Qahri-Saremi & 

Montazemi, 2023). Therefore, we focus on the experience services for the context of this study. 

For example, restaurants offer "experiential service products which have the following attributes: 

intangibility (tangible products with intangible features such as taste and ambience), variability 

(quality inconsistency resulting from labor-intensive service delivery), and inseparability 

(simultaneity of production and consumption)" (Wang et al., 2021, p.1), thus making it difficult 

for customers to observe and evaluate quality of restaurant services before their first-hand 

experience creating uncertainty about service quality  (Wang et al., 2021).  

Uncertainty refers to "the degree to which the future states of the environment cannot be 

accurately anticipated or predicted" (Pfeffer & Salancik, 1978, p.67). In buyer-seller relationships 

uncertainty exists and perceived uncertainty is defined as "the degree to which the outcome of a 

transaction cannot be accurately predicted by the buyer due to seller and product related 

factors"(Pavlou et al., 2007, p.4). According to Pavlou et al. (2007) "uncertainty consists of seller 

quality uncertainty (seller hiding its true characteristics, making false promises, shirking, or 



Ph.D. Thesis - Mehmet Akgul - McMaster University, DeGroote School of Business 

 

 

 

20 
 

defrauding), and product quality uncertainty (product condition not being as promised, or product 

quality being compromised)" (p.4). When consumers view service listing online, they may not 

have access to information about the "true" quality of the services and therefore, unable to judge 

service quality pre-usage (Pavlou et al., 2007).  

The difference of information that sellers and buyers possess in the pre-usage stage refers 

to information asymmetry: sellers have more information than the buyers. Connelly et al. (2011) 

contend that "because some information is private, information asymmetries arise between those 

who hold that information and those who could potentially make better decisions if they had it" (p. 

42).  Information asymmetry "makes it difficult for buyers to assess the sellers' true characteristics 

and assess the true quality of a seller’s products " (Pavlou et al., 2007, p.11) and "the higher the 

degree of information asymmetry that buyers perceive, the higher their uncertainty perceptions 

will be about a transaction" (Pavlou et al., 2007, p.11). 

2.1.1 Online Review to Mitigate Information Asymmetry  

To mitigate information asymmetry, consumers can use market information signals to 

distinguish seller's product/service quality (Pavlou et al., 2007). Online reviews, in terms of 

information signals, enable consumers to distinguish seller's product/service quality (Filieri, 2014). 

Mudambi and Schuff (2010) show that review helpfulness, "as a measure of perceived value in the 

decision-making process" (p.186), reflects information diagnosticity. The helpfulness of 

information plays a critical role in adopting the provided information as helpful information 

enables consumers to distinguish between alternative choices, making perceived helpfulness a 

fundamental predictor of information adoption (Qahri-Saremi & Montazemi, 2019). In the context 

of online review message adoption, extant research "focused on the perceived helpfulness of an 
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online review message as an essential antecedent of online review adoption [since] … helpful 

online review messages reduce consumers' uncertainty in their assessment of a 

product/service."(Qahri-Saremi & Montazemi, 2019, p.8)  

The foregoing research findings show that online reviews are instrumental in the form of 

information signals to mitigate information asymmetry between consumers at the pre-usage stage 

and the providers of services. Nonetheless, extant studies make an important assumption that there 

is no information asymmetry between writer/source of two-sided reviews and consumers that 

read/receive it: the attitude of the writer/source of the two-sided review is completely transferred 

to the reader/receiver of the review.  Given the subjective nature of two-sided online reviews for 

experience goods, we contend that such an assumption is flawed because transfer of personal 

experience in form of attitude towards a focal object/service to others is fraught with ambiguity 

and uncertainty that can mitigate the transfer. Let us explain this phenomenon within the context 

of knowledge transfer in online communities (Faraj et al., 2016). To begin with, the personal 

experience (tacit knowledge) of the review provider is transferred to explicit knowledge in the 

form of review content. Next, the receiver of the reviews interprets and "incorporates them into 

their own personal tacit knowledge [i.e., internalize]" (Faraj et al., 2016, p. 675). Faraj et al. (2016) 

explained this process as: 

In online communities, such flows capture participants' evolving interpretations, 

 understandings, and practicing of explicit knowledge, picked up and refined from the 

 knowledge system [e.g., Yelp restaurant reviews] … [Information] flows continuously 

 through the community and individuals [i.e., consumers at the pre-usage stage] need to 

 select and incorporate them into their own personal tacit knowledge (p.675).  
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Expansive flow of information in online communities presents cognitive challenges for 

individuals to find relevant information, as they must conserve scarce human attention on evolving 

knowledge systems (Faraj et al., 2016). Extant literature identified allocation of attention processes 

in online behaviors. For example, Browne et al. (2007) found that for well-structured tasks "[tasks] 

that are of low or medium complexity and for which people have at least some experience" (p.98), 

individuals generally use mental list rule or the single criterion rule; and for poorly-structured tasks 

"[tasks] that are of high complexity and for which people have little or no experience [such as a 

fresh visit to a restaurant]" (Browne et al., 2007, p.98) individuals generally use magnitude 

threshold and representational stability rules. As Browne et al. (2007) contend, "the dimensions of 

the task structure and the nature of the person's representation [of the task]" (p.98) have a 

significant impact in the selection of the stopping rule during the information search. For example, 

for tasks such as selection of a search good, e.g., a notebook, the decomposition strategy is used 

since the information is discrete "various task elements, criteria, or attributes can be separately 

identified" (Browne et al., 2007, p.92). On the other hand, for holistic tasks (e.g., selecting an 

experience good) where information may not be discreet an individual acts "based on his 'sense' 

or 'image' or 'gist' of the situation rather than on individual elements" (Browne et al., 2007, p.93). 

In the latter case, there is an information asymmetry between the source and receiver of the 

reviews: the receiver of the review is limited to what the source disclosed in the review (Siddiqi et 

al., 2020). 

As discussed before, information asymmetry increases a consumer’s perceived risk when  

buying products/services (Pavlou et al., 2007). Perceived risk is "the consumer’s perception of the 

uncertainty and concomitant adverse consequences of buying a product or service" (Dowling & 
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Staelin, 1994, p.119). Furthermore, the sender and receiver of the review have two different 

prospect-based emotions. The prospect-based emotions are "characterized as reactions to (i.e., 

having a positive or negative feeling about) an envisaged [anticipatory] event [by the reader of the 

review], or to the confirmation/disconfirmation of the prospect of such an event [by the 

writer/sender of the review]" (Ortony et al., 2022, p.126). While both 

confirmation/disconfirmation emotions and anticipatory emotions are based on assessments of 

future events, the difference between the two is that the former is the result of "a comparison 

between an actual outcome [of the event] and the expectation [about the event before the event 

happens]" ( Bee & Madrigal, 2013, p.379); the latter is about the future events where the status of 

the event is unknown (Bee & Madrigal, 2013). To that end, Bee and Madrigal (2013) found that 

"anticipatory mixed [positive/negative] emotions (i.e., anticipatory ambivalence) … were the 

greatest contributor to consumer discomfort and uncertainty regarding future consumption  [i.e., 

post-usage stage]" (Bee & Madrigal, 2013, p.370). They also assessed the effect of anticipatory 

ambivalence on attitudes and intentions for prospective purchase intentions and they found that 

"ambivalence mediates the relationship between evaluative information and intentions, as well as 

[ambivalence] moderates the relationship between attitudes and intentions" (p. 370).  

 

2.2 Ambivalence 

Ambivalence refers to "a state in which individual experiences both positive and negative 

reactions to an attitudinal object" (Yang & Unnava, 2016, p. 332). For example, a person has a 

positive attitude towards an object (e.g., French fries for taste), but at the same time they have 

some negative attitude towards the same object (e.g., high calorie of French fries), making them 
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overall attitude ambivalent (Yang & Unnava, 2016). In the case of no conflicting evaluations (i.e., 

positive (e.g., liking the French fries without any reservation) or negative dominant (e.g., not liking 

French fries at all) evaluations), then the attitude is called univalent (Yang & Unnava, 2016; Chang, 

2011). The difference between non-ambivalent (univalent) attitudes and ambivalent attitudes is 

that "non-ambivalent attitudes are generally based on evaluatively congruent attributes while 

ambivalent attitude-holders need to integrate evaluatively incongruent attributes into an overall 

judgment" (van Harreveld, 2004, p.431).  

We can show the relationship between review content and ambivalence attitude in terms of 

heuristic-systematic model. The heuristic-systematic model highlights differences in informational 

processing (Qahri-Saremi & Montazemi, 2019), indicating that message recipients elaborate on 

messages differently in different situations (Chaiken, 1980).  The heuristic-systematic model 

identifies two modes of information processing:  systematic processing mode and heuristic 

processing mode (Chaiken, 1980). Systematic processing mode is the effortful processing mode, 

and it is used, for example, when the quality of the message arguments is carefully examined in 

the assessment of message helpfulness (Chaiken, 1980).  Drawing on heuristic-systematic model, 

Qahri-Saremi and Montazemi (2019) show that "when a consumer is able and willing to engage 

in the systematic processing of a message, the merits of the actual arguments contained within the 

message serve as systematic cues to determine the degree of informational influence" (Qahri-

Saremi & Montazemi, 2019, p.9). Extant research show that ambivalence is linked to enhanced 

systematic processing (van Harreveld et al., 2015) due to the "motivation to reduce ambivalence, 

as it was found that the increased receptiveness of ambivalent attitude holders to a strong 

persuasive message helped to reduce subsequent feelings of ambivalence" (van Harreveld et al., 
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2015, p.19). Ambivalence can be reduced using the unbiased systematic processing (van Harreveld 

et al., 2015) which is the "effortful processing achieved by carefully weighing all alternatives [in 

the review content] aiming to come to the best possible evaluation [of the focal service]" (van 

Harreveld et al., 2015, p.20).  

2.2.1 Measuring Ambivalence 

We can identify two central elements of ambivalence (van Harreveld et al., 2015): "First, 

both positive and negative associations need to be present. Second, these  associations can be 

relevant at the same time. Based on these two prerequisites, we can make a distinction between 

the associative structure of ambivalence based on positive and negative association weights  

(objective ambivalence) and the experience of conflict due to this associative structure (subjective 

ambivalence)" (Van Harreveld et al., 2015, p.4). 

2.2.1.1 Subjective Ambivalence 

Subjective ambivalence, also known as felt ambivalence, can be measured using self-report 

questions. The subjective ambivalence measure developed by Priester and Petty (1996) consists of 

three items asking participants to rate (on an 11-point scale) how much their reactions "are 

conflicted, mixed, and indecisive to the attitude objects" (Priester & Petty, 1996, p.437). The 

subjective ambivalence is calculated by averaging one's responses to these three items.  

However, people may not be able to accurately assess their subjective ambivalence (Has et 

al., 1992; Ullrich, 2012). For example, people could use ambivalence "to express their feelings of 

indecision or uncertainty" (Larsen et al., 2001, p.692) leading to inaccurate measurement of the 

subjective experience of being ambivalent (Russel et al., 2011): "people may hold ambivalent 

views about an issue but are unable to explicitly express those views as divided because the conflict 
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is unconscious "(Russel et al., 2011, p.359). To that end, Russel et al. (2011) findings highlight the 

challenges in the measurement of subjective experience of being ambivalent and the importance 

of the use of indirect measures (i.e., measuring positive and negative evaluations separately) and 

the use of a computational formula in the measurement of ambivalence.  Furthermore, McGraw et 

al. (2003) found that while "the information foundations of subjective ambivalence and uncertainty 

yielded in mixed results, … the objective measures of ambivalence did predict subjective 

uncertainty" (p. 435). Therefore, we use objective ambivalence to assess the consumers' attitude 

towards a focal service. 

2.2.1.2 Objective Ambivalence 

Objective ambivalence measures ambivalence using a mathematical formula. In this case, 

an individual is asked (e.g., "to what extent does each of the words below describe your attitude 

toward [topic]?" (Weng & DeMarree, 2019, p.4)), to rate their positive and negative attitude 

towards an entity (e.g., "a person, situation, object, task, or goal" (Rothman et al., 2017, p. 33)), 

and then those evaluations are used to compute the ambivalence (Breckler, 1994).  

One of the formulas used to measure Objective Ambivalence is Griffin's ambivalence 

measure, also known as the SIM (Similarity-Intensity model) (Thompson et al., 1995). According 

to the model, ambivalence has two components: Intensity Component and Similarity Component 

Intensity Component: The intensity component of ambivalence measures how strong the 

magnitude of the conflicting assessment is. The formula for intensity component is (P+N)/2, where 

P and N represent the positive and negative evaluations of an entity, respectively.  

Similarity Component: The similarity component of ambivalence measures how similar 

in magnitude the positive and negative evaluation of an entity is. The formula for similarity is -
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ABS(P-N), where P and N represent the positive and negative evaluations of an entity, respectively, 

and ABS refers to the absolute value function. The combined formula for ambivalence is provided 

in Equation 2: 

𝐴𝑚𝑏𝑖𝑣𝑎𝑙𝑒𝑛𝑐𝑒 =
𝑃 +  𝑁

2
−  𝑎𝑏𝑠 (𝑃 −  𝑁) (2) 

 

A 3D graph of the SIM model and associated contour plot is depicted in Figure 4. In the 

graph, it is assumed that the scale for the evaluations of Positive and Negative components is 

between 1 and 5. As Figure 4 shows if the similarity is kept constant, meaning that the positive 

and negative evaluations have the same strength, ambivalence increases as the evaluations' 

strengths increase. Also, suppose the intensity is kept constant, meaning that the sum of positive 

and negative evaluations is kept constant. In that case, ambivalence decreases as the distance 

between positive and negative evaluations increases, meaning that the evaluation becomes either 

positive or negative dominant. 

 
Figure 4 3D (left) and contour graphs (right) of ambivalence as modelled by SIM. As the color 

becomes lighter ambivalence increases. 
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As aforementioned, SIM contends that ambivalence has two components – intensity 

component and similarity component – where both the intensity and the similarity are calculated 

using the positive and negative evaluations of a stimulus (i.e., a person, an organization, or an 

experience). A heatmap of equation 2 is provided in Figure 5, where Positive and Negative 

evaluations are rated between [0, 9]. Each cell in Figure 5 shows the value of ambivalence for that 

specific evaluation: for example, the ambivalence of feeling 2 Positive (P=2) and 4 Negative (N=2) 

is 1 (=
2+4

2
− 𝑎𝑏𝑠(2 − 4)  = 3 − 2 = 1). 

 

 
Figure 5 Heatmap of ambivalence calculated using Equation 2. While the x and y-axis show the 

positive and negative evaluations, the values in the cells show the ambivalence value for that specific 

evaluation. Ambivalence increases, going from green colour to yellow colour to red colour.  
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The first part of the SIM formula – (P+N)/2 – shows the intensity component of the 

ambivalence, and it represents that as the total intensity of the emotions increases, the ambivalence 

increases. This can be observed on the secondary diagonal (diagonal from bottom-left to top-right) 

in Figure 5. On the secondary diagonal Positive and Negative evaluations are the same, making 

𝑎𝑏𝑠(𝑃 − 𝑁) to be 0. On the secondary diagonal, as the intensity of the evaluations increases, 

ambivalence increases and reaches its maximum value of 9 when both Positive and Negative 

evaluations become 9 (top-right corner in Figure 5).  

The second part of the SIM formula – 𝑎𝑏𝑠(𝑃 − 𝑁) – is the similarity component and 

represents the distance between Positive and Negative evaluations. As the distance between 

Positive and Negative evaluations increases, ambivalence decreases, making the overall evaluation 

more univalent rather than ambivalent. For example, in Figure 5, ambivalence is minimum (=-4.5) 

when the Positive evaluation is 9, and the Negative evaluation is 0 (bottom-right corner in Figure 

5) or when the Negative evaluation is 9 and the Positive evaluation is 0 (top-left corner in Figure 

5). At these points, attitudes become univalent since there is no coexistence of mixed evaluations. 

The effect of the similarity component can be observed in Figure 5 by looking at the values on the 

main diagonal (diagonal from top-left to bottom-right). On the main diagonal, the sum of Positive 

and Negative evaluations is the same, making (P+N)/2 constant (=4.5). As shown on the main 

diagonal, ambivalence increases as the Positive and Negative evaluations become closer to each 

other and reaches its maximum value of 3.5 when the Positive evaluation is 5 and the Negative 

evaluation is 4 or when the Negative evaluation is 5, and the Positive evaluation is 4.  
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2.3 Hypothesis Development 

As stated before, the sender and receiver of the review have two different prospect-based 

emotions. The prospect-based emotions are "characterized as reactions to (i.e., having a positive 

or negative feeling about) an envisaged [anticipatory] event [i.e., anticipatory ambivalence by the 

reader of the review], or to the confirmation/disconfirmation of the prospect of such an event [ i.e., 

ambivalent attitude) by the writer/sender of the review]" (Ortony et al., 2022, p.126). While both 

confirmation/disconfirmation emotions and anticipatory emotions are based on assessments of 

future events, the difference between the two is that the former is the "result of a comparison 

between an actual outcome [of an event] and an expectation [of the event before it happens]" (Bee 

& Madrigal, 2013, p.379); the latter is about the future events where the status of event is unknown 

(Bee & Madrigal, 2013). 

Drawing on prospect theory, we contend that after reading a review, the anticipatory 

ambivalence attitude of the receiver of the review is higher than the ambivalent attitude of the 

source/writer of the review who has already experienced the focal service.  Prospect theory 

(Kahneman & Tversky, 1979) posits that individuals place more weight on the experience of loss 

than the pleasure of obtaining an amount equal to what was lost since the value function is steeper 

compared to the gains. That is, potential loss rather than prospective gain weighs more heavily on 

the decision between two possible options (Park & Nicolau, 2015). Furthermore, "according to the 

cognitive dissonance theory … people immediately focus their attention on unfavorable aspects of 

the chosen alternatives and favorable aspects of the rejected alternatives" after a decision (Van 

Harreveld et al., 2015, p. 11). Additionally, compared to inactions, actions are linked to higher 

degrees of regret and as making a decision requires action, it is more likely that the ambivalent 
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attitude holder to feel regret after making a decision (Van Harreveld et al., 2015). As a result, when 

the holder of an ambivalent attitude is forced to make a decision, ambivalence is felt to be 

particularly unpleasant (van Harreveld et al., 2009).  

Therefore, based on the foregoing justifications, we postulate the following hypothesis:  

Hypothesis:  The anticipatory ambivalence of the receiver/reader based on a two -sided 

review content for a focal service is higher than the ambivalent attitude of the source/writer of the 

review who has already experienced the focal service.   
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3 Methodology 

To test the stated hypothesis, we conducted a controlled laboratory experimental study. For 

the controlled laboratory experiment, we used two sets of participants: Amazon Mechanical Turk 

(MTurk) participants and student participants enrolled in the "Information Systems in Business" 

course at the DeGroote School of Business. The rationale is to increase our findings' overall 

validity and generalizability; using different subjects will also reduce false interpretations and 

increase the strength of our findings (Hales, 2010). To that end, we used four scenarios, depicted 

in Table 4, to assess the transfer of knowledge (emotions/attitudes) from the review writers 

embedded in their reviews to the receiver. Scenario 1 consisted of 90 Canadian review readers and 

90 Canadian/US review writers. Scenario 2 consisted of 157 US review readers and 135 

Canadian/US review writers. Scenario 3 consisted of 321 student review readers and 228 

Canadian/US review writers. Scenario 4 consisted of 314 student review readers and 240 student 

review writers. We provide the details of the controlled laboratory experiment in the following 

sections. 

Scenarios Knowledge Transfer from Review Writers to the Readers 

Scenario 1 Canadian MTurk review reader – Canadian/US MTurk review writer 

Scenario 2 US MTurk review reader – Canadian/US MTurk review writer 

Scenario 3 Student review reader – Canadian/US MTurk review writer  

Scenario 4 Student review reader –Student review writer 

Table 4 Data collected to assess the stated hypothesis 
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3.1 Study Design, Context, and Subjects 

In this study, two phases of self-administrated online surveys were conducted. In the first 

phase, online reviews about restaurants were collected from one subset of the participants, i.e., 

review writers. In the second phase, written online reviews are shown to another subset of 

participants, i.e., review-readers. We collected the data using online surveys as online surveys have 

been "particularly advantageous for social studies in terms of reduced costs, immediacy and 

enhanced questionnaire possibilities" (Ferri-García & Rueda, 2022, p.1829). To ensure that the 

survey questions were understandable to a broad audience, we also conducted a pilot study before 

starting the controlled experiment. 

3.1.1 Study Context 

For the study context, we selected experience services as defined in the Theory 

Development chapter. In general, services can be classified as "search" or "experience" services 

(Mitra et al., 1999). Search services can be objectively evaluated without the need for the 

consumers to experience them (Xiao & Benbasat, 2007). Examples of search services include 

checking account or credit card for banks (Licata & Frankwick, 1996) or selecting a cable TV 

operator (Lima & Fernandes, 2015). Experience services, in contrast to search services cannot be 

evaluated objectively as users must engage with them to evaluate them (which is subjective) (Xiao 

& Benbasat, 2007). Some examples of experience services are music (Chen & Chellappa, 2009), 

healthcare (Korachais et al., 2019) and hotels and restaurants (Zhang, Sun et al., 2014). 

Search services "are more standardized and less personalized than experience or credence 

services … [and hence] pre-purchase judgments [of search services] are easier" (Chocarro et al., 

2021, p.8). The perceived risk associated with a purchase is influenced by difficulty in judging the 



Ph.D. Thesis - Mehmet Akgul - McMaster University, DeGroote School of Business 

 

 

 

34 
 

attributes; that is, "the harder it is to judge the attributes, the higher the perceived risk attached to 

the purchase." (Chocarro et al., 2021, p.8). Thus, the perceived risk in the purchase of experience 

services is higher than in the purchase of search services (Zhang, Wang, Wu et al., 2021). Hence 

for this study, we selected experience services as our context, and we selected restaurant reviews 

for data collection as restaurants are one of the most common services that are being used in daily 

life. 

3.1.2 Subjects 

Empirical test of our stated hypothesis can be based on students ' sampling or through 

crowdsourcing such as Amazon MTurk. External validity is the most common shortcoming of 

student samples (Peterson & Merunka, 2014) as Kees at al. (2017) contended "findings from 

studies using student samples are limited in that these younger, geographically constrained, and 

relatively well-educated participants may not always be generalizable to broader populations of 

nonstudent adults" (p.142). However, MTurk enables collecting data from participants with 

various demographics hence it mitigates some external validity issues related to the student 

participants (e.g., limited age, income, and education) (Kees at al., 2017). In this research we use 

both student sampling as well as MTurk sampling to increase the generalizability of our findings. 

The complimentary characteristics of the two is "convenience sampling". Convenience samples 

"consist of consumers who are easily accessible rather than consumers who are randomly selected 

from the entire population of interest" (Kees at al., 2017, p.142). Therefore, many people of a target 

demographic have no chance of being chosen in a convenience sample, raising concerns about the 

convenience sample's representability of the target population (Kees at al., 2017). Nonetheless, 

extant literature in online review has adopted either student sampling or MTurk sampling. We have 
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gone further to strengthen our findings by means of data triangulation (Hales, 2010, p.14) using 

both types of sampling. 

3.1.2.1 Online Crowdsourcing Markets (OCMs) 

An Online Crowdsourcing Market (OCM) is an "internet-based participant recruitment 

resource, which facilitates the distribution, completion and retrieval of survey responses" (Soror 

et al., 2015). Crowdsourcing has become more common in several fields in recent years (Fang & 

Chen, 2022) and is used in a variety of tasks, such as capturing new product ideas and innovations 

(Bayus, 2013), improving image search (Yan et al., 2010), healthcare applications (Hill et al., 2013), 

and processing social media data (Archak et al., 2011). OCMs are also utilized for detailed product 

reviews and experimental surveys (Steelman et al., 2014). Workers are paid a predetermined sum 

of money for successfully completing the given task, and the payment is processed through OCM 

payment mechanisms.  (Steelman et al., 2014). 

OCMs offer special advantages to researchers as there is a wide range of subjects in OCMs 

in terms of age, occupation, and culture, and compared to the student participants, they are 

generally available to participate in research studies (Steelman et al., 2014). Furthermore, 

researchers can restrict the participants to those who are qualified according to the research study 

requirements (Steelman et al., 2014). In all, OCMs are beneficial not only because they provide a 

wide range of participants with various levels of expertise and demographics but also at a low cost 

(Brynjolfsson et al., 2016) 

3.1.2.2 Amazon Mechanical Turk (MTurk) 

MTurk is one of the online crowdsourcing markets where "employers post outsourced tasks 

for an undefined, anonymous network of labourers to perform and receive compensation for their 
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contributions. On Amazon's Mechanical Turk, registered users (called Workers [Turkers]) 

participate in tasks [called HITs, Human Intelligence Tasks] issued by individual employers 

(Requesters) that solicit the work." (Steelman et al., 2014, p.357). MTurk enables the researchers 

to assign tasks randomly to Turkers (Brynjolfsson et al., 2016), and once the task is completed 

upon the approval of the researcher, Turkers are paid automatically using the MTurk built -in 

system. MTurk is one of the popular OCMs used by academics: around "15,000 papers containing 

the phrase 'Mechanical Turk' were published between 2006 and 2014" on Google Scholar 

(Chandler & Shapiro, 2016, p.55) and in the last 6 years more than 340,000 MTurk studies were 

conducted by around 10000 researchers (Hauser et al., 2022). Although evidence suggests that 

participants (e.g., subjects recruited through MTurk, campus, and community) engage in 

unfavourable behaviours (e.g., cross-talking - talking with a participant who previously completed 

the task), compared to traditional studies, MTurk provides a large sample size which increases the 

statistical power of a research study (Necka et al.,2016). Additionally, it has been demonstrated 

that data gathered on MTurk for numerous psychological activities, including cognitive, social, 

and judgement and decision-making tasks, are often comparable to data gathered in a laboratory 

setting (Necka et al.,2016; Paolacci et al., 2010) and studies suggest that are motivated to provide 

high quality responses (Woo et al., 2015).  

3.1.2.3 Suitability of MTurk for Data Collection 

While collecting data using MTurk provides flexibility to the researchers, the first question 

that should be answered is the suitability of the MTurk data for the research question. Jia et al. 

(2017) contend that two dimensions of the research question should be considered in the 

assessments of using MTurk data: Generalizing vs. Contextualizing Study and Diverse vs. Shared 
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Cognition. These dimensions are shown in Table 5, and the use of MTurk data is most appropriate 

when the research question is a generalizing study with diverse cognition.  

 

 

 

 

 

Shared 

Cognition 

Diverse 

Cognition 

Generalizing 

Study 

Cautioned Appropriate 

Contextualizing 

Study 

Not 

Recommended 

Cautioned 

 

Table 5 Determination of the suitability of the MTurk data for a research question (Adapted 

from Jia et al. (2017)) 

 

Generalizing vs. Contextualizing Study: The spectrum of research questions varies from 

"generalizing" to "contextualizing" (Jia et al., 2017). In the case of a generalizing study for 

investigating generic attitudes and behaviours the use of MTurk participants would be appropriate, 

however in the case of a contextualizing study where the participants' identities are important their 

use may invalidate the findings (Jia et al., 2017). 
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For example, if a researcher is looking into a cross-cultural phenomenon, such as social 

adoption and usage of social media, then MTurk is a valid data source (Jia et al., 2017). However, 

if the study is specific to a situation, such as IT employee burnout in Silicon Valley firms, then it 

is crucial for participants to be a member of that specific situation (Jia et al., 2017). In these types 

of cases, the use of MTurkers should be avoided since their identity cannot be verified and hence 

can invalidate the results (Jia et al., 2017). 

Diverse vs. Shared Cognition: Another dimension of a research question is the experiences of the 

individuals. Zhu et al. (2015) contend that the experience spectrum ranges from "diverse" to 

"shared." For example, if the research question is about understanding how technology adoption 

is affected by individual perceptions in general, then it is desirable to have participants from 

various backgrounds and experiences (Jia et al., 2017). On the other hand, if the research question 

requires some common experience, such as the employees' perceptions of a team environment (Jia 

& Reich, 2013), then a shared background for the study participants is required (Jia et al., 2017).1 

Since our study is related to online reviews in the service industry (i.e., restaurants), our 

study focus is highly generic (i.e., consumers of the service industry) and doesn't require a shared 

cognition; hence, we contend that collecting data using MTurk is appropriate for our study. This is 

in line with the prior research which identified MTurk as suitable for conducting online 

 
 

1 "Shared cognition is the collective cognitive activity from individual group members where the 
collective activity has an impact on the overall group goals and activities" (Razzouk & Johnson, 2012, 

p.3056). "Knowledge possessed by effective teams has been referred to as shared knowledge, shared mental 

model, team knowledge, and shared understanding" (Cobb et al., 2014, p.17). Shared cognition includes 

"the knowledge that team members hold, which enables them to form accurate explanations and 

expectations for the task and in turn to coordinate their actions and adapt their behavior to demands of the 
task and other team members" (Razzouk & Johnson, 2012, p. 3056). 
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experiments (Han, 2021; Steelman et al., 2014; Mason & Suri, 2012; Paolacci et al., 2010). We 

would like to also state that "MTurk provides a larger and more diverse sample [compared to the 

college-student samples and community samples and] MTurk' subjects are more representative of 

the general population" (Han, 2021, p.262).  

3.1.2.4 Challenges (and mitigations) of using MTurk  

Although MTurk enables researchers to collect data from a large population at a low cost, 

it also requires a more thorough examination and validation of responses, e.g., detecting lower 

attentive participants or bot like - automated - responses (Steelman et al., 2014). Also, multiple 

responses from the same participants need to be scrutinized since it is advised for researchers to 

filter out workers who might have participated in an earlier version of a survey or pilot study to 

reduce bias (Steelman et al., 2014). Finally, to mitigate reliability and quality issues, it is 

recommended to recruit workers with high reputation ratings for their previous quality work 

(Steelman et al., 2014). 

To mitigate the issues identified above, we recruited MTurk participants using the 

CloudResearch Mechanical Turk (MTurk) Toolkit. CloudResearch is an international online 

recruitment platform that is connected to more than 50 million research participants worldwide. 

CloudResearch uses MTurk's application programming interface (API) for connection, and it 

provides data quality checks otherwise not available to MTurk. Such quality checks include 

excluding participants who fail the attention checks or who prov ide bot-like responses. 

Furthermore, CloudResearch also has the capability of blocking duplicate IPs or suspicious 

geolocations (i.e., locations that create high web traffic) to increase the data quality of responses. 
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In addition, it has been suggested that compared to the other data collection tools (e.g., Prolific) 

CloudResearch data is superior (Litman et al., 2021).  

In addition to the above challenges, self-selection bias, self-misrepresentation, inconsistent 

English language fluency, MTurker non-naivete, MTurker inattention, high attrition rates, 

perceived researcher unfairness, MTurker social desirability bias, and Vulnerability to web robots 

(or "bots") need to be also addressed while using MTurk for data collection (Aguinis et al., 2021). 

We briefly describe these challenges and provide a mitigation strategy for them, as suggested by 

Aguinis et al. (2021). 

Self-selection bias: Self-selection bias occurs "when survey respondents are allowed to decide 

entirely for themselves whether or not they want to participate in a survey", resulting in biased 

data in the sense that the survey participants do not represent the target population (Lavrakas, 2008, 

p. 809) 

Our design: One of the suggestions related to the self-selection bias is to assess the 

alignment between the target population of the study and the MTurkers (Aguinis et al., 2021). In 

our study, we are interested in the consumers' experiences in the service industry (i.e., restaurants), 

which don't require specialized knowledge. Hence, we do not expect any misalignment between 

the target population (i.e., restaurants' customers) and the MTurkers. However, as Hong et al. 

(2016) contended, culture is one of the factors that affect consumer behaviour. To mitigate the 

possible effects of culture on the restaurant evaluations, we hired only US and Canadian residents 

for the study. This is controlled by both verifying the country of the participants' IP addresses and 

the CloudResearch tools, as CloudResearch provides researchers to set a restriction on the survey 

participants' country location via the "Verify Worker Country Location" option.  



Ph.D. Thesis - Mehmet Akgul - McMaster University, DeGroote School of Business 

 

 

 

41 
 

Self-misrepresentation: In order to participate in a survey, MTurkers may misrepresent their 

characteristics such as income, age, education or gender (Aguinis et al., 202 1).  

Our design: Since we expect "diverse cognition" in our study, we only imposed an age limit 

(18 +) and US/Canadian residency on the study participants. Thus, self-misrepresentation is 

mitigated by not restricting the participants by their characteristics. Similar to Reich et al. (2023), 

we also utilized CloudResearch's 'Approved Participants' feature for US participants "to ensure the 

participation of only high-quality participants who have passed CloudResearch's attention and 

engagement measures"(p. 294).  

Inconsistent English language fluency: Survey participants' level of fluency in English can affect 

the survey results since it can affect the participants' interpretations of the measures and 

instructions (Aguinis et al., 2021).   

Our design: Since we restricted the participants to be US and Canadian Residents, we do 

not expect any inconsistencies in the level of English language of the MTurk participants.  

MTurker non-naivete: Participants' previous survey experiences can impact the study's findings 

since some participants might have been exposed to the same stimuli before, and they are more 

knowledgeable about the experiment compared to novice participants (Aguinis et al., 202 1).  

Our design: Since our study requires no specialization and MTurkers will write a review 

about their own restaurant experiences (or rate a previously written review), we expect the effect 

of non-naivete to be minimal. 

MTurker inattention: Approximately 15% of MTurk responses fail to comply with survey checks 

since the participants, to maximize the monetary returns, fail to pay enough attention to the survey 

instructions (Aguinis et al., 2021).  
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Our design: As stated before, CloudResearch's data quality filters enable high-quality data 

collection (Litman et al., 2021). We used the "Approved Participants" option whenever possible to 

filter out the low-quality MTurk participants. Also, we imposed MTurkers to provide details about 

their restaurant visit and write a review with at least 100 words for their restaurant experience. 

Hence we expect the effect of inattention to be minimal for our study.  

High attrition rates: Due to its online nature, some Mturk participants may not complete the 

survey, and the percentage can exceed 30% (Aguinis et al., 2021).   

Our design: To mitigate the attrition rates, we paid US$2 to the participants who completed 

the survey successfully. Participants were able to see the allotted compensation (US$2) before 

signing up for the task. As the study was estimated to take approximately 12 minutes to complete, 

"this amount is comparable to MTurk studies [e.g., Martin & Nissenbaum, 2017; Elias et al., 2016] 

of similar length" (Clauss & Bardeen, 2022, p.520). 

Perceived researcher unfairness: In case participants feel that the researcher is unfair, they can 

boycott the researcher's next studies (Aguinis et al., 2021).  

Our design: To mitigate such misunderstandings and to make sure that the instructions are 

clear, we conducted a pilot study with 8 participants to ensure the clarity of the instructions in the 

experiment. For the controlled experiment, we included the details about the compensation rules 

(e.g., refuse to pay conditions), the researcher's contact details, and McMaster University's ethics 

board's contact details provided in the consent form. We received two emails from the survey 

participants about completing the survey, and we responded to them within one day of receipt of 

the emails. 
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MTurker social desirability bias: Due to monetary compensation, MTurkers are "more likely to 

provide socially desirable responses than student samples" (Aguinis et al., 2021, p.827). 

Our design:  Considering that we asked participants to write reviews (or rate a written 

review) for restaurant experiences, we don't expect to observe social desirability bias in our study. 

To further mitigate this concern, we will use students as subjects for the second phase of our study. 

Vulnerability to web robots (or "bots"): Since MTurk provides an online survey, it may be the 

case that some of the MTurkers use programs called "bots" that can answer the survey questions 

randomly (Aguinis et al., 2021).  

Our design: Although participants can use bots, we believe the use of bots is minimal, if not 

impossible, since:  

a) We implemented a "CAPTCHA" verification (i.e., we asked for the sum of two integer 

numbers and allowed the participants to start the survey only if they could answer the result 

correctly) at the start of the study to thwart web robots  

b) The participants will be asked to write reviews in addition to completing a short survey. 

We disabled copy-paste on the survey form, and we also counted the number of words in 

the review.  

3.1.2.5 Student Participants 

Recent studies compared the performances of the online and student participants, and they 

found that online participants are at least as good as student participants (Dalton, 2021) in terms 

of "effort, honesty, self-reported numeracy, and analytical ability" (Dalton, 2021, p.35). 

Additionally, researchers have found that the data from MTurk is comparable to that collected from 

college students or marketing research firms (Fowler et al., 2022) in terms of "measures of 
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engagement, indices of test-retest reliability and internal consistency, and measures of criterion 

validity" (Fowler et al., 2022, Reasons to be Enthusiastic About Crowdsourced Research section, 

para. 2).  For the US, it was also found that the MTurk data samples "produced models that lead 

to similar statistical conclusions as both U.S. students and U.S. consumer panels" (Steelman, 2014, 

p.355). 

Although MTurk produces comparable results to the student participants, it has been 

cautioned to use MTurk excessively to recruit participants from MTurk as very little is known 

about the MTurk participants (Krupnikov & Levine, 2014). That is, as stated by the self-selection 

bias, MTurk subjects participate in a research study voluntarily rather than being selected randomly 

from a pre-specified population (Mullinix et al., 2015). 

Thus, to mitigate possible concerns about the MTurk data and to strengthen conclusions 

about our findings, we also recruited student participants for our study. By using both MTurk and 

student participants, this study is also able to assess whether student participants and MTurk 

participants show differences in their online review evaluations.  

University students are suitable for our research as they are considered one of the consumer 

profiles of the restaurants that use online reviews (Souki et al., 2022). In addition, university 

students are very similar in terms of "age, intelligence and income so this similarity can reduce the 

potential effects of these potential covariates in the results." (Liu et al., 2012, p.928). Furthermore, 

studies showed college students' online behaviour is similar to that of the general population (Wang 

et al., 2020). Therefore, we contend that university students are appropriate subjects for our study. 
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3.1.3 Pilot Study 

Prior to data collection, a pilot study was conducted with 8 Ph.D. students to ensure the 

instructions and measurement instruments are clear, and online survey works as expected. After 

the experiment, participants' feedback confirmed that the online surveys are clear and there is no 

technical difficulty in the online surveys' platform. After the pilot study, we conducted the main 

controlled laboratory experiment using the following procedures.  

3.2 Experimental Procedures  

The controlled laboratory experiment was conducted using the Qualtrics online survey 

platform, where subjects can fill out the survey form using a web browser at a suitable time of 

their choice.   

3.2.1 Experiment, Phase 1: 

This experiment was conducted to collect online reviews about restaurants. As part of a 

simulated service provider feedback scenario, each participant was asked to think about a specific 

restaurant visit and write a review about it (See APPENDIX – A Survey Form for Online Review 

Writers). 

3.2.1.1 Subjects  

The research was conducted by using two groups of participants: 256 participants from 

Amazon Mechanical Turk (MTurk) and 327 student participants from McMaster University 

enrolled in the Commerce program. 

3.2.1.1.1 MTurk Participants 

Data collection took place between the 20th of July 2021 - the 9th of August 2021, and to 

mitigate possible cultural factors in the study, we recruited participants from the US and Canada. 
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The number of participants in this part of the study was 256 (81 from Canada and 175 from the 

US). Participants were paid US$2 via CloudResearch upon successfully completing the survey.  

 

3.2.1.1.2 Procedure 

1. Consent Form: As per McMaster research ethics board (MREB) requirements, before the 

start of the experiment, we asked all the subjects to accept/reject the consent form 

explaining the nature of the study. After accepting the consent form, the subject was 

allowed to take the survey. 

 

2. Instruction Form: A short instruction form about the contents of the survey was presented 

to the participants. The subjects were allowed to continue to survey by pressing Next.  

 

3. Preliminary Questions: A set of screening questions was presented to the subjects. The 

subject was allowed to take the survey if they held all of the following conditions:  

 

a. Having an age of 18 years or older  

b. Being a Canadian or US resident: this is to mitigate any effects of culture on the 

restaurant evaluations of review writers in North America. A Canadian/US 

"restaurant setting may not be applicable to other countries or cultures [as] 

consumers from other cultures may behave differently on their online review 

behavior" (Li, Zhang, et al., 2019). For instance, Hong et al. (2016) report that 

compared to consumers from collectivist cultures, consumers from individualist 
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cultures are more likely to write reviews and include more emotional expressions 

in their reviews. 

c. Have been to a mid-price range (according to TripAdvisor, it is $$-$$$) restaurant 

in the last six weeks. Price is one of the features consumers use to evaluate a 

product/service (Chua et al., 2020) as Lin et al. (2020) contended consumers are 

willing to pay more when they consider the food item has high quality, is locally 

sourced or is labelled as "safe" according to the food safety standards. In a 

restaurant setting, price provides information about the perceived quality of the 

service or food (Kim et al., 2022), and consumers use price as one of the factors in 

the restaurant assessment (Pantelidis, 2010). For instance, when a restaurant's price 

and ambiance are considered together, a reviewer's anticipation of ambiance is 

strongly correlated with price (Luo et al., 2020). To mitigate price-related 

differences in the restaurant, we set the price range to a mid-price range for all 

participants. Tripadvisor provides three price ranges for restaurants, and they are 

indicated by $ (Cheap Eats), $$-$$$ (Mid-Range) and $$$$ (Fine Dining). For the 

purpose of this study, we selected mid-price range ($$-$$$) restaurants as our 

context, similar to Chow et al. (2007), and Kim and Velthuis (2021). We selected 

mid-price restaurants as consumers are more like to check online reviews for such 

restaurants (Kim & Velthuis, 2021). We excluded low-price restaurants since they 

are less likely to refer to online reviews for such restaurants (Kim & Velthuis, 2021) 

as "cheap establishments remain attractive regardless of their online evaluation" 

(Beuscart et al., 2016, p. 462). We also excluded high-price restaurants as high-
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priced restaurants "have sufficient reputation capital to not economically suffer or 

benefit from online reviews" (Beuscart et al., 2016, pp. 463). In addition, consumers 

of high-price restaurants are expected to use other resources, such as the Michelin 

guide, which has more expertise and legitimacy (Kim & Velthuis, 2021). While 

some review platforms allow anyone to post a review, some review platforms 

require a user to post a review only if they had the service in the last six months. 

(Nam et al., 2020). In this study, six weeks are selected to ensure that the 

participants' restaurant experience is recent: we expect participants can provide 

more and accurate details about their restaurant visits if they visited a restaurant 

recently. 

d. Have posted online reviews in the past: this is to ensure that the participants are 

familiar with and knowledgeable about online reviews.  

 

4. Subjects were asked to provide demographic information as follows: age, gender and 

education level. Personal characteristics can affect consumer evaluations as Sharma et al. 

(2012) found that male and older customers are more demanding and have higher 

expectations than female and younger customers. Education level is also another factor in 

the service evaluation. For hotel restaurant complaints, Heung and Lam (2003) found that 

67.2 percent of the complainers have at least university education, and close to 45 percent 

of the non‐complainers have only primary education.  

 

5. Then the subjects were asked to provide  
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a. The name of the restaurant as shown on the TripAdvisor website, the state/province 

and city of the restaurant and the date of the restaurant visit: This information is 

required to make sure that the particular restaurant is within a mid-price range 

restaurant and to make sure that the participant has been to the particular restaurant 

within the last six weeks as stated in the preliminary questions.  

b. Whether they have written about this particular restaurant before. We expect 

participants who wrote a review for this restaurant to recall their restaurant visit 

experience better compared to those who haven't written a review. However, this 

data is collected for reporting purposes, and no response is removed if a participant 

hasn't written a review for this restaurant before.  

c. The subjects were then asked to write a review about the particular of their 

restaurant experiences. "A minimum text length is required to reach stable text 

coverage" (Zhang, Wang, Chen et al., 2021, p. 8), "to measure the intelligibility of 

reading materials" (Chujo & Utiyama, 2005, p.1). For psychological text analysis, 

a minimum number of words are suggested by the experts (Alzate et al., 2022): 

while Boyd (2017) recommended 25–50 words per text, Chung and Pennebaker 

(2019) and Tang and Guo (2015) recommended 100 words per text. Hence, we set 

the minimum text length to 100 words. This was ensured by counting the number 

of words in the review. Furthermore, to make sure that the participants provided 

their own experience rather than copy/paste from another source (e.g., a review 

website), we disabled the copy-paste facility for review writing. 
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d. Next, the subjects were asked to assign a star rating to their restaurant experience 

using a 5 point-Likert scale where 1 star represents an extremely negative 

experience, and 5 stars represent an extremely positive experience of the service. 

Star rating represents the online review senders' attitudes towards their restaurant 

experience that is operationalized on online review sites (e.g., Yelp.com).  

e. Next, the subjects were asked to provide their positive and negative evaluations of 

the particular restaurant. These evaluations are used in our analyses within the 

context of the "Evaluative Space Model" (ESM) (Cacioppo et al., 1997). ESM 

contends that an attitude is formulated as a combination of positive and negative 

evaluations. Positive and negative evaluations are measured using the following 

two questions (adopted from Snyder and Tormala (2017)): 

i. Considering only your POSITIVE thoughts and feelings about your 

restaurant visit and ignoring the negative ones, how positive would you say 

your positive thoughts and feelings are? (Likert scale between 0 -9) 

[Positive Evaluation] 

ii. Considering only your NEGATIVE thoughts and feelings about your 

restaurant visit and ignoring the positive ones, how negative would you say 

your negative thoughts and feelings are? (Likert scale between 0 -9) 

[Negative Evaluation] 

These positive and negative evaluations are used to calculate the objective 

ambivalence of the subjects towards the restaurant using the SIM (Similarity -

Intensity model) (Thompson et al., 1995): 
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𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝐴𝑚𝑏𝑖𝑣𝑎𝑙𝑒𝑛𝑐𝑒 

=
𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 +  𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛

2

−  𝑎𝑏𝑠 (𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 −  𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒  𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛) 

 

3.2.1.1.3 Student Participants 

The subjects in the experiment were 327 undergraduate students enrolled in a second-year 

commerce course entitled "Information Systems in Business" at the DeGroote School of Business 

in the Fall 2021 term. Students were compensated with a 2% bonus mark towards their final course 

grade for their participation in the experiment.   

3.2.1.1.4 Procedure 

The experimental procedure for the student participants was exactly the same as for the 

MTurk participants, except that there were no preliminary questions (i.e., questions stated under 

the procedure section: section 1.2.1.1.2 - item 3) as required by the McMaster research ethics board 

(MREB), and the subjects were asked to provide their personal details (i.e., Student ID, First and 

Last name) for bonus mark compensation. 

3.2.2 Experiment, Phase 2: 

This experiment was designed to test the ambivalence evaluations of online review readers 

in an experimental environment. As part of a simulated service provider feedback scenario, each 

participant was asked to read an online review about a restaurant and then provide their evaluations 

of the restaurant in the review (See APPENDIX – B Survey Form for Online Review Readers for 

details). 
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3.2.2.1 Subjects  

The research was conducted by using two groups of participants: 252 participants from 

Amazon Mechanical Turk (MTurk) and 657 student participants from McMaster University 

enrolled in the Commerce program.   

3.2.2.1.1 MTurk Participants 

Similar to the Experiment in Phase 1, participant recruitment was done using the 

CloudResearch Mechanical Turk (MTurk) Toolkit. To mitigate cultural factors in the study, we 

recruited the participants from Canada and US only. The set of participants is different from the 

participants in Phase 1 as CloudResearch provides functionality to exclude the previous 

participants from consecutive experiments. The number of participants in this part of the study is 

252. Participants were paid US$2 via CloudResearch upon successfully completing the survey. 

3.2.2.1.2 Procedure 

1. Consent Form: As per McMaster research ethics board (MREB) requirements, before the 

start of the experiment, we asked all the subjects to accept/reject the consent form 

explaining the nature of the study. After accepting the consent form, the subject was 

allowed to take the survey.  

 

2. Instruction Form: A short instruction form about the contents of the survey was presented 

to the participants. The subjects were allowed to continue to survey by pressing Next.  

 

3. Preliminary Questions: A set of screening questions was presented to the subjects. The 

subject was allowed to take the survey if they held all of the following conditions:  
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a. Having an age of 18 years or older  

b. Being a Canadian or US resident: Similar to review writers in Phase - 1, this is to 

mitigate any effects of culture on the restaurant evaluations of review readers.  

c. Have read and rated online reviews about restaurants in the past: This is to ensure 

that the participants are familiar with and knowledgeable about online reviews.  

 

4. Subjects were asked to complete an online questionnaire to collect their demographic 

information: age, gender and education level. This was similar to review writers in phase 

– 1. 

 

5. Then, subjects were randomly shown a review from the pools of reviews collected in 

Experiment, Phase 1, as follows: 

The following Review is written by a very knowledgeable reviewer for a mid-ranged 

priced restaurant: 

<Review> 

6. Similar to phase-1, the subjects were then asked to provide the following: 

 

a. Their positive and negative evaluations of the particular restaurant using the 

following two questions: 

i. Considering only your POSITIVE thoughts and feelings about this 

RESTAURANT and ignoring the negative ones, how positive would you 
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say your positive thoughts and feelings are? (Likert scale between 0 -9) 

[Positive Evaluation] 

ii. Considering only your NEGATIVE thoughts and feelings about this 

RESTAURANT and ignoring the positive ones, how negative would you 

say your negative thoughts and feelings are? (Likert scale between 0 -9) 

[Negative Evaluation] 

These positive and negative evaluations are used to calculate the objective 

ambivalence of the subjects using the SIM (Similarity-Intensity model) (Thompson 

et al., 1995): 

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝐴𝑚𝑏𝑖𝑣𝑎𝑙𝑒𝑛𝑐𝑒 

=
𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 +  𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛

2

−  𝑎𝑏𝑠 (𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 −  𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒  𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛) 

 

b. Next, the subjects were asked to indicate their perception of the overall rating of 

the restaurant in the Review using a 5 point-Likert scale where 1 star represents an 

extremely negative evaluation, and 5 stars represent an extremely positive 

evaluation. The subjects were asked the following question to rate the restaurant:  

Please indicate your perception about the overall rating of  this RESTAURANT 
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d) Next, the subjects were asked to indicate their perception of the review's helpfulness 

using three questions measured on a nine-point scale (adapted from Yin et al. (2014)). 

The subjects were asked the following questions to measure review helpfulness:  

Using the scales below, how would you describe the above consumer review?  

i. not at all helpful/very helpful (1 not at all helpful, 9 very helpful) 

[Helpful Evaluation] 

ii. not at all useful/very useful (1 not at all useful, 9 very useful)  

[Useful Evaluation] 

iii. not at all informative/very informative (1 not at all informative, 9 

very informative)  

[Informative Evaluation] 

 

Review helpfulness is calculated by averaging the above items' scores:  

𝑅𝑒𝑣𝑖𝑒𝑤 𝐻𝑒𝑙𝑝𝑓𝑢𝑙𝑛𝑒𝑠𝑠

=
𝐻𝑒𝑙𝑝𝑓𝑢𝑙 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 +  𝑈𝑠𝑒𝑓𝑢𝑙 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 + 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑣𝑒 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛

3
 

3.2.2.1.3 Student Participants 

For this part of the experiment, student participants were asked to evaluate the online reviews 

of the restaurants:  

a) written by the MTurk participants and collected in Experiment, Phase 1. The subjects in 

the experiment were 333 undergraduate students  
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b) written by the student participants and collected in Experiment, Phase 1. The subjects in 

the experiment were 324 undergraduate students  

All of the students are enrolled in a second-year commerce course entitled "Information 

Systems in Business" at the DeGroote School of Business in the Fall 2021 term. Students were 

compensated with a 2% bonus mark towards their final course grade for their participation in the 

experiment.   

3.2.2.1.4 Procedure 

The experimental procedure for the student participants was the same as for the MTurk 

participants, except that there were no preliminary questions (as required by the McMaster 

research ethics board (MREB)), and the subjects were asked to provide their personal details (i.e., 

Student ID, First and Last name) for bonus mark compensation.  

 

3.2.2.1.5 Control Variables 

We controlled the following factors in the experiment: 

1. Reviewer-related factors: In an online review platform, online review readers can be 

affected by the reviewer's expertise level (e.g., the "Elite" badge on Yelp.com or the "Top 

10,000 Reviewer" badge on Amazon.com), reviewer's trustworthiness (e.g., the number of 

reviews submitted by a sender (Filieri, 2016) or the number of followers of a reviewer 

(Banerjee et al., 2017) or their attractiveness (e.g., the number of the sender's online friends 

(Zhu et al., 2014)). Hence, review expertise is controlled in the experiment by stating that 

"the provided Review is written by a very knowledgeable reviewer".  

2. Restaurant-related factors:  
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a. Restaurant Price: As stated previously, price provides information about the 

perceived quality of the service or food in a restaurant setting (Kim et al., 2022); 

hence, consumers set expectations based on the price resulting in them evaluating 

the service quality differently than the pre-consumption stage (Kim et al., 2022). 

Also, restaurant price can be an important consideration for customers in choosing 

a particular restaurant (Chow et al., 2007). Hence restaurant price is controlled in 

the experiment by stating that the provided "review is written for a mid-ranged 

priced restaurant".  

b. Restaurant Name: Some of the reviews written by students contained the name of 

the restaurant. Since "university students live in a close-knit community" (Ab 

Rahman, 2005, p.596), and they may be knowledgeable about the same restaurants. 

If a student is knowledgeable about the restaurant stated in the review, they may 

provide their evaluations based on their own experiences rather than the statements 

provided in the review. Hence, to mitigate any bias related to the restaurant, we 

removed the name of the restaurant in the review before showing the reviews to the 

student review readers.   

Table 6 presents the variables controlled in the study.  
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  Variable Explanation 

Review Writer Expertise 

To mitigate any biases related to reviewer expertise, we 

stated to the review readers that "the provided Review is 

written by a very knowledgeable reviewer". 

Restaurant Price 

Since price could affect restaurant evaluations, we controlled 

the restaurant price by stating to the review readers that the 

provided "review is written for a mid-ranged priced 

restaurant". 

  Name 

To mitigate any bias related to the restaurant, we removed 

the name of the restaurant in the review before showing the 

reviews to the student review readers.   

Review 
Review 

Length 

We asked the participants to write at least 100 words for the 

reviews for proper text analysis. 

Review 

Reader/Writer 
Location 

To mitigate any cultural effects on the study, we recruited 

participants only from the US and Canada. 

Table 6 Variables controlled in the study 

 

3.3 Text Mining 

Text mining "also called text analysis, text analytics, text data mining, automatic text 

analysis, and computer-based text analysis is the analysis of text data in order to discover hidden 

patterns, traits, and relationships" (Tang & Guo, 2015, p.68). Some of the tasks used in text mining 

are information extraction, text summarization, text categorization and sentiment analysis (Jo, 

2019; Weiss et al., 2015; Boiy & Moens,2009). Our focus in this research is on using text mining 

for sentiment analysis. Sentiment analysis, or opinion mining, "is an active area of study in the 

field of natural language processing that analyzes people's opinions, sentiments, evaluations, 

attitudes, and emotions via the computational treatment of subjectivity in a text" (Gray et al., 2023, 

p.548). For example, Tang & Guo (2015) used text mining to show that the "linguistic indicators 

generated by text analysis are predictive of eWOM communicators' [i.e., online review writers'] 



Ph.D. Thesis - Mehmet Akgul - McMaster University, DeGroote School of Business 

 

 

 

59 
 

attitudes toward a product or service"(p., 67). To further strengthen our findings, we also utilized 

text mining in this study. 

There are several techniques to assess review texts, such as topic mining, semantic text 

analysis, word embedding, and opinion mining. However, since the objective of this research is to 

test the stated hypothesis "the anticipatory ambivalence of the review readers based on a two-sided 

review content for a focal service is higher than the ambivalent attitude of the writer of the review 

who has already experienced the focal service" both the positive/negative evaluations of review 

writers' and review readers' are needed to assess their ambivalence values. Next, we provide some 

examples related to topic mining, semantic text analysis and opinion mining (sentiment analysis) 

and then provide our rationale for using the sentiment analysis in the study. 

Topic mining: "Topic mining is a statistical method used to discover latent topics in a 

series of documents" (Zhang et al., 2020, p. 64820).  

For example, let's assume that the following documents are provided for topic modelling.2 

Document 1: We watch a lot of videos on YouTube.  

Document 2: YouTube videos are very informative. 

Document 3: Reading a technical blog makes me understand things easily.  

Document 4: I prefer blogs to YouTube videos. 

Topic modelling then can provide the following topics: 

Topic 1: associated words -- videos and YouTube 

 
 

2 These example are taken from https://www.analyticsvidhya.com/blog/2021/07/topic-modelling-
with-lda-a-hands-on-introduction/ 
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Topic 2: associated words – blogs and YouTube 

Based on the generated topics, the algorithm automatically assigns the topics to each of the 

above documents. For example, Document 1 can be assigned to Topic 1 as it covers both "Youtube" 

and "videos." The SIM (Similarity Intensity Model) used for ambivalence calculation requires both 

positive and negative evaluation about an entity (e.g., restaurant).  Since topic modelling doesn't 

provide any information about the text's positivity and negativity, we contended that it is not a 

suitable technique for the current study. 

Semantic Text Analysis: "Semantic text analysis is representation of information based on 

meaningful relationships of a written text, structured as a network of words, cognitively associated 

with one another" (Bayrakdar, 2020, p.11). One of the tasks involved in semantic analysis is 

relationship extracting. It involves identifying various entities in the sentence and then extracting 

the relationships between them. For example, for the sentence "Casa Madera restaurant is a unique 

experience in the city of Toronto. Shout out to Roberts for the great service!"3 , the semantic 

analysis provides the extraction of the following entities (e.g., people, organizations, places) and 

their relationships: 

Casa Madera restaurant is a unique experience in the city of Toronto.  

                         [Organization]                                                               [Location] 

Shout out to Roberts for the great service! 

                                                           [Person] 

 
 

3 This is a part of review taken from TripAdvisor about the Casa Madera restaurant.  
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Semantic text analysis also doesn't provide any information about text positivity and 

negativity that is required for computing ambivalence as modelled by the SIM. Hence, we contend 

that it is not a proper technique for this study. 

Opinion Mining: "Opinion mining [also known as sentiment analysis] is a Natural 

Language Processing task that aims to determine a person's attitude by identifying and extracting 

information. The major task in opinion mining is to classify the polarity of a review at sentence 

level, whether the expressed opinion is positive or negative"(Hasan et al., 2015, p.511).  

For example, opinion mining (sentiment analysis) provides the following (overall) 

sentiments for the given sentences:  

 

Shout out to Roberts for the great service! – Positive 

A hype place, completely overpriced. – Negative 

The restaurant is located in downtown Toronto. – Neutral 

 

We contended that opinion mining is the suitable technique for this study since the SIM 

model used for ambivalence calculation requires both positive and negative evaluations and 

opinion mining (sentiment analysis) provides values for both text positivity and negativity,  

Tools available for sentiment analysis of the reviews include: Google Cloud Natural 

Language API, IBM Watson Natural Language Understanding, and VADER (Valence Aware 

Dictionary and sEntiment Reasoner). VADER assesses both the positive and negative sentiment 

scores in addition to the overall sentiment scores. While the other tools only assess the overall 

sentiment of the review (i.e., whether the count of overall sentiment of the review is positive or 
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negative). To that end, we used VADER because anticipatory ambivalence assessment, for testing 

the stated hypothesis, requires assessment of positive and negative sentiments separately to 

measure the ambivalence. This is necessary, because Similarity Intensity Model (Thompson et al., 

1995) (P + N)/2- abs (P - N) utilized in this research take into account the different effects of 

positive and negative sentiments in terms of positivity offset and negativity bias. VADER is one 

of the most popular sentiment analysis tools (Smirnov & Hsieh, 2022). 

VADER is a dictionary and rule-based tool developed by Hutto and Gilbert (2014) that 

enables assessing a sentence's sentiment and intensity. VADER uses a dictionary developed from 

commonly used word banks such as LIWC (Linguistic Inquiry Word Count), ANEW (Affective 

Norms for English Words) and GI (General Inquirer) and extended the dictionary by including 

emotions, acronyms and slangs used in online communities (Hutto & Gilbert, 2014). The tool uses 

internal scores and rules to calculate the sentiments of texts. It was used in previous studies (Borg 

& Boldt, 2020; Deng, 2020; Zhang et al., 2019; Park & Seo, 2018), and according to Hutto and 

Gilbert (2014), it performs better compared to other sentiment analysis tools within social media 

texts.  
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4 Analysis 

To test our hypothesis, we utilized t-tests. As stated in the previous section, we used four 

scenarios to assess the transfer of knowledge (emotions/attitudes) from the review writers to 

review readers. For each scenario, we used the t-test to test the stated hypothesis: if there is a 

significant difference between the review readers' and review writers' emotions/attitudes towards 

the restaurant stated in the review. Specifically, we applied the following two steps to test the 

hypothesis: 

1. Apply independent sample t-tests to test the mean differences in the review readers' and 

review writers' emotions/attitudes to test the hypothesis.  

2. Employ text mining to extract review readers' and review writers' emotions/attitudes from 

the text and then conduct the independent sample t-test to test the hypothesis using the 

values extracted from the text. 

To that end, we first applied preliminary data-cleaning activities to ensure the data is suitable 

for analysis. We elaborate on the results of these analyses as follows.  

4.1 Data Cleaning 

As stated before, during the controlled laboratory experiment, we collected data from Amazon 

Turk participants in Canada and the United States and from student participants enrolled in the 

"Information Systems in Business" course at the DeGroote School of Business. We removed some 

of the data according to the following rules: 

1. Less than 100 words for the text data: During the experiment, we asked participants to 

write an online review of at least 100 words (for review writers) or to provide their views 

on the provided review with at least 100 words (for review readers). We found that some 3 
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MTurk (2 Canadian and 1 US MTurk review writer) and 9 student review writers and 7 (3 

for MTurk reviews and 4 for student reviews) student readers wrote less than 100 words. 

Therefore, we removed those responses from the dataset.  

2. Missing MTurk ID: During the experiment, we asked the MTurk participants to provide 

their MTurk IDs to check if they are legitimate MTurk users. We compared the provided 

MTurk ID with the MTurk ID obtained via CloudResearch and removed 3(1 US MTurk 

writer's MTurk ID was not saved by CloudResearch – associated review readers' responses 

were also removed; 1 MTurk readers entered N/A as MTurk ID and 1 MTurk reader's 

MTurk ID is not saved by CloudResearch) responses where there was a mismatch between 

these two.  

3. Participants' Country of Residence: To mitigate possible cultural effects in the restaurant 

evaluations, we only required participants from the US and Canada. We utilized 

CloudResearch's "Verify Worker Country Location" and the IP addresses of the participants 

to check if the participants were from the US or Canada. We found that 1 participant's IP 

address was outside of US or Canada; hence we removed those responses from the analysis. 

4. For student responses we corrected the incorrect student IDs and removed 5 student (1 

student for student review writer -associated readers' responses were removed as well-; 2 

students for MTurk review readers and 2 students for student review readers) responses 

since their student IDs couldn't be found in the course list. Furthermore, we removed 4 (3 

students for MTurk review readers and 1 student for student review readers) students' 

responses (in total 8 responses) since they completed the same survey more than once. One 

student completed the survey twice (one for MTurk review reader and one for student 
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review reader) hence those responses removed. For student review writers we noticed that 

40 restaurants are less than mid-price ranged ($$-$$$) or price information is not available 

on TripAdvisor hence their responses are removed from the student review writer dataset. 

We also noticed that one student hadn’t written 100 words properly and three students' 

responses have minor errors hence their responses were removed from the student review 

writer's dataset. These 44 removed reviews are not shown to the student review readers.   

We noticed that two student review writers attempted the survey twice; although, they fully 

completed the survey only once, their responses and associated student readers' responses 

(three in total) are removed from the dataset.  Furthermore, one student for MTurk review 

evaluation and four students for Student review evaluation attempted to complete the 

survey two times. Hence, their responses were also removed from the dataset. 

5. Due to Qualtric's working mechanism, some reviews (obtained from review writers) 

weren't shown to the review readers, and some of the reviews were shown to more than 

one review reader. Hence, for our analysis, we only considered those reviews that are 

shown and evaluated by the review readers (removed 41 reviews written by review writers). 
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The application of the above steps resulted in the following usable responses 4:  

Scenarios 

# of obs 

(reader) 

# of obs 

(writer) 

MTurk CA Reader - MTurk CA/US Writer 90 90 

MTurk US Reader - MTurk CA/US Writer 157 135 

Student Reader - MTurk CA/US Writer 319 228 

Student Reader - Student Writer 309 238 

Table 7 Number of observations for each scenario after data cleaning  

 

Descriptive statistics for the collected data are provided in the appendix (see Appendix A)  

 

4.2 Hypothesis Testing 

To test our hypothesis, t-tests were conducted. We compared review writers' ambivalent 

attitudes towards the restaurant that they visited - and wrote a review - with the review readers' 

ambivalent attitudes towards the same restaurant stated in the review. We utilized the t-test for each 

aforementioned scenario by using the following two data values: 

I. Using review readers' and writers' objective ambivalence values assessed directly from 

response to the questionnaire (See APPENDIX – A Survey Form for Online Review 

Writers and APPENDIX – B Survey Form for Online Review Readers). 

 

 

4 We noted that some of the MTurk review writers wrote their reviews for a restaurant which they 

visited more than six weeks ago. We haven't removed any data due to this. 
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II. Using review readers' and writers' objective ambivalence values obtained using text mining. 

  

 Before conducting the t-test we applied ANOVA to verify if there are any differences in the 

review readers' restaurant evaluations (objective ambivalence) for the 3 groups: MTurk Canadian 

review readers, MTurk US review readers and Student review readers. ANOVA analysis resulted 

that there is a statistically significant difference between the review reader groups' objective 

ambivalence evaluations with F= 21.40 and p-value<0.01. We checked the homogeneity of the 

variances of the groups using the Levene's test. The test results indicated that the groups' objective 

ambivalence values have equal variances (pvalue=0.06). As Sainani (2012) stated, one of the 

assumptions of linear models such as ANOVA is the normality of the variables. We used the 

Shapiro-Wilk test for normality assessment. The results revealed that the groups' objective 

ambivalence values are not normally distributed. However, scholars identified that ANOVA 

analysis is robust to non-normality (Cheng & Ku, 2009) Therefore we consider that ANOVA 

analysis is appropriate. Although ANOVA analysis revealed that the group means are different, it 

doesn't provide information about which group means are statistically different from each other. 

To identify the differences between the groups we utilized the Tukey's test. The results are 

presented in Table 8. As the results indicate there is a significant difference (at the 5% level) in the 

review readers' mean objective ambivalence values between MTurk CA readers (0.92) and MTurk 

US readers (-0.14), and MTurk US readers (-0.14) and Student readers (1.69). The difference 

between MTurk CA readers (0.92) and the Student readers (1.69) is significant at the 10% level.  
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Group 1 

Group 1 

Mean 
Objective 

Ambivalence 

Group 1 
# Obs 

Group 2 

Group 2 

Mean 
Objective 

Ambivalence 

Group 2 
# Obs 

Mean Difference 

(Group 2 Mean - Group 
1 Mean) 

p-adj. 

MTurk CA 
Reader 0.92 90 

Student 
Reader 1.69 628 0.77 0.08 

MTurk CA 
Reader 0.92 90 

MTurk US 
Reader -0.14 157 -1.06 0.03 

Student 

Reader 1.69 628 

MTurk US 

Reader -0.14 157 -1.83 <0.01 

Table 8 Tukey's test results for review readers for the three groups 

 

Furthermore, we also checked the differences in the review writers' objective ambivalence values 

for the 3 groups: MTurk Canadian review writers, MTurk US review writers and Student review 

writers. ANOVA analysis resulted that there is a statistically significant difference between the 

review reader groups' objective ambivalence evaluations with  F= 10.28 and p-value<0.01. We 

checked the homogeneity of the variances of the groups using the Levene's test. The test results 

indicated that the groups' objective ambivalence values have equal variances (pvalue=0.48). 

Shapiro-Wilk test for normality assessment revealed that the groups' objective ambivalence values 

are not normally distributed. However, as previously stated ANOVA analysis is robust to non-

normality (Cheng & Ku, 2009); hence, we consider that ANOVA analysis is appropriate. Similarly, 

we utilized the Tukey's test to identify the differences between the groups. The results are presented 

in Table 9. As the results indicate there is a significant difference (at the 5% level) in the review 

writers' mean objective ambivalence values between MTurk CA writers (-1.20) and Student writers 

(0.21) and MTurk US writers (-1.12) and Student writers (0.21). There is no significant difference 

between MTurk CA writers (-1.20) and the MTurk US writers (-1.12). 
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Group 1 

Group 1 

Mean 
Objective 

Ambivalence 

Group 1 
# Obs 

Group 2 

Group 2 

Mean 
Objective 

Ambivalence 

Group 2 
# Obs 

Mean Difference 

(Group 2 Mean - Group 
1 Mean) 

p-adj. 

MTurk CA 
Writer 

-1.20 59 Student 
Writer 

0.21 238 1.42 
<0.01 

MTurk CA 
Writer 

-1.20 59 MTurk US 
Writer 

-1.12 148 0.08 
0.98 

Student 

Writer 

0.21 238 MTurk US 

Writer 

-1.12 148 -1.33 
<0.01 

Table 9 Tukey's test results for review writers for the three groups 

 

As the above analyses indicate there is a significant difference in the review readers' objective 

ambivalence evaluations at the 10% level. Since review readers can read the online reviews written 

by individuals with various backgrounds (written by MTurks, students or professional travelers), 

we contend that it is review readers' assessment of the review that creates the difference between 

the review readers' and review writers' evaluation of the focal service stated in a review text. 

Considering that there is a significant difference in the Student review writers' and MTurk CA/US 

review writers' objective ambivalences we decided to go with the four scenarios depicted in Table 

7: namely MTurk CA review readers assessing the reviews written by MTurk CA/US review 

writers (scenario 1), MTurk US review readers assessing the reviews written by MTurk CA/US 

review writers (scenario 2), Student review readers assessing the reviews written by MTurk CA/US 

review writers (scenario 3) and Student review readers assessing the reviews written by Student 

review writers (scenario 4). For each of three scenarios, t-test is applied to test our hypothesis that 

review readers are more ambivalent than review writers.  

 In order for t-test analysis to provide appropriate statistical results, required statistical 

power needs to be ensured. Generally, the statistical power of 0.8 is accepted as appropriate for 

statistical analysis (Myors et al., 2008). We used "G*Power 3.1" software (Faul et al., 2007) to 
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calculate the minimum sample size required for the statistical power level of 0.80 at α = 0.05 is 

satisfied for t-test analysis for medium effect size (effect size of 0.5). "G*Power 3.1" calculations 

for t-test tests indicated that a population size of 102 participants (= 2 groups x 51 participants in 

case equal participation per scenario) is needed. As shown in Table 7, for all of the scenarios there 

are more than 51 data points, and hence we conclude that t-test analysis results are statistically 

accurate for our study.5 

 t-test is one of the linear models (along with regression and ANOVA) used for statistical 

analysis and one of the assumptions of such models is the normality of the variables (Sainani, 

2012). However, as Sainani (2012) contended that t-test is about making inferences about the 

means and hence the normality assumption is not critical due to the Central Limit Theorem if there 

is sufficient data and some scholars suggested (e.g., Le Cessie et al., 2020) t-test is appropriate if 

there are more than 25 observations and if there are no extreme outliers. As shown in Table 7 there 

are more than 25 observations for both review writers and review readers for all scenarios. We also 

checked the box plots of the review writers' and review readers' objective ambivalence values for 

all scenarios, presented in Figure 6. For scenario 1 (MTurk CA Readers - MTurk CA/US Writers) 

there is only 1 outlier out of 90 observations (for review writers – objective ambivalence is greater 

than the upper fence value of 6.5), for scenario 2 (MTurk US Readers - MTurk CA/US Writers) 

there are only 2 outliers out of 135 observations (for review writers – objective ambivalence is 

greater than the upper fence value of 7)  , for scenario 3 (Student Readers - MTurk CA/US Writers) 

 
 

5 For all scenarios for an effect size of 0.5, at α = 0.05 level calculated statistical powers (using 
G*Power 3.1 with the number of observations presented in Table 7) are more than 0.9.  
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there is only 1 outlier out of 228 observations (for review writers – objective ambivalence is greater 

than the upper fence value of 7) , and for scenario 4 (Student Readers - Student Writers) there are 

no outliers. We removed these review writers' responses and associated review readers' responses 

from the dataset. After removing the outliers, we conclude that using the t-test is appropriate for 

our study.   

 Since the study participants (i.e., review writers and review readers) form two separate 

groups we employed the independent t-test (Newman, 1980). We checked the variances of the 

variable of interest, i.e., objective ambivalence, for review writers and review readers for all of the 

4 scenarios using the Levene's test and reported the t-test results with equal variances and stated 

otherwise if the variances are significantly different from each other.  
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Figure 6 Box plots for review writers' (left) and review readers' (right) objective ambivalences for 

scenario 1 (top row), 2 (second row), 3 (third row) and 4 (bottom row)  
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4.2.1  Hypothesis Testing using Objective Ambivalence 

Objective ambivalence is calculated using the SIM (Similarity-Intensity model) as 

suggested by Thompson et al. (1995): 

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒  𝐴𝑚𝑏𝑖𝑣𝑎𝑙𝑒𝑛𝑐𝑒 =
𝑃𝑜𝑠𝐸𝑣𝑎𝑙 +  𝑁𝑒𝑔𝐸𝑣𝑎𝑙

2
−  𝑎𝑏𝑠 (𝑃𝑜𝑠𝐸𝑣𝑎𝑙 −  𝑁𝑒𝑔𝐸𝑣𝑎𝑙 ) 

where PosEval and NegEval represent the positive and negative evaluations of (towards) the 

restaurant in the review. They are measured using the following item "Considering only your 

POSITIVE (NEGATIVE) thoughts and feelings about this RESTAURANT and ignoring the 

negative (positive) ones, how positive (negative) would you say your positive thoughts and 

feelings are?" on a 10-point scale (See Appendix B for details). 

The results of the t-tests, depicted in Table 10, support the stated hypothesis: review readers' 

ambivalent attitude towards the restaurant is higher than the review writers' ambivalent attitude 

towards the restaurant for all four scenarios.  

Scenarios 
obs #  

(reader) 
obs #  

(writer) 
mean reader  

obj ambivalence 
mean writer  

obj ambivalence 
difference  

(reader-writer) t-value p-value  

MTurk CA Reader - 
MTurk CA/US Writer6 

89 89 0.88 -1.12 2 4.19 <0.01 

MTurk US Reader - 

MTurk CA/US Writer 
155 133 -0.15 -1.44 1.29 3.29 <0.01 

Student Reader -  

MTurk CA/US Writer 
317 227 1.42 -1.24 2.66 9.82 <0.01 

Student Reader - 

Student Writer 
309 238 1.97 0.21 1.76 6.73 <0.01 

Table 10 Summary of t-test hypothesis testing results using objective ambivalence. 

 
 

6 For this case the variance equality test was significant, i.e., the variances of review writers' and review readers' objective 

ambivalence evaluations are significantly different from each other. Hence, t-test is applied using un-equal variances. 
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4.2.2 Hypothesis Testing using Text Mining (Sentiment Analysis) 

To further strengthen our findings, we also employed sentiment analysis to review writers' and 

review readers' texts using the VADER sentiment analysis tool. VADER provides 

multidimensional (i.e., positive, negative, and neutral) measures of a text. It also provides a 

compound score that can be used to identify the overall sentiment of the text. For this study, we 

only extracted the positive and negative scores for each review text using VADER. To test our 

hypothesis, we first used VADER to extract positive and negative emotions from the review texts 

(review text from review writers and review helpfulness text about the review from the review 

readers) and then conducted t-tests for all of the scenarios. 

To measure the ambivalence from a given text, we employed the same SIM ambivalence 

model as stated above; specifically, we used the following formula to compute text ambivalence:  

𝑇𝑒𝑥𝑡 𝐴𝑚𝑏𝑖𝑣𝑎𝑙𝑒𝑛𝑐𝑒 =
𝑝𝑜𝑠 +  𝑛𝑒𝑔

2
− |𝑝𝑜𝑠 − 𝑛𝑒𝑔| 

 

where pos and neg are the positivity and negativity scores of a given text obtained using VADER. 

Before conducting the t-test we iteratively checked for the outliers in the data using the box plots 

presented in Figure 7. We checked and removed the outliers after removing the outliers for the 

self-reported values as explained in the previous section. As shown in the figure, there are some 

outliers in the data: for scenario 1 (MTurk CA Readers - MTurk CA/US Writers) there are 3 outliers 

out of 89 observations (for review readers – text objective ambivalence is less than the lower fence 

value of -0.1345 (2 data points) and after removing the outliers we noticed that there is still one 

more outlier: text objective ambivalence is less than the lower fence value of -0.1295 (1 data 
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point)), for scenario 2 (MTurk US Readers - MTurk CA/US Writers) there are 2 outliers out of 155 

observations (for review readers – text objective ambivalence is greater than the upper fence value 

of 0.107 and less than the lower fence value of -0.1625), for scenario 3 (Student Readers - MTurk 

CA/US Writers) there 2 outliers (1 for review readers – text objective ambivalence is lower than 

the lower fence value of -0.1545 and 1 for review writers – text objective ambivalence is lower 

than the lower fence value of -0.1945 [associated review readers responses are also removed]), 

and for scenario 4 (Student Readers - Student Writers) there are no outliers. We removed these 

review writers' responses and associated review readers' responses from the dataset. After 

removing the outliers, we conclude that using the t-test is appropriate for our study.   
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Figure 7 Box plots for review writers' (left) and review readers' (right) review text ambivalences (for 

writers) and review helpfulness text ambivalences (for readers scenario 1 (top row), 2 (second row), 3 

(third row) and 4 (bottom row) 
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 The results of our t-tests, depicted in Table 11, support our stated hypothesis: The 

anticipatory ambivalence of the receiver/reader based on a two-sided review content for a focal 

service is higher than the ambivalent attitude of the source/writer of the review who has already 

experienced the focal service. 

 

Scenarios 

obs #  

(reader) 

obs #  

(writer) 

mean reader  

obj 

ambivalence 

mean writer  

obj 

ambivalence 

difference  

(reader-writer) t-value 

p-

value  

MTurk CA Reader - 

MTurk CA/US 

Writer 

86 86 -0.003 -0.044 0.041 4.627 <0.01 

MTurk US Reader - 

MTurk CA/US 

Writer7 

153 132 -0.025 -0.048 0.024 3.233 <0.01 

Student Reader -  

MTurk CA/US 

Writer7 

314 225 -0.014 -0.045 0.032 6.213 <0.01 

Student Reader - 

Student Writer 
309 238 -0.008 -0.035 0.027 5.626 <0.01 

Table 11 Summary of t-test hypothesis testing results using text ambivalence. 

 

 

  

 
 

7 For this case the variance equality test was significant, i.e., the variances of review writers' and 
review readers' objective ambivalence evaluations are significantly different from each other. Hence, t-test 

is applied using un-equal variances. 
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5 Discussion 

Online review platforms, such as Yelp and TripAdvisor, facilitate convenient access to a 

large number of online reviews (Qahri-Saremi & Montazemi, 2023). However, they impose an 

information load on the consumers due to their large number of reviews. To mitigate the 

information load, it is recommended that review websites provide more useful information to 

consumers (Wang et al., 2020) by providing more helpful reviews, as review helpfulness is a 

measure of perceived value for the consumer (Mudambi & Schuff, 2010). 

Previous studies identified many factors affecting review helpfulness, including review star 

rating, review valence, review sidedness, and reviewer expertise. However, the findings are mixed 

for some factors, e.g., review star rating, review valence and review sidedness. Specifically for the 

review star rating, it is argued that it doesn't capture the reviewers' attitude accurately. For example, 

the star rating of a review, which is believed to measure a reviewer's attitude, cannot identify 

indifference and ambivalence: individuals who are indifferent or ambivalent are inclined to give a 

3 star to a product/service (Klopfer & Madden, 1980). Also, within these studies, it is implicitly 

assumed that the attitude enacted by the reviewer via the review text is completely transferred to 

the review reader. Nonetheless, such an assumption may not be correct.  

To the best of our knowledge, none of the extant studies investigated whether the review 

writers' attitudes are completely transferred to review readers. To ameliorate this void, in this study, 

we investigated the following research question: 

Are the review writers' attitudes enacted in the review text completely transferred to the 

review readers? 
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In responding to the research questions, our research makes important contributions to 

theory and practitioners working in the field, as explained next.  

5.1 Contributions to the Theory 

The contribution of our findings to theory is significant. Our hypothesis that is supported 

by our empirical study contends that: The anticipatory ambivalence of the receiver/reader based 

on a two-sided review content for a focal service is higher than the ambivalent attitude of the 

source/writer of the review who has already experienced the focal service. As a result, the findings 

from all the extant studies that used review writers’ star ratings as a proxy for the review readers’ 

emotions/attitudes are questionable. We delve into the details of this statement as follows. 

 

5.1.1 Review Star Rating and Review Helpfulness 

Although consumers can benefit from a vast number of reviews available on consumer 

review sites, the amount of information makes it difficult for the consumer to process and judge 

reviews (Malhotra, 1984). Since consumers have limited cognitive and resource capacity resources 

(Roetzel, 2019), reviewing websites should provide more useful information to consumers (Wang 

et al., 2020). To that end, there has been extensive research in identifying factors that make a 

review helpful (Qahri-Saremi & Montazemi, 2019), and one such factor is the review star rating. 

Star rating shows the reviewer's overall evaluation of a product/service (Lopes et al. 2020), where 

1 star represents an extremely negative experience, and 5 stars represent an extremely positive 

experience of the product/service (Mudambi & Schuff, 2010). Although the review star rating is 

one of the most used variables in the assessment of review helpfulness, the findings about the 

relationship between the review star rating and review helpfulness are mixed (See Table 12). The 
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implicit assumption in all these studies is that after reading the review, the emotions of the review 

writer are completely transferred to the reader. Therefore, they expect a relationship between the 

review writer’s overall emotion represented by his/her star rating of the product/service and the 

reader’s overall emotion gleaned from reading the review and represented by his/her usefulness 

rating of the review. We contend that this assumption is flawed. Our analyses in support of our 

hypothesis show that the sender and receiver of the review have two different prospect-based 

emotions. The prospect-based emotions are "characterized as reactions to (i.e., having a positive 

or negative feeling about) an envisaged [anticipatory] event [i.e., anticipatory ambivalence by the 

reader of the review], or to the confirmation/disconfirmation of the prospect of such an event" 

(Ortony et al., 2022, p.126), (i.e., ambivalent attitude) by the writer/sender of the review. Therefore, 

a reason for mixed findings of the relationship between star rating and helpfulness is disregard for 

the two different prospect-based emotions of the review sender and receiver. To test this conjecture, 

we asked our review writer subjects to provide their overall impression of the focal restaurant  

using a scale 1 to 5 (where 1 star represents an extremely negative experience, and 5 stars represent 

an extremely positive experience. See APPENDIX – A Survey Form for Online Review Writers). 

Furthermore, the review readers' subjects were asked to provide their overall impression of the 

focal restaurant based solely on the review that they received, using a scale of 1 to 5. It should be 

noted that the review readers did not have access to the star rating of the review writers. Our t-test 

analyses (depicted in Table 13)8 show that the star rating of the review readers is significantly 

 
 

8 For this case the variance equality test was significant, i.e., the variances of review writers' and review 
readers' star ratings are significantly different from each other. Hence, t-test is applied using un-equal variances. 
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lower than review writers. Before conducting the t-test we checked the whole data for outliers 

using boxplots, depicted in Figure 8, and removed 30 data points from the review writers' star 

rating assignment (and associated review readers' review star rating assignment) and removed 59 

(in total) data points from the review readers' review star rating assignment due to outliers.  

 

 
Figure 8 Box plots for review writers' (left) and review readers' (right) star rating assessments 

 

This finding supports our conjecture, that implicit assumption that after reading the review, 

the emotions of the review writer are completely transferred to the reader. Therefore, it is quite 

likely that mixed findings for the relationship between star rating provided by the review writer 

and review reader impression of the review helpfulness is at least partly due to the flawed 

assumption in the extant studies depicted in Table 12. 

Authors Findings Goods/Service Type 

Zhang, Craciun et al. (2010) mixed(positive/negative) 

experience 
(photo-editing software and 

anti-virus software) 

Sousa & Pardo (2021) 

mixed(positive/negative) 

(correlation analysis) experience 

Xu et al. (2023) negative 

not specified(reviews from 

Yelp) 

Kwok & Xie (2016) negative experience 
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Jayasingh & Thiagarajan (2022) negative search (mobile phone) 

Yin, Bond et al. (2014) negative experience 

Racherla & Friske (2012) negative/no relationship 

experience, search and 

credence 

Zhou & Guo (2015) negative experience 

Sun et al. (2019) negative experience and search 

Zhou & Yang (2019) negative experience and search 

Fan & Zhang (2020) negative search (mobile phone) 

Li, Liu et al. (2020) negative experience 

Shaft et al. (2020) negative experience 

Mariani & Borghi (2021) negative experience 

Li et al. (2021) negative experience 

Liang et al. (2019) negative experience 

Zhu et al. (2014) negative experience 

Guo & Zhou (2017) negative experience 

Zhou & Guo (2017) negative experience 

Li, Wang, et al. (2019) negative experience 

Wang, Tang et al. (2019) negative experience 

Hu et al. (2017) negative experience 

Chua & Banerjee (2015) negative experience (books) 

Yin, Zhang et al. (2014) negative experience 

Wang & Karimi (2019) 
 negative 

experience and search 

(printer, tv, book, music 

album)  

(no separate analysis) 

Wang,Li et al. (2015) negative 

experience and search  

(no separate analysis) 

Karimi & Wang (2017) positive 

experience 

(mobile games) 

Pan & Zhang (2011) positive 

experience and search  
(e.g., music CDs, movie 

DVDs, video games, GPS, 

photo-editing software, food 

supplements) 

(no separate analysis) 

Liu & Park (2015) positive experience 

Yin et al. (2017) 

mixed(positive/negative) 

experience 

(Apple’s App Store Apps) 

Chatterjee (2020) positive experience 

Biswas et al. (2021) 

positive 
experience and search  
(no separate analysis) 



Ph.D. Thesis - Mehmet Akgul - McMaster University, DeGroote School of Business 

 

 

 

83 
 

Xu et al. (2022) positive experience (movies) 

Korfiatis et al. (2012) positive experience (books) 

Huang et al. (2015) 

positive 

experience and search 

(a cell 

phone, printer, camera, 
music player, music CD, and 

video game)  

(no separate analysis) 

Ullah et al. (2015) positive experience (movies) 

Quaschning et al. (2015) positive experience (book) 

Bjering et al. (2015) 

positive 
experience and search  
(no separate analysis) 

Ahmad & Laroche (2015) 

positive 

experience(kitchen 

appliances) 

Agnihotri & Bhattacharya (2016) 

positive 

experience and search  

(no separate analysis) 

Ren & Hong (2019) positive experience and search 

Yang et al. (2020) 

positive 

experience (reviews from 

amazon: beauty, grocery, 

cell phone, clothing, and 

video products)  
Craciun et al. (2020) positive search (tablet computer) 

Zhao (2020) 
positive 

not specified(reviews from 
Amazon) 

Willemsen et al. (2011) 

positive 

experience and search  

(no separate analysis) 

Wang, Wang et al. (2019) positive meta analysis 

Hong et al. (2017) 

positive/no relationship 

meta analysis 

(experience and search) 

Table 12 Studies investigated the relationship between review star rating and review helpfulness. 

 

  review reader review writer mean diff  t-test p-value 

number of observations 816 456   
 

Review star rating 3.86 4.15 -0.29 -6.66 0<0.01 

Table 13 Mean review star rating evaluations of review readers and review writers. 

 



Ph.D. Thesis - Mehmet Akgul - McMaster University, DeGroote School of Business 

 

 

 

84 
 

5.1.2 Gender Differences in the Knowledge/Emotion Transfer 

Extant literature shows that emotion norms are different between men and women, and 

generally, women express more emotions than men (Craciun & Moore, 2019). Hence, to check if 

there are any differences in the evaluations of men and women we did a t-test analysis for the 

objective ambivalence, review star, positive and negative restaurant evaluation variables. For the 

analysis we used the data where participants (review readers) provided their gender, and we 

removed any duplicates from the data. Since review readers can read online reviews written by 

individuals with various demographic characteristics and backgrounds, it is the review readers' 

assessment that creates the difference between the review writers' and review readers' assessment. 

Hence, we conducted our analysis grouped by the review readers' gender irrespective of the review 

writers' gender. 

 Table 14 provides the t-test results for the objective ambivalence values for review readers 

grouped by gender. Prior to t-test we utilized box plots, depicted in Figure 9,  to remove outliers 

in the whole dataset. Based on the box plots we removed 2 data points from the review writers 

which has more than 7 (upper fence value) objective ambivalence. We also removed associated 

review readers' responses (2 responses from female review readers and 3 responses from male 

review readers).  
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Figure 9 Box plots for review writers' (left) and review readers' (right) objective evaluations for female readers 

(top) and for male readers (bottom) 

 

The results support our hypothesis: as the results indicate gender doesn't play a role in the 

transfer of attitudes as review readers (both men and women) feel more ambivalent than review 

writers (irrespective of gender) who used the restaurant service before.  

  
obs # 

(reader) 
obs # 

(writer) 

mean reader  
obj 

ambivalence 

mean writer  
obj 

ambivalence 
difference  

(reader-writer) t-value p-value 

Female Reader  421 325 1.18 -0.60 1.78 7.34 <0.01 

Male Reader 445 331 1.38 -0.71 2.09 9.18 <0.01 
Table 14 Mean objective ambivalence of review readers and review writers grouped by gender. 
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Furthermore, review readers also devalue the review star rating assigned by the review 

writers. In line with the previous analysis, we plotted boxplots, depicted in   Figure 10 , to remove 

outliers in the whole dataset. Based on the box plots we removed data points from the review 

writers which have less than 3 (lower fence value) star rating and from review readers which have 

less than 2 (lower fence value) star rating. In total for the female reader group, we removed 28  

responses from the readers and 22 responses from the review writers, and for the male reader group 

we removed 31 responses from the readers and 20 responses from the review writers.  

 

 
Figure 10 Box plots for review writers' (left) and review readers' (right) star rating assignments for 

female readers (top) and for male readers (bottom) 
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Table 15 presents the review star ratings for review readers and review writers grouped by 

gender. As the results indicate, the star rating of the review readers is significantly lower than 

review writers irrespective of gender. 

  
obs # 

(reader) 
obs # 

(writer) 
mean reader  
star rating 

mean writer  
star rating 

difference  
(reader-writer) t-value p-value 

Female Reader9  395 304 3.86 4.17 -0.31 -5.54 <0.01 

Male Reader  17 312 3.87 4.18 -0.31 -5.54 <0.01 

Table 15 Mean review star rating evaluations of review readers and review writers grouped by gender. 

We also checked if gender affects positive and negative evaluations using t-tests. Prior to 

the t-test we utilize box plots, depicted in Figure 11 (for female readers) and  Figure 12 (for male 

readers), to remove outliers in the data. We iteratively used boxplots to ensure that there are no 

outliers in the whole dataset, and we checked positive and negative evaluations independently and 

we removed a data point if it is an outlier either for positive or negative evaluation. Based on the 

boxplots for the female reader group we retained data where the review writers' positive evaluation 

is at least 6 (out of 9), review readers' positive evaluation is at least 3 (out of 9) and review writers' 

negative evaluation is at most 5 (out of 9) (based on iterative outlier removal). For the male reader 

group, we retained data where the review writers' positive evaluation is at least 6 (out of 9), review 

readers' positive evaluation is at least 3 (out of 9) and review writers' negative evaluation is at most 

7 (out of 9) (based on iterative outlier removal). In total for the female reader group, we removed 

 
 

9 For female readers the variance equality test was significant, i.e., the variances of review writers' 

and review readers' star ratings are significantly different from each other. Hence, t-test is applied using un-

equal variances. 
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86 data points from the review readers and removed 66 data points from the review writers, and 

for the male reader group we removed 79 data points from the review readers and removed 52 data 

points from the review writers. 

After the data cleaning, to check if gender affects the evaluations we did the t-test by 

grouping the review readers based on the gender. The analysis results, provided in Table 1610, 

indicate that regardless of gender, review readers are more conservative, i.e., more negative and 

less positive, compared to the review writers. Considering all of the analysis related with the gender, 

we contend that our analysis is robust, and regardless of review reader gender, our hypothesis that 

review readers are more ambivalent than review writers hold. 

 

 

 
 

10 For these cases the variance equality test was significant, i.e., the variances of review writers' and review 
readers' positive/negative restaurant evaluations are significantly different from each other. Hence, t -test is applied 

using un-equal variances. 
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Figure 11 Box plots for review writers' (left) and female review readers' (right) positive evaluations 

(top) and negative evaluations (bottom) 
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Figure 12 Box plots for review writers' (left) and male review readers' (right) positive evaluations (top) 

and negative evaluations (bottom) 
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obs # 

(reader) 
obs # 

(writer) 
mean reader  
positive eval. 

Mean writer  
positive eval. 

Difference  
(reader-writer) t-value p-value 

Female 
Reader  337 260 6.99 7.75 -0.76 -7.54 <0.01 

Male  
Reader  369 280 6.75 7.70 -0.95 --9.89 <0.01 

  
obs # 

(reader) 
obs # 

(writer) 
mean reader  
negative eval. 

mean writer  
negative eval. 

difference  
(reader-writer) t-value p-value 

Female 
Reader  337 260 3.31 1.45 1.86 11.87 <0.01 

Male  
Reader 369 280 3.57 1.73 1.84 11.49 <0.01 

Table 16 Mean positive/negative evaluations of review readers grouped by gender. 

 

5.2 Implications for Practice 

Our study provides valuable implications for practice. Firstly, our findings show that there 

is a significant difference in the review readers' and review writers' evaluations of the restaurants 

stated in the reviews. We conducted t-tests to assess the differences between the review writers' 

and review readers' positive and negative evaluations of the restaurants. Before conducting the t-

tests we utilized the boxplots, depicted in Figure 13, for outlier removal from the whole dataset. 

We iteratively used boxplots to ensure that there are no outliers in the data, and we checked positive 

and negative evaluations independently and we removed a data point if it is an outlier either for 

positive or negative evaluation. Based on the boxplots we retained data where the review writers' 

positive evaluation is at least 6 (out of 9), review readers' positive evaluation is at least 3 (out of 

9) and review writers' negative evaluation is at most 7 (out of 9) (based on iterative outlier removal). 

Based on the boxplots we removed 148 data points from the review readers and removed 75 data 

points from the review writers. 
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Figure 13 Box plots for review writers' (left) and review readers' (right) positive evaluations (top) and 

negative evaluations (bottom) 

 

 

As shown in Table 1711, review readers significantly overvalue negativity and devalue the 

positivity of the review writers' evaluations. That is, while review writers' mean negative (positive) 

 
 

11 For this case the variance equality test was significant, i.e., the variances of review writers' and review 
readers' positive/negative restaurant evaluations are significantly different from each other. Hence, t -test is applied 

using un-equal variances. 
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evaluation of the restaurant is 1.80 (7.71), review readers' mean negative (positive) evaluation of 

the same restaurants is 3.46 (6.85): Review readers’ negative (positive) evaluation are significantly 

higher (lower) than the review writers. Extant research finds that, compared to positive reviews, 

negative reviews have significantly more effect in adversely affecting the consumer attitudes, 

purchase intentions and sales which is a consequence of a decrease in the perceived reliability of 

the seller (Septianto et al., 2020). Consequently, service providers should pay more attention to 

negative messages in the reviews and need to mitigate factors resulting in negative reviews to 

reverse the adverse effect of negativity on their services. This is even more urgent than previously 

assumed since star ratings on the websites (e.g., Yelp.com) reflect the attitude of the review writer 

who has already used/purchased the service. Our findings show that the review reader, who is at 

the pre-purchase state, experiences more negative emotion/attitude than review writer. Thus, a star 

rating of 4 that was assumed to be good may not hold because the review reader attitude after 

reading the review could be significantly lower (e.g., star rating of 2) for the focal service.  

  review reader review writer mean diff t-test p-value 

Number of observations 727 411    

Negative evaluation of the restaurants 3.45 1.80 1.66 13.40 0<0.01 

Positive evaluation of the restaurants 6.85 7.71 -0.85 -11.82 0<0.01 

Table 17 Review readers and writers mean negative and positive evaluations of the restaurants. 

Secondly, review websites should provide more helpful information to consumers (Wang 

et al., 2020) to decrease the information load (Roetzel, 2019). Several studies used review star 

rating as either an independent variable or a control variable in assessing the relationship between 

review star rating and review helpfulness; however, the findings are inconclusive (See Table 12). 

We contended that this is due to the star rating's inability to accurately capture the reviewers' 
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underlying positive and negative evaluations (Resnick et al., 2000). Hence, we propose review 

websites collect ambivalence attitude (e.g., questionnaire similar to the one used in this research 

depicted in APPENDIX – A Survey Form for Online Review Writers) instead of review star to 

capture review writers' underlying sentiment about the focal product/service. Furthermore, they 

should capture the ambivalent attitude of the review reader by means of questionnaires ( see 

APPENDIX – B Survey Form for Online Review Readers) to better understand their emotional 

state towards purchase of the focal product/service.  

5.3 Limitations & Future Research 

Firstly, this study examined the experience services, i.e., restaurants, in the assessments of 

attitude/emotion transfer from the review writers to review readers. Experience services, compared 

to search services, can only be subjectively evaluated after consuming the service (Xiao & 

Benbasat, 2007) creating uncertainty in the service quality assessment (Wang et al., 2021) and 

hence increasing the consumers' perceived risk (Zhang, Wang, Wu, 2021). However, search 

services can be objectively evaluated before using them (Xiao & Benbasat, 2007). 

Examples of search services include checking account or credit card for banks (Licata & 

Frankwick, 1996) or selecting a cable TV operator (Lima & Fernandes, 2015). The question in 

need of future empirical research is whether the ambivalent attitude enacted by the reviewer in the 

review text is completely transferred to review readers or not?  

Secondly, we conducted our empirical investigation within the Canadian and US context. 

As Hong et al. (2016) contend, culture is one of the factors that affect consumer behaviour, and 

compared to consumers from collectivist cultures (e.g., China), consumers from individualist 

cultures (e.g., USA and Canada) are more likely to include more emotional expressions in their 
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reviews (Hong et al., 2016). Future research can assess whether our findings hold in collectivist 

cultures. 
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APPENDICES 

APPENDIX – A Survey Form for Online Review Writers 

Summation Check 

 
1. What is your age? :  

 

 
2. MTurk/Student ID  

3. What is your gender?   

 

 

4. What is your highest completed level of education?  

 

 
 
 

 
 
 
 

 
 
 

Gender Response

Female

Male

Prefer to specify

Prefer not to answer

Education Level Response

Below High School

Some high school education

High school Diploma

Undergraduate (bachelor’s) Degree

Master’s Degree

Doctoral Degree

Prefer not to answer

User Input X + Y= ? 
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5. Please indicate how much the following statements apply to you.  * 

My thoughts are often 
contradictory  

  

Many topics make me feel 

conflicted 

  

I usually see both the positive 
as well as the negative side of things 

  

I often experience both sides 

of an issue pulling on me 

  

I often find that there are pros 
and cons to everything 

  

I often feel torn between two 
sides of an issue 

  

Most of the time, my thoughts 
and feelings are not necessary in 
accordance with each other 

  

Sometimes when I think about 
a topic, it almost feels like I am 
physically switching from side to side 

  

 

 

* Data from this question is not used in this research. 
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My feelings are often 
simultaneously positive and negative 

  

I often experience that my 
thoughts and feelings are in conflict 

when I’m thinking about a topic 
  

 

6. Consider a restaurant that you visited, and your experience was [One of the following three 
choices will be displayed in random]:  

i- Overall positive  
ii- Overall negative 

iii- Mixed (Mix of positive and negative) 
 
Please write a review about your experience with that restaurant. The review should 

contain at least 100 words.  

 
 

 
a. Name of the Restaurant (as shown on TripAdvisor): 

 
 
 

b. Province/State of the Restaurant 

c. City of the Restaurant  
 

d. Price Range of the Restaurant (as shown on TripAdvisor) 
 

e. Approximate visit date  
 
 

f. Please write a positive and negative review about your experience with that restaurant. The 

review should contain at least 100 words: 

 
 

 

 

Please write your review here.  
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Please indicate your evaluations of the restaurant visit:    
 

i- Considering only your POSITIVE thoughts and feelings about your restaurant 

visit and ignoring the negative ones, how positive would you say your positive 

thoughts and feelings are? 
 

 
 

ii- Considering only your NEGATIVE thoughts and feelings about your restaurant 

visit and ignoring the positive ones, how negative would you say your negative 
thoughts and feelings are? 

 

 
 

g. Please indicate your overall rating of the restaurant:* 
 

 
h. To what extent do you feel undecided about how good or bad your restaurant visit was?*    

 

 
i. To what extent do you feel conflicted about how good or bad your restaurant visit was?* 

 

 

 

* Data from this question is not used in this research. 
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j. To what extent do you have mixed feelings about how good or bad your restaurant visit 
was?  

 

 

7. Please indicate how much the following statements apply to you. * 

 

 

8. Please indicate if you have written a review for this restaurant before.  

 

 

 

 

 

 

* Data from this question is not used in this research. 
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9. Please indicate how often you post online reviews about your restaurant experiences.  

 

 

 

10. Please indicate the platforms you use review writing for restaurants.  
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APPENDIX – B Survey Form for Online Review Readers 

Summation Check 

 

1. What is your age?:  
 
 

2. MTurk/ Student ID  

3. What is your gender?  

 

 
 

4. What is your highest completed level of education? 
 

 
 
 

 
 
 
 

 
 
 
 

 
 
 

Gender Response

Female

Male

Prefer to specify

Prefer not to answer

Education Level Response

Below High School

Some high school education

High school Diploma

Undergraduate (bachelor’s) Degree

Master’s Degree

Doctoral Degree

Prefer not to answer

 

User Input X + Y= ? 
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5. Please indicate how much the following statements apply to you.* 

My thoughts are often 
contradictory  

  

Many topics make me feel 

conflicted 

  

I usually see both the positive 
as well as the negative side of things 

  

I often experience both sides 

of an issue pulling on me 

  

I often find that there are pros 
and cons to everything 

  

I often feel torn between two 
sides of an issue 

  

Most of the time, my thoughts 
and feelings are not necessary in 
accordance with each other 

  

Sometimes when I think about 
a topic, it almost feels like I am 
physically switching from side to side 

  

 

 

* Data from this question is not used in this research. 
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My feelings are often 
simultaneously positive and negative 

  

I often experience that my 
thoughts and feelings are in conflict 

when I’m thinking about a topic 
  

 

6. The following review is written by a very knowledgeable reviewer for a mid-ranged 
priced restaurant:  

 
Review: 

 

Using the scales below, how would you describe the above consumer review?  
 

 

 
 
 
 

 
 
 

Review is displayed here. 
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7. Please indicate your evaluations of the review: 
 

i- Considering only your POSITIVE thoughts and feelings about the review and 
ignoring the negative ones, how positive would you say your positive thoughts and 

feelings are? 
 

 
 

ii- Considering only your NEGATIVE thoughts and feelings about the review visit 

and ignoring the positive ones, how negative would you say your negative thoughts 
and feelings are? 
 

 

 
8. To what extent do you feel undecided about how good or bad this review is?  * 

 
To what extent do you feel conflicted about how good or bad this review is?  

 

To what extent do you have mixed feelings about how good or bad this review is?  
 

 

 

* Data from this question is not used in this research. 
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9. Please explain the logic behind your evaluation of review helpfulness: (Please write at 
least 100 words: positive and negative separately): 

 

 

10. Please indicate how much the following statements apply to you.  *  

 

 

 

 

 

 

* Data from this question is not used in this research. 

Please write your explanation here. 
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11.  Please indicate the extent to which you have used online reviews to select a restaurant  

 

 

12. Please indicate the platforms that you have used in the past to read restaurant. 
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APPENDIX – C Descriptive statistics 

 

M
T

ur
k 

CA
 R

ea
de

r 
- M

T
ur

k 
CA

/U
S 

W
ri

te
r 

    Review Writer Review Reader 

    
Sample 
Number 

Sample 
Percentage 

Sample 
Number 

Sample 
Percentage 

    90 100% 90 100% 

Gender           

  Female 42 46.67% 43 47.78% 

  Male 47 52.22% 47 52.22% 

  Other 1 1.11% 0 0.00% 

  
Prefer not to 
answer 

0 0.00% 0 0.00% 

  Total 90 100.00% 90 100.00% 

    Mean Range Mean Range 

Age   35.39 20-64 34.1 18-69 

M
T

u
rk

 U
S 

R
ea

de
r 

- M
T

ur
k 

CA
/U

S 
W

ri
te

r 

    Review Writer Review Reader 

    
Sample 
Number 

Sample 
Percentage 

Sample 
Number 

Sample 
Percentage 

    135 100% 157 100% 

Gender           

  Female 68 50.37% 68 43.31% 

  Male 65 48.15% 88 56.05% 

  Other 1 0.74% 1 0.64% 

  
Prefer not to 
answer 

1 0.74% 0 0.00% 

  Total 135 100.00% 157 100.00% 

    Mean Range Mean Range 

Age   35.47 20-66 39.54 21-69 

Table 18 Descriptive statistics for MTurk CA/US Readers and CA/US Writers 
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St
ud

en
t 

R
ea

de
r 

- M
T

ur
k 

CA
/U

S 
 W

ri
te

r 

    Review Writer Review Reader 

    
Sample 
Number 

Sample 
Percentage 

Sample 
Number 

Sample 
Percentage 

    228 100% 319 100% 

Gender           

  Female 113 49.56% 156 48.90% 

  Male 113 49.56% 161 50.47% 

  Other 0 0.00% 0 0.00% 

  
Prefer not to 
answer 

2 0.88% 2 0.63% 

  Total 228 100.00% 319 100.00% 

    Mean Range Mean Range 

Age   35.14 19-66 19.36 18-24 

Table 19 Descriptive statistics for Student Writers and Student Readers (1 review reader hasn't 
specified an option for gender; hence it is counted as prefer not to answer) 

 

St
u

de
n

t 
R

ea
de

r 
- 

St
ud

en
t 

W
ri

te
r 

    Review Writer Review Reader 

    
Sample 
Number 

Sample 
Percentage 

Sample 
Number 

Sample 
Percentage 

    238 100% 309 100% 

Gender           

  Female 110 46.22% 156 50.49% 

  Male 127 53.36% 152 49.19% 

  Other 0 0.00% 0 0.00% 

  
Prefer not to 
answer 

1 0.42% 1 0.32% 

  Total 238 100.00% 309 100.00% 

    Mean Range Mean Range 

Age   19.29 18-30 19.62 18-25 

Table 20 Descriptive statistics for Student Writers and Student Readers 
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