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ABSTRACT
What factors affect the structure of funding of crowdfunded projects? Essay 1
examines the effects of rhetorical devices (i.e. emotional tone, linguistic style match,
perceived clout, and narrative language style) found in project descriptions on the
funding formation on a rewards-based crowdfunding platform (Kickstarter). Using
functional data analysis and longitudinal data, the effects of these rhetorical devices are
examined along with two dynamic variables (backers support and competitive intensity)
across each project’s funding cycle. The results provide evidence of how and when
rhetorical devices influence funding formation. For example, emotional tone (the ratio of
positive to negative words in a project description) positively affects funding formation
only at the tail-end of the funding cycle. In addition, the results suggest that the
effectiveness of the rhetorical devices can be influenced by the two dynamic variables.
For example, competitive intensity (the number of live, similar projects on the platform)
reduces the effectiveness of narrative language style (the use of dynamic storytelling
rather than formal and precise descriptions in a project description) across the entire
funding cycle.
Essay 2 focuses on predicting the helpfulness of reviews using star ratings and
hidden rhetorical devices. This essay investigates three main research questions: (1) Is the
helpfulness of reviews affected by extremely positive (i.e. five-star) or negative (i.e. onestar) ratings? (2) Do rhetorical devices affect review helpfulness? (3) Do rhetorical
devices moderate the effect of overall ratings on review helpfulness? Focusing on
207,720 reviews posted on Amazon.com over 18 years, Essay 2 examines the above
vii
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questions using the negative binomial regression. The results show that extremely
positive/negative reviews (i.e. one-star/five-star ratings) are perceived as more helpful by
potential consumers than reviews with moderate ratings (i.e. three stars). The results
provide evidence on how review content such as positive tone, negative tone, and
cognitive language style affect review helpfulness. As regards emotional language, both a
positive and a negative tone decrease the reviews’ helpfulness, as neither provide
potential customers with adequate product-relevant information. However, cognitive
reviews are more helpful, as they are more informative than non-cognitive or emotional
reviews. Findings show that if a review with an extreme rating contains emotional
language, its positive effect is diminished. In contrast, if a review with an extreme rating
contains cognitive language, the positive effect of that review is strengthened. This essay
expands the literature and examines the effects of textual information on review
helpfulness. By providing new moderators, Essay 2 tries to offer a justification for
inconsistent results in previous literature regarding the helpfulness of extreme reviews.

viii

Texas Tech University, Masoud Moradi, August 2018

LIST OF TABLES
Table 1: Scope of Previous Studies (Essay 1) .................................................................. 7
Table 2: Variable Operationalization (Essay 1) ................................................................ 21
Table 3: Descriptive Statistics and Correlation Matrix (Essay 1)..................................... 22
Table 4: Summary of Findings (Essay 1) ......................................................................... 33
Table 5: Descriptive Statistics DIY Electronics ............................................................... 37
Table 6: Descriptive Statistics and Correlation Matrix (Essay 2)..................................... 55
Table 7: Variable Operationalization (Essay 2) ................................................................ 56
Table 8: Model Fit (Essay 2) ............................................................................................ 62
Table 9: Parameter Estimates (Essay 2)............................................................................ 63
Table 10: Summary of Findings (Essay 2) ....................................................................... 64
Table 11: Nonlinear Interactions Estimates (Essay 2) ...................................................... 67
Table 12: Summary of All Linear and Nonlinear Effects (Essay 2) ................................. 68
Table 13: Zero-Inflated Negative Binomial Model Estimates (Essay 2) .......................... 70

ix

Texas Tech University, Masoud Moradi, August 2018

LIST OF FIGURES
Figure 1: Factors Affecting Funding Formation ................................................................. 6
Figure 2: Results – Direct Effects and Controls (Essay 1) ............................................... 27
Figure 3: Results – Interaction Effects (Essay 1).............................................................. 29
Figure 4: Results (CF Approach) – Direct Effects (Essay 1)............................................ 29
Figure 5: Results (CF Approach) – Interaction Effects (Essay 1) .................................... 34
Figure 6: Results – Do-It-Yourself (DIY) Electronics ..................................................... 36
Figure 7: Factors Affecting Review Helpfulness .............................................................. 45
Figure 8: Distribution of Review Helpfulness .................................................................. 58
Figure 9: Model-Free Evidence – Main Effect of Overall Rating .................................... 60
Figure 10: Model-Free Evidence – Main Effect of Rhetorical Devices ........................... 60
Figure 11: Model-Free Evidence – Moderating Effects of Rhetorical Devices ............... 61

x

Texas Tech University, Masoud Moradi, August 2018

CHAPTER I: INTRODUCTION
Entrepreneurs are increasingly eschewing traditional funding processes, which
rely on a small number of large investors, and focusing instead on crowdfunding
approaches, which rely on a large number of small investors (Mollick and Kuppuswamy
2014; Kuppuswamy and Bayus 2015). Between 2013 and 2015, capital raised by
crowdfunding efforts rose from $6.1B to $34.4B—a 463.9% increase (Massolution
2015). The World Bank estimates that by 2020 crowdfunding efforts should yield
approximately $90B (Hogue 2016). The funds raised from these efforts support ventures
in a variety of areas, such as the arts, fashion, and technology. Some entrepreneurs find
crowdfunding to be an extremely expedient way to raise needed capital. For example,
Pebble Smartwatch launched a crowdfunding campaign in 2012 to raise $100,000. It
raised $20M from 78,000 backers. Similarly, in 2016, the creators of Kingdom Death’s
Monster 1.5 board game launched a campaign to raise $500,000. It raised more than
$8.5M from 16,000 backers. Research suggests that the rise in the use of crowdfunding
may be due, in part, to the difficulties associated with traditional approaches (e.g. the lack
of sufficient value that can be pledged to investors) (Belleflamme et al. 2014). However,
the use of crowdfunding techniques does not guarantee that needed funds will be raised.
For example, Mollick (2014) examines the popular crowdfunding platform, Kickstarter,
and finds that, from 2009 to 2012, 48.1% of all projects failed to meet their funding
goals.
Essay 1 examines four key rhetorical devices embedded within crowdfunding
project descriptions—emotional tone, linguistic style match, perceived clout, and
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narrative language style, which represent concept and style elements that are important
factors used to explain communication effectiveness (Ludwig et al. 2013). Emotional
tone is the ratio of total number of positive words to the total number of negative words
in a message (Chang and Lee 2009). Linguistic style match is the degree to which the
linguistic style inherent in a project description is consistent with the typical style used
across all project descriptions on a platform (Niederhoffer and Pennebaker 2002).
Perceived clout, or status, refers to one’s perceived relative rank within a social hierarchy
(Kacewicz et al. 2014). Narrative language style denotes the use of time-based stories as
opposed to a category language style, which denotes communication that has a
heightened use of abstract thinking and cognitive complexity (Pennebaker et al. 2014).
The contributions of Essay 1 are three-fold. First, by examining the effects of four
key rhetorical devices embedded within crowdfunding project descriptions, we provide
much-needed insights into the factors that affect crowdfunding success across the phases
of funding cycles. Second, Essay 1 examines the moderating effects of two dynamic
characteristics related to crowdfunding platforms, number of backers and competitive
intensity. These effects are examined over the course of each project’s funding cycle,
which enables us to examine their importance across all phases of a project. Third, Essay
1 provides project creators and crowdfunding platform managers with recommendations,
which have the potential to influence the success of crowdfunding efforts.
In Essay 2 we examine an online retailer and its online reviews to predict the
helpfulness of reviews on online platforms. Online reviews affect both vendors and
consumers. Customers who rely on reviews to make decisions experience greater
2
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satisfaction (Kohli et al. 2004) because they can conserve their cognitive resources and
increase the accuracy of their decisions by relying on other customers. Vendors are also
always looking to improve the digital content (e.g. helpful reviews) on their online
platforms in order to increase the overall success of their marketing efforts and value of
their retailing websites. One important tool for online retailers to achieve this is to
provide consumers with the opportunity to access helpful reviews, because a helpful
review strongly affects product sales and reduces the uncertainty and information
overload among customers (Chen et al. 2008). This clarifies the important role of helpful
reviews in creating value for both vendors and shoppers on online platforms.
Essay 2 extends existing literature by investigating both quantitative and
qualitative determinants of online review helpfulness. With regard to the quantitative
factors, we look at the effect of extreme ratings, which can be captured by using the
overall star rating. Regarding the qualitative factors, we consider two main rhetorical
devices embedded within reviews—emotional language style and cognitive language
style—which are important factors for predicting customers’ response (Eroglu et al.
2001). The contributions of this essay are two-fold. First, to the best of our knowledge,
this is the first study that explores the effects of key rhetorical devices embedded within
reviews, emotional language style and cognitive language style, on the helpfulness of
those reviews. Second, our study examines how rhetorical devices moderate the
helpfulness of extreme reviews, which clarifies the inconsistency in previous studies
regarding the perceived helpfulness of extreme reviews.

3
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CHAPTER II: ESSAY 1
INVESTIGATING CROWDSOURCE FUNDING FORMATION
Introduction

A major hurdle facing crowdfunded projects involves the uncertainty that
revolves around projects and their creators. Potential backers are often unsure whether
the attributes and benefits described by a project can actually be delivered. In addition,
they may have doubts regarding a creator’s credibility and expertise. These
characteristics often cause potential backers to experience high levels of perceived risk,
which in turn influences their funding decisions (Grewal et al. 1998; Puto, Patton, and
King 1985). To reduce uncertainty, a project creator provides a project description, which
may consist of text, images, sound clips, and videos. These descriptions represent
important mechanisms for communicating and promoting project concepts. Though
researchers have explored the effects of a variety of factors present in project descriptions
(e.g. videos and pictures), there is a lack of knowledge regarding the effect of rhetorical
devices (e.g. the use of emotional tone) (see Table 1).
Our article examines four key rhetorical devices embedded within project
descriptions—emotional tone, linguistic style match, perceived clout, and narrative
language style, which represent concept and style elements that are important factors
used to explain communication effectiveness (Ludwig et al. 2013). Emotional tone is the
ratio of total number of positive words to the total number of negative words in a
message (Chang and Lee 2009). Linguistic style match is the degree to which the
linguistic style inherent in a project description is consistent with the typical style used
4
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across all project descriptions on a platform (Niederhoffer and Pennebaker 2002).
Perceived clout, or status, refers to one’s perceived relative rank within a social hierarchy
(Kacewicz et al. 2014). Narrative language style denotes the use of time-based stories as
opposed to a category language style, which denotes communication that has a
heightened use of abstract thinking and cognitive complexity (Pennebaker et al. 2014).
The study focuses on the effects that these factors have on funding formation, our
dependent variable, which is defined as the structure of funding over time. Funding
structure indicates the timing of donation arrival during the funding cycle, which is an
important metric of funding success in crowdfunded projects (Hornuf and Schwienbacher
2017). It is measured as the ratio of the total amount of funding pledged, at time t, to the
total money raised for a project. In addition, we explore the moderating effects of two
dynamic variables—backer support, which is the total number of backers, at time t-1, and
competitive intensity, which is defined as the number of similar projects (competitors), at
time t-1, promoted on the crowdfunding website (Auh and Menguc 2005). To understand
the complex nature of crowdfunding endeavors, a theory-based model is developed (see
Figure 1), which examines the following research questions:
(1) What effects do rhetorical devices, such as emotional tone, linguistic style
match, perceived clout, and narrative language style found in project
descriptions have on funding formation?
(2) Do dynamic characteristics, such as backer support and competitive intensity,
moderate the effects of rhetorical devices over time?
To explore these research questions, we use functional data analysis (FDA) to
examine data from 599 technological gadget projects posted on the popular crowdfunding
website, Kickstarter. (For a description of FDA, see Dass and Shropshire 2012.)
5
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The contributions of our article are three-fold. First, crowdfunding research is in
its infancy. By examining the effects of four key rhetorical devices embedded within
crowdfunding project descriptions, i.e. emotional tone, linguistic style match, perceived
clout, and narrative language style, we provide much-needed insights into the factors that
affect crowdfunding success across the phases of funding cycles. Second, our article
examines the moderating effects of two dynamic characteristics related to crowdfunding
platforms, number of backers and competitive intensity. These effects are examined over
the course of each project’s funding cycle, which enables us to examine their importance
across all phases of a project. Third, we provide project creators and crowdfunding
platform managers with recommendations, which have the potential to influence the
success of crowdfunding efforts.

Figure 1: Factors Affecting Funding Formation
6
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Table 1: Scope of Previous Studies (Essay 1)
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Conceptual Framework

The Crowdfunding Context

The concept of using a large number of small online donations to fund a project
can be traced back to 1997, when the British rock band Marillion asked its fans to preorder its next album so that it could use the funds to record it. The band raised $60,000,
using its database of 6,000 fans and the Internet (Rainey 2014). Soon, a variety of
different crowdfunding platforms emerged. In 2003, a prominent US artist, Brian
Camelio, launched ArtistShare, the first online crowdfunding platform. The site collects
donations for artistic endeavors. In 2008, the crowdfunding platform, Indiegogo, was
launched. It allows people to elicit funds for a variety of projects ranging from ideas to
business start-ups. In 2009, the crowdfunding platform, Kickstarter, was launched. Its
primary mission is to help bring creative projects to life (Freedman and Nutting 2015). In
general, there are four types of crowdfunding platforms, which differ in terms of the type
of incentives backers receive for their contributions. (1) In “profit-sharing” platforms,
such as SellaBand and Wefunder, backers receive either equity in the venture or sign a
profit-sharing agreement (Agrawal, et al. 2011). (2) In “lending-based” platforms, such as
Prosper and Zopa, backers lend money to projects at a fixed rate of interest (Zhang and
Liu 2012). (3) In “donation-based” platforms, such as JustGiving and Spot.us, backers
donate to philanthropic institutions and do not expect any tangible return (i.e. money or
other rewards) from their investments (Smith et al. 2012). (4) In “reward-based”
platforms, such as Kickstarter and Indiegogo, backers receive a variety of rewards for
8
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their contributions, including tee-shirts, artists’ autographs, and product samples (Hemer
2011).
In this article, we focus on reward-based platforms, which are the fastest growing
and most popular of the four types (Kuppuswamy and Bayus 2015; Massolution 2015).
The data, for our study, comes from a specific platform, Kickstarter. On this site, creators
post projects that have specific goals (e.g. launching a new product or making a work of
art). Each project campaign has its own page, which includes a description of the project,
information concerning the duration of the project (1 to 60 days), a funding goal, and a
description of the rewards backers will receive. Usually, rewards are items produced by
the project (e.g. a copy of the music album). Pages can also include pictures, sound bites,
and videos. In addition, over the course of a campaign, a creator can provide progress
updates to backers. If a project does not meet its funding goal, its backers are not
responsible for their pledges.
Reward-based platforms foster exchange relationships in which participants (i.e.
the creators and the potential backers) have asymmetric information. Signaling theory
describes these situations (Connelly et al. 2011; Kirmani and Rao 2000). It explains how
signalers (i.e. creators of crowdfunding projects) and receivers (i.e. potential backers)
interact with each other. The theory focuses mainly on the purposeful communication of
information designed to convey positive project attributes. In general, signalers are
“insiders,” who have access to information that is not available to others. As a result, they
are knowledgeable regarding a project’s true value. In contrast, receivers often have little
concrete knowledge about a project and often lack the expertise needed to make accurate
9
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assessments of the creators and their projects (Ahlers et al. 2015). Therefore, backers
must make their decisions based on a small number of observable attributes (or signals),
which serve as proxies for the unobservable qualities of creators and their projects. To
convince backers to fund their projects, creators need to determine not only what
information to communicate, but also how it will be communicated. In this study, we
focus on four rhetoric mechanisms, which can be used by creators to signal value to
potential backers— emotional tone, linguistic style match, perceived clout, and narrative
language style.

Hypotheses

Emotional Tone
Emotional tone is the ratio of positive words to negative words in a message
(Chang and Lee, 2009). In crowdfunding projects, potential backers are exposed to
emotional tone through project descriptions. These descriptions provide a mechanism by
which creators can frame the decision problem for potential backers by outlining the
effective acts, contingencies, and outcomes (Tversky and Kahneman 1986). Research
suggests that these extrinsic cues increase the likelihood that backers will fund new
projects (Herzenstein et al. 2011; Martens et al., 2007). Positive framing (e.g. mentioning
the benefits of funding a project) directly influences peoples’ levels of emotional arousal,
which in turn affects their responses (Bagozzi et al. 1999; Gardner 1985). For example,
Allison et al. (2014) find, in their study of microloan funding, that positive framing, i.e.
using human interest language, increases microloan attractiveness. The language present
10
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in project descriptions is a key vehicle for sending signals to potential investors. We
suggest that in crowdfunding contexts, emotional tone positively affects backers’ level of
financial support for a project. Therefore, we hypothesize:
H1: The effect of emotional tone on funding formation is positive over the
funding cycle.

Linguistic Style Match
In the crowdfunding platform context, linguistic style match is the degree to
which the style inherent in a project description is consistent with those of other project
descriptions available on the platform during the same general time period (Ludwig et al.
2013). Research on text-based communication suggests that both content and style
elements of texts provide important information to audiences (Huffaker, Swaab, and
Diermeier 2011). Linguistic style is defined as the particular usage of function words
(e.g. pronouns, prepositions, articles, conjunctions, and auxiliary words) employed in
communication. These words communicate both the sentential meaning (i.e. “what”
people are communicating) and the sentential style (“how” they write). Both of these
characteristics affect consumers’ decisions by providing diagnostic value (Ludwig et al.
2013). When people converse, they intuitively adapt their linguistic styles to match the
styles of others in the conversation (Niederhoffer and Pennebaker 2002). According to
communication accommodation theory, when the degree of synchronization among
people’s communication styles is high, participants are more likely to perceive the
existence of a common social identity, which decreases their perceptions of social
distance, and in turn, increases both their approval and trust of the people communicating
11
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with them (Pickering and Garrod 2004). It is likely that both creators and potential
backers examine the various project descriptions, which are available on the
crowdfunding platform. In addition, research suggests that frequent readers and writers of
project descriptions come to associate a specific linguistic style with projects presented
on a platform (Forman, Ghose, and Wiesenfeld 2008). When creators adjust their
linguistic styles to more closely match those of other projects on a platform, readers will
perceive higher levels of shared identity and rapport with them, which increases the
likelihood that they will back a project (Ludwig et al. 2013). Therefore, we hypothesize:
H2: The effect of linguistic style match on funding formation is positive over the
funding cycle.

Perceived Clout
Perceived clout, or status, refers to a person’s perceived relative rank within a
social hierarchy. Research suggests that language can be used as an indicator of clout
(Kacewicz et al. 2014). Specifically, language is influenced by people’s psychological
states. Those, who attain clout, are seen by others as contributing to group success
(Ridgeway and Diekema 1989). As a result, they are more likely to appear other-oriented
(i.e. cooperative, fair, and collectively focused), which is manifested in the language they
use when communicating with others (Chung and Pennebaker 2007). High-clout
individuals tend to use fewer first-person singular pronouns (e.g. I and mine); and more
first-person plural (e.g. we and our) and second person singular (e.g. you and your)
pronouns (Balder and Chen 2012). In contrast, people, who have less clout, are perceived
by others as being self-centered and tend to use more first-person pronouns. Research
12
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suggests that people, who express more concern about the group and focus on advancing
the interest of all group members, are perceived more powerful. In addition, they are
more likely to be accepted as leaders and, as a result, accumulate more followers
(Boehm, 1999). We suggest that in the crowdfunding platform context, project creators
can benefit from communicating in a style that is perceived as other-oriented, which
projects an image of higher clout. Therefore, we hypothesize:
H3: The effect of perceived clout on funding formation is positive over the
funding cycle.

Narrative Language Style
Narrative language style is associated with the use of time-based stories. It
connects facts, provides a context for intricate summaries that allows information to be
retrieved more easily, and aids people’s comprehension of complex phenomena
(Hartelius and Browning 2008). It tends to rely on the use of auxiliary verbs, adverbs,
pronouns, conjunctions, and negations (Jurafsky et al. 2009; Robinson et al. 2013). In
contrast, category language style combines heightened abstract thinking and cognitive
complexity. It is based on the assumption that rationality is an important component of
persuasive argument. The style focuses on developing goal clarity, means and ends
consistency, as well as hierarchical integration (Hartelius and Browning 2008). It tends to
rely on the use of articles and prepositions (Biber 1988; Pennebaker and King 1999). The
two styles form a bipolar continuum that can be applied to any type of text (Pennebaker
et al. 2014). Individuals, who fall on the narrative end of the continuum, tend to be “hereand-now” oriented (i.e. socially engaged and aware of the world around them) and use
13
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dynamic storytelling to communicate with others. Individuals, who fall on the categorical
end of the continuum, approach the world in an “amateur scientist” manner and use
formal and precise descriptions to communicate with others (Boyd and Pennebaker
2015).
Research suggests that much of the day-to-day information people acquire is
transmitted to them in the form of narratives (Schank and Abelson 1995). Adaval and
Wyer (1998) find that, when information is presented to people using a narrative form,
they tend to adopt holistic processing strategies, which focus on the overall narrative
rather than on individual components. In contrast, when people are presented information
in a more rational way (e.g. as a list of features), they tend to use piecemeal processing,
which can emphasize negative components of a message. In situations in which decisionmakers lack knowledge, narrative appeals enable them to imagine themselves in the
consumption situation and aid in their understanding of the information (Mattila 2000).
Therefore, we hypothesize:
H4: The effect of narrative language style on funding formation is positive over
the funding cycle.

Dynamic Characteristics
Backer Support. Some characteristics connected to crowdfunding projects change
over the course of the funding cycle (i.e. they are dynamic). For example, in many
projects, as time passes, the number of backers grows. So, potential backers may examine
a project, when it is first launched, and notice that it has very few backers. However, they
may reexamine it, at a later time, and observe that the number of backers has risen
14
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substantially (or has not increased). What effect do such changes have on potential
backers? This variable captures elements of the social aspect of crowdfunding. Indeed,
backer support signals to potential backers that other people believe that a project is
worthy of investment (Moon, Bergey, and Iacobucci 2010). These types of signals are
especially important in situations where decision-makers have difficulty gathering
relevant information (Deleersnyder et al. 2009). Potential backers use the behaviors of
others as proxies for value (Dholakia, Basuroy, and Soltysinski 2002). For example,
Kuppuswamy and Bayus (2015) find that there is a positive relationship between the
number of recent backers and financial support. Specifically, the success of a project (i.e.
an increase in the number of backers) signals that it has certain desirable qualities that
make it a good choice. Therefore, we hypothesize:
H5: The effect of backer support on funding formation is positive over the
funding cycle.

Competitive Intensity. The amount of competition on a rewards-based platform
may also change over time. New projects are constantly being launched, and others are
finishing their funding cycles. Therefore, the number of similar “live” projects (i.e.
competitive intensity) on a platform is constantly changing. Traditionally, competitive
intensity has been viewed as a threat to the success of organizations. It is assumed that as
the number of competitors increases, the growth opportunities available to organizations
become more limited (Auh and Menguc 2005). If a reward-based platform were a closedsystem (i.e. the number of potential backers remained constant over time), increases in
competitive intensity would indeed make it difficult for many projects to reach their
15
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funding goals. However, rewards-based platforms are open-systems (i.e. the number of
potential backers is not constant). Potential backers are free to enter or exit the system at
any time. In addition, each project has its own set of social networks and linkages (Ahlers
et al. 2015). Therefore, as the number of projects increases on a platform, the total
number of potential backers increases as well. These potential investors can be a resource
for all projects on the platform. Therefore, we hypothesize:
H6: The effect of competitive intensity on funding formation is positive over the
funding cycle.

Moderating Effects
Decision-makers are often viewed as having limited cognitive resources (Fisk and
Tylor 1984). Therefore, they are mindful of how they expend them (i.e. they are
“cognitive misers”) (Pocheptsova et al. 2009). Garbarino and Edell (1997, p. 148)
suggest, “As environments require more cognitive effort to process information fully,
decision makers often switch to decision strategies or heuristics that are easier to
implement…” Rewards-based platforms represent a fairly complex decision problem for
potential backers. As discussed previously, potential backers often have little concrete
knowledge about a project (or its creator) and lack the expertise needed to make accurate
assessments. Therefore, they must rely on a small number of observable signals to make
their decisions. In an effort to conserve cognitive resources, we posit that potential
backers will switch to easier to implement heuristics. In this situation, potential backers
may feel overwhelmed and, as a result, switch to herding behavior. Herding behavior
occurs when signals derived from the behaviors of others become the dominant factor in
16
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making a decision (Dholakia, Basuroy, and Soltysinski 2002). We suggest that potential
backers will view the number of backers as an assessment by others of the legitimacy of
the creators and the quality of their projects. As a result, as the number of backers rises, it
will overshadow other information, such as rhetorical devices (e.g. emotional tone and
linguistic style match), which require higher levels of cognitive effort to process,
lessening their influences (Park and Sabourian 2011). Therefore, we hypothesize:
H7: Backer support moderates the relationship between emotional tone and
funding formation: as the number of backers increases, the effect of
emotional tone on funding formation will decrease.
H8: Backer support moderates the relationship between linguistic style match
and funding formation: as the number of backers increases, the effect of
linguistic style match on funding formation will decrease.
H9: Backer support moderates the relationship between perceived clout and
funding formation: as the number of backers increases, the effect of
perceived clout on funding formation will decrease.
H10: Backer support moderates the relationship between narrative language style
and funding formation: as the number of backers increases, the effect of
narrative language style on funding formation will decrease.

Other factors affect the perceived complexity of rewards-based platforms. For
example, as the number of similar projects available on a reward-based platform
increases (i.e. competitive intensity increases), the decision problem faced by potential
backers becomes more complex, which, in turn, taxes decision-makers’ cognitive
resources (Garbarino and Edell 1997). As a result, potential backers will be less likely to
expend the amount of cognitive effort necessary to interpret rhetorical devices, such as
emotional tone and linguistic style match. Therefore, we hypothesize:
17
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H11: Competitive intensity moderates the relationship between emotional tone
and funding formation: as competitive intensity increases, the effect of
emotional tone on funding formation will decrease.
H12: Competitive intensity moderates the relationship between linguistic style
match and funding formation: as competitive intensity increases, the effect
of linguistic style match on funding formation will decrease.
H13: Competitive intensity moderates the relationship between perceived clout
and funding formation: as competitive intensity increases, the effect of
perceived clout on funding formation will decrease.
H14: Competitive intensity moderates the relationship between narrative language
style and funding formation: as competitive intensity increases, the effect of
narrative language style on funding formation will decrease.

Methodology

Data
Data were collected from the Kickstarter crowdfunding platform during 2014 and
2015. The dataset consists of projects considered “gadgets,” which is a subcategory
within the broader category identified as “technology.” The dataset consists of
information from 599 projects – 395 launched in 2014 and 204 launched in 2015.

Measures
Funding Formation is measured as the ratio of the amount of money pledged, at
time t, to the maximum amount of money raised for a project. Since the goal of this study
is to examine how covariates affect funding formation, i.e. the structure of funding from
the inception to the conclusion of each campaign, funding formation is considered our
dependent variable. Its possible values range from 0 to 1. Backer support is
18
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operationalized as the total number of backers, who have committed funds to a project at
a given time. For modeling purposes, we use the total number of backers at time t-1 (see
Belleflamme et al. 2014). To measure competitive intensity, for a given project, we use
the total number of similar projects on the platform at time t-1.
The rhetorical devices examined in this research are measured using the
Linguistic Inquiry and Word Count (LIWC) analytic technique and its dictionary of 5,690
words and word stems. Each of which defines one or more word categories. LIWC is a
popular natural language processing software developed to identify the expression of
emotions, thinking styles, social concerns, and parts of speech in texts (see Alpers et al.,
2005; Kahn et al. 2007; Tausczik and Pennebaker 2010). Emotional tone is
operationalized as the ratio of the total numbers of positive to the total number of
negative words in the project description (Cohn et al. 2004). High emotional tone reflects
that the character of a project description is positive; while low emotional tone reflects
that the character of a project description is negative.
Linguistic Style Match (LSM) is operationalized as the ratio of the total number of
function words (e.g. pronouns, prepositions, articles, conjunctions, and auxiliary words)
in a specific project description to the average number of function words used by all
project descriptions contained in the dataset (Ludwig et al. 2013). There are nine
categories of function words, including personal pronouns, impersonal pronouns, articles,
conjunctions, prepositions, auxiliary verbs, high-frequency adverbs, negations, and
quantifiers. The variable was transformed into a dichotomous variable by choosing a
range centered on the mean (0.90 to 1.1). Approximately 50% of the observations fall
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within this range and are coded as a “1,” which in0dicates that the linguistic style of the
project matches the typical language style found in all project descriptions on the
platform. The observations, which are outside this range, are coded as a “0.”
Perceived clout is operationalized as the ratio of the difference between the total
number of first-person plural (e.g. we, us, our) and first-person singular (e.g. I, me, mine)
pronouns to the total number of words in the project description (Kacewicz et al. 2014).
High clout reflects that the dominant language in a project description is group-oriented;
while low clout reflects that the dominant language is self-oriented. Narrative language
style is operationalized as the total number of auxiliary verbs, adverbs, pronouns,
conjunctions, and negations (i.e. narrative language) to the total number of articles and
prepositions (i.e. categorical language) (Pennebaker et al. 2014). A high value reflects
that the character of a project description relies on a dynamic storytelling style; while a
low value on this scale reflects that the character of a project description relies on formal
and precise description of objects, events, goals, and plans.
We include the following control variables in our analyses. Project goal is the
amount of money required to fund a project. It is set by the project creator and is visible
on the project information page. Use of images is the number of images posted on the
project page during the crowdfunding period. Video Presence is a dummy variable, which
indicates whether a video is present (“1”), or not (“0”) on the project information page.
Rewards represents the total number of rewards offered. Public updates represent the
creators’ efforts to keep funders informed about the progress of the project. It is measured
using the total number creator posted updates on a project’s page during the funding
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cycle. Experience is the total number of prior projects launched by the creators on the
platform. Word count is the total number of words in the project description. Social
media presence is a dummy variable, which indicates whether social media accounts (e.g.
Facebook and Twitter) are associated with a project (“1”), or not (“0”). A summary of the
variables and their measures are presented in Table 2, and descriptive statistics are shown
in Table 3.
Table 2: Variable Operationalization (Essay 1)
Variables

Operationalization

Funding Formation (FFt )

Ratio of the total amount of funding pledged, at time t, to the total money raised
for a project

Emotional Tone (ET)

The ratio of the total number of positive words to the total number of negative
words in the project description

Linguistic Style Match (LSM)

The ratio of the total number of function words in a specific project description
to the average number of function words across all project descriptions
(transformed into dichotomous variable, where 1 = “similar to average” and 0 =
“dissimilar to average”)

Perceived Clout (PC)

The ratio of the difference between the total number of first-person plural and
first-person singular pronouns to the total number of words in the project
description

Narrative Language Style (NLS)

Total number of auxiliary verbs, adverbs, pronouns, conjunctions, and
negations to the total number of articles and prepositions in the project
description

Backer support (BS(t-1))

The total number of backers, who have committed funds to a project at time t-1

Competitive Intensity (CI(t-1 ))

The number of similar projects on the platform at time t-1

Project Goal

The amount of money required to fund a project

Use of Images

The number of images posted on the project page during the crowdfunding
period

Video Presence

A dummy variable that represents the presence of a video on the project page
(1 = video, 0 = no video)

Rewards

Total number of rewards offered

Public Updates

Total number of creator posted updates on the project page during the
crowdfunding period

Experience

Total number of prior projects launched by the creators on the platform

Word Count

Total number of words in the project description

Social Media Presence

A dummy variable that represents whether social media accounts are associated
with the project page (1 = social media, 0 = no social media)
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Table 3: Descriptive Statistics and Correlation Matrix (Essay 1)

ET: Emotional Tone, LSM: Linguistic Style Match, NLS: Narrative Language Style, BS: Backer support, CI: Competitive Intensity, SM Presence: Social Media
Presence
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Modeling Funding Formation: Functional Data Analysis
Researchers, using crowdfunding data from reward-based platforms such as
Kickstarter, face three challenges. First, because these platforms use open funding
mechanisms, backers are free to fund a project at any time during a funding cycle.
Therefore, it is possible that a project may not receive any funds during a specific time
period, which creates unequal time gaps between donations. As a result, traditional time
series analysis approaches, which assume availability of data at every time period, are not
appropriate. Second, funding patterns may not be uniform across time periods, which
results in heterogeneity across funding formation cycles. As a result, analyses of such
data requires an analytical approach that is flexible and inclusive of different funding
formation distributions. Third, the durations of projects can vary from 1 to 60 days. As a
result, there is variability across projects’ funding formation, which creates problems
when examining differences across projects.
To overcome these challenges, we use FDA to analyze our data. The approach
uncovers the dynamic nature of funding formation over time and examines the effects of
covariates. Specifically, it estimates the pattern of funding formation by modeling the
underlying function (i.e. curve) present in the data. When periods that contain no funding
are encountered, the technique uses interpolation, which overcomes the challenge of
unequal time gaps between donations. FDA is extremely flexible. Stationarity of the
underlying process is not necessary (Jank and Shmueli 2006). Therefore, it overcomes the
challenge of heterogeneity across funding formation cycles. To overcome the challenge
associated with differing project lengths, we standardize the funding durations of the
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projects by scaling them to fall between 0 and 1. FDA identifies the underlying function
that describes funding formation over time. The function is then used in a functional
regression analysis to examine the effects of covariates. To ensure parsimony and address
the possible endogeneity of number of backers, we use lag variables, when appropriate, in
our analyses.
Recovering the Funding Formation Function
We describe the underlying evolution of the funding formation for each project
using spline-based smooth functional curves. Let f(t) be a polynomial function of time t
and degree p that represents the evolution of the funding formation of project j for
funding u:
(1)

𝑓(𝑡) = 𝛽0 + 𝛽1 𝑡 + 𝛽2 𝑡 2 + 𝛽3 𝑡 3 + ⋯ + 𝛽𝑝 𝑡 𝑝 + ∑𝐿𝑙=1 𝛽𝑝𝑙 (𝑡 − 𝜏𝑙 )𝑝+ ,

where τ1, τ2…τL is a set of L knots, t is time, and u+=uI[u≥0]. The choice of L and p in
Equation 1 determines the level of departure of the fitted function from a straight line.
Though the polynomial smoothing spline can be used to provide a function that fits the
observed data well, it has a tendency to overfit, which can result in a poorer recovery of
the underlying trend. To prevent this problem, a roughness penalty function (PEN) is
imposed. The function takes the following form:
(2)

𝑃𝐸𝑁𝑚 = ∫[𝐷𝑚 𝑓(𝑡)]2 𝑑𝑡,

where Dmf(t), m = 1, 2, 3… represents the mth derivative of the function f. The objective
involves finding a function f(j) that minimizes the penalized sum of squares (PENSS):
(3)

(𝑗)

(𝑗)

𝑃𝐸𝑁𝑆𝑆𝜆,𝑚 = ∑𝑛𝑖=1(𝑦𝑖

(𝑗)

− 𝑓 (𝑗) (𝑡𝑖 ))2 + 𝜆𝑃𝐸𝑁𝑚 ,
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(𝑗)

where 𝑦𝑖

is the observed data j for project i and 𝑓 (𝑗) (𝑡𝑖 ) is the corresponding functional

value obtained from the smoothing spline. The parameter λ provides the tradeoff between
fit and the variability (PENm) of the function.
Examining the Effects of Covariates on Funding Formation
To examine the effects of emotional tone, linguistic style match, perceived clout,
narrative language style, backer support, and competitive intensity on funding formation,
we use functional regression (see Dass and Shropshire 2012). We treat the recovered
function, f(t), of the funding formation as the response variable. It is regressed on the set
of predictors. The process is repeated across the project time period. The underlying
model for the response function, funding formation, with project i and time t is:
(4)

FFi(t) = bi + ETi + LSMi + PCi + NLSi + Log(BSi(t−1) ) + CIi(t−1) +
Log(BSi(t−1) ) ∗ ETi + Log(BSi(t−1) ) ∗ LSMi + Log(BSi(t−1) ) ∗ PCi +
Log(BSi(t−1) ) ∗ NLSi + CIi(t−1) ∗ ETi + CIi(t−1) ∗ LSMi + CIi(t−1) ∗ PCi +
CIi(t−1) ∗ NLSi + Controlsi + ei

where ET = emotional tone, LSM = linguistic style match, PC = perceived clout, NLS =
narrative language style, BS = backer support, CI = competitive intensity, and Controls =
control variables (i.e. project goal, use of images, video presence, rewards, public
updates, experience, word count, and social media presence).

Results

The results are shown in Figures 2 & 3 and are summarized in Table 4. The plots
in the figures represent estimates of the beta coefficients (solid black lines) and their 95%
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confidence bands (solid gray lines) for the covariates in Equation (4) over the
crowdfunding periods. When a beta plot includes a dotted horizontal line, it represents
the β = 0 line. A dotted vertical line represents the mid-point of the funding cycle. These
beta plots can be used to assess whether a covariate significantly affects funding
formation. If the β = 0 line is included within the 95% confidence band, the effect is not
significant over the interval of the funding cycle for which the β = 0 line is within the
confidence band. For example, an examination of the beta plot for emotional tone reveals
that the β = 0 line is included within the 95% confidence band for t = 0 to ~0.9. So,
emotional tone does not significantly affect funding formation over this interval.
However, it is significant and positive over the last portion of the funding cycle (i.e. t =
~0.9 to 1). Therefore, H1 is partially supported. The beta plot for linguistic style match
indicates that it is not significant over the beginning of the funding cycle (i.e. t = 0 to
~0.2). However, it is significant and positive over the rest of the cycle (i.e. t = ~0.2 to 1).
Therefore, H2 is partially supported. The beta plot for perceived clout indicates that it is
significant and positive over the first half of the funding cycle (i.e. t = 0 to ~0.6).
However, it is not significant at the end of the cycle (i.e. t = ~0.6 to 1). Therefore, H3 is
partially supported. The beta plot for narrative language style indicates that it is
significant and positive over the entire funding cycle. Therefore, H4 is supported.
The effects of the dynamic variables, backer support and competitive intensity,
are also shown in Figure 2. The beta plot for backer support indicates that it is not
significant in the first half of the funding cycle (i.e. t = 0 to ~0.5). However, it is
significant and positive over the rest of the cycle (i.e. t = ~0.5 to 1). Therefore, H5 is
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partially supported. The beta plot for competitive intensity indicates that it is significant
and slightly positive across the entire funding cycle. Therefore, H6 is supported.

Figure 2: Results – Direct Effects and Controls (Essay 1)
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The effects of control variables are also shown in Figure 2. The beta plots suggest
the following. The effects of project goal, use of images, and video presence are
significant but very small (i.e. near 0) in the very beginning of the funding cycle (i.e. t = 0
to ~0.2). Public updates is significant and slightly negative over most of the funding cycle
(i.e. t = 0 to ~0.8). Social media presence is significant and positive over the very last
portion of the funding cycle (i.e. t = ~ 0.9 to 1). None of the following control variables
are significant at any time during the funding cycle: rewards, experience, and word count.

The beta plots for the moderating effects are shown in Figure 3. The beta plot for
the moderating effect of backer support on emotional tone indicates that it is not
significant over the first half of the funding cycle (i.e. t = 0 to ~0.5). However, it is
significant and slightly negative over the second half of the funding cycle (i.e. t = ~ 0.5 to
1). Therefore, H7 is partially supported. The beta plot for the moderating effect of backer
support on linguistic style match indicates that it is not significant over the beginning of
the funding cycle (i.e. t = 0 to ~0.3). However, it is significant and negative over the rest
of the cycle (i.e. t = ~0.3 to 1). Therefore, H8 is partially supported. The beta plot for the
moderating effect of backer support on perceived clout indicates that it is not significant
over the funding cycle. Therefore, H9 is not supported. Similarly, the beta plot for the
moderating effect of backer support on narrative language style indicates that it is also
not significant over the funding cycle. Therefore, H10 is not supported.
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Figure 3: Results – Interaction Effects (Essay 1)

Figure 4: Results (CF Approach) – Direct Effects (Essay 1)
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The beta plot for the moderating effect of competitive intensity on emotional tone
indicates that it is not significant over the funding cycle. Therefore, H11 is not supported.
The beta plot for the moderating effect of competitive intensity on linguistic style match
indicates that it is not significant over the first part of the funding cycle (i.e. t = 0 to
~0.4). However, it is significant and slightly negative over the rest of the cycle (i.e. t =
~0.4 to 1). Therefore, H12 is partially supported. The beta plot for the moderating effect
of competitive intensity on perceived clout indicates that it is significant and slightly
negative over most of the funding cycle (i.e. t = 0 to ~0.9). However, it is not significant
over the last part of the cycle (i.e. t = ~0.9 to 1). Therefore, H13 is partially supported. The
beta plot for the moderating effect of competitive intensity on narrative language style
indicates that it is significant and slightly negative over the entire funding cycle.
Therefore, H14 is supported.
Endogeneity
We model funding formation at time t, and the dynamic variables at time t-1 to
examine how changes in these independent variables affect funding formation. The lag is
necessary if the relationships are to be interpreted causally. An examination of the
variable “backer support” reveals a potential source of endogeneity. It is jointly
determined by funding formation. That is, as hypothesized, increases in number of
backers affects funding formation, but high levels of funding formation may serve as a
signal that a project is worthy of investment, which increases the number of backers.
To identify whether endogeneity is present, we use the Hausman Test (Greene
2003). It compares the parameter estimates derived using an ordinary least squares (OLS)
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approach to those derived from a two-stage least squares (2SLS) approach, using an
instrumental variable. It determines whether an instrumental variable approach is
necessary as opposed to the more efficient OLS estimation procedure. To further test for
endogeneity issues, we use the control function approach (Albuquerque and Bronnenberg
2012). It corrects for endogeneity problems by modeling the endogeneity in the error
term. The approach consists of two stages. First, the estimated residual is recovered from
regressing backer support on all exogenous variables and the instrumental variable.
Second, the estimated residual is included in the regression model (see Equation (4)) to
control for the endogenous variable.
In our analysis, we chose probability of funding success as the instrumental
variable. It is measured as the ratio of funds raised at time t-1 divided by the project’s
goal. It represents the percentage of goal raised at time t-1. To be effective, instrumental
variables must be correlated with the endogenous regressor but uncorrelated with the
error term. We suggest that probability of funding affects the number of backers but does
not directly influence the amount of funding. In general, when projects approach their
funding goals, they become more attractive to potential backers, which increases the
number of backers. However, it is unrelated to the actual funding amount. To test our
assumptions, we examine the correlations between probability of funding success and
numbers of backers. All of the correlations are significant (p < 0.001). In addition, we
find that the coefficient estimate for the instrumental variable in the first stage of the
control function approach is significant (p-values < 0.05 for all regressions). Moreover,
the results suggest that the instrument variable does not have a direct effect on the
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dependent variable. The results of the Hausman Test, using probability of funding
success as the instrumental variable, do not suggest there is a problem with endogeneity.
The estimates from the OLS model are not significantly different from those estimated
using 2SLS with the instrumental variable (p-values > 0.05). Similarly, the results from
using the control function approach (see Figures 4 and 5) reveal that the estimates are
very consistent with those derived using the standard approach. Therefore, endogeneity
does not seem to be a significant problem.
Robustness Tests
We performed four additional analyses to examine the robustness of our results. First, we
test the sensitivity of the parameters used to uncover the underlying functions during the
FDA procedure. Second, we examine the effects of controlling for autocorrelation in our
data by using a lag term of our dependent variable as one of the predictors. Third, we test
our model using alternate measures of the focal variables in this study, i.e. linguistic style
match.
Sensitivity test. The PEN function included in the FDA acts as a roughness
penalty and limits overfitting by penalizing excessive curvature of the polynomial
function. The λ in equation (3) is a smoothing parameter, which controls the trade-off
between data-fit and curvature (Ramsay and Silverman 2005). The original λ value in our
model was 1. We repeated our analysis with different λ values to check the sensitivity of
our model. We tried three different λs, (0.01, 10, and 100). In all three cases, the
estimates from the functional regressions were the same as the ones in the original
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analysis, which provides evidence that our model is not sensitive to the changes in the λ
value.
Table 4: Summary of Findings (Essay 1)
Hypothesis

Results

Direct Effects
H1 : Emotional Tone→Funding formation (+)

Partially Supported *

H2 : Linguistic Style Match→Funding formation (+)

Partially Supported

H3 : Perceived Clout→Funding formation (+)

Partially Supported

H4 : Narrative Language Style→Funding formation (+)
H5 : Backer Support→Funding formation (+)

Supported
Partially Supported

H6 : Competitive Intensity→Funding formation (+)

Supported

Moderating Effects – Backer support
H7 : Backer support x Emotional Tone (-)

Partially Supported

H8 : Backer support x Linguistic Style Match (-)

Partially Supported

H9 : Backer support x Perceived Clout (-)

Not Supported

H10 : Backer support x Narrative Language Style (-)

Not Supported

Moderating Effects – Competitive Intensity
H11 : Competitive Intensity x Emotional Tone (-)

Not Supported

H12 : Competitive Intensity x Linguistic Style Match (-)

Partially Supported

H13 : Competitive Intensity x Perceived Clout (-)

Partially Supported

H14 : Competitive Intensity x Narrative Language Style (-)

*

Note: Significant only at the tail-end of the funding cycle
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Figure 5: Results (CF Approach) – Interaction Effects (Essay 1)

Autocorrelation effects. To examine whether our results are sensitive to
autocorrelation issues, we include a lagged term of our dependent variable, funding
formation, in the regression model represented in Equation (4). The analysis results in
similar estimates for both the direct and the moderating effects in terms of signs and
significance, which suggests that the model is not sensitive to autocorrelation issues.

Alternative Measures. As a robustness check, we experimented with a variety of
ways to adjust how linguistic style match was measured. Specifically, we adjusted the
width of the range that was centered on the mean from (0.90 to 1.1) to a variety of ranges,
including (0.7, 1.3), (0.85, 1.15), (0.9, 1.1), and (0.95, 1.05). In each case, the results
using the model in Equation (4) were consistent with the original analysis. These results
provide evidence of the robustness of our findings.
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Generalizability. To check the generalizability of our findings, we reran our
analyses using data from a different project category (“DIY Electronics”) on the
Kickstarter platform. Data were collected for 2014 and 2015. The dataset contains
information on 214 projects. The results are depicted in Figure 6. In general, the results
are very consistent with the original analyses, suggest the generalizability of our results.
An exception is the role of perceived clout. In the analysis of the DIY Electronic data,
perceived clout is significant only at the end of the funding cycle; while in the original
analysis, it is significant in the first half of the cycle. In addition, the interactions between
perceived clout and the dynamic variables (backer support and competitive intensity) are
different.
In the new analysis, the interaction between backer support and perceived clout is
significant and negative over the last part of the funding cycle; while in the original
analysis, it is not significant at any time in the cycle. In contrast, in the new analysis, the
interaction between competitive intensity and perceived clout is not significant at any
time in the funding cycle; while in the original analysis, it is significant and negative
everywhere, except at the end of the cycle. These differences may be due, in part, to the
character of the projects in the DIY Electronics category. Since it is “do-it-yourself”
oriented, the descriptions of the projects include more first-person plural pronouns (e.g.
“you”) than do the projects in the original category. An examination of the descriptive
statistics suggests that this is the case. The mean of perceived clout in the original
analysis is 7.16; while the mean, using data from the DIY Electronics, is 4.46. The DIY
descriptive statistics are shown in Table 5.
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Figure 6: Results – Do-It-Yourself (DIY) Electronics
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Table 5: Descriptive Statistics DIY Electronics
Variables

N

Mean

SD

1 Emotional Tone

214

2.81

1.81

2 Linguistic Style Match

214

.49

.50

3 Clout

214

4.46

2.33

4 Narrative Language Style

214

1.53

.33

5 Backer Support

214

3.18

2.37

6 Competitive Intensity

214

26.66

6.10

7 Project Goal

214

$31,061

200,564

8 Use of Image

214

10.21

11.42

9 Video Presence

214

.80

.39

10 Rewards

214

8.98

5.14

11 Public Updates

214

3.58

4.45

214

2.62

3.56

13 Word Count

214

772.6

632.3

14 Social Media Presence

214

.39

.49

Experience

12

Discussion

In the last 20 years, the use crowdfunding by entrepreneurs has increased
immensely. However, research examining the factors that affect crowdfunding success is
limited. Still, researchers have made notable strides (e.g. see Table 1). Our study builds
on and extends these foundations by examining crowdsources efforts from a different
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perspective – the influence of rhetorical devices (i.e. emotional tone, linguistic style
match, perceived clout, and narrative language style). In addition, we include two
dynamic variables in our analyses (i.e. backer support and competitive intensity).
Moreover, we examine the effects of these factors over the entire funding cycle. It is
important to note how our analyses differ from cross-sectional approaches. Though 8 of
our hypotheses are only partially supported, these results provide strong insights into how
and when the hypothesized effects influence the funding cycle. Indeed, our analyses
reveal that all 6 of the direct effects hypothesized influence funding formation at some
point in the funding cycle. If our analyses were cross-sectional in nature, many of these
effects would not be captured. For example, if the analysis had been done only at the end
of the funding cycle, perceived clout would not be a significant predictor of funding
formation and, as a result, researchers would not understand its importance in the firsthalf of the cycle.
The results pertaining to emotional tone reveal that the hypothesized effect is only
significant at the tail-end of the funding cycle. One possible explanation is that when
decision-makers are under time-pressure (e.g. when the funding cycle is coming to an
end), they tend to focus on negative information (Maule, Hockey, and Bdzola 2000).
However, in earlier stages of the cycle, potential backers weigh positive and negative
information more evenly. As a result, project descriptions that have higher proportions of
positive words will result in more backer support at the end of the cycle and have no
effect at other times. Note that at no time does emotional tone negatively affect funding
formation. Therefore, our results suggest that project creators should focus on using
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higher numbers of positive words in their project descriptions. Linguistic style match is
not significant at the beginning of the funding cycle. However, it is positive and
significant over the rest (approximately last 80%) of the funding cycle. A possible
explanation for this result is that early in the funding cycle people have not had enough
time to understand the writing style of the project nor the time to compare it to other
projects on the platform. Later in the cycle, people have had ample time to read and
compare the project description to other projects on the platform. As a result, linguistic
style match is effective only after the project has been on the platform for a significant
period of time. Note that at no time does linguistic style match negatively affect funding
formation. Therefore, our results suggest that project creators should indeed use the
typical linguistic style that is present on the platform.
The hypothesized effect of perceived clout is significant over the first half of the
funding cycle. However, it is not significant over the last half of the cycle. This result
could be caused by potential backers shifting their focus to other factors later in the cycle.
Several of the variables in our study (emotional tone, linguistic style match and backer
support) become significant later in the funding cycle. This could be interpreted as shifts
in the importance of various types of information present in the project description over
time. However, note that at no time does perceived clout negatively affect funding
formation. Therefore, our results suggest that project creators should focus on using more
first-person plural (e.g. we and our) than second person singular (e.g. you and your)
pronouns. There is strong support for the hypothesized effect of narrative language style
on funding formation. That is, it is significant over the entire funding cycle. Therefore,
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our results suggest that project creators should use narrative language style when
composing their project descriptions.
Regarding the dynamics variables (backer support and competitive intensity),
some interesting patterns are revealed by our analyses. Backer support does indeed
positively influence funding formation. However, it is only significant at the later portion
of the funding cycle. One explanation for this result is that, at the beginning of the cycle,
the number of backers tends to be lower than it is towards the end of the cycle. Therefore,
there may be a threshold at which the number of backers is large enough to affect
people’s decisions. In comparison, competitive intensity is significant and positive over
the entire funding cycle. This suggests that as the number of similar projects on a
platform increases, it benefits all projects on the platform. As we argued previously, these
additional projects drive more potential backers to the platform, which in turn benefits all
projects.
We argue that, due to the complexity of decisions related to rewards-based
platforms, potential backers cognitive resources are taxed. In such situations, decisionmakers tend to eschew more complex decision strategies and instead employ simper
heuristics (Garbarino and Edell 1997). We suggest that the number of backers represents
a signal that could be used as a part of a simple heuristics (e.g. “I should support projects
that have the highest number of backers.”) Therefore, as the number of backers of a
project increases, the effectiveness of more complex signals (i.e. rhetorical devices)
should be reduced. Our results suggest that increased backers support reduces the
effectiveness of 2 out of the 4 rhetorical devices. Specifically, in the later stages of the
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funding cycle, the effectiveness of both emotional tone and linguistic style match are
reduced. However, neither perceived clout nor narrative language style is affected by it.
These results highlight the importance of both perceived clout and narrative language
style as tools for project creators. Similarly, we argue that competitive intensity increases
the complexity of reward-based platforms. As the number of competing projects
increases, potential backers must analyze and makes sense of more information, which
taxes their cognitive resources and, in turn, reduces the effectiveness of rhetorical
devices. Our results suggest that competitive intensity reduces the effectiveness of 3 out
of the 4 rhetorical devices. The effectiveness of linguistic style match is reduced over the
later stages of the funding cycle. The effectiveness of perceived clout is slightly reduced
over most of the funding cycle (i.e. all but the tail-end of the cycle). In contrast,
competitive intensity reduces the effectiveness of narrative language style over the entire
funding cycle. These results suggest that emotional tone may be an important factor when
reward-based platforms attract large numbers of projects.
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CHAPTER III: ESSAY 2
INVESTIGATING ONLINE REVIEW HELPFULNESS

Introduction

When consumers shop online, they have access to two main information sources:
product descriptions and product reviews written by other consumers (Mudambi and
Schuff 2010). Retail websites such as Amazon.com give consumers the opportunity to
post product reviews when they purchase a product. These reviews consist of a star rating
(e.g. 1 to 5 stars) and content generated by the consumer in the text format. Online
retailers also use another feature called “helpfulness” as a way of measuring whether
other shoppers find a review helpful. Mudambi and Schuff (2010) defined review
helpfulness as “a peer-generated product evaluation that facilitates the consumer’s
purchase decision process.”
Mudambi and Schuff (2010) explain “the purchase decision process includes the
stages of need recognition, information search, evaluation of alternatives, purchase
decision, purchase, and post-purchase evaluation” (adapted from Kotler and Keller 2005).
Information search is one of the most important stages in the purchase decision process
and can be directly affected by online reviews. Therefore, online reviews affect both
vendors and consumers. Customers who rely on reviews to make decisions experience
greater satisfaction (Kohli et al. 2004) because they can conserve their cognitive
resources and increase their decisions’ accuracy by relying on other customers. Vendors
are also always looking for improving the digital content (e.g. helpful reviews) on their
online platforms to increase the overall success of their online marketing efforts and
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value of their retailing websites. One important tool for them to achieve this is to provide
consumers with more helpful reviews because a helpful review strongly affects product
sales and reduces the uncertainty and information overload among customers (Chen et al.
2008). This clarifies the important role of helpful reviews in creating value for both
vendors and shoppers on online platforms.
Literature suggests two groups of factors as predictors of a helpful review. The
first group of factors is quantitative, such as star rating and review length (e.g. Adler et al.
2008). Star rating is the number of stars given by reviewers to a specific product. The
second group is qualitative factors, such as review content and writing style (e.g. Yaari et
al. 2011). Some studies suggest that negative framing of a review leads to a higher review
helpfulness because it looks more natural and credible, and is unlikely to have been
written by vendors (e.g. Kanouse 1984). However, others find that reviews that contain
both positive and negative opinions are perceived as more helpful (e.g. Cao et al. 2011).
At the same time, these types of reviews might lead to confusion among consumers due
to the lack of conclusive suggestions. Although review helpfulness has gained much
attention on online platforms, past research has not provided us with a solid theoretical
framework to explain and predict a helpful review.
Previous studies have investigated the effects of star ratings on review helpfulness
(e.g. Cao et al. 2011). However, these studies provide mixed findings about the effect of
overall rating on review helpfulness. Some studies found a positive linear relationship
between overall rating and review helpfulness (e.g. Zhang et al. 2010). Other studies
found that reviews with moderating ratings are less helpful than reviews with extremely
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positive/negative ratings (i.e. one- and five-star ratings) (e.g. Danescu-Niculescu-Mizil et
al. 2009). However, Wei et al. (2013) found that lower ratings tend to be perceived as
more helpful. Mudambi and Schuff (2010) tried to justify these inconsistent results by
offering product type (experience or search good) as a moderator for the relationship
between rating extremity and review helpfulness.
Our study extends existing literature by investigating both quantitative and
qualitative determinants of online review helpfulness. As regards the quantitative factors,
we look at the effect of overall ratings, which can be captured by using the overall star
rating ranging from one to five. Regarding qualitative factors, we consider two main
rhetorical devices embedded within reviews—emotional language style and cognitive
language style; these important factors have been extensively studied for predicting
customers’ responses (e.g. Eroglu et al. 2001). Within the emotional language style, we
focus on both a positive and negative tone. Positive tone is the degree to which a message
uses positive words in comparison to the total number of words (Chang and Lee 2009;
Rothman et al. 1993), and negative tone is the degree to which a message uses negative
words in comparison to the total number of words. Cognitive Language style (CLS) is the
degree to which a message uses words that intellectually explain the issues (Cohn et al.
2004). We further investigate the moderating roles of rhetorical devices on the
relationship between overall rating and review helpfulness to advance the literature on
review helpfulness and clarify the inconsistency in the previous findings. To understand
the complex nature of review helpfulness, a theory-based model is developed (see Figure
7), which examines the following research questions:
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(1) Is the helpfulness of reviews affected by extremely positive (i.e. five-star) or
negative (i.e. one-star) ratings?
(2) What effects do rhetorical devices found in reviews, such as emotional
language style and cognitive language style, have on review helpfulness?
(3) Do rhetorical devices moderate the relationship between overall rating and
review helpfulness?
The contributions of this essay are two-fold. First, to the best of our knowledge,
this is the first study that explores the effects of key rhetorical devices embedded within
reviews, emotional language style and cognitive language style, on review helpfulness.
Second, our essay examines how rhetorical devices moderate the effect of overall rating
on review helpfulness; this clarifies the inconsistency in previous studies regarding the
perceived helpfulness of extreme reviews.

Figure 7: Factors Affecting Review Helpfulness
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Conceptual Framework
Online shoppers often make risky decisions due to the lack of comprehensive
information regarding product quality, product features, seller quality, and alternatives
(Mudambi and Schuff 2010). To reduce risks and uncertainty, consumers try to reduce
risks and uncertainty by reading user reviews before making a purchase. Two main
components of reviews are the overall star rating and the review content. Shoppers can
read the reviews and vote whether they perceive a review as helpful. As a result, review
helpfulness is among the most important features of online platforms because it shows to
what extent other consumers found a review helpful (Cao et al. 2011, Li et al. 2013).
According to Cao et al. 2011, overall value of online sites can be improved by helpful
reviews. As the number of helpful reviews on an online platform increases, the
consumers are more likely to trust that platform and make a more confident purchase.
However, it is not easy to predict the helpfulness of reviews. Previous studies
have found some quantitative predictors, such as star rating and review length (e.g. Pang
et al. 2002) and qualitative predictors of review helpfulness such as review content and
writing style (e.g. Yaari et al. 2011). As to the quantitative factors, the findings were
mixed. Some studies found a positive relationship between overall rating and review
helpfulness (e.g. Zhang et al. 2010). Other studies found an inverted U-shape relationship
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(e.g. Danescu-Niculescu-Mizil et al. 2009), and some found that lower ratings tend to be
perceived as more helpful (e.g. Wei et al. 2013). Some moderators have been discussed
such as product type (experience or search good) (Mudambi and Schuff 2010) and
reviewer expertise (Liu et al. 2008) to justify the mixed findings.
Online platforms foster exchange relationships in which participants (i.e. the
reviewers and the potential customers) have asymmetric information. The signaling
theory describes these types of situations (Connelly et al. 2011). In general, it explains
how signalers (i.e. reviewers) and receivers (i.e. potential consumers) interact with each
other. In general, signalers are “insiders,” who have access to information that is not
available to others. As a result, they are more knowledgeable about the products’ true
value. In contrast, receivers often have little concrete knowledge about a product and lack
the expertise needed to make accurate assessments (Ahlers et al. 2015). Therefore,
consumers must make their decisions based on a small number of observable attributes
(or signals), which represent the unobservable qualities of the products.
Drawing on the Stimulus Organism Response model (SOR) introduced by
Mehrabian and Russell (1974), we propose two main signals in a review affecting the
consumer’s perception of to what extent that review is helpful. The SOR model suggests
that an external stimulus impacts both the affective and cognitive internal states of a
person and drives the final response, which can be an approach or avoidance behavior.
Two main components of a review are review rating and review content, which are easily
accessible and can act as external stimuli according to the SOR model. Among the
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different components of the review content, we focus on two cues, emotional language
style and cognitive language style, that are offered by Eroglu et al. (2001) as predictors of
online shoppers’ response. The final approach/avoidance behavior will be consumer’s
vote on whether a review is helpful or not. Therefore, in this essay, we focus on a
quantitative signal (i.e. review rating) and two rhetoric mechanisms used by reviewers
that can signal product value to potential consumers—emotional language style and
cognitive language style.

Hypotheses
Extreme Reviews
Overall review rating is one of the important signals for easing shoppers’
purchase decision process. These ratings can vary from one (i.e. very unhappy) to five
(i.e. very happy) that send a quick signal to shoppers about the opinion of other reviewers
about the products. An extreme review is an online review with a very low (i.e. one star)
or high (i.e. five stars) rating (Mudambi and Schuff 2010). When the rating is one, we
call it extremely negative, and when it is five, we call it extremely positive. Potential
shoppers are highly involved the review screening process. Therefore, they perceive
reviews a helpful if they contain highly task-relevant information (Eroglu et al. 2001).
Among the different cues hidden in an online review, review rating is a highly relevant
stimulus as it simply conveys the reviewer’s opinion. Therefore, based on the SOR
Model, review rating should be perceived as helpful in general. However, some studies
have found that extremely positive/negative ratings are more helpful than moderate
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ratings (e.g. Cao et al. 2011) due to the fact that consumers may prefer definite opinions
rather than uncertain ones. Feldman and Lynch (1988) offered the accessibility
diagnosticity model, which explains that consumers, who are exposed to different kinds
of information, perceive a piece of information helpful/diagnostic if the information helps
them place a specific product on their shopping list. In the context of reviews, a one-sided
review (i.e. one star or five stars) is perceived as more diagnostic than a moderate review
(i.e. three stars) (Mudambi and Schuff 2010) as it conclusively conveys the consumer’s
view, and the potential consumer can make a decisive decision on whether to purchase
the product or not. Therefore, we propose that an extremely positive/negative rating
should be perceived as more helpful by consumers than a moderate rating. This leads to
our first hypothesis:
H1: There is a U-shaped relationship between overall rating and review
helpfulness: Reviews with extremely positive/negative ratings are more
helpful than reviews with moderate ratings.
Rhetorical Devices
Positive and negative tone. Positive (negative) tone is the degree to which a
message uses positive (negative) words in comparison to the total number of words
(Chang and Lee, 2009; Rothman et al. 1993). In the online review context, the words in
the review serve as signals to consumers regarding the product’s unobservable
characteristics. Consumers try to find informative reviews before making a purchase;
however, emotional language, either positive or negative, decreases the informative
aspect of a review. Considering the high level of shoppers’ involvement in processing the
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reviews, we suggest that emotional reviews should be perceived as less helpful because
they contain less task-relevant information (Eroglu et al. 2001). Moreover, according to
the accessibility diagnosticity model (Feldman and Lynch 1988), these types of emotional
reviews provide potential consumers with less diagnosticity information. Consumers need
assessment and information regarding the product quality and performance, but an
emotional tone does not help them as it does not convey sufficient product-relevant
information. Therefore, we suggest that both a positive and a negative tone negatively
affects consumers’ perception of review helpfulness, and we hypothesize:
H2a: Positive tone has a negative effect on review helpfulness.
H2b: Negative tone has a negative effect on review helpfulness.

Cognitive language style (CLS). CLS is the degree to which a message uses words
that intellectually explain the issues (Cohn et al. 2004). As we discussed earlier, in the
online review context, reviewers must provide potential customers with sufficient
information regarding different aspects of the products to be perceived as helpful.
Considering the high level of shoppers’ involvement in processing the reviews, we
suggest that cognitive reviews should be perceived as more helpful because they contain
more task-relevant information (Eroglu et al. 2001). Moreover, according to the
accessibility diagnosticity model (Feldman and Lynch 1988), these types of cognitive
reviews provide potential consumers with high-diagnosticity information. In contrast to
the emotional tone, CLS helps potential customers by conveying more reasoning and
product-relevant information. Therefore, we suggest that cognitive reviews better analyze
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the features of the products and thus reduce the uncertainty among potential consumers.
Hence, we hypothesize:
H3: Cognitive language style has a positive effect on review helpfulness.
Moderating Effect of Rhetorical Devices
There is a possible interaction effect between review star rating and review
content. The overall rating is the most accessible signal to the potential consumers. After
observing the review rating, potential consumers will read the review to find more
information before making their final decision. If reviewers use emotional language (i.e.
a positive/negative tone), the effect of overall rating, as a high task-relevant cue, on
review helpfulness will decrease as the review is overall less informative, even if the
overall rating is extreme and informative. Emotional language conveys less productrelevant information and will decrease the informative aspect of the overall review. In
contrast, consumers receive more information if the review is using more of the cognitive
words. Cognitive language provides potential consumers with more intellectual and
product-relevant information and increases the informative aspect of the overall review.
Therefore, we hypothesize:
H4: Positive tone will negatively moderate the relationship between overall
rating and review helpfulness.
H5: Negative tone will negatively moderate the relationship between overall
rating and review helpfulness.
H6: Cognitive language style will positively moderate the relationship between
overall rating and review helpfulness.
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Methodology

Data
Data were collected from the Amazon platform for the period from 1996 to 2014.
Only products that were categorized as “video games” were included in the dataset.
According to Zhu and Zhang (2010), the video game industry is growing even faster than
the U.S. economy. Moreover, the role of reviews is very important among the people who
are interested in video games, as the average price of a game is high for most gamers,
who are young and have inadequate incomes. Therefore, they normally use reviews to
avoid being disappointed. That is the main reason why we focused on the video game
category. The final dataset contains information on 207,720 reviews of 23,172 unique
products. The data statistics are described in Table 6.
Measures
Review Helpfulness (RH), our dependent variable, is measured as the total number
of helpful votes given to a review. Following Mudambi and Schuff (2010), Overall
Rating (OR) is measured using the star rating of the reviews ranges from one to five.
Positive tone (PT) is measured using the Linguistic Inquiry and Word Count
(LIWC) analytic technique and its dictionary of 620 positive words (e.g. fast, nice, welldesigned). Positive tone is operationalized as the ratio of the total numbers of positive
words in a review to the total number of words in that review. Similarly, Negative tone
(NT) is measured using the dictionary of 744 negative words (e.g. hurt, ugly, nasty) and
is operationalized as the ratio of the total numbers of negative words in a review to the
total number of words in that review.
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Cognitive language Style (CLS) is measured using the dictionary of 797 cognitive
words. CLS is operationalized as the ratio of total number of words in six cognitiveprocessing categories including insight (e.g. think, know), causation (e.g. because,
effect), discrepancy (e.g. should, would), tentative (e.g. maybe, perhaps), certainty (e.g.
always, never), and differentiation (has not, but, else) to the total number of words in a
review (Cohn et al. 2004).
We include the following control variables in our analyses. Review Length is
controlled and measured by the number of words in a review since the review length has
been studied in the previous literate as a predictor of review helpfulness (Mudambi and
Schuff 2010). Experience is the total number of prior reviews written by each reviewer.
Review Distance is the ratio of a reviewer’s rating to the overall rating of the product.
Linguistic Style Match (LSM) is operationalized as the ratio of the total number of
function words (e.g. pronouns, prepositions, articles, conjunctions, and auxiliary words)
in a specific review to the average number of function words used by all other reviews
contained in the dataset (Ludwig et al. 2013). There are nine categories of function
words, including personal pronouns, impersonal pronouns, articles, conjunctions,
prepositions, auxiliary verbs, high-frequency adverbs, negations, and quantifiers. The
variable was transformed into a dichotomous variable by choosing a range centered on
the mean (0.90 to 1.1). Approximately 50% of the observations fall within this range and
are coded as a “1,” which indicates that the linguistic style of the project matches the
typical language style found in all project descriptions on the platform. The observations,
which are outside this range, are coded as a “0.”
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Perceived clout is operationalized as the ratio of the difference between the total
number of first-person plural (e.g. we, us, our) and first-person singular (e.g. I, me, mine)
pronouns to the total number of words in the review (Kacewicz et al. 2014). High clout
reflects that the dominant language in a review is group-oriented; while low clout reflects
that the dominant language is self-oriented.
Sales Rank is operationalized as the ranking of the products’ sales on
Amazon.com, and Product Rating is operationalized as the overall rating of a product
given by all the shoppers. Table 7 provides a summary of the variables and the
operationalization of their measures.
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Table 6: Descriptive Statistics and Correlation Matrix (Essay 2)
Variables

N

Mean

SD

1

2

3

4

5

6

7

8

9

10

1

OR

207,720

3.44

1.59

1.00

2

PT

207,720

3.02

3.11

.29

1.00

3

NT

207,720

1.97

1.80

-.26

-.54

1.00

4

CLS

207,720

.60

.22

.07

-.10

.00

1.00

5

RL

207,720

238.3

281.8

.08

-.22

.05

.19

1.00

6

Experience

207,720

1.00

.01

.00

.00

-.00

.00

.00

1.00

7

RD

207,720

1.00

.42

.72

.18

-.18

.04

.08

-.00

1.00

8

LSM

207,720

.70

.45

.00

-.09

.01

.09

.17

.00

.01

1.00

9

PC

207,720

.54

.23

.22

.07

-.00

.17

.11

.00

.12

.04

1.00

10

SR

207,720

14565

14905

.00

.00

-.02

.02

.03

.00

-.01

-.00

-.00

1.00

11

PR

207,720

3.43

1.03

.64

.21

-.18

.05

.03

.00

.00

-.00

.18

.02

OR: Overall Rating, PT: Positive Tone, NT: Negative Tone, CLS: Cognitive Language Style, RL: Review Length, RD: Review Distance, LSM: Linguistic Style Match,
PC: Perceived Clout, SR: Sales Rank, PR: Product Rating
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Table 7: Variable Operationalization (Essay 2)

Variables

Operationalization

1

Review helpfulness (RH)

The number of helpful votes given to a review

2

Overall Rating (OR)

The star rating of the reviews ranges from 1 to 5

3

Positive Tone (PT)

The ratio of the total numbers of positive words in a
review to the total number of words in that review

4

Negative Tone (NT)

The ratio of the total numbers of negative words in a
review to the total number of words in that review

5

Cognitive Language Style (CLS)

The ratio of the total number of cognitive-processing
words in a review to the total number of words in that
review

6

Review Length (RL)

The total number of words in a review

7

Experience

The total number of prior reviews written by each
reviewer

8

Review Distance (RD)

The ratio of a reviewer’s rating to the overall rating of
the product

Linguistic Style Match (LSM)

The ratio of the total number of function words in a
specific review to the average number of function
words used by all other reviews contained in the
dataset (transformed into a dichotomous variable,
where 1 = “similar to average” and 0 = “dissimilar to
average”)

9

10 Perceived Clout (PC)

The ratio of the difference between the total number of
first-person plural and first-person singular pronouns
to the total number of words in a review

11

Sales Rank

The ranking of the product sales on Amazon.com

12

Product Rating

The overall rating of a product given by all the
shoppers
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Next, we examined the effects of extreme reviews and rhetorical devices on
review helpfulness at product level. Most reviews did not receive any votes for
helpfulness, and as shown in Figure 8, our dependent variable (i.e. review helpfulness)
has a non-normal distribution. Since our dependent variable is count data, a linear
regression will not give us unbiased estimates. One of the known methods to handle these
types of data is Poisson regression. However, Poisson regression assumes the equality of
the outcome’s mean and variance. As depicted in Figure 8, the mean of review
helpfulness is 6.99; the standard deviation is 13.95, which obviously shows the
overdispersion in our dependent variable. As an alternative, we can use negative binomial
regression (Greene 2011) to handle our zero-inflated dependent variable and address the
overdispersion in the dataset. The negative binomial model accounts for overdispersion
by adding an additional parameter α (Equation 6) which reflects the overdispersion and
relaxes the Poisson model assumption (Guimaraes 2008).
(6)

Pr(Y = y | ,α) =

𝛤(𝑦+ 𝛼−1 )
𝑦! 𝛤

(𝛼 −1 )

𝛼−1

𝛼−1

[𝛼−1 +  ]



[𝛼−1 +  ]

𝑦

Equation 6 shows that  and α are two parameters of negative binomial
distribution.  is the mean or expected value of the distribution and α is the
overdispersion parameter. Poisson regression is a special case of negative binomial
regression when α is zero. This overdispersion parameter helps us explain the nature of
review helpfulness in our model.
We consider the review helpfulness as the response variable and regress it on the
set of predictors whose effect is the focus of the study. Following Mudambi and Schuff
(2010), to explore the U-shaped effect of the overall rating, we include both a linear term
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(i.e. overall rating) and its quadratic term. To avoid the multicollinearity problem and
decrease the correlation between overall rating and the quadratic term, we mean-centered
the overall rating variable. We apply a fixed effect model to control for unobservable
effects. Therefore, the underlying model of our study is:
(7)

RHit = bi +OR it 2 +OR it +PTit +NTit +CLSit +
PTit ∗ OR it + NTit ∗ OR it + CLSit ∗ OR it +
RLit + Experienceit + RDit + LSMit + PCit + SR it + PR it + eit
Where RH=Review Helpfulness, OR=Overall Rating, PT=Positive Tone, NT=

Negative Tone, CLS= Cognitive Language Style, RL: Review Length, RD: Review
Distance, LSM: Linguistic Style Match, PC: Perceived Clout, SR: Sales Rank, PR:
Product Rating

Figure 8: Distribution of Review Helpfulness
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Results

Model-Free Analysis
Before discussing the results, we present model-free evidence of the effects of
extreme reviews, and of emotional and cognitive language. Our goal is to compare the
average number of helpfulness votes for reviews with 1) extreme and non-extreme
ratings, 2) more and less positive (negative) tone, and 3) more and less cognitive
language. It is evident from Figure 9 that reviews with moderating ratings received fewer
votes for helpfulness as compared to reviews with extreme ratings. Reviews with
one/two-star and four/five-star ratings received more than seven helpful votes on average,
while reviews with three-star ratings received less than seven votes in our sample. The Ushaped effect of the overall rating on helpfulness can be observed in Figure 9.
Moreover, Figure 10 shows that reviews with little emotion, either positive or
negative, received more helpful votes in comparison to reviews with more emotion.
Finally, reviews with more cognitive language received more helpful votes in comparison
to reviews with less cognitive language. In Figure 11 we present the average effect of
overall ratings on review helpfulness for two levels of our moderating variables. As
depicted in Figure 11, the average effect of overall rating on review helpfulness is higher
when 1) the positive tone is low, 2) the negative tone is low, and 3) cognitive language is
high. The U-shaped effect of the overall rating on review helpfulness can be observed in
all three plots in Figure 11. To check the U-shaped effect of the overall rating, we meancentered the overall rating and divided the reviews into low and high levels using the
median split approach.
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Figure 9: Model-Free Evidence – Main Effect of Overall Rating on Review
Helpfulness

Figure 10: Model-Free Evidence – Main Effect of Rhetorical Devices on
Review Helpfulness
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Figure 11: Model-Free Evidence – Moderating Effects of Rhetorical Devices
Parameter Estimates
Table 8 provides the fit statistics of alternative models (Models 1 to 4) and our
proposed model (Model 5). In Model 1, the review helpfulness is the function of just the
control variables. Model 2 adds the main effect of the overall rating to the Model 1. In
Model 3, we add one of the interactions terms (i.e. cognitive language style) to the Model
2, and in Model 4, we add the other interaction terms (i.e. positive and negative tone) to
Model 2. Model 5 is our final proposed model containing all the variables used in Models
1 to 4. Regarding the log-likelihood, AIC, and the likelihood ratio test, our proposed
model has the best fit. All the models have been estimated based on the fixed-effect
negative binomial model.
In Table 9, the parameter estimates of Model 5 are shown. The analysis indicates
a significant likelihood-ratio (p < 0.001) and pseudo-R-squared value of 0.564. On
examining the direct effects of review extremity, we find that overall rating’s quadratic
term is positive and significant, and the linear term is not significant showing that there is
a U-shaped relationship between overall rating and review helpfulness. Thus H1 is
supported. On examining the direct effects of rhetorical devices, we find that both
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positive and negative tone has negative effects on review helpfulness. Thus, H2 is
supported. The other rhetorical device (i.e. Cognitive Language Style) has a positive
effect on review helpfulness. Therefore, H3 is supported.

Table 8: Model Fit (Essay 2)
Model

Description

Loglikelihood
-457399.29

Likelihood Ratio Test
(vs. Model 5)
2 (d.f. = 8) =
2223.03***

AIC

Model 1

Review helpfulness as
a function of control
variables

Model 2

Model 1 + Overall
Rating variable

-457239.49

2 (d.f. = 6) =
1903.43***

914,499

Model 3

Model 2 + Cognitive
Language Style

-456904.63

2 (d.f. = 5) =
1233.71***

913,831

Model 4

Model 2 + Positive
and Negative Tone

-456821.78

2 (d.f. = 3) =
1068.01***

913,669

Model 5

Proposed Model

-456287.78

--

912,607

914,814

*** p < 0.001

On examining the moderating effects of the rhetorical devices, we find that
positive tone and negative tone interactions with overall rating are significant and
negative, suggesting that emotional language style decreases the effect of overall rating
on review helpfulness. Thus, H4 and H5 are supported. However, the interaction between
cognitive language style and overall rating is positive, suggesting that cognitive language
increases the effect of overall rating on review helpfulness. Therefore, H6 is supported.
The effects of control variables are also shown in Table 9. The effect of review length on
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review helpfulness is positive and significant. Reviewer experience has a positive effect
on review helpfulness. Both perceived clout and linguistic style match have positive
impacts on review helpfulness. However, the effect of review distance is not significant
(p-value = 0.57). The summary of the results is shown in Table 10.
Table 9: Parameter Estimates (Essay 2)
Variables

Estimates

Std. Error

Rating2

.0299***

.001

Rating

.0862***

.009

Positive Tone (PT)

-.0341***

.001

Negative Tone (NT)

-.0435***

.002

Cognitive Language Style (CLS)

.3046***

.011

PT × Rating

-.0054***

.000

NT × Rating

-.0106***

.001

CLS × Rating

.0238***

.006

Review Length (RL)

.0004***

.000

Experience

.5883*

.326

Review Distance (RD)

-.2641***

.022

Linguistic Style Match (LSM)

.0482***

.005

Perceived Clout (PC)

.1893***

.011

Sales Rank (SR)

.0000***

.000

Product Rating (PR)

-.1213***

.008

Direct Effects

Moderating Effects

Control Variables

*** P < .01 * P < .1
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Table 10: Summary of Findings (Essay 2)
Expectations

Results

Direct Effects
H1: Review Extremity  (+) RH

Supported

H2a: Positive Tone  (-)RH

Supported

H2b: Negative Tone  (-)RH

Supported

H3: Cognitive Language Style  (+)RH

Supported

Moderating Effects of Rhetorical Devices
H4: Positive Tone × Rating  (-) RH

Supported

H5: Negative Tone × Rating  (-) RH

Supported

H6: Cognitive Language Style × Rating  (+) RH

Supported

Exploring Nonlinear Interactions

Given the U-shaped effect of the overall rating on review helpfulness, it is
beneficial to explore the non-linear interplay between the review content and overall
rating. In that light, we explore the interaction between the three rhetorical devices (i.e.
positive tone, negative tone, and cognitive language style) and the quadratic term of the
overall rating in an attempt to uncover whether a non-linear interaction exists between the
review content and overall rating. Therefore, we include the nonlinear interactions in our
model as it is shown in Equation 8:

64

Texas Tech University, Masoud Moradi, August 2018

(8)

RHit = bi +OR it 2 +OR it +PTit +NTit +CLSit +
PTit ∗ OR it 2 + PTit ∗ OR it + NTit ∗ OR it 2 + NTit ∗ OR it +
CLSit ∗ OR it 2 + CLSit ∗ OR it
RLit + Experienceit + RDit + LSMit + PCit + SR it + PR it + eit
Where RH=Review Helpfulness, OR=Overall Rating, PT=Positive Tone, NT=

Negative Tone, CLS= Cognitive Language Style, RL: Review Length, RD: Review
Distance, LSM: Linguistic Style Match, PC: Perceived Clout, SR: Sales Rank, PR:
Product Rating
The parameter estimates of Equation 8 are shown in Table 11. Similar to the
previous findings, we find that overall rating’s quadratic term is positive and significant
showing that there is a U-shaped relationship between overall rating and review
helpfulness. On examining the direct effects of rhetorical devices, we find that both
positive and negative tone have negative effects on review helpfulness, and cognitive
language style has a positive effect on review helpfulness.
On examining the nonlinear moderations, we find that there is a U-shaped
interaction between positive tone and overall rating as the interaction between positive
tone and the overall rating’s quadratic term is significant and positive. This shows that
the negative effect of the positive tone on review helpfulness will be stronger for
moderate reviews. The reviews, which are not definite in rating, will be strongly affected
if they contain a positive tone. We should note that, considering the estimates and the
intercept, the effect of positive tone on review helpfulness is always negative. However,
the negative effect is less intense on the reviews with extremely positive/negative ratings.

65

Texas Tech University, Masoud Moradi, August 2018

We observe the similar finding regarding the effect of negative tone on review
helpfulness. We find that the negative effect of the negative tone on review helpfulness
will be stronger for moderate reviews. Overall, emotional language affects the moderate
ratings more because they are already not informative in terms of their ratings, and the
emotional content will make them even less informative and helpful. However, the
extremely positive/negative reviews are informative in terms of their ratings, and they
will be less affected by emotional content. With regard to the nonlinear interaction
between cognitive language and overall rating, we did not find a significant interaction
between the cognitive language and the overall rating’s quadratic term. However, the
linear effect is positive showing that overall rating will positively moderate the effect of
overall rating on review helpfulness. Considering the log-likelihood, AIC, and the
likelihood ratio test, our proposed model in Equation 7 has the best fit in comparison to
all the other models we have tested. The summary of all the linear and nonlinear effects is
shown in Table 12.
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Table 11: Nonlinear Interactions Estimates (Essay 2)
Variables

Estimates

Std. Error

Rating2

.0170**

.006

Rating

-.0239***

.008

Positive Tone (PT)

-.0442***

.002

Negative Tone (NT)

-.0597***

.003

Cognitive Language Style (CLS)

.3109***

.000

PT × Rating2

.0035***

.000

PT × Rating

-.0030***

.000

NT × Rating2

.0056***

.001

NT × Rating

-.0054***

.001

CLS × Rating2

-.0011

.00

CLS × Rating

.0093**

.00

Direct Effects

Moderating Effects (Nonlinear)

*** P < .01 ** P < .05 Log-Likelihood = -456,378
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Table 12: Summary of All Linear and Nonlinear Effects (Essay 2)
Hypotheses

Direction

Nonlinear effect

Direct Effects
Rating

Positive

U-shaped

Positive Tone (PT)

Negative

--

Negative Tone (NT)

Negative

--

Cognitive Language Style (CLS)

Positive

--

PT × Rating

Negative

U-shaped

NT × Rating

Negative

U-shaped

CLS × Rating

Positive

--

Moderating Effects

Robustness Checks

We used negative binomial regression to analyze our proposed model. However,
there is an alternative model, which is called zero-inflated negative binomial (ZINB)
regression. If there is a chance that a set of zeros in the dataset are generated by a
different process from the normal process, which generates other zeros, zero-inflated
negative binomial regression can be used. This model gives us the opportunity to model
the excess zeros separately, and it accounts for the overdispersion problem as well.
According to this model, the distribution of the dependent variable can be explained by a
logit distribution and a negative binomial distribution (Zuur et al. 2009). The logit model
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helps us calculate the probability of having excess zeros, and the negative binomial
model analyzes the rest of the zeros that are generated naturally.
In our context, we know that reviews will receive helpful votes if at least one
potential shopper processes the review. There might be a case in which a review does not
have a chance to be processed by anyone, and that could be the reason for receiving no
helpful votes. For example, if the product’s sales rank is low or overall rating of a product
is very low, there is a good chance that most of the people will not be inclined to process
the product’s page and its reviews. Therefore, we used four predictors of the excess zeros
in our data.
First, we added Sales Rank which shows the overall performance of the product
regarding sales. Second, we used Average Rating of the products. If a product has been
rated very low by others, shoppers might not look at that product to process its reviews.
Third, we used Experience of the reviewers, which is the number of reviews written by a
reviewer. There is a probability that reviews of more experienced reviewers will be
shown on the first page of the product’s description. As a result, the probability of being
processed by other shoppers will be higher for those reviews. Finally, we used Review
Distance as another predictor of excess zeros. The reviewers’ ratings which are
significantly different from the average rating of a product have sometimes been shown
as critical reviews on the first page which increases their chances of being process by
others. Therefore, our logit model for predicting the zeros is:
(9)

Pr (RHit =0) = bi +SR it + PR it +Experienceit +RDit + eit

Where SR=Sales Rank, PR=Product Rating, RD= Review Distance
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If the probability of receiving helpful votes (Equation 9) is non-zero, the previous
model (Equation 7) will be applied considering the generated probabilities from Equation
9. The new results are shown in Table 13. We observe that all of the effects are similar to
our previous analysis based on the negative binomial regression. Except for some small
changes, the estimates are also very similar to the previous results. In the new analysis,
both the linear term of overall rating and its quadratic term are positive and significant
showing the U-shaped effect of the overall rating on review helpfulness.

Table 13: Zero-Inflated Negative Binomial Model Estimates (Essay 2)
Variables

Estimates

Std. Error

Rating2

.0470***

.002

Rating

.1889***

.011

Positive Tone (PT)

-.0478***

.001

Negative Tone (NT)

-.1070***

.002

Cognitive Language Style (CLS)

.3950***

.015

PT × Rating

-.0092***

.001

NT × Rating

-.0222***

.001

.0570***

.009

Direct Effects

Moderating Effects

CLS × Rating

*** P < .01
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Discussion
The empirical analysis of reviews from Amazon shows that, as hypothesized,
extremely positive/negative reviews (i.e. one-star/five-star ratings) are perceived as more
helpful by potential consumers than reviews with moderate ratings (i.e. three stars).
Moreover, review content such as a positive tone (ET), negative tone (NE), and cognitive
language style (CLS) do indeed affect review helpfulness. Both a positive and negative
tone decrease the reviews’ helpfulness as they do not provide potential customers with
adequate information regarding the product attributes. However, cognitive language
increases the reviews’ helpfulness as it is more informative than non-cognitive reviews
and reduces the risk for potential consumers.
The underlying mechanism of review helpfulness can be explained by the
Stimulus Organism Response model (SOR). Two main components of a review are
review rating and review content, which act as external stimuli according to the SOR
model. Since review rating contains high task-relevant information, it should be
perceived as helpful in general. However, extremely positive/negative ratings will be
perceived more helpful due to the higher diagnosticity nature of these types of ratings in
comparison to the moderate ratings. With regard to the rhetorical devices, emotional
reviews are perceived as less helpful because they contain less task-relevant information.
In contrast, cognitive reviews are perceived as more helpful because they contain more
task-relevant information.
Moderating effects help us explain the mixed results in previous literature.
Extreme reviews have a positive effect on review helpfulness. However, if an extreme
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review contains emotional language, its positive effect is diminished. We also find that
the emotional language (i.e. positive/negative tone) has a stronger negative effect on
reviews with moderate ratings since they are already less informative. In contrast, if an
extreme review contains cognitive language, the positive effect of that extreme review is
strengthened because the review will be overall more informative. We did not find a
nonlinear interaction between cognitive language and overall rating showing that
cognitive language generally leverages the effect of overall rating on review helpfulness
for all the ratings’ ranges.
Moreover, we find some new insights regarding the effects of linguistic style
match and perceived clout on review helpfulness. Potential customers perceive reviews
that are written in a language style similar to the average language style on the platform
as more helpful. Moreover, reviews in which potential shoppers are involved by using a
more group-focused language (i.e. high perceived clout) are considered more helpful than
the reviews with a self-focused language.
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CHAPTER IV: CONCLUSION
General Discussion

Since crowdfunding is one of the popular and fast-growing tools for innovators,
understanding the mechanisms of this modern fundraising approach is important to
innovators and entrepreneurs who need funds to realize their ideas. In Essay 1, we
investigate these online platforms to determine quantitative variables that predict the
success of projects. However, we have a limited understanding of how rhetoric and
dynamic factors affect the funding success of these projects. In Essay 1, we introduced
four new indicators, namely, emotional tone, linguistic style match, perceived clout, and
dynamic language style which are hidden in the description of projects and can drive the
funders decision-making. The goal of this essay is to examine the direct effects of these
new signals and their interactions with dynamic variables (i.e. backer support and
competitive intensity). The results of the study show that emotional tone, linguistic style
match, perceived clout, and dynamic language style have positive effects on funding
formation. Moreover, findings indicate backer support and competitive intensity decrease
the effect of rhetorical devices on funding formation that shows the power of backer
support and competitive intensity as the signals for backers in comparison to rhetoric,
especially in the later stages of the funding cycle. As a project attracts backers, new
funders rely on other signals such as the number of backers to contribute, not just the
rhetoric of the projects. This finding shows a herding behavior on this online platform.
However, we should note that rhetoric plays a key role at the beginning of the funding
cycle to attract backers.
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In Essay 2, we looked at another online platform (i.e. Amazon.com) and
investigated the role of rhetorical devices in online reviews. We found that two important
rhetorical devices (i.e. emotional language and cognitive language) have important roles
to play. Emotional language has a negative effect on review helpfulness, while cognitive
language has a positive effect. More importantly, we found that extreme reviews have a
stronger positive effect on review helpfulness, but emotional language and cognitive
language moderate the effect of the overall rating on review helpfulness. Emotional
language (either positive or negative) decreases the effect of the overall rating on review
helpfulness, while cognitive language increases the effect. The implications of these
results are explained in the following section.

Theoretical Implications
In crowdfunding projects, creators provide different information and illustrations
with regards to their products to make the decision-making process simpler for the
funders, and finally to encourage them to contribute to their projects. Given the
importance of the role of different signals such as project characteristics on success,
previous studies have examined the effects of videos, and illustrations (e.g. Mollick 2013,
2014). We expand this literature and examine the effects of textual information on
funding formation. In particular, we focus on four new signals embedded in project
descriptions (i.e. emotional tone, linguistic style match, perceived clout, and dynamic
language style) to offer new predictors for success of these projects and show how these
new signals can strengthen or weaken the funding formation. Since the existing literature
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does not delve into the relationship between rhetoric and funding success, our paper
contributes by using evidence from crowdfunding platforms and offer insights on how
rhetoric helps creators launch more successful campaigns.
Moreover, our findings explain the behavior of the funders on the online
crowdfunding platforms such as Kickstarter. Our findings on the interaction effects help
us understand the backers’ decision-making process better. According to Bettman (1979),
consumers have limited information processing capacity. Once consumers are exposed to
a set of signals, they try to simplify the decision-making process by focusing on a subset
of signals which are easier for them to process (Kardes et al. 2004). In crowdfunding
setting, once backers are exposed to different signals (i.e. ET and BS or ET and CI), they
rely on the visible signals (i.e. BS or CI) more than the signals hidden in the text.
Similarly, Essay 2 expands the literature, examines the effects of textual
information on review helpfulness, and tries to find a justification for the inconsistent
results in existing literature regarding the effects of extreme reviews on review
helpfulness. The results of Essay 2 extend existing literature by investigating both
quantitative and qualitative determinants of online review helpfulness. In particular, we
focused on two new signals embedded in reviews (i.e. emotional language and cognitive
language) to offer new predictors for review helpfulness and show how these new signals
can strengthen or weaken the effect of overall ratings on review helpfulness. Since
current literature does not explore the relationship between rhetoric and review
helpfulness, our paper contributes by using evidence from the Amazon platform and
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offers insights into how rhetoric increases the effectiveness of online platforms by
facilitating the decision-making process for consumers.

Managerial Implications

Insights into the impact of marketing on crowdfunding success have become
dramatically important because of the increasing amount of money which can be raised
through crowdfunding campaigns. Our findings in Essay 1 have implications for project
creators on how to design their campaign better. Based on the findings, we recommend a
number of suggestions to project creators: (1) creators should use emotional tone (e.g.
focus on project benefits) in their project descriptions rather than neutral or negative ones
(e.g. we found the use of counterfactual language to highlight the costs associated with
does not work) because positive messages lead to higher funding level (in comparison to
the use of neutral words), (2) creators should write the description of project in a style
that matches the average language used in other projects because higher LSM leads to
higher funding level, (3) creators should write the description of project in a more grouporiented style, (4) creators should write the description of project more dynamically, (5)
creators should make the information regarding backer support more transparent because
this signal positively affects funding formation and becomes more important over time,
(6) when a project is attracting a high number of backers, creators should not increase the
use of positive words in their descriptions as emotional tone has a negative interaction
with backer support, (7) when a project is attracting a high number of backers, creators
should not try to make the linguistic style of the project similar to others as linguistic
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style match has a negative interaction with backer support, (8) when a project is attracting
a high number of backers, creators should not increase the group-orineted level of their
writing style as clout has a negative interaction with backer support (9) in a highly
competitive market, creators should focus on other signals (i.e. backer support) rather
than rhetoric since the competitive intensity decreases the effect of rhetoric on funding
level, and finally, (10) when the competition is low, rhetoric helps funders to boost up
funding, especially in the early stages of funding cycle.
The results of Essay 2 can help companies develop platforms that are more
valuable to consumers and make the online decision-making process easier for them.
They can provide customers with a set of guidelines on how to write reviews and what
type of language they should use to receive a higher number of helpful votes. Customers
should keep in mind that 1) a one-sided review (i.e. one-star/five-star ratings) is more
helpful, 2) emotional language (i.e. positive/negative tone) has a negative effect on
helpfulness, and 3) cognitive language has a positive effect on helpfulness. A greater
understanding of the predictors of review helpfulness may result in conducting data
analytics such as clustering analyses to identify the consumers who write helpful reviews
and better manage the relationship with those customers. Marketers can even focus on
consumers’ rating behavior and language styles to predict the helpfulness of potential
future reviews by them. If companies manage their relationships with these groups of
consumers better, they can generate more helpful reviews for their products. As a result,
the platform will be more valuable to customers. Incorporating information into online
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reviews provides companies with the opportunity to improve review helpfulness and, as a
result, improves their future sales.

Limitations and Future Research

As do all studies, ours has its limitations. First, the longitudinal design of our both
studies provides some potential inferences regarding causality. However, the theory
developed and tested herein could benefit from being examined using an experimental
design approach. Such a design would enable researchers to better understand the
underlying mechanisms that affect decision by potential backers on crowdfunding
platforms and potential customers on online retailers. In Essay 1, we suggest that project
descriptions reduce investors’ uncertainty. Experiments could examine in greater detail
the underlying processes at work. Second, Essay 1 examines rewards-based
crowdfunding platforms using data from the Kickstarter platform. Therefore, our results
may have limited generalizability to other forms of crowdsourcing platforms (e.g. profitsharing and donation-based platforms). In these other contexts, rhetorical devices may
play different roles and/or may be effective at different points in the funding cycle. In
addition, researchers should examine whether our results hold when data is gathered from
other reward-based platforms (e.g. Indiegogo). However, these limitations do not prevent
organizations from learning from our results. Third, though our data represents decisions
by a large number of backers, we do not specifically investigate whether individual
differences (e.g. risk propensity) play a significant role in decisions to back projects.
Future studies should use a panel-based approach in which the individual characteristics
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of investors can be assessed, and their investment can be tracked over time. One option
would be to gather data by partnering with a platform that requires potential donors to log
in and tracks their donations over time (e.g. Patronicity). The ability to identify individual
donors and reach out to them for more information would be extremely valuable for
theory development. Finally, we used data from two project categories (gadgets and DIY
electronics). Future research should investigate the influence of rhetorical devices in a
variety of different project categories to investigate differences across various project
categories (e.g. crafts and software). Such studies would be able to examine how project
characteristics affect the funding formation process.
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