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Abstract
With the availability of information technologies, the number of online reviews is increasing day by day. As
consumers utilize online reviews in their purchasing decisions, they need to know the genuineness of the
reviews as non-genuine, i.e. fake, reviews result in both monetary and time losses. Furthermore, businesses
also suffer financial loss due to fake reviews and face challenges in retaining consumers' trust. Recent
studies show that almost one-third of online reviews are fake, and the consumer spending due to fake online
reviews is $152 billion. As a result of its huge impact, it is vital for organizations, especially online review
platforms, to mitigate fake reviews. In this study, we concentrated on the review content, and by utilizing
text analytics, we proposed utilizing the emotional content of online reviews in fake online review detection.
We believe such utilization will enable organizations to increase the efficiency of fake review detection
systems.
Keywords
Online Reviews, Fake Reviews, Emotions

Introduction
The volume of e-commerce is increasing each day, and the total amount of e-commerce transactions
reached $4.2 trillion in 2021 (Verdon, 2021). While making purchases, consumers also listen to the other
consumers' experiences, as 93% of the consumers stated that online reviews affect their purchasing decision
(Ismagilova, 2020). With the availability of information technologies, more individuals post online reviews
on various platforms: for example, by the end of 2021, the number of reviews on TripAdvisor reached almost
1 billion for close to 8 million businesses (Tripadvisor, 2021).
However, the ease of posting and consuming online reviews doesn't come without a cost, and both
businesses and consumers are facing challenges due to fake online reviews. According to Canada
Competition Bureau (2017), almost one-third of online reviews are fake, and the consumer spending due to
fake online reviews is $152 billion (CHEQ, 2021). Fake online reviews not only result in financial losses but
also erode the trust between the consumers and businesses (Vignolo, 2019; Rohrlich, 2020).
As a result of the high cost of fake reviews, it is high importance for organizations and online review
platforms to take preventive and corrective active actions to mitigate fake online reviews. Within the extant
literature, many data mining methods with various review and review text related features have been
proposed to detect fake reviews (Mohawesh et al., 2021). However, the emotional content of reviews is
generally ignored in those methods to the best of the authors' knowledge. In this study, we propose to utilize
the emotional content of reviews in fake online review detection in the hope of increasing the efficiency of
such systems.

Literature Review
Online Reviews
Online reviews are "a type of product information created by individuals based on their personal usage
experiences" (Mangold and Smith, 2012). They are one of the resources consumers use to make purchase
decisions (Weathers et al., 2015), and they are considered to be more effective than traditional advertising
(Z. Zhang et al., 2014).
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As a result of its effectiveness, some organizations manipulate online reviews to affect the consumers'
decisions (Dellarocas, 2006). Moreover, some organizations provide incentives in exchange for reviews (i.e.
incentivized reviews) and some of those reviews are found to have higher star ratings compared to normal
reviews (Petrescu et al., 2018). Therefore, due to its impact on consumers and businesses, it is important
for organizations, especially online review platforms, to determine the genuineness of online reviews.

Fake Reviews
Fake online reviews are defined as "any positive, neutral, or negative review that is not an actual consumer's
honest and impartial opinion and does not reflect a genuine experience of a product, service, or business."
(CHEQ, 2021). As suggested, fake reviews are not only positive, but they can also be negative, and
businesses are posting fake reviews either for themselves or their competitors (Luca and Zervas, 2016).
Businesses can benefit from the fake reviews as it is found that a one-star increase can result in up to a 9%
percent increase in revenue for restaurants (Luca, 2016), and a $250,000 spending on fake reviews may
generate more than $5 million in sales (Marciano, 2021). As a result of these monetary benefits, some
businesses tend to purchase fake reviews on different markets, as buying 1000 amazon reviews can cost as
low as $11000 (Dean, 2021).
While some organizations can benefit from fake reviews, it has side effects on businesses and consumers.
Fake reviews not only cost monetary losses but also result in distrust between consumers and businesses,
which is hard to measure: 85% of the consumers are suspicious of the truthfulness of online reviews
(Vignolo, 2019). As the trust in online reviews erodes, consumers may tend to ignore online reviews
resulting in a loss of their effectiveness in the consumer decision-making process. Businesses also suffer
from fake reviews: if the consumers feel that posted reviews are suspicious, 28% of the consumers tend not
to trust the brand (Rohrlich, 2020), and 40% of consumers tend not to use the products/services provided
by those businesses (Vignolo, 2019).
As it has detrimental effects on businesses and consumers, it is important to understand the nature of fake
reviews and take preventive and corrective actions. Considering the huge amount of reviews, organizations
can utilize some technological tools, such as data mining, as decision support to identify fake reviews and
then take corrective actions such as flagging the review as fake to alert the consumers.

Fake review detection
From the data mining perspective, fake review detection is a classification task where the objective is to
predict whether a given review is fake or not. In their survey, Mohawesh et al. (2021) identified that
researchers used various data mining methods such as decision trees, support vector machines, and neural
networks to determine if a review is fake by using various properties of the review and review text such as
frequency of words, sentiment, type of word (e.g., noun, adverb) or other textual features obtained using
dictionaries such as LIWC. However, to the best of our knowledge, previous studies haven't explored the
use of specific emotions in fake review detection.

Emotions in online reviews
Emotion "refers to the psychological processes and cognitive patterns that an individual derives from events
or thoughts" (Xu,2020). Plutchik (1980) categorized the emotions into eight primary emotions: anger, fear,
joy, sadness, disgust, anticipation, surprise, and trust. He asserted that any emotion could be represented
by a combination of these primary emotions.
To vent negative feelings or express positive feelings, consumers write online reviews (Yoo and Gretzel,
2008): they tend to write more about the advantages of products/services when they feel positive, and they
tend to complain more when they have negative emotions (Xu, 2020). Previous research identified that
consumers could identify emotional words faster compared to non-emotional ones (Guo et al., 2020), and
emotions have been used for online review analyses, such as product judgements and review helpfulness.
For example, Hu et al. (2014) found that review sentiment significantly affects sales. Other researchers
investigated the specific emotions and found that anger, fear and sadness in reviews are associated with
review helpfulness (Ren and Hong, 2019). We infer that review helpfulness can also be used as accepting
the review and hence believing the review content. Hence we believe that emotions can also play a role in
fake review identification. To that end, in this study, we conducted an exploratory analysis to identify if
there are differences in the emotions between fake and truthful reviews.
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Service types
Depending on information availability and the assessment content, services are categorized into search,
experience and credence services (Hsieh et al., 2005). For the search services, consumers are able to obtain
information about the service and evaluate them before purchasing (Hsieh et al., 2005). On the other hand,
for experience services, consumers can evaluate them only after consumption (Hsieh et al., 2005). Some
examples of experience services are hotels and restaurants (H. Zhang et al., 2014). As consumers are making
decisions while reading online reviews, they are taking some risks based on their assessments, and it has
been identified that the risk associated with experience services is higher than the search services (Zhang
et al., 2021). Hence for this study, we selected experience services as our context, and we selected hotel
reviews since the data is publicly available.

Methodology
We use the IBM Watson Natural Language Understanding (NLU) online service for emotion detection in
online reviews. The NLU service is available through API, and we used the Python environment to connect
to the NLU services. NLU is able to detect five emotions from a given text: sadness, joy, fear, disgust and
anger, and for each emotion, the service provides a score between [0,1] with the constraint that the sum of
the scores of all emotions are 1. For a given text, the NLU service can provide emotions at two levels: the
document level and the entity level. While the document-level emotions provide the overall emotion of a
given text, entity-level emotions provide emotions for the specific entities detected in the given text. Since
we are interested in the overall emotions in fake review detection, we opted to use the document-level
emotion calculation for the online reviews.

Preliminary Analyses
The dataset for the Hotel reviews is publicly available and can be downloaded from
https://myleott.com/op-spam.html. The dataset consists of 1600 fake and truthful reviews for the 20 most
popular Hotels in Chicago. The reviews are divided into two groups depending on review polarity: positive
reviews (400 fake and 400 truthful reviews) and negative reviews (400 fake and 400 truthful reviews) (Ott
et al., 2011; Ott et al., 2013). For each review, we computed the emotions using the IBM NLU service as
stated above. Table 1 presents the mean values for the sadness, joy, fear, disgust and anger emotion scores
for all the reviews in the dataset.
Count

Sadness

Joy

Fear

Disgust

Anger

Fake

800

0.179

0.490

0.068

0.088

0.079

Truthful

800

0.192

0.455

0.075

0.072

0.081

Table 1. Mean values for reviews' emotions for the whole dataset
To compare the differences in the means, we applied a two-sample t-test. We found that except for the
anger, there is a significant difference in the means of emotions in fake and truthful reviews at the 5% level
and that fake reviews are more positive (higher joy, less sadness and fear value) compared to truthful
reviews.
It may be the case that the emotional content of fake and truthful reviews may differ depending on the
valence (e.g., positive or negative review) of the review. Table 2 presents the emotion scores for the fake and
truthful reviews grouped by the polarity of the reviews. Similar to the first analysis, we applied a two-sample
t-test to the reviews. For the negative reviews, we found that only disgust is significantly different between
fake and truthful reviews at the 5% level and that fake reviews are more extreme (higher disgust value)
compared to truthful reviews. For the positive reviews, except for the disgust, there is a significant
difference in the means of all emotions in fake and truthful reviews at the 5% level. Similar to the negative
reviews, we observe that fake positive reviews are more extreme (higher joy value) compared to truthful
reviews. This behavior (posting more disgust (joy) for negative (positive) reviews) may be explained by the
objective of the fake reviews, which is to affect consumers' decisions. Hence to be more effective, fake review
writers may post more extreme reviews to emphasize the negative or positive experiences related to the
service.
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Count

Sadness

Joy

Fear

Disgust

Anger

Negative - Fake

400

0.231

0.294

0.086

0.121

0.111

Negative - Truthful

400

0.232

0.307

0.091

0.092

0.107

Positive - Fake

400

0.125

0.686

0.049

0.056

0.048

Positive - Truthful

400

0.151

0.603

0.059

0.053

0.056

Table 2. Mean values for reviews' emotions grouped by review valance
We also checked the predictive power of emotions in detecting whether a review is fake or not. By using
Rapid Miner software, we applied various data mining algorithms, and we present the accuracy and Fmeasure results in Table 3. For the analysis, we take the review truth status (e.g., fake or truthful) as the
dependent variable and the review emotions (sadness, joy, fear, disgust and anger) as the predictor
variables. Our analysis reveals that Gradient Boosted Trees can be a good candidate for fake review
prediction as it has the highest accuracy and F measure, i.e. 65%.
Model

Accuracy

F Measure

Model

Accuracy

Naive Bayes

0.57

0.60

Decision Tree

0.50

0.57

0.51

Random Forest

0.53

0.18

Logistic Regression

0.57

0.51

Gradient Boosted Trees

0.65

0.65

Fast Large Margin

0.57

0.46

Support Vector Machine

0.60

0.56

Generalized
Model

F Measure

Linear

Table 3. Accuracy and F measures scores of the DM algorithms for fake review detection

Discussion and Conclusion
With the vast amount of information on the internet, on top of the information load, fake reviews bring in
additional challenges to consumers. Consumers not only face with financial losses but also time losses; they
also impact the trust between the consumers and products/services. In this study, we explored if the
emotional context of reviews can be used in the identification of fake reviews. Our preliminary analysis
shows that fake reviews tend to be more extreme compared to truthful reviews: for positive reviews, they
are more joyful, and for negative reviews, they contain more disgust compared to truthful ones. Our initial
analysis also suggests that some data mining algorithms can be used in fake review detection. This paper
doesn't claim that emotions are the best candidates for fake review detection; rather, we contend that they
can be included in fake review detection systems along with other variables. We believe this study is one of
the few studies exploring the use of emotions in fake review identification, and we hope that the use of
emotions will enable organizations to increase the efficiency of fake review detection systems.
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