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Abstract

The amount of online reviews is growing significantly. Between 2014 and 2017, the number of reviews

for TripAdvisor grew by 300% and for Yelp by 208%. However, not all online reviews are equally val-
uable. Some reviews are perceived to be more helpful or trustworthy then others. Hence, plethora of
scholars have investigated the role of online reviews and researched factors and characteristics deter-
mining its helpfulness. Nevertheless, mixed findings were found. Consequently, the purpose of our paper
is to present a holistic and representative analysis of the literature on factors indicating the helpfulness
of online reviews. In total, we analyzed 81 journal articles and inductively created a framework resulting
in four dimensions: review-related factors, reviewer-related factors, reader related factors and envi-
ronment-related factors. The results reveled that researchers mainly focused on factors of the first two
dimensions and that the findings are inconsistent and need to be further researched in the future.

Keywords: online reviews, review helpfulness, literature review, research agenda, co-topic analysis.

1 Introduction

The amount of online reviews is growing significantly. In only three years from 2014 to 2017 the number
of reviews on TripAdvisor grew by 300%, to 600 million reviews in total (TripAdvisor, 2018). In the
same period the amount of reviews on Yelp grew by 208% to 148 million in total (Yelp, 2018), and
statistics are similar for other platforms. One of the factors causing this increase is the fact that reviews
are well-established reputation mechanisms to encourage trust in markets with asymmetric information
(Resnick and Zeckhauser, 2002).

However, not all online reviews are equally valuable. Some reviews are perceived to be more helpful or
trustworthy then others. Hence, a plethora of scholars have investigated the role of online reviews and
researched factors and characteristics determining its helpfulness (Ba and Pavlou, 2002; Pavlou and
Gefen, 2004; Lauterbach et al., 2009). However, not only providers (sellers, service providers, etc.) and
consumers (buyers, customers, etc.) of online platforms such as Yelp, TripAdvisor, Amazon etc., but
also participants in a sharing society are exposed to risks due to asymmetric information. Hence, the
well-established mechanism of online reviews is also used in sharing society (Fradkin et al., 2018).
Therefore, this paper analyses the body of literature of online platforms, to transfer knowledge to the
sharing society body of literature (Lauterbach et al., 2009; Ert et al., 2016). However, existing literature
that has investigated aspects of online reviews reveals mixed results. For example, it is not clear whether
longer or shorter reviews (text length) are more helpful. Filieri (2016) argues that shortness indicates a
fake review while Kwok and Xie (2016) argue that shorter reviews are more helpful because they are
more readable. Similar mixed findings can be found in the sharing society body of literature. Ross et al.
(2018) compared two different designs of warning messages on social media to detect fake news and
found that none of the two designs is clearly superior although previous studies suggest that a more
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complex design would be more likely to be effective. Hence, without a structured analysis and consoli-
dation of critical factors of review helpfulness in online platforms, it is difficult to transfer and adapt
this knowledge to the sharing society.

Online reviews are often unstructured and need to be analyzed by sellers and buyers (Aggarwal, 2016).
For sellers, the problem is that a bad online reputation can rapidly lead to a great slump in revenue (Chen
et al., 2004). Due to the limited options to identify harmful reviews right at the time when they are
posted, the only possibility for sellers is to respond to negative reviews in retrospect. However, in this
case the damage to the business oftentimes already happened before a seller even noticed the review.

For buyers, reviews are the key source to inform their purchase decision. By the end of the year 2015,
about 70% of people were searching for reviews on Yelp via a mobile device (Rubin, 2016). However,
the massive amount of reviews leads to information overload (Salehan and Kim, 2016). In the sharing
society of today’s digital age, a great amount of online reviews is generated every second. The produc-
tion speed and volume of new reviews is prompting buyers and sellers. Different filter options and voting
systems are used to identify and display the most helpful reviews (Cao et al., 2011). However, according
to Min and Park (2012), most of these systems fail because of early bird bias. The most helpful review
might only be the most helpful review among early posted reviews because most people limit their
review research to reading the top-rated reviews (Lee, 2013). Therefore, early posted reviews that were
voted as helpful get much more attention than subsequently posted reviews (Lee, 2013), independent of
the actual helpfulness of their content.

Consequently, the research question of this paper is: What are the factors determining review helpfulness
in online platforms? Therefore, we present a holistic and representative analysis of the literature on
factors indicating the helpfulness of online reviews. Following the approach according Webster and
Watson (2002) and vom Brocke et al. (2015) overall, 81 journal articles were analyzed in depth. The
analysis reveals that the two most searched factors for review helpfulness are a) ratings, which is a
review-related factor, and b) reputation, which is a reviewer-related factor. Both factors are investigated
together in one quarter of the analyzed journal articles. For the presentation of our findings, we introduce
a new visualization method we call co-topic analysis. Best to our knowledge we are the first researchers
using this type of visualization.

This paper contributes to both theory and practice alike. We contribute to theory, by inductively creating
a theoretical framework trying to understand the context of online reviews, their factors and
characteristics. Furthermore, through the application of review-related, reviewer-related, reader-related
and environment-related factors, we offer a conceptualization of what and in which dimension the factor
contributes to the perceived helpfulness of an online review. Moreover, we developed a new visual
representation form to present analyzed topics in a structured literature reviews. We contribute to
practice by providing insights in how to design a review system, guiding reviewers to write helpful
reviews and new ways of how to display the most helpful reviews.

The paper is structured as follows, section two deals with the theoretic background. Key terms and
concepts, which are relevant to this field, will be explained. In section three, a description of the review
process is provided. Section four presents the findings of the review process on both a descriptive and
thematic level. In section five the findings are discussed. Finally, section six puts forward an overall
conclusion.

2 Theoretical Background

Online reviews are “a type of product information created by users based on personal usage experience
which can serve as [information] to help consumers identify the products that best match their idiosyn-
cratic usage conditions” (Chen and Xie, 2008). Review helpfulness is defined as the extent to which the
customer perceives that a review helps making the right decision in the purchasing process (Mudambi
and Schuff, 2010). Voting systems and filter options are two systems that are used nowadays to identify
helpful reviews (Cao et al., 2011). Either the voting system asks the reader to rate a review as helpful or

Twenty-Seventh European Conference on Information Systems (ECIS2019), Stockholm-Uppsala, Sweden. 2



Online Review Helpfulness

not helpful or it simply works with up- and down-votes. Different filter options are available to show
for example the most recent or most helpful reviews (reviews with most positive votes).

Many researchers of online review helpfulness differentiate between two product types a) search goods
and b) experience goods. Search goods can be generally described as products of which the characteris-
tics can quite easily be evaluated before purchasing them (Luan et al., 2016). Experience goods can be
generally described as products of which the characteristics are quite difficult to evaluate prior to buying
them (Baek et al., 2013). It is very important to differentiate between the two types of products because
the product type influences the effect of some factors on the helpfulness.

Besides the differentiation between product types, it is important to understand the concept of the neg-
ativity bias. This concept deals with the psychological effect of negative versus positive information.
According to the negativity bias, the effect of negative information is much stronger than the effect of
positive information. A great example for the negativity bias is the damage to VWs reputation after the
emissions scandal in 2015 (Neat, 2015). The negative information outweighs the positive information,
because negative information reveals more about the personality and character of someone than positive
information does (Wu, 2013).

To classify the literature, we built on the framework by Liu and Park (2015) and Yang et al. (2017b)
and inductively altered it based on the findings of our literature analysis. Whereby the components of
our framework reflect the general understanding of information exchange, which includes the actor A
and B, the information to be exchanged and the environment. Yang ef al. (2017b) explicitly used the
terms “reviewer-related attributes” and “review-related attributes”. We extended this framework with
the reader-related factors and environment-related factors. Hence, the framework consist of four dimen-
sions: 1) review-related factors, 2) reviewer-related factors, 3) reader-related factors and 4) environ-
ment-related factors. During the literature search process, the literature was clustered according to this
framework. The individual factors are introduced subsequently.

The first dimension contains review-related factors. This includes all aspects which are related to the
review itself, hence the content, structure and value (what information is exchanged). Consistency
measures to what extent a review is similar or different to other reviews for the same product (Cheung
et al.,2012). The factor images represents all visual information added to a review (Yang et al., 2017b).
Persuasiveness includes different measures such as emotions in the text or the quality of the arguments
(Fang et al., 2016). Posting time includes all time measurements (Fang et al., 2016). Reference measures
to what extent a review is referring to other reviews or products (Weathers et al., 2015). Rating subsumes
all factors in relation to numerical or star rating (Cheung et al., 2012). Depth measures the amount of
information in the review by analyzing the number of sentences, words or characters (Guo and Zhou,
2017). Readability measures the ease of reading a review with the help of readability tests (e.g. Gunning-
Fog index, Flesch-Kincaid reading ease, automated readability index, Coleman-Liau index) (Korfiatis
etal.,2012).

The second, dimension contains the reviewer-related factors. This is defined as factors, which are di-
rectly related to the person providing the review, hence the characteristics of the person as well as pre-
vious actions (who is the actor sending information). Information disclosure includes all information
available about the reviewer such as location, profile picture, age, gender etc. (Gao et al., 2017). Repu-
tation measures the extent to which a reviewer is perceived to be an expert and credible, hence the total
number of reviews written, the social status on the platform etc. (Cheung et al., 2012).

The third, dimension contains the reader-related factors. This dimension contains all factors, which are
related to the person who receives the review. Hence, the psychological condition of the reader, as well
as how the reader responds to the review (who is the actor receiving information). The psychological
factors include all internal influences on the perception of the reviews, such as risk aversion and search
strategy (Li et al., 2017). Identification measures to what extent the reader identifies him-/herself with
the review environment and the reviewer (Davis and Agrawal, 2018).

The fourth and last dimension contains the environment-related factors. This dimension contains all
factors of how and where the reviews are provided from the reviewer to the reviewee (how and in which
environment is the information exchanged). Visibility measures to what extent the review is/was visible
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to the readers, such as total number of available reviews (Hu and Chen, 2016). Voting measures the
influence of a voting system on the perception of the reviews (Kuan et al., 2015). Social network inte-
gration measures what effect the integration of social networks (e.g. Facebook) have on the online re-
view helpfulness (Huang et al., 2017). Response deals with the effect of responses to a review on the
helpfulness (Ryang et al., 2015). The website factor captures the influence of the website on which the
review was posted, hence the reputation (Kim et al., 2017).

3 Methodology

We conducted a structured literature review using the approach of Webster and Watson (2002) and vom
Brocke et al. (2015). The first step of the literature search process included the development of the
search string (see Figure 1), which was used for the search in the three databases: a) AISeL, b) ProQuest
and ¢) EBSCOhost. To increase the hit rate, synonyms for all key words were included in the search
string. The search was restricted to journal articles published in the years 2011 to 2018 (July 21st) and
to abstract only because all relevant journal articles use these key words in the abstract. The period was
chosen because in the years before, journal articles were only published occasionally. In total, 392 jour-
nal articles were found in the three databases, which were chosen because they focus on literature about
information systems. The greatest part conducted an analysis of publicly available data collected from
various review websites. Amazon is the most prominent data source for analysis (35%). Second most
used review platform is Yelp (15%), followed by TripAdvisor (10%).

The second step included the definition of selection criteria. Only journal articles were selected for the
final analysis, which were published in a journal with a 2017 Journal Impact Factor (JIF)/2017 CiteScore
over 1.0. JIF values are provided by Thomson Reuters (Reuters, 2017) and the CiteScores (Scopus,
2017). The JIF score was used because it is a well-established measure for the relevance of journals.
The CiteScore was added because not all journals were found on Thomson Reuters and in this case, the
CiteScore was used as a substitute. Additionally, only journal articles which included qualitative or
quantitative data collection were used for the final analysis. The screening and selecting process left 45
of the initial 392 journal articles for further analysis. These 45 journal articles were then used for a
backward search as proposed by Webster and Watson (2002). In total 871 sources were screened and
selected during the backward search. The same criteria were used as for the initial search. Regarding the
publication year, one exception was made for Mudambi and Schuff (2010) because this paper is funda-
mental for this research field and many of the following researchers cited this paper. Finally, 36 new
journal articles were added to the initial 45 resulting in a total of 81 journal articles. For the final analysis,
a framework with four dimensions was inductively created based on the findings in the literature.

(“online reviews” OR “online

customer reviews” OR “online (“helpfulness” OR “helpful” OR
1. Selection of consumer reviews” OR “online “useful” OR “usefulness” OR (“factors” OR
keywords review” OR “consumer review”) AND “trustworthiness™) AND “characteristics”)

—] —] —]
databases = AlSeL &= EBSCOhost ProQuest =

3. Refinement of p' 392 (scan‘_rgi papers) 9

keywords
4. Selection of p 45 (relevant papers) Q
papers

Backward ‘
Search - 45 (without duplicates)

+36
T
||=. 81 (overall)

Figure 1. Literature search process based on the approach of Webster and Watson (2002) and vom
Brocke et al. (2015)

]
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For presenting the results, we developed a new method called co-topic analysis, which is based on the
concept matrix proposed by Webster and Watson (2002). The idea of this method is to provide a holistic
and compact overview of topics researched in scientific articles and more importantly their intra- and
interrelationship. Co-topic analysis has the advantage over the approach of tables, of visualizing the
most important information using a small amount of space. A visualization makes it easier for the reader
to absorb the information. The method uses a hierarchical approach including dimensions which are at
the first level an aggregation of 1:n topics, at the second level the topics and at the third level the sub-
topics. The co-topic analysis provides the reader insights into four important questions: 1) How many
topics are researched in total. Hence, which of the factors are researched in which paper, which is shown
by the small reference number for each sub-factor. 2) What are sub-topics and how often are they re-
searched. Thus, the reader is easily able to identify the importance of dimensions and topics by consid-
ering the bubble sizes including the number of papers researching this topic. 3) How many papers re-
searched a topic/sub-topic and 4) How many papers are researching the same topic. The reader is able
to identify the factors, which are most frequently researched together, which is showed by the arrows
between the sub-factors including the number of papers investigating this factor together.

4 Findings

4.1 Criteria determining the helpfulness of online reviews

Figure 2 shows the results of the literature review using co-topic analysis, whereby in our case a topic
is a factor. The colored clusters show the different factors in each dimension: review-related, reviewer-
related, reader-related and environment-related. The bubble-size represents the relative number of jour-
nal articles investigating a factor. Below the bubble, the bullet points show the most important charac-
teristics of this factor. The superscript number at the factor name shows, which article researched this
factor. The lines between the bubbles indicate the top ten frequent links of how many times the two
factors were researched together.

Regarding the total number of journal articles published per year, the importance of the individual fac-
tors remained constant over the years. The size of the bubbles in Figure 2 below indicates how many
journal articles investigated each factor, which makes them comparable and shows the current research
state. Among the most important factors (at least 10 journal articles), some were found to be more likely
to be investigated together. 26% of all journal articles investigated both, the influence of review depth
on helpfulness and the effect of review ratings. Other noteworthy interdependencies were found between
reputation and rating (26% of all journal articles investigated both factors), depth and reputation (20%),
readability and rating (14%), information disclosure and reputation (12%), information disclosure and
rating (12%) and readability and depth (12%).

4.2 Review-related factors

Rating. Rating is - next to reviewer reputation - the most important factor for determining the helpful-
ness of a review (Yang et al., 2017b). Most researchers found that negative reviews are more helpful
than positive reviews (Cao et al., 2011; Baek et al., 2013; Zhou and Guo, 2017; Yang et al., 2017a;
Zhao et al., 2015; Lee et al., 2011; Li et al., 2017; Casald et al., 2015; Chua and Banerjee, 2016; Lee,
2013; Lee, 2018; Kwok and Xie, 2016; Yin ef al., 2013; Kuan et al., 2015). One possible explanation
for this effect is the negativity bias as explained in the theoretical background section. However, if a
review is negative and at the same time promotes another product, the review is perceived to be untrust-
worthy and not helpful at all (Filieri, 2016). Filieri (2016) argues that negative reviews tend to stand-out
and are supposedly written by competitors. Few researchers however found that positive reviews are
more helpful than negative reviews (Liu and Park, 2015; Huang et al., 2015; Casalo et al., 2015; Pan
and Zhang, 2011). Pan and Zhang (2011) explain this finding with the confirmatory bias.
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1) Baek et al. (2013); Baek et al. (2015); Cao et al. (2011); Casalé et al. (2015); Chen (2016); Cheung et al. (2012); Filieri (2016); Gao et al. (2017); Huang et al.
(2015); Jensen et al. (2013); Krishnamoorthy (2015); Kuan et al. (2015); Kusumasondjaja et al. (2012); Kwok and Xie (2016); Lee (2013); Lee (2018); Lee and
Choeh (2017); Lee and Choeh (2018); Lee et al. (2011); Li et al. (2017); Liu and Park (2015); Mudambi and Schuff (2010); Pan and Zhang (2011); Park and Nicolau
(2015); Pentina et al. (2018); Purnawirawan et al. (2012); Quaschning et al. (2015); Racherla and Friske (2012); Salehan and Kim (2016); Schindler and Bickart
(2012); Schlosser (2011); Singh et al. (2017); Weathers et al. (2015); Willemsen et al. (2011); Wu (2013); Yang et al. (2017a); Yang et al. (2017b); Yin et al. (2013);
Yin et al. (2016); Zhao et al. (2015); Zhou and Guo (2017)

2 Agnihotri and Bhattacharya (2016); Ahmad and Laroche (2015); Banerjee and Chua (2014); Chen and Tseng (2011); Cheung et al. (2012); Chong Alain et al.
(2018); Chua and Banerjee (2016); Fang et al. (2016); Ghose and Ipeirotis (2011); Gonzalez-Rodriguez et al. (2016); Huang et al. (2013); Hong et al. (2016); Kim et
al. (2017); Krishnamoorthy (2015); Li et al. (2013); Luan et al. (2016); Luo et al. (2015); Malik and Hussain (2017); Racherla et al. (2012); Robinson et al. (2016);
Salehan and Kim (2016); Schindler and Bickart (2012); Shan (2016); Shen et al. (2016); Teng et al. (2014); Weathers et al. (2015); Willemsen et al. (2011); Yin et al.
(2013); Zhao et al. (2015); Zheng et al. (2013)

3) Baek et al. (2013); Banerjee and Chua (2014); Cheng and Ho (2015); Chua and Banerjee (2014); Filieri (2016); Gonzalez-Rodriguez et al. (2016); Huang et al.
(2015); Korfiatis et al (2012); Kuan et al. (2015); Kwok and Xie (2016); Lee (2018); Lee and Choeh (2017); Lee and Choeh (2018); Liu and Park (2015); Mudambi
and Schuff (2010); Pan and Zhang (2011); Park and Nicolau (2015); Qazi et al. (2016); Quaschning et al. (2015); Racherla and Friske (2012); Robinson et al. (2016);
Schindler and Bickart (2012); Singh et al. (2017); Yang et al. (2017a); Yang et al. (2017b), Yin et al. (2013); Yin et al. (2016); Zhou and Guo (2017)

4 Agnihotri and Bhattacharya (2016); Banerjee and Chua (2014); Cao et al. (2011); Fang et al. (2016); Filieri (2016); Gao et al. (2017); Ghose and Ipeirotis (2011);
Jensen et al. (2013); Korfiatis et al. (2012); Kuan et al. (2015); Lee and Choeh (2014); Liu and Park (2015); Ngo-Ye and Sinha (2014); Robinson et al. (2016);
Schindler and Bickart (2012); Singh et al. (2017); Yang et al. (2017a); Yin et al. (2013); Zhao et al. (2015); Zheng et al. (2013)

3) Baek et al. (2013); Baek et al. (2015); Cheung et al. (2012); Gao et al. (2017); Hong et al. (2016); Luo et al. (2015); Pan and Zhang (2011); Quaschning et al.
(2015); Yin et al. (2016)

6) Casal6 et al. (2015); Cheng and Ho (2015); Filieri (2016); Lee (2018); Teng et al. (2014); Yang et al. (2017a); Yang et al. (2017b); Zhou and Guo (2017)

7 Cao et al. (2011); Hu and Chen (2016); Kuan et al. (2015); Lee (2013); Yin et al. (2016); Zhao et al. (2015); Zhou and Guo (2017)

%) Robinson et al. (2016); Weathers et al. (2015)

9) Agnihotri and Bhattacharya (2016); Baek et al. (2013); Banerjee et al. (2017); Chen (2016); Cheng and Ho (2015); Cheung et al. (2012); Chong Alain et al. (2018);
Chua and Banerjee (2014); Fang et al. (2016); Filieri (2016); Gonzéalez-Rodriguez et al. (2016); Gao et al. (2017); Hu and Chen (2016); Huang et al. (2015); Kim et
al. (2017); Kuan et al. (2015); Kwok and Xie (2016); Lee et al. (2011); Lee (2018); Lee and Choeh (2017); Lee and Choeh (2018); Li et al. (2013); Li et al. (2017);
Liu and Park (2015); Min and Park (2012); Park and Nicolau (2015); Racherla and Friske (2012); Shan (2016); Shen et al. (2016); Teng et al. (2014); Weathers et al.
(2015); Willemsen et al. (2011); Xu (2014); Yang et al. (2017b); Zhao et al. (2015); Zheng et al. (2013); Zhou and Guo (2017); Zhu et al. (2014)

10) Baek et al. (2013); Gao et al. (2017); Ghose and Ipeirotis (2011); Hong et al. (2016); Kusumasondjaja et al. (2012); Kwok and Xie (2016); Lee and Choeh (2017);
Lee et al. (2011); Liu and Park (2015); Otterbacher (2013); Park and Nicolau (2015); Racherla and Friske (2012); Xu (2014); Zhou and Guo (2017)

1) Davis and Agrawal (2017); Guo and Zhou (2017) ; Pentina et al. (2018); Shan (2016) ; Teng et al. (2014)

12) Casal6 et al. (2015); Memarzadeh et al. (2016); Robinson et al. (2016)

13) Hu and Chen (2016); Kuan et al. (2015); Lee and Choeh (2017); Pan and Zhang (2011)

14 Lee (2013); Liu and Park (2015); Yang et al. (2017a); Zhao et al. (2015)

15 Bae and Lee (2011); Chong Alain et al. (2018); Kim et al. (2017)

16) Kwok and Xie (2016); Ryang et al. (2015)

1) Huang et al. (2017)

Figure 2: Co-topic analysis of 81 journal articles. Colored clusters: Different dimensions with
factors. Bubble-size: Relative number of journal articles investigating a factor. Bullet
points: Most important characteristics of this factor. Superscript number: Articles re-
searched this factor. Lines: Frequency of how many times the two factors were investi-
gated together (in percent of the total amount of journal articles = 81).
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The confirmatory bias describes a situation in which the customers have a pre-decisional preference and
if an online review provides validation for this preference, it is perceived to be more helpful (Liu and
Park, 2015). However, Pan and Zhang (2011) add that whether positive or negative reviews are more
helpful strongly depends on other factors like personality traits and consumption goals and therefore, a
generalization of either finding could be dangerous. Regarding product types, Willemsen et al. (2011)
concluded that negative reviews are more helpful for experience goods and positive reviews are more
helpful for search goods. In contrast, Racherla and Friske (2012) discovered that the negativity effect is
only present for search goods and not for experience goods. Some other researchers argue that it depends
on the average rating e.g. positive reviews are more helpful for positive average rating (Yin et al., 2016;
Quaschning et al., 2015; Baek et al., 2015). However, Lee (2013) argues that reviews which differ from
the average rating deliver more value because they provide new information and therefore, they are
more helpful. These findings are strongly contradicting and should therefore be further investigated.
Together with rating, many researchers investigated the effect of one- and two-sidedness on the review
helpfulness. One-sided reviews contain either positive or negative statements whereas two-sided re-
views include positive and negative statements (Cheung et al., 2012). Most researchers agree that two-
sided reviews are more helpful compared to one-sided reviews (Cheung et al., 2012; Salehan and Kim,
2016; Willemsen et al., 2011; Schlosser, 2011; Weathers et al., 2015; Jensen et al., 2013; Filieri, 2016;
Schindler and Bickart, 2012). Salehan and Kim (2016) argue that one-sided reviews are perceived to be
biased. Schlosser (2011) adds that — with the exception of reviews with extreme ratings — two-sided
reviews increase the trustworthiness. However, Purnawirawan et al. (2012), Lee and Choeh (2018) and
Pentina et al. (2018) also found that one-sided reviews are more helpful. Purnawirawan et al. (2012)
argue that one-sided reviews provide a clear direction and therefore increase the perception that the
information in the review is true. Furthermore, Lee and Choeh (2018) add that two-sided reviews in
general fail to offer a clear statement leaving the reader with uncertainty. The explanation of Pentina et
al. (2018) is directed to the confirmation bias. Pentina et al. (2018) argue that users of digital review
sites are not looking for objective unbiased information but rather want to confirm their pre-existing
intentions. Third and in connection to extremity, Kuan et al. (2015) found that reviews with extreme
ratings receive more voting but are perceived to be less helpful. They say that on the one hand moderate
rated reviews are more likely to be disregarded and therefore, extreme reviews get more voting but on
the other hand extreme rated reviews have a greater potential of being biased (Kuan et al., 2015). Kuan
etal. (2015) conclude, that a rating in between the average and the absolute extreme provides the greatest
value. Although Mudambi and Schuff (2010) agree with Kuan et al., some other researchers found that
extreme ratings increase the review helpfulness (Gao et al.,2017; Yin et al., 2013; Lee and Choeh, 2014;
Wu, 2013). In numbers, reviews with either 1- or 5-stars are the most helpful, 2-star reviews are second
most helpful and 4- and 3-star reviews are least helpful (Park and Nicolau, 2015). In contrast, Filieri
(2016) argues that reviews with extreme ratings were found to be potentially manipulated and therefore
rating extremity should always be measured together with other factors which allow the reader to deter-
mine whether a review is fake or real.

Persuasiveness. Persuasiveness is determined by the number and strength of the arguments, compre-
hensiveness, timeliness and sidedness (Chong ef al., 2018). Most researchers agree that argument quality
increases the helpfulness of a review (Cheung et al., 2012; Shan, 2016; Zhao et al., 2015; Shen et al.,
2016). Shan (2016) sees the reason thereof in the greater trustworthiness that is delivered by strong
arguments. Zhao et al. (2015) argue that in the anonymity of the internet, people seek for more cues to
judge information and that strong arguments make this process of judgment easier. Shen et al. (2016)
conclude that readers are more likely to adopt the information of a review if the argument quality is
high. Furthermore, the effect of argument quality is stronger if either the reader perceives a strong sense
of membership (Luo ef al., 2015) or if the similarity of reader and reviewer is high (Racherla et al.,
2012). In general, argument quality was found to be one of the strongest determinants of online review
helpfulness (Teng et al., 2014; Cheung et al., 2012).

According to Willemsen et al. (2011) a higher number of arguments increases the review helpfulness
independently of the argument quality. This is in line with Robinson et al. (2012) who say that infor-
mation in the review is a strong predictor of its helpfulness.
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Emotions also influence the persuasiveness and therefore review helpfulness. However, researchers do
not agree on how they affect the review helpfulness (Hong et al., 2016; Salehan and Kim, 2016; Fang
et al., 2016; Agnihotri and Bhattacharya, 2016; Gonzalez-Rodriguez et al., 2016). Ahmad and Laroche
(2015) found in their analysis of emotion features that happiness and disgust in a review positively
influence helpfulness and that anxiety has a negative effect on helpfulness. However, Yin et al. (2013)
proclaim that reviews containing anxiety are more helpful than reviews containing anger. Although
these findings are contradictory, two interesting observations were made by Malik and Hussain and by
Banerjee and Chua. First, Malik and Hussain (2017) stated that positive emotion features (e.g. trust,
anticipation and joy) are better predictors of helpfulness than negative emotion features (e.g. anxiety,
sadness and anger). Second, Banerjee and Chua (2014) found fewer negative emotion words in negative
reviews that were voted as helpful and fewer positive emotion words in positive reviews that were voted
as helpful.

Regarding persuasiveness connected to product types, most researchers agree that reviews with more
product descriptive statements are more helpful for search goods (Luan et al., 2016; Chua and Banerjee,
2016; Malik and Hussain, 2017; Huang et al., 2013; Krishnamoorthy, 2015; Weathers et al., 2015).
Some argue that product descriptive statements in general increase the helpfulness (Schindler and
Bickart, 2012; Zheng et al., 2013; Chen and Tseng, 2011). Weathers et al. (2015) add that information
about the usage of the product increases the helpfulness for both product types. However, experience-
based reviews seem to be more helpful for experience goods (Malik and Hussain, 2017; Huang et al.,
2013; Krishnamoorthy, 2015). Luan et al. (2016) found that for experience goods in general it does not
matter whether a review is attribute- or experience-based because the reader simply wants to get as much
information as possible. This statement is in accordance with Zheng et al. (2013) and Chen and Tseng
(2011) respectively who say that personal experience and opinions increase the helpfulness.

Persuasiveness is further linked to subjectivity/objectivity. In general, it is easier to determine the help-
fulness of objective reviews (Zheng et al., 2013). Therefore, objective reviews are often considered to
be more helpful (Kim et al., 2017; Li et al., 2013). Nevertheless, a mixture of objective sentences mixed
with extreme subjective content was also found to be helpful (Ghose and Ipeirotis, 2011).

Depth. Regarding review depth, most researchers found that longer reviews are more helpful (Cheng
and Ho, 2015; Yin et al., 2016; Zhou and Guo, 2017; Park and Nicolau, 2015; Yin et al., 2013; Gonzalez-
Rodriguez et al., 2016; Liu and Park, 2015; Quaschning et al., 2015; Lee and Choeh, 2017; Yang et al.,
2017a; Lee, 2018). However, reviews can also be too long and therefore, review helpfulness increases
proportional to length but only up to a certain point (Baek et al., 2013; Schindler and Bickart, 2012).
One simple explanation for this finding is that longer reviews have a higher chance of providing more
information to the reader. Nevertheless, at the same time, in the case of long average reviews, an even
longer review fails to attract the readers’ attention, because the reader must put in more effort into read-
ing the longer review for a perceived small amount of extra information (Qazi et al., 2016; Chua and
Banerjee, 2014). For DVDs, e.g., reviews with more than 430 words were found to be too long, for
books a review should contain around 230 words to be exceptionally helpful (Kuan et al., 2015).

Findings regarding length in connection with product type show that length is more important for search
goods than experience goods but it is an important factor for both product types (Baek et al., 2013;
Mudambi and Schuff, 2010; Pan and Zhang, 2011). In contrast, Racherla and Friske (2012) found that
longer reviews for experience goods can be less helpful. A possible explanation therefore is that due to
the many available reviews and the connected information overlead, consumers are overwhelmed and
do not pay attention to longer reviews (Racherla and Friske, 2012). Additionally, the positive effect of
review length is weaker for negative reviews (Banerjee and Chua, 2014) and among top reviewers, the
effect of review length is insignificant (Huang ez al., 2015). Length compared to other factors only has
a small impact on helpfulness (Singh et al., 2017). Factors like readability, rating or reputation of the
reviewer are more important (Korfiatis et al., 2012; Yang et al., 2017b). An explanation for this is pro-
vided by Robinson et al. (2012) who say that length preferences strongly depend on the search stage of
the recipient. E.g. in an early search stage, the reader tries to get an overview of the product and prefers
shorter reviews, however, in a late search stage, the reader prefers longer reviews to collect detailed
information about the product.
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In contrast to most other researchers, Kwok and Xie (2016) found shorter reviews to be more helpful
which they affiliated with greater readability and Qazi et al. (2016) discovered that shorter reviews are
more helpful if they are suggestive. However, Filieri (2016) disagrees because his research revealed that
short reviews are perceived to be fake and untrustworthy. Filieri (2016) argues that short reviews often
do not provide detailed information about product or usage experiences. Especially in connection with
sensational titles, emotional and gushy language and the use of superlatives shorter reviews are fre-
quently perceived to be fake (Filieri, 2016).

Readability. Regarding readability, Singh et al. (2017) found that it is a strong indicator of review
helpfulness for both, search and experience goods. However, researchers found mixed findings for the
direction of the effect. Some researchers concluded that less readable reviews with longer sentences and
more complex words are more helpful, because they are considered as more professional (Kuan et al.,
2015; Yang et al., 2017a). Agnihotri and Bhattacharya (2016) agree that too simplistic reviews are less
helpful but nevertheless found that readability increases the review helpfulness although only up to a
certain point. Most researchers, however, represent the opinion that greater readability in general in-
creases review helpfulness (Zhao et al., 2015; Banerjee and Chua, 2014; Ghose and Ipeirotis, 2011;
Fang et al., 2016; Liu and Park, 2015; Yin et al., 2013). According to Ghose and Ipeirotis (2011) read-
ability improves the comprehensibility of reviews and therefore a larger number of users can potentially
read it and give voting.

Korfiatis et al. (2012) compared the effect strength of different factors and found that readability has a
greater impact on helpfulness than review length. Regarding language in general, promotional language
decreases the helpfulness because customer do not trust these kind of reviews (Filieri, 2016). However,
humor and slang can increase the helpfulness but only up to a certain point (Schindler and Bickart,
2012). Schindler and Bickart (2012) argue that the informal style can increase the readers feeling of
similarity with the reviewer and therefore makes the review more helpful. However, too much informal-
ity can make the reader feel uncertain regarding the reviewers competence (Schindler and Bickart,
2012). According to Robinson et al. (2012) and Singh et al. (2017), spelling mistakes only have a minor
impact on helpfulness. Nevertheless, various researchers found that few spelling mistakes and short
sentences with familiar words increase the helpfulness of a review (Zheng et al., 2013; Ghose and Ipei-
rotis, 2011; Cao et al., 2011; Lee and Choeh, 2014). Summarized, language influences the perception
of reviews in different ways and therefore, text mining methods can be useful for the prediction of
review helpfulness (Ngo-Ye and Sinha, 2014).

Consistency. Most researchers found that consistency with previous reviews increases the helpfulness
of a review (Baek et al., 2013; Baek et al., 2015; Luo et al., 2015; Yin et al., 2016; Cheung et al., 2012;
Quaschning et al., 2015). However, Baek et al. (2013) found that this factor is more important for expe-
rience goods and for products with a low price. They argue that it depends on the purpose of reading
online reviews and that in the case of experience goods and low-priced products most people are nar-
rowing down possible choice options rather than evaluating alternatives (Baek ef al., 2013). Strong dis-
agreement among reviews leads to a decrease in the helpfulness of all reviews because of the resulting
uncertainty for the reader (Pan and Zhang, 2011). However, some researchers found reviews with a
strong deviation from the average rating to be more helpful for the reader (Hong et al., 2016; Gao et al.,
2017). This might be explained by the greater amount of information delivered by an inconsistent re-
view. The explanation is similar to the argumentation of the negativity bias, which concludes that neg-
ative reviews are more helpful than positive reviews because of providing newer information.

Images. Occasionally, reviewers add images to their reviews. Filieri (2016) regards images as proof that
the reviewers used the reviewed product and therefore he argues, that images increase the helpfulness.
Other researchers support this finding (Cheng and Ho, 2015; Zhou and Guo, 2017; Teng et al., 2014).
Additionally, Yang et al. (2017a) discovered that images of the food and beverages increase the help-
fulness of restaurant reviews. However, Lee (2018) and Casalo et al. (2015) disagree because they found
that images have an insignificant effect on the review helpfulness.

Posting time. Posting time directly influences review helpfulness because more recently posted reviews
get more helpfulness votes (Zhou and Guo, 2017; Zhao et al., 2015; Cao et al., 2011; Yin et al., 2016).
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Lee (2013) found the exact opposite, namely that early posted reviews are read more often and therefore
receive more voting (Kuan et al., 2015). It is possible that the most helpful review of a product is the
most helpful review among early posted reviews only (Lee, 2013). Therefore, posting time is generally
important for the prediction of review helpfulness (Hu and Chen, 2016).

References. Either references in reviews can be directed to other reviews or they are used to compare
the product to products from other brands. Weathers et al. (2015) found that references to other brands
significantly increase the helpfulness for experience goods but have almost no effect for search goods.
References to other reviews increase helpfulness for both product types (Weathers et al., 2015). Accord-
ing to Robinson et al. (2012) references increase the amount of information in a review and therefore
generally rise its helpfulness.

4.3 Reviewer-related factors

Reputation. Reputation has a strong impact on review helpfulness (Chua and Banerjee, 2016). High
ranked , credible reviewers write more helpful reviews (Kuan et al., 2015; Lee and Choeh, 2018; Cheng
and Ho, 2015; Kwok and Xie, 2016; Zhu et al., 2014; Park and Nicolau, 2015; Li et al., 2017; Banerjee
et al.,2017; Racherla and Friske, 2012; Cheung et al., 2012; Shen et al., 2016; Teng et al., 2014; Chong
et al., 2018; Baek et al., 2013). This factor is more important for experience goods and products with a
lower price (Baek et al., 2013; Zhu et al., 2014). E.g. for higher priced hotels, the effect of credibility
was found to be weaker than for lower priced hotels (Zhu et al., 2014). Zhu et al. (2014) argue that the
cognitive trust is stronger for lower priced hotels. However, other sub-factors of reputation like the
review rating and the total number of helpfulness votes a reviewer received in the past have a greater
effect on review helpfulness (Shan, 2016).

The helpfulness of future reviews is greatly determined by the reviewers’ capability of writing helpful
reviews (Lee and Choeh, 2018). Gao et al. (2017) found that the rating behavior of reviewers is con-
sistent over time and that therefore reviewers who write helpful reviews in the past are more likely to
write helpful reviews in the future (Fang et al., 2016; Banerjee et al., 2017). In general, the total number
of helpfulness votes or the average helpfulness of a reviewer (total number of helpfulness votes / total
number of votes) is a good predictor of the helpfulness of future reviews (Lee and Choeh, 2017; Huang
et al., 2015; Banerjee et al., 2017; Yang et al., 2017b; Zheng et al., 2013; Kwok and Xie, 2016). There-
fore, most researchers agree that expertise - based on credentials of others (e.g. votes) - of the reviewer
increases the helpfulness of his/her reviews (Agnihotri and Bhattacharya, 2016; Zhu et al., 2014; Zhou
and Guo, 2017; Willemsen et al., 2011; Park and Nicolau, 2015; Kim et al., 2017; Lee et al., 2011,
Gonzalez-Rodriguez et al., 2016; Zhao et al., 2015; Weathers et al., 2015). However, Min and Park
(2012) disagree and warn of a possible early bird bias. They found that the number of experiences men-
tioned in the review is much more important.

Various researchers discovered that the total number of reviews written by a reviewer increases the
trustworthiness and makes future reviews more helpful (Banerjee et al., 2017, Filieri, 2016; Lee ef al.,
2011; Lee, 2018). However, Huang et al. (2015) argue that this is not a significant factor because quan-
tity does not correlate with quality.

Sociability or the total number of friends and followers of a reviewer can be used as an indicator of
helpfulness of his/her reviews (Cheng and Ho, 2015; Liu and Park, 2015; Lee, 2018; Zheng et al., 2013;
Banerjee et al., 2017; Zhou and Guo, 2017; Li et al., 2017). Cheng and Ho (2015) argue that the number
of followers is an indicator that the reviewer is an opinion leader and that he is trusted by many other
readers. Liu and Park (2015) add that social information can be used to assess the source of a review
and to judge the credibility of a reviewer. This has an effect on the uncertainty reduction regarding the
service quality (Liu and Park, 2015). However, Xu (2014) differentiated between positive and negative
reviews and found that sociability only increases the perceived helpfulness of negative reviews.

Information disclosure. Information disclosure leads to more helpfulness votes (Ghose and Ipeirotis,
2011; Kusumasondjaja et al., 2012). Gao et al. (2017) found that intrinsic characteristics (e.g. culture,
gender) capture the largest fraction of future rating deviation. The location of a reviewer can give a hint
on the cultural background, which allows conclusions about the degree of conformity of his/her reviews
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with other reviews. Hong et al. (2016) discovered that on one hand, reviewer from a collectivist culture
are less likely to deviate from the average rating and that they express less emotions. However, reviewers
from an individualistic culture are more likely to deviate from the prior rating and they express more
emotions (Hong et al., 2016). The disclosure of the real name of the reviewer increases his/her credibility
and the helpfulness of the reviews (Lee and Choeh, 2017). Various researchers found that the disclosure
of a profile picture increases the review helpfulness (Zhou and Guo, 2017; Liu and Park, 2015; Park and
Nicolau, 2015). Xu (2014) observed the same effect but only for negative reviews. Regarding the gender,
Kwok and Xie (2016) found that reviews written by male reviewers are more helpful than reviews writ-
ten by female reviewers (reviews written by female reviewers are 13.6% less helpful). A reason for this
could be that reviews written by male reviewers have the tendency to be more fact based (Kwok and
Xie, 2016). Additionally, Otterbacher (2013) investigated the differences in male and female writing
and found that helpful reviews written by female writers often show male style characteristics (e.g. less
vocabulary richness, decreased use of 1st and 2nd person pronouns). In contrast to these findings, Lee
et al. (2011) revealed that men and women create similarly helpful reviews and that not disclosing the
gender increases the helpfulness. Lee et al. (2011) argue that people who do not disclose their gender
probably use the anonymity to share their experiences and personal feelings more openly and therefore
the reader perceives these reviews to be more honest and sincere. Finally, the age of the reviewer has no
influence on review helpfulness (Kwok and Xie, 2016; Lee et al., 2011).

4.4 Reader-related factors

Similarity. Perceived similarity between the reader and the reviewer influences the information adop-
tion (Davis and Agrawal, 2018). The greater the similarity, the higher is the helpfulness of a review
(Pentina et al., 2018; Shan, 2016; Teng et al., 2014). The helpfulness of positive reviews is increased,
when the reviewer uses the same linguistic style as the reader would use (Guo and Zhou, 2017). If the
reader perceives the reviewer to be on an equal level of expertise as himself, negative reviews are more
helpful (Guo and Zhou, 2017).

Psychology. Psychological factors can influence the way a reader perceives a review. First, the extent
to which the reader believes that a certain review can change his/her behavior positively influences the
review helpfulness (Memarzadeh et al., 2016). Second, the risk aversion of the reader changes the read-
ers’ preference regarding positive and negative reviews. High risk aversion readers prefer negative re-
views, low risk aversion readers have no preference for either positive or negative reviews (Casalo et
al., 2015). Third, the search stage has a great influence on the effect of the factor depth (Robinson et al.,
2012). Reader in an early search stage prefer shorter reviews because they try to get a general overview
on different products and later on, they prefer longer reviews to get detailed information about specific
products (Robinson et al., 2012).

4.5 Environment-related factors

Visibility. The total number of reviews available for a product has a significant impact on the review
helpfulness (Lee and Choeh, 2017). This has to do with the visibility of the reviews, if there are fewer
reviews, each review has the potential to offer new information and therefore, the helpfulness of each
single review increases (Pan and Zhang, 2011). In general, when conducting research about review
helpfulness, it is very important to include the visibility factor because the total number of reviews is
negatively correlated with voting and therefore can distort the results (Hu and Chen, 2016; Kuan ef al.,
2015).

Voting systems. Voting systems generally increase the helpfulness of review websites because they
allow the reader to quickly assess whether a review should be/should not be considered in the purchase
decision (Zhao et al., 2015). Thereby, not only voting systems for helpfulness are relevant, but also
voting systems for enjoyment (Liu and Park, 2015). Enjoyment of a review is positively related to the
helpfulness of the review (Yang et al., 2017a). Liu and Park (2015) argue that in the computer-mediated
environment, individuals are seeking entertainment and therefore enjoyable reviews are more helpful.
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The effect of voting is greater for search goods than for experience goods because people who are look-
ing for reviews about search goods are more interested in opinions of others (Lee, 2013).

Review website. Various review websites (e.g. Yelp, TripAdvisor) can be found online. Readers assign
them with different credibility levels depending on their awareness level. Kim et al. (2017) found that
the website credibility influences the helpfulness of a review. So does the perceived ease of use of the
website (Chong et al., 2018). Regarding the provider of the website, reviews about experience products
are more helpful if posted on a consumer developed review site (Bae and Lee, 2011). In contrast to
review websites, consumer developed review sites are defined as online communities or blogs (Bae and
Lee, 2011). Bae and Lee (2011) argue that customers who want to evaluate the dominant attributes of
experience goods expect to benefit more from these kind of websites.

Responses. The helpfulness of a review is increased whenever the management of the rated service or
product responds to the review (Kwok and Xie, 2016). Kwok and Xie (2016) argue that reviews with a
response of the management often include detailed information and provide more reference value to the
readers. Furthermore, the manager response is regarded as a cross-validation of the information in the
review (Kwok and Xie, 2016). Additionally, discussions between users also increase the review help-
fulness, especially when the reviewer himselfis actively involved in the discussion (Ryang et al., 2015).
Ryang et al. (2015) argue that the discussion provides the opportunity to further elaborate on the shared
opinions.

Social network integration. Social network integration was found to increase the review volume. At
the same time, less negations were used in the reviews while more positive emotions were expressed
(Huang et al., 2017).

5 Discussion

5.1 Implications

The previous research primarily focused on factors related to the reviews itself and to the reviewer who
wrote the reviews. Reader-related factors and environment-related factors got less attention in general.
Additionally, within the four dimensions, some factors were analyzed by significantly more researchers
than other factors. Regarding the individual factors, sometimes it is possible to make a clear statement
whether the factors increases or decreases the helpfulness while for others it is very hard to tell because
of mixed findings.

The most important findings are summarized subsequently. Extremely rated reviews are of great value
for the readers while negative reviews are more helpful than positive ones. Nevertheless, the combina-
tion of positive and negative statements increases the review helpfulness. A higher number of arguments
as well as the argument quality positively affects the helpfulness of a review. Regarding emotions, the
findings were mixed and need further research. Reviews with many product descriptive statements are
more helpful for reviews about search goods while experience-based reviews are more helpful for re-
views about experience goods. Longer reviews provide greater value to the reader than short reviews,
but only up to a certain point. Readability, consistency with previous reviews and references to other
brands and reviews increase the review helpfulness. Posting time and the inclusion of images seem to
be important factors but their effect is not yet fully discovered. Regarding the reviewer, online reputation
and information disclosure both increase the helpfulness of his/her reviews. The similarity between the
reader and the reviewer has a positive effect on review helpfulness. Finally, the website credibility and
replies to the review both make a review more helpful to the reader. To get new perspectives, further
researchers should consider doing a qualitative research instead of quantitative. Finally, all the theoret-
ical knowledge should be condensed into a model or program and then be tested.
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5.2 Limitations and Future Research

One limitation of this literature review is the selection process of the journal articles, the scope and the
extraction of information. For every step, strict rules were predefined. Additionally, all steps were pre-
cisely documented. However, all decisions that were made when setting the rules have an influence on
the outcome of the literature review. First, the limitation that journal articles published between 2011 to
mid-2018 were included automatically excluded some journal articles. Second, journal articles, which
were not published in a top journal, were excluded. Additionally, the chosen databases have an impact
on the origin of the journal articles. This also explains why most journal articles that were used in the
final analysis are from the research field of information systems. We used the new invented visualization
method called co-topic analysis in our literature review. Further research needs to be carried out showing
the generalizability of the used method. Our next step includes training a machine-learning algorithm
for automatically extracting topics from research paper and creating the visualization.

Future research regarding the helpfulness of online reviews should focus on reader-related factors and
environment-related factors because the co-topic analysis showed that these two dimensions got less
attention in the previous research. E.g. a topic that was greatly disregarded so far is the influence of
social media. In the digital age, sharing of information through social media is of great importance
(Aggarwal, 2016). People share their opinions in these likeminded communities and it is hard to separate
fake from real. Therefore, researchers should investigate factors, which are related to digital sharing in
social networks and find ways to predict the helpfulness of reviews that are shared on social media.
Additionally, more in-depth knowledge regarding the effects of review-related factors would be helpful
to solve the problem of mixed findings. To complete the ‘big picture’, the research needs more connec-
tions between the individual factors in general.

6 Conclusion

The presented systematic literature review investigated the characteristics determining the helpfulness
of online reviews. The results are based on 81 journal articles, which we analyzed in depth. This paper
contributes to both theory and practice alike. We contribute to theory, by inductively creating a theoret-
ical framework trying to understand the context of online reviews and their characteristics. Furthermore,
through the application of 1) review-related, 2) reviewer-related, 3) reader-related and 4) environment-
related factors, we offer a conceptualization of what contributes to the perceived helpfulness of an online
review. Most literature concentrates on the factors in dimension one and two. This provides the oppor-
tunity for further research regarding the factors in dimension three and four. Additionally, many re-
searchers focused on different factors individually and neglected investigating the connection between
them. Therefore, the linkage between the factors can be seen as area for future research. We contribute
to practice by providing insights in how to design a review system, guiding reviewers to write helpful
reviews and new ways of how to display the most helpful reviews. Additionally our contribution is a
new visualization approach we call co-topic analysis. This helps researches to identify links between
topics and showing an in depth overview, of which topics were researched by whom.
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