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1. Introduction
We study the role of texts in online debt crowdfunding, especially as a potential mechanism to
mitigate information asymmetry in this nascent but extremely fast growing market.
Online crowdfunding has been growing at a fascinating speed for the past decade. It
broadly refers to the phenomenon that individuals or organizations can now use the internet to
raise funds for a variety of causes. Depending on what the investors receive in return, it can take
the form of donation (e.g., Kiva.org), debt (e.g., Zopa.com, Prosper.com), rewards (e.g.,
Kickstarter.com or Indiegogo.com), or equity (e.g., Seedrs.com) crowdfunding. As an example
of how large this market has become, by one estimate, US-based debt crowdfunding platforms,
in 2014 alone, facilitated the funding of more than $8.9 billion of loans, and attracted over $1.32
billion of investment from venture capital firms1. More than that, the debt crowdfunding market
size in China in 2014 is estimated to be about 3.8 times that of the US2.
It is therefore not surprising to see increasing research interests in crowdfunding in the
past few years. Due to their popularity, many studies focus on rewards and debt crowdfunding.
Published studies include Lin et al. (2013), Burtch et al. (2013; 2014), Zhang and Liu (2012),
Mollick (2014), Pope and Sydnor (2011), and Lin and Viswanathan (forthcoming). For debt
crowdfunding, researchers have examined a wide range of mechanisms that address information
asymmetry or affect investor behaviors, including social networks (Lin et al. 2013), rational
herding (Zhang and Liu 2012), geography (Lin and Viswanathan forthcoming), demographics
(Pope and Sydnor 2011) and appearance (Duarte et al. 2012).
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Text is the most common feature across all crowdfunding types and platforms. In almost
any crowdfunding platform, those seeking funding almost always write a “pitch” in an effort to
convince potential investors. Yet, text is also the most fuzzy and least understood aspect of the
crowdfunding process. Some existing studies touched upon texts, however they mostly treat text
as a control variable, and rely on manual coding of small samples. Examples include Lin et al.
(2013), Michels (2012), and Sonenshein et al. (2011). Given the prevalence and prominence of
texts in crowdfunding campaigns, it is highly unlikely that investors will completely ignore
them. In addition, research in many fields suggests that linguistic features, or how texts are
written, can in fact carry highly valuable information about the writer (Ghose et al. 2012;
Hancock et al. 2007; Liu 2012; Tetlock 2007). If texts can reflect some otherwise unobservable
qualities of the fundraiser, and they can also affect investor behaviors, then they have the
potential to become a useful mechanism in mitigating information asymmetry. It is therefore
imperative that we systematically investigate the role of texts in crowdfunding so as to ensure
market efficiency. Recent development of text analytics and its successful applications in many
fields suggest that we can go beyond manual coding of small samples—we should be able to
extract text features in a scalable fashion, and investigate their impact on a large scale. We
therefore examine whether texts can serve as a useful mechanism to mitigate asymmetric
information by asking the following specific research questions:
(1) Do crowdfunding investors consider texts provided by fundraisers?
(2) Can text characteristics explain or predict the actual quality of crowdfunding projects?
And if yes,
(3) Can crowdfunding investors correctly interpret the informational value of these texts?
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We choose debt crowdfunding as our context to answer these research questions for the
following reasons. First, data from debt crowdfunding should be able to provide a very
conservative estimate of the impact of texts. Unlike rewards crowdfunding where there is very
little standardized quantitative information across different campaigns, borrowers in debt
crowdfunding are almost always required to disclose a large amount of information from their
personal or business credit files. Such quantitative financial information is the basis for loan
underwriting in offline debt finance, so it should already explain a large amount of variation in
the data, be it the quality of loans or the probability of successful funding. If characteristics of
texts can further explain or predict outcomes after controlling for the financial information, it
will suggest that texts can indeed be a powerful tool in online crowdfunding. Second, the
“quality” information is well-recorded and objective in debt crowdfunding. When a loan reaches
maturity, we can unequivocally determine if the investment opportunity is as good as it appears
at the time of funding, and if the borrower is as creditworthy as they claim. By contrast, the
outcome can be dramatically different, and therefore hard to compare, across different types of
campaigns in rewards crowdfunding (e.g., the success of a charity event vs. a new web service).
Finally, even though debt crowdfunding is just one form of crowdfunding, it shares many
similarities with other types of crowdfunding: it is still a two-sided market, with similar
incentives for each side of the market. That is, fundraisers try to convince investors to allow
them to use funds, and investors try to distinguish between different fundraisers to generate
returns. Therefore, debt crowdfunding is an ideal context to study these research questions for
the broader phenomenon of crowdfunding.
Our paper is structured as follows. We start with a description of the empirical context,
Prosper.com. We then address the first research question in Section 3, i.e., whether investors
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consider texts when investing, by exploiting two exogenous policy events on Prosper.com and by
constructing a borrower panel data model. Results confirm that investors indeed consider texts.
Then Section 4 addresses the second research question by drawing on existing literature to
examine how text characteristics can explain and predict whether loans will be defaulted or
repaid. We subject our main findings to a large number of robustness tests, and replicate the
model to data from an entirely different debt crowdfunding platform. Results show that indeed,
text features can be used to explain and predict loan repayment. In Section 5, we address the
final research question of whether investors are able to correctly interpret the informational
values of texts. We find that it is not always the case. Most notably, text features that are wellknown to signify intentions to deceive, are still able to deceive investors, even though loans with
those features are indeed less likely to be repaid. Section 6 concludes by summarizing our main
findings, discussing their implications, and pointing to several directions of future research.

2. Empirical Context
Our data comes from Prosper.com, one of the largest P2P lending sites in the US with more than
2 million members and over $2 billion in funded loans by 2014. We describe a typical lending
process, especially features directly related to our study. Additional details of this site are
available in published studies using data from the same website, such as Pope and Sydnor
(2011), Zhang and Liu (2012) and Lin et al. (2013).
To become either a borrower or lender, one must first provide and verify a valid email
address. Then they must then go through an identity verification process by providing
information such as their social security number, bank account number, driver’s license, and
street address. Then the borrower creates a loan request (known as a “listing”) that contains
information about the borrower and their request. The website anonymizes the borrower’s
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identity to protect their privacy, but extracts information from the borrower’s credit reports and
displays it on the listing page. Also on the listing page is the information about the borrower’s
loan request such as the amount of loan requested, the maximum interest rate that they are
willing to borrow at (which could be bid down during the auction process), and the format of the
auction. The auction format can be “immediate funding” when listings will end as soon as 100%
of the requested funds are received; or “open” for a specified number of days so that additional
funds can come in to help lower the interest rate. These are typically 36-month loans.
Also on the listing page, borrowers usually provide several paragraphs of free-form texts,
where they describe information about themselves, why they need the loan, what they intend to
do with the loan, and why they are trustworthy candidates for a loan. This is essentially a “pitch”
to all potential lenders. Prosper.com does not verify these texts, and borrowers are free to write
anything that they would like to increase their chances of receiving funds.
Before lenders can place bids on listings, they have to first transfer funds from their bank
accounts to their non-interest-bearing Prosper.com accounts. These funds do not generate returns
until invested in a loan. They can bid as little as $25 and need to specify the minimum interest
rates associated with the bid. Prosper.com automatically aggregates all bids in the manner of a
second-price proxy auction and the same interest rate applies to all lenders on the same loan.
Successful listings that attract 100% of requested funds become loans after the website’s
verification. For each month during the life cycle of the loan (usually 36 months), Prosper.com
will automatically debit the borrower’s bank account and repay the investors after deducting
fees. As long as the borrower makes the monthly payment in time, the loan status is marked as
“current.” Otherwise, the status will incrementally change to “late,” “1 month late,” “2 months
late,” etc. If borrower fails to make payment for more than two months, the loan will be marked
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as “defaulted”. Defaulted loans will be transferred to third-party collection agencies designated
by Prosper.com, and will negatively affect the borrower’s personal credit score.

3. Do Lenders Consider Texts in their Decisions? Two Natural Experiments
Even though debt crowdfunding platforms typically allow borrowers to provide texts, the
platforms do not verify the contents of these texts. This means that borrowers could claim one
thing in the text, but do something completely different once they receive the loan. Nonetheless,
borrowers are legally obliged to repay these personal loans, just as they would a loan from the
bank. Since these texts are neither verified nor legally binding, lenders do not necessarily have to
consider texts for their investment decisions. On the other hand, texts are what makes these
requests more personal, and lenders could very well be looking beyond hard credit data in their
decision. Therefore, it is an empirical question whether investors look at texts.
To answer this question we exploit two exogenous policy changes on Prosper.com. The
first one occurred between May 3, 2010 and June 1, 2010, when, without prior notice
Prosper.com switched off the prompts for text descriptions for borrowers at AA and A credit
grades3. Borrowers in these credit grades are less likely to include texts in their loan requests (a
treatment group), whereas other borrowers never noticed any difference (a control group). This
policy change therefore provides an ideal opportunity to study if lenders really care about texts:
if lenders do not consider texts at all in their decisions, the difference in funding probabilities
between the treatment and control groups should be largely the same before and after the policy
change. Our results in Figure 1 suggest otherwise: during this period, the funding probability of
loans in the treatment group decreased by about 3.3%, whereas the funding probability remained
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confirms that investors do value these texts provided by borrowers.
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largely the same for the control group (a slight increase to be exact). This suggests that investors
indeed consider texts provided by borrowers, even though these texts are unverified.
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Figure 1. Funding Probability Before and After Policy Change
A second policy change occurred on September 6, 2013, when Prosper.com removed the
text section from all loan requests4. This site-wide policy change provides another opportunity to
further examine lenders’ reaction to texts: if lenders indeed value texts in their decision process,
the removal of texts should discourage them from investing. We obtain all loan requests created
two months before and after this date. For each day, we calculate the average number of bids that
listings received, and check how this number changed in response to the removal of texts. On
average, we find that a listing receives 34.16% fewer bids after the removal of texts (Figure 2).
It is easy to see that lenders made fewer bids per listing when texts were removed. These results
again show that lenders value texts in their lending decisions.
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Figure 2. Average Number of Bids Per Listing, Before and After Policy Change
In addition to the natural experiments, we also examine borrowers who submitted
multiple loan requests but not all requests included texts. This resulted in 25,709 requests from
8,419 borrowers, of which 7.12% of requests with texts were funded, more than double the
3.15% ratio for requests without texts. This and a more detailed borrower panel data model on
funding probability (see Appendix A) both further confirm that investors indeed care about texts
provided by borrowers.
All the above results unequivocally show that even though texts on Prosper.com are
neither verified nor legally binding, lenders still consider them a valuable and important piece of
information in their lending decision process. A natural question, therefore, is whether such
behavior can be justified, or if it is rational. This is equivalent to two of our research questions:
(1) How are texts related to, and can they predict, loan repayment? (2) Do lenders act on the
informational value of texts correctly in the loan funding process? We apply both explanatory
and predictive models to answer the first question, using loan repayment as the outcome of
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interest. Then we use the funding success of listings as the outcome variable to answer the
second question: If lenders correctly interpret the informational value of texts, then linguistic
variables that predict higher likelihood of default should also be associated with lower likelihood
of funding success. If not, then it suggests opportunities to improve market efficiency.

4. Texts and Loan Repayment: Is there a Link?
4.1. Characterizing Texts, and the Choice of Linguistic Features
We now investigate if there is actually a link between texts provided in a loan request and the
outcome of that loan (i.e. whether or not the loan is repaid5). Following common practice in
existing literature that examines the role of texts in contexts ranging from financial statements to
online messages, we focus on linguistic features of the text, or how texts are written6.
There is virtually an infinite number of ways to characterize linguistic features of texts.
Since our context is online debt crowdfunding where lenders will only lend to someone who can
and will repay the debt7, we focus on linguistic features that have been well established in the
literature to reflect the writers’ willingness to repay (Flint 1997) or ability to repay (Duarte et al.
2012). In addition, to ensure that our paper’s scope is manageable, we focus on linguistic
features that are not only frequently applied (therefore validated) in multiple domains, but also
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In a robustness test we investigate an alternative outcome variable, i.e. the percentage loss of principal. Results are
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To the best of our knowledge, few existing studies simultaneously address the content of texts and linguistic
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addition, all published studies such as Lin et al. (2013) and Zhang and Liu (2012) show that financial information
such as credit grades matters in persuading investors.
10

have well-accepted methods or algorithms for measurement. While our purpose is not to propose
new linguistic features, our study will provide the foundation for future studies in that regard.
After an extensive literature search, we identified the following four linguistic features
that satisfy all the above requirements: (1) Readability; (2) Positivity; (3) Objectivity; and (4)
Deception Cues. As will soon become obvious, all four linguistic features have been well
documented in the literature to reflect writer’s willingness and ability to repay a debt, and there
are also generally accepted methods of quantifying them from texts. However, each of these four
features has only been separately examined in non-crowdfunding contexts, raising the question
of which feature may dominate when all four are incorporated in the same model. With its rich
data and objective measurement of outcomes, our context of online debt crowdfunding provides
a unique opportunity to understand the relative impacts of these linguistic features.
In what follows, we first formally develop our hypotheses on how these linguistic
features are related to borrowers’ ability and willingness to repay and therefore loan repayment
likelihood, then test those hypotheses using data from Prosper.com.
4.2. Explanatory Analysis
4.2.1. Hypotheses
Readability of texts refers to the simple idea of how accessible the texts are. Research in a
wide range of disciplines has shown that readability is a simple but effective indicator for the
writer’s capabilities—even companies’ financial capabilities. For example, Li (2008) shows that
firms with more readable annual financial reports have higher earnings. Former SEC Chairman
Christopher Cox suggests that the readability of financial information provided by firms can
reveal whether firms are capable of achieving better stock performance and higher earnings
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(Loughran and McDonald 2014). In practice, investors can indeed infer the potential
performance of firms from the readability of their financial disclosure (Rennekamp 2012).
If the readability of texts written by public companies when addressing their investors
can reflect their financial capabilities, it is only logical to infer that the readability of texts
written by individuals when raising funds through crowdfunding will similarly reflect their
financial capabilities, or their abilities to repay the principal of the loan plus interest. This is
further supported by the literature: less readable texts are more likely to be written by someone
who have less education; all else equal, those who have less education are less likely to be
gainfully employed, have stable income, and be able to repay their debts. More specifically,
Tausczik and Pennebaker (2009) suggests that readability reflects “the education, social status,
and social hierarchy of its authors,” since those with more years of schooling are more likely to
write more readable texts than those who have fewer years of education (Hargittai 2006). In turn,
Card (1999) showed through an expansive literature survey that education causally increases
earnings. It is hence not surprising that mortgage lenders use level of education to predict default
(Munnell et al. 1996). A study even concludes that an additional year of education for household
heads results in a predicted decline of 8 percent in the probability of bankruptcy (Fay et al.
2002). Taken together, all else equal, loan descriptions that are more readable are more likely to
have been written by borrowers who are better educated and have more stable and higher income
(Gregorio and Lee 2002); they will have higher capabilities to repay and be less likely to default
(Campbell and Dietrich 1983). We therefore hypothesize,
H1: All else equal, loans with more readable text descriptions are less likely to default.
We next turn to positivity. Studies in finance and accounting have consistently found
that, firms that show a positive attitude in their financial documents—reflecting their optimism
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and confidence—typically have better performance (Cardon et al. 2009; Chen et al. 2009; Davis
et al. 2006; Li 2010). Positive attitude in firms’ reports not only indicates better current
performance (Li 2010), but also reflects the firm’s optimism. More optimistic businesses, in turn,
typically have higher future performance (Davis et al. 2006). In the venture capital literature,
entrepreneurs’ positive attitude is a strong indicator of their passion and motivation in building
their businesses, which in turn are important predictors of how likely they are to be successful
when faced with difficulties (Chen et al. 2009; Cardon et al. 2009). In other words, confidence
typically reflects both the capability as well as a strong willingness to accomplish goals. On the
other hand, the literature also suggests that the positive relationship between positive attitude and
success may be curvilinear: Entrepreneurs who are overly confident (suffering from
“overconfidence”) may tend to fail as well (Dushnitsky 2010). Since borrowers in online lending
markets are also faced with at least some degrees of uncertainty for the duration of a loan, the
positivity of texts written by these borrowers should also similarly reflect the capability and
willingness to repay their debt with interest in the future. We thus hypothesize,
H2: All else equal, loans with more positive textual descriptions are less likely to default. This
relationship should exhibit a curvilinear relationship.
Before we move on to the next linguistic feature, let us address a potential counterargument to H2 (this will apply to the next few hypotheses as well). One may argue that
unscrupulous borrowers may pretend to be optimistic. However, good borrowers will never find
it profitable to imitate bad borrowers. As long as not all bad borrowers are all successful in
imitating good borrowers, our hypothesis holds. Most important, the reason that linguistic
analysis has become so popular is precisely that it is very hard to imitate and misrepresent
oneself.
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We now turn to Objectivity, which captures the extent to which texts are about describing
objective information. Information objectivity has long been established as an indicator of
quality and trustworthiness (Archak et al. 2007; Chen et al. 2009; Ghose and Ipeirotis 2011;
Ghose et al. 2012; Metzger 2007). The more objective a piece of text is, the more likely that the
writer’s claim is based on facts (Metzger 2007), and the more likely that the writer is credible
and trustworthy (Chen et al. 2009). As an example, when reviews of a hotel contain more
objective information, readers are more likely to trust those reviews and their authors, and are
more likely to use those hotels (Ghose and Ipeirotis 2011; Ghose et al. 2012). For the same
reason, venture capitalists value objective information over subjective information (Chen et al.
2009) when evaluating entrepreneurs. In our context therefore, all else equal, loans with more
objective texts are likely to have been written by someone who is more trustworthy, i.e. good
borrowers who are more willing to make an effort to repay debt even when faced with challenges
to do so. We therefore hypothesize,
H3: All else equal, loans with more objective textual descriptions are less likely to default.
We now turn to the last but by no means the least linguistic feature, Deception Cues. As
the name suggests, deception cues refer to “red flags” in the way that texts are written, which
may be indicative of intention to deceive or defraud. Deception cues emerge because people who
are trying to lie or hide information tend to say or write in a particular manner. Specifically,
research in psycholinguistics has shown that fabricated stories are linguistically different from
true stories, and contain rich deception cues (Pennebaker et al. 2003). For this reason, deception
cues have seen applications in a wide range of contexts, from communications and psychology to
forensic science and criminology, as well as information systems (Abbasi and Chen 2008;
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Abbasi et al. 2010; Burgoon et al. 1996; Hancock et al. 2007; Loughran and McDonald 2011;
Pennebaker et al. 2003; Porter and Yuille 1996; Vrij 2008; Zhou et al. 2004).
For our context, the intention to deceive is unambiguously related to borrowers’
willingness to repay a debt, so deception cue is an important linguistic feature to consider in
understanding borrowers’ texts. All else equal, if the text provided by a borrower has rich
deception cues, that may indicate that the borrower is trying to provide false or exaggerated
information to convince potential lenders. Their actual capability or willingness to repay will be
likely much lower than they hope the investors would believe. We thus hypothesize,
H4: All else equal, loans with more deception cues in their textual descriptions are more likely
to default.
We now discuss our data, particularly how we extract linguistic features, and test the
above hypotheses in an explanatory model framework.
4.2.2. Data and Variables
We gathered all loans funded on Prosper.com between January 1st, 2007 and May 1st, 2012. All
loans during this time were three-year loans; therefore as of the time of our study, we can gather
objective information on whether these loans were repaid or not at the end. This is essentially the
ultimate resolution of the quality uncertainty about borrowers that lenders are faced with at time
of lending. Hence, our primary outcome variable is whether a loan is defaulted at the end of its
life cycle. Our dataset includes 34,110 loans, of which 11,899 were defaulted. Next, we discuss
how we extract and quantify linguistic features from texts provided by borrowers at the time of
their requests8.
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We attempted factor analysis to see if different dimensions of linguistic features can naturally load onto several
factors, which would have enabled us to use fewer variables to capture most key linguistic features. The results show
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2009). Factor analysis is therefore not appropriate here, so we retained the original variables.
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4.2.2.1. Readability9
Drawing on existing literature (Archak et al. 2011; Ghose and Ipeirotis 2007; 2011; Ghose et al.
2012; Li 2008; Loughran and McDonald 2014; Mollick 2014; Rennekamp 2012), we measure
readability in three dimensions: spelling errors, grammatical errors, and lexical complexity. The
first two dimensions are based on the simple idea that if a text contains more spelling and
grammatical errors, it is less readable (Archak et al. 2011; Ghose and Ipeirotis 2011; Ghose et al.
2012; Li 2008; Loughran and McDonald 2014). As is common in natural language processing,
we use the spelling error corpus to identify spelling errors (Jurafsky and James 2000). The
spelling error variable is measured by the total number of spelling errors in a loan description.
We use Stanford statistical Probabilistic Context Free Grammar (PCFG) parser to measure
grammatical errors (Klein and Manning 2003) by quantifying probabilistically how far the text
is from correct grammatical structures in the parser’s large, hand-coded database10.
The third dimension or metric of readability that we use is the well-known Gunning-Fog
Index (FOG). The FOG index was first constructed by Gunning (1969) to evaluate the lexical
complexity of texts and is the most commonly used metric to measure the complexity of
financial reports in financial market (Li 2008). Based on DuBay (2004), the formula for FOG is:
FOG Score=0.4 × (ASL +100 × AHW)
Here, ASL denotes the Average Sentence Length in the text; AHW (Average Hard Words)
denotes the proportion of words containing more than two syllables (“hard words”) for every 100
words in a loan description.

9

Details about how we construct readability variables are in Appendix C.
More details for the measurement of grammatical error is in Appendix C.
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4.2.2.2. Positivity and Objectivity11
Since the texts in our dataset are in a specific domain (lending), we use a machine learning
approach rather than lexicon-based approach for our positivity and objectivity analyses. This will
maximize the accuracy of linguistic feature extraction (Pang and Lee 2008). We first created a
stratified random sample of loans (1% from each credit grade). Then we put 70% of the sample
into a training dataset, and the rest into a testing dataset. Two research assistants manually coded
the textual descriptions of these loans.
To measure the positivity of each loan description, we follow the supervised approach as
described in Pang et al. (2002). Specifically, our classifier uses a combination of unigram (single
word) and the word’s corresponding part-of-speech tag (or POS tag, i.e., whether that word
serves as a subject, verb, or object in its sentence). This classifier estimates a probability that
each sentence (of each loan description) is positive; rather than “binning” it into positive,
negative, or neutral. This is the same procedure as used in Ghose and Ipeirotis (2011). The
positivity score of a loan description is then defined by the average of those probabilities across
sentences.
We now turn to objectivity. We build our classifier using features similar to those used in
Barbosa and Feng (2010), including the numbers of polarity words (negative, positive, and
neutral words), strong or weak subjective words, modal words (such as “can” and “would”),
numbers, unigrams, unigram-POS tag combinations, bi-char (two adjacent characters),
adjectives, and adverbs. We then use this classifier to classify all texts. Similar to positivity, we
extract the objectivity probability of each sentence, and average these probabilities to obtain the
objectivity score for each loan description.

11

More details for the construction of positivity and objectivity variables are in Appendix C.
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4.2.2.3. Deceptive Cues12
For deception cues, we closely follow established methods of deception detection (Masip et al.
2005) and measure deception cues in four dimensions: cognitive load, internal imagination,
negative emotion, and dissociation.
Linguistic deception cues fall into two general categories: nonstrategic linguistic cues,
which reflect psychological processes experienced by deceivers and are likely to be present
without the deceiver’s intention to show them; and strategic cues that are strategically and
purposely used by deceivers (Toma and Hancock 2012). A common nonstrategic cue, cognitive
load, is based on cognitive theory for nonverbal contents (Vrij et al. 2008): Deceivers need to
invest more cognitive resources, because they not only have to fabricate information or stories
that do not exist or never happened, but also to avoid detection, a process that generates higher
cognitive load (Vrij 2000) and leads to less complex stories (Newman et al. 2003). To measure
cognitive load, we follow Duran et al. (2010) and use concreteness, which will be higher for
fabricated stories due to heightened cognitive burden. The concreteness value of each loan
description is calculated as the mean value of the concreteness of all content words, using the
MRC Psycholinguistic Database described in Wilson (1988).
The second dimension of deception cues is internal imaginations. Reality monitoring
theory states that events from external experience (i.e. real experience) contain more temporal
and spatial information than events generated from internal imaginations (Johnson and Raye
1981). The literature therefore uses temporal and spatial information to capture internal
imaginations, which is lower in fabricated stories. We measure temporal information by
combining results derived from two well-known tools, the Stanford SUTime parser (Chang and

12

Please see Appendix C for details.
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Manning 2012) and the time component from LIWC (Linguistic Inquirer and Word Count)
(Pennebaker et al. 2001). We similarly measured spatial information by combining results from
two approaches: Stanford name entity recognizer (Finkel et al. 2005) and LIWC space words
(Pennebaker et al. 2001).
A third common nonstrategic deception cue is negative emotion. The act of lying leads to
a wide range of negative emotions (e.g., anxiety, sadness, and guilt) (Toma and Hancock 2012;
Vrij 2000). The literature routinely quantify negation emotion from two sources: content
negation word (Hancock et al. 2007) and functional negation word (Toma and Hancock 2012)13.
We consider both.
The last deception cue dimension is a strategic deception cue: dissociation. Deceivers
tend to use more non-first person pronouns (e.g., “he”, “him”, or “her”) in their writings in order
to dissociate themselves from their fabricated stories (Hancock et al. 2007; Newman et al. 2003;
Toma and Hancock 2012). To measure this, we follow the literature and compute the percentage
of non-first person pronouns in a text (Hancock et al. 2007).
4.2.2.4. Control Variables
Following prior studies that use data from Prosper.com (Freedman and Jin 2008; Lin and
Viswanathan 2015; Michels 2012), we use three groups of control variables: hard information
(e.g., credit grade and debt-to-income-ratio), auction information (e.g., loan amount and loan
category), and social information (i.e., group membership and friend investment). We also
include monthly dummies. Detailed variable descriptions and summary statistics are provided in
Appendix C.

Content negation word are negating words such as “not” and “never”. Functional negation words are words that
are semantically negative.
13
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4.2.3. Empirical Models
As discussed in H1-H4, if linguistic features can help predict loan default, then all else equal,
loans with text descriptions that are less readable, less positive, less objective, and show more
“red flags” as evidenced by deception cues, should be more likely to default. We now
empirically verify these conjectures by testing the relationship between linguistic features of the
loan request descriptions, and the probability that the loan defaulted. Our unit of analysis is each
loan. The dependent variable is whether or not a loan defaulted at the end. The main independent
variables are the linguistic feature metrics that we described in previous section. In addition, we
include a large number of control variables as described in the previous section. Since the
dependent variable is binary, we use probit models with robust standard errors (results from
logistic models are highly consistent). To better illustrate the impact of individual linguistic
features, we incrementally add different features and estimate the following models14:
Model 1: (Readability)
Probability (Defaulti=1) = α0 + α1×Readabilityi + α2× ControlVariables i + εi
Model 2: (Model 1 + Positivity)
Probability (Defaulti=1) = α0+ α1×Readabilityi +α2×Positivityi + α3× ControlVariables + εi
Model 3: (Model 2 + Objectivity)
Probability (Defaulti=1) = α0+ α1×Readabilityi +α2×Positivityi + α3×Objectivityi
+ α4× ControlVariables i + εi
Model 4: (Model 3 + Deception Cues)
Probability (Defaulti=1) = α0+ α1×Readabilityi +α2×Positivityi + α3×Objectivityi
+ α4× Deceptioni + α5× ControlVariables i + εi

14

As discussed later in the paper, the sequence of these linguistic features does not matter.
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In these models, Readability, Positivity, Objectivity and Deception are all vectors of
metrics for linguistic features in each category15.
4.2.4. Explanatory Model Results
We report estimation results and marginal effects (holding other variables at their mean)
in Table 1. Table 2 provides a summary, and we discuss these findings in detail next.
Table 1. Coefficients and Marginal Effects of Default Probability Models
Model 1
Variables

HI

Spelling
errors
Grammatical
errors
Lexical
Complexity
(FOG)

Model2

Model 3

Model 4

Coeff

ME

Coeff

ME

Coeff

ME

Coeff

ME

+

0.0526***
(0.0175)

0.0181***
(0.006)

0.0514***
(0.0175)

0.0177***
(0.00603)

0.0497***
(0.0175)

0.0171***
(0.00603)

0.0517***
(0.0176)

0.0178***
(0.00605)

+

5.8e-4***
(8.29e-05)

1.99e-4***
(2.84e-05)

5.81e-4***
(8.31e-05)

2e-4***
(2.86e-05)

5.7e-4***
(8.31e-05)

1.97e-4***
(2.86e-05)

5.41e-4***
(8.35e-05)

1.86e-4***
(2.86e-05)

+

0.0334**
(0.00168)

0.0115**
(5.7e-4)

0.0315*
(0.00169)
-0.175*
(0.0928)
0.00455
(0.0300)

0.0108*
(5.82e-4)
-0.0604*
(0.0320)
0.00157
(0.0103)

0.0291*
(0.00169)
-0.158*
(0.0929)
0.00955
(0.0302)

0.0100*
(5.81e-4)
-0.0545*
(0.0320)
0.00329
(0.0104)

0.0407**
(0.00169)
-0.349***
(0.112)
0.0447
(0.0344)

-0.0115***
(0.00310)

-0.00396***
(0.00107)

-0.0121***
(0.00313)

0.0140**
(5.81e-4)
-0.120***
(0.0383)
0.0154
(0.0118)
0.00417***
(0.00108)
0.0138**
(0.00639)
0.00401***
(6.85e-05)
-0.0163***
(0.00406)

Positivity

-

Positivity2

+

Objectivity

-

Concreteness

+

-

0.0402**
(0.0186)
0.00116***
(0.000199)
-0.0474***
(0.0118)

Negative
Emotion

+

0.0257***
(0.00400)

0.00885***
(0.00137)

Non-firstperson
pronouns

+

0.963*
(0.579)

0.331*
(0.199)

32,053

32,053

Spatial
Information
Temporal
Information

-

Observations

32,053

32,053

32,053

32,053

32,053

32,053

Notes:
1.
2.
3.
4.

Robust standard errors in parentheses (* p<0.10 ** p<0.05 *** p<0.010)
HI-Hypothesized impact; ME-marginal effects; Coeff-Coefficients.
For credit grades, AA is the baseline.
Control variables were included but not reported for brevity.

Table 2. Key Findings of Explanatory Analyses
Hypothesis
Relation
Finding
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Comments

Our results of multicollinearity analysis show no strong correlations among these variables. Please see details in
Appendix C. We will also discuss the validity of the nested structure of these models in Section 4.2.4.5.
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H1

Readability - Default Rate

H2

Positivity - Default Rate

H3

Objectivity - Default Rate

H4

Deception - Default Rate

Supported

Requests that are less lexical
ease of read and have less
spelling and grammatical
errors are less likely to default.
Partially supported Positive requests are less likely
to default, though we did not
find evidence of a curvilinear
relationship
Supported
Objective requests are less
likely to default.
Supported
Requests that contain more
non-1st person pronouns, more
negation words, less spatial
and temporal information and
that are higher in concreteness
are more likely to defaults.

4.2.4.1. Readability
We measure readability using three metrics: spelling error, grammatical error, and lexical
complexity (FOG score). Results in all models show that all three metrics are statically
significant and consistent with our hypothesis H1: Loans with descriptions that contain fewer
spelling and grammatical errors, and less complicated, are less likely to default. As shown in
Table 1, in the full model (Model 4), which includes all linguistic features, one unit decrease in
spelling error is associated with a 1.78% reduction in the loan’s default probability, whereas one
unit increase in lexical complexity (FOG) is associated with 1.40% higher probability of loan
default.
4.2.4.2. Positivity
Consistent with the main effect hypothesized in H2, we find that loans with more positive
descriptions are indeed less likely to default, since the coefficient on “positivity” is negative and
statistically significant. From Model 4 of Table 1, we see that when the positivity score increases
by one unit, the corresponding loan is 12% less likely to default. On the other hand, results do
not support the curvilinear relationship (overconfidence) that we hypothesized; even though the
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sign of the coefficient is in the hypothesized direction, it is not statistically significant. Our
hypothesis on positivity (H2) is therefore partially supported.
4.2.4.3. Objectivity
We hypothesize that requests with more objective information should be less likely to default
(H3), and our results indeed support it. The coefficient on objectivity is negative and significant,
suggesting that all else equal, loans with more objective information are indeed less likely to
default. In terms of effect size, one unit increase in objectivity score is associated with 0.417%
reduction in loan default (the full model).
4.2.4.4. Deception Cues
We measure deception cues along four distinct dimensions: cognitive load, internal imagination,
disassociation, and negative emotion. We discuss each dimension in turn below.
Cognitive load. Loan requests higher in cognitive load, as measured by higher
concreteness measures, are more likely to default. This result is consistent with existing
deception detection research and with our hypothesis. The marginal value of concreteness in
Model 4 of Table 1 shows that all else equal, the default probability of a loan will be 1.38%
higher when concreteness is one unit higher.
Internal imagination. Our hypothesis is that descriptions low in spatial and temporal
information should be more likely to default, indicating a negative coefficient. Results on both
spatial and temporal information are indeed consistent with this hypothesis.
Disassociation and negative emotion. While the coefficient for the number of negative
emotion words is statistically significant, its marginal effect is relatively small. On the other
hand, dissociation shows stronger association with loan default. One percent increase in non-first
person pronouns in the loan description is associated with a 33% increase in default probability.
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The above results show that all deception cues identified in prior literature are still
valuable cues in identifying “lemons” in online debt crowdfunding. Therefore, H4 is supported.
4.2.4.5. Control Variables and the Nested Structure of Our Explanatory Models
The control variables that we include in our model yield consistent results as prior literature. For
example, loans with higher credit grades are less likely to default, whereas loan requests that use
immediate funding are more likely to default. This also attests to the validity of our model.
In addition, it is easy to see that our models (Models 1-4) are nested within each other.
We conduct likelihood ratio tests for each adjacent pairs of models (e.g. Models 1 vs. 2, 2 vs. 3,
and then Models 3 vs. 4.), and find statistically significant support that it is valid to add
additional linguistic features. This is not surprising since these linguistic features capture
different aspects of texts that are largely independent of each other. For that same reason, the
sequence of nesting is in fact immaterial. That is, we could use deception cues as the first feature,
then positivity, then objectivity, and so on; the likelihood ratio tests results are still supportive.
Before we turn to prediction models, we verify the robustness of our findings through a
series of additional tests, which we describe in the next section.
4.2.5. Robustness and Generalizability of the Explanatory Model
4.2.5.1. Concerns for Unobservable Variables
To ensure that our findings concerning the linguistic feature variables are not driven by
unobserved variables, we conduct two additional tests that are independent of each other.
In our first test, we construct a panel dataset by focusing on borrowers who had multiple
loans in our sample. By using a borrower fixed effect model we will be able to account for
borrower-level unobservables. This dataset contains 9,809 loans from 2,419 borrowers, and the
number of loans for each borrower ranges from 2 to 7. We use the sequence of loans within
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borrowers as the time variable. Results from the model, reported in Table 3, are consistent with
our findings in the main analysis. We also test for autocorrelation in this panel data model using
the approach suggested by Wooldridge (2010), and find no evidence of autocorrelation.
Table3. Borrower Panel Model Results
Variables
Borrower Panel Coeff
Odd Ratios
Spelling errors
0.425** (0.215)
1.530** (0.328)
Grammatical errors
0.00248*** (8.24e-4) 1.002*** (8.26e-4)
Lexical complexity (FOG)
0.0301* (0.0183)
1.031* (0.0188)
Positivity
-0.227* (1.220)
-1.254* (1.530)
Positivity2
-0.160 (0.389)
-0.852 (0.332)
Objectivity
-0.182*** (0.0404) -0.833*** (0.0337)
Concreteness
-0.104* (0.226)
0.902* (0.204)
Non-first-person pronouns
0.0867* (0.0518)
1.091* (0.0565)
Spatial information
-0.136* (0.0819)
-0.873* (0.0715)
Temporal information
-0.311** (0.143)
-0.733** (0.105)
Negation emotion
0.0617 (0.0479)
1.064 (0.0509)
Notes:
1. Robust standard errors in parentheses (* p<0.10 ** p<0.05 *** p<0.010)
2. Control variables were included but not reported for brevity.
In the second test, we use an instrumental variable approach. More specifically, we use
the linguistic feature metrics of the focal borrower’s friends on Prosper.com (c.f. Lin et al. 2013)
who are also borrowers themselves. Linguistic features of borrower friends should be valid
instruments for a borrower’s own linguistic features, for two reasons. First, the expansive
literature on homophily suggests that friends are likely to have similar backgrounds, so their
linguistic features should be correlated with each other. Second, a borrower friend’s linguistic
features cannot directly affect a focal borrower’s loan repayment. This is consistent with an
auxiliary finding in Lin et al. (2013) that the number of friends who are borrowers themselves
has no significant bearing on any outcome of loans. Therefore, we compute each of the linguistic
feature values for each of the focal borrower’s friends who are borrowers, and use the median
value across a focal borrower’s friends and use that value as an instrument for the focal
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borrower’s linguistic feature metric16. Due to the large number of variables and since our goal is
to check for robustness of our findings, we instrument for one dimension of linguistic features at
a time (i.e., testing the robustness of one hypothesis at a time). Results, as reported in Table 4,
are mostly consistent with our main findings.
Table 4: Instrumental Variable Model Coefficients
Variables
Spelling errors
Grammatical errors
Lexical complexity
(FOG)
Positivity
Positivity2
Objectivity
Concreteness
Spatial information
Temporal information
Non-first-person
pronouns
Negative emotion
First stage adjusted R2
Notes:

R-IV

P-IV

O-IV

D-IV

0.0821***
(0.393)
0.000416***
(7.53e-05)
0.00543**
(0.00217)
-0.568***
(0.115)
0.144***
(0.0442)
-0.00463*
(0.00419)
0.168***
(0.0219)
-0.0459***
(0.00722)
-0.0396
(0.0249)
0.0252***
(0.00654)
0.0229***
(0.00398)
0.2264
(p<0.0011)

0.0539***
(0.0175)
0.000571**
(0.000252)
0.0421**
(0.00345)
-0.408**
(1.617)
0.0130**
(0.0325)
-0.0333**
(0.00040)
0.0208**
(0.287)
-0.0508**
(0.0198)
-0.0250***
(0.0244)
0.0186**
(0.0176)
0.0484**
(0.0214)
0.7582
(p<0.0012)

0.0148***
(0.0286)
0.000136*
(0.000142)
0.0283*
(0.00272)
-0.225**
(0.108)
0.0153
(0.0895)
-0.0203*
(0.000105)
0.0138***
(0.0362)
-0.0720***
(0.00978)
-0.0311***
(0.0378)
0.0109*
(0.00795)
0.0117***
(0.0428)
0.4729
(p<0.0000)

0.0333**
(0.0240)
0.000468**
(0.000221)
0.000893*
(0.00432)
-0.400**
(0.164)
0.0163
(0.0370)
-0.0136***
(0.00496)
0.0979**
(0.0423)
-0.0753**
(0.0293)
-0.0350**
(0.0152)
0.0284***
(0.0221)
0.0168**
(0.142)
0.3696
(p<0.0000)

1. Robust standard errors in parentheses (* p<0.10 ** p<0.05 *** p<0.010).
2. R-IV: readability instrumental variable model; O-IV: objectivity instrumental variable model; PIV: positivity instrumental variable model; D-IV: deception instrumental variable model.
3. Control variables are included but not reported for brevity.

16

To further ensure that linguistic features of friends are correlated with those of the focal borrowers, if the borrower
has friends who are in the same credit grade, we focus on those borrowers only in this calculation. However this
refinement is not critical; results are similar when we do not impose this.
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4.2.5.2. Generalizability: Replicating using data from LendingClub.com
One possible critique of our explanatory model is that we only use data from Prosper.com. While
Prosper.com data has been used widely in many published studies, to further ensure the
generalizability of our findings, we replicate our explanatory model using data from another
major peer-to-peer lending site in the US, LendingClub.com. We obtained information on all
46,290 LendingClub loans that were originated between Jan 1, 2008 and December 31, 2013. We
then use the same method to extract linguistic features and construct explanatory models.
Results reported in Table 5 show that the majority of our findings still hold in this new
dataset. The only exception is grammatical errors, which is insignificant. However, this can be
attributed to website policies: Texts on LendingClub.com are much shorter (an average of 46
words per loan) than Prosper.com (an average of 135 words). Under such space constraints, it is
less likely for borrowers to make grammatical errors. The empirical variation of this variable is
therefore smaller and less likely to be statistically significant. .
Table 5. LendingClub.com Repayment Probability Model
Variables

LC (Coeff)
LC(ME)
0.0713***
0.0170***
(0.0224)
(0.00532)
-0.000415
-9.88e-05
(0.000315)
(7.50e-05)
0.0167*** 0.00398***
(0.00489)
(0.00116)
-0.0167123* -0.0262929*
(0.00488)
(0.00713)
0.006563
0.01192
(0.000273)
(0.000120)

Spelling errors
Grammatical errors
Lexical complexity
(FOG)
Positivity
Positivity2
Objectivity

-0.0113238** -0.036001**
(0.00393)
(0.00997)
0.000656** 0.000156**
(0.000273)
(6.50e-05)
0.0230*** 0.00547***
(0.00664)
(0.00158)
-0.0113*** -0.00269***
(0.00393)
(0.000936)

Concreteness
Non-first-person
pronouns
Spatial
Information
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Temporal
Information
Negation
Words
Observations

-0.0175*** -0.00417***
(0.00422)
(0.00100)
0.0272*** 0.00647***
(0.00560)
(0.00133)
46,280
46,280

Notes:
1. Robust standard errors in parentheses (* p<0.10 ** p<0.05 *** p<0.010)
2. LC (Coeff): LendingClub model coefficients; LC(ME): LendingClub marginal
effects.
3. Control variables were included but not reported for brevity.
4.2.5.3. Robustness: Loan Loss Percentage as an Alternative Outcome Variable
Our main model uses a binary indicator (defaulted or not) as the outcome variable. We now
examine an alternative dependent variable, i.e., the percentage of principal lost on a loan. If there
is no default, this number will be zero. We therefore estimated a Tobit model with the same set
of independent variables as our repayment probability model. We estimated the standard errors
using the robust Huber-White sandwich estimator. As shown in Table 6, linguistic feature results
are again all qualitatively consistent with our main model. Additionally, the squared term of
positivity is now statistically significant, showing that overconfident borrowers are indeed more
likely to default when we use more fined-grained measurement of loan performance (H2).
Table 6. Results of Robustness Tests
Principle Percentage Loss
Variables
Model
Repayment Model With Topics
Spelling errors
1.620*** (0.495)
0.0500*** (0.0179)
Grammatical errors
4.6e-3* (0.00251)
3.01e-4*** (8.62e-05)
Lexical complexity (FOG)
0.518* (0.793)
0.00320* (0.00171)
Positivity
-8.77*** (3.888)
-0.442** (0.216)
Positivity2
Objectivity
Concreteness
Spatial information
Temporal information
Negation emotion
Non-first-person pronouns
Topic 1 (education)

9.587*** (1.187)
-0.453*** (0.0895)
1.217** (0.553)
-0.617*** (0.209)
-1.167*** (0.339)
0.199* (0.114)
0.621*** (0.128)

28

0.0854 (0.0627)
-0.0135*** (0.00318)
0.105*** (0.0283)
-0.0274*** (0.00717)
-0.0473*** (0.0121)
0.0117*** (0.00416)
0.00421 (0.00458)
-0.106** (0.0466)

Topic 2 (employment)
Topic 3 (Business)
Topic 4 (family)
Topic 5 (credit history)

0.130*** (0.0426)
0.159*** (0.0434)
0.103** (0.0412)
-0.182*** (0.0388)

Notes:
1. Robust standard errors in parentheses (* p<0.10 ** p<0.05 *** p<0.010)
2. For credit grades, AA is the baseline.
3. Control variables were included but not reported for brevity.

4.2.5.4. Robustness: Controlling for Text Contents
Published papers that focus on linguistic features rarely, if ever, control for contents of texts.
This is partly because automated text content coding is still a developing field. As mentioned
earlier, the contents of texts that borrowers write on Prosper.com are neither verified by the
platform, nor legally binding on borrowers. Nevertheless, using small samples of manually
coded texts, several studies on peer-to-peer lending suggest that the content, or what the
borrowers write, can still be indicative of loan quality (Herzenstein et al. 2008; Michels 2012;
Sonenshein et al. 2011)17. We now investigate if our results still hold when we account for
contents of texts.
Due to the scale of our dataset, manual coding is not possible. To automate the process of
content detection and extraction, we implement the Latent Dirichlet Allocation (LDA) topic
modeling approach to extract major topics of loan texts, following Blei et al. (2003). We identify
six major topics—expense and income, education, employment, business, family, and credit
history—and classify loan description texts into corresponding topics18.

17

It should be also noted that these studies do not consider linguistic features.
Latent Dirichlet Allocation (LDA) is a generative probabilistic model that is commonly used for topic modelling.
It models documents as a mixture of latent topics, where each topic is defined to be a distribution over words and
has different probabilities(Blei et al. 2003). In our study, we first used LDA model to derive the possible topics of
loan descriptions, then defined the topic of a description by selecting one topic that possesses the highest probability.
LDA is among the most successful recent learning models, but can be heavily domain-specific due to the bag-ofwords used for topics (Blei 2012).
18
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We add these content variables to our loan repayment model, and report the results in
Table 6. It should be noted that linguistic features and linguistic contents capture different things,
but to be cautious, we checked for multicollinearity in this new model, and found no correlations
between linguistic features and text contents. Most important, our results remain mostly
consistent after controlling for the contents of texts.
4.2.5.5. Discussion: Can we Trust These Texts?
One possible concern for the explanatory model (and perhaps also the predictive model
later) is that these texts may not have been written by the borrower themselves. Borrowers may
ask others to “package” their descriptions to increase the chances of receiving loans. In addition,
borrowers may try to match the language of funded loans from the past. While these may appear
plausible, they are not the case in our study. The most important reason is that: a direct test of the
above scenarios is exactly what we do in this paper. If texts are not written by borrower
themselves or are the result of successfully imitating someone else, then the linguistic features
that we study will not be significant in explanatory models, and adding these variables will not
improve the prediction models that we will discuss in the next section. But we have shown that
linguistic features do explain loan outcome, and we will show that incorporating them improves
the performance of prediction models. These scenarios therefore, are unlikely to be a first order
concern in our study.
There are some other minor but still important reasons why these two scenarios are not
likely. For the first scenario, note that debts on Prosper.com are personal loans, which is usually
a very private matter (this is the reason that Prosper.com does not allow personally identifiable
information on listings). So even if the borrower is comfortable asking someone else to edit, that
someone else is most likely from the borrower’s immediate family or social circle, who will still
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share similar economic and social status (and therefore capability and willingness to repay) as
the borrower themselves. In that case, the results will not change. For the second scenario, if it
were true, we should observe that the average values of the linguistic feature variables should all
be improving over time. That did not turn out to be true either; we do not observe any clear
upward or downward trend in any of the linguistic feature variables. And finally, perhaps
addressing both scenarios, one most likely venue where the borrower may have had help with the
descriptions is when they are part of a group on Prosper.com. It is most likely when the group
leader can financially benefit from the successful funding of the loan. Prosper.com allowed this
“commission” for a short while, which is documented in Hildebrand et al. (2013). We create a
dummy variable to capture listings where group leaders have a non-zero reward, and interact that
variable with linguistic feature variables. Results show that these interaction terms are not
statistically significant. Therefore, even when the borrower was most likely to have received
direct help in the writing process (due to financial rewards for the group leaders), we find no
evidence that linguistic feature variables have lower explanatory power.
All above additional analyses demonstrate the explanatory power of linguistic features.
Next, we turn to predictive modeling, and investigate if linguistic features can help improve
prediction accuracy of loan defaults.
4.3. Predictive Analyses
While the explanatory models provide strong evidence that the four different dimensions of
linguistic features are related to the loan’s quality, there remains the question whether these
linguistic features can help better predict the default of loans. Following Shmueli and Koppius
(2011), we take our analysis one step further and build a predictive model. If the prediction
model can indeed improve its prediction accuracy by incorporating linguistic features that we
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extracted, it not only further confirms the importance of texts, but also supports our approach of
automatically quantifying text in online crowdfunding. This will help reconcile an important
discrepancy that we observe so far: while lenders consider texts in their decisions, platforms are
concerned that the presence of texts may slow down loan funding process. To our knowledge,
ours is the first predictive model based on linguistic features in online crowdfunding.
4.3.1. Methods, Variables, and Models for Predictive Analyses
The goal of our model is to predict a binary outcome (default or not). Following Padmanabhan et
al. (2006), we use the classification method rather than regression because classification requires
fewer distributional assumptions about the data, and accommodates a wide range of data types.
Among different classification methods, we use Support Vector Machine (SVM)19 because it is
considered one of the most effective classification methods (Cui and Curry 2005).
We draw on the existing literature to build several different prediction models. First, we
follow Eliashberg et al. (2007) and only include linguistic variables in our predictive model. This
can help reveal the true predictive capabilities of these features without the “help” of other more
traditional variables. Second, we start with a model that includes non-linguistic information such
as standard financial information, then examine if model’s performance improves when
linguistic feature variables are incrementally added to the classifier. This approach is very similar
to Ghose and Ipeirotis (2011) and Ghose et al. (2012). For consistency, we use the same set of
variables that we use in our explanatory model. The first classifier does not consider any
linguistic features, and we call it the “baseline” classifier. The second set of classifiers use the
same variables as the baseline classifier, plus one and only one category of linguistic features

19

SVM is a supervised machine learning approach that can greatly improve the classification accuracy by
maximizing the distance among different classes in a high-dimensional space. It has been successfully implemented
in numerous real-word learning tasks (Tong and Koller 2002).
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(readability, objectivity, positivity, or deception cues). By comparing the prediction power of
these classifiers, we will be able to identify which category of linguistic features provides the
most gain in prediction accuracy. Finally, we incorporate all linguistic features along with the
non-linguistic variables in the classifier, and we call it the “full” classifier.
For all models, we set a 70/30 split for training and testing sets, and use a stratified 10fold cross-validation for model evaluation. We run each model 10 times and all results are based
on the 10-run average. To compare model performance, we use prediction accuracy and area
under the ROC curve (AUR) because the number of repaid loans is larger than the number of
those defaulted20, following prior literature (Ghose and Ipeirotis 2011; Ghose et al. 2012; Lobo et
al. 2008).
4.3.2. Predictive Results and Discussion
The results of our first analysis, in which we only use linguistic variables and nothing else, are in
the upper left corner of Table 7. The Accuracy value compares favorably to the benchmark
values of 67.3% and 55.78% according to the “maximum chance criterion” and “proportional
chance criterion” (Morrison 1969), respectively.
Table 7. Predictive Analysis Results
Linguistic Dimension Only

Baseline Model

20

Baseline + Readability

AUC is more appropriate when classes have different size since AUC count for the false positive rate as well. A
ROC curve is a technique for visualizing, organizing and selecting classiﬁers based on their performance and has
been increasingly used in machine learning communities (Fawcett 2006) and prediction modeling. For a review,
please see Fawcett (2006). For a prior application of ROC curves, please see Bradley (1997).
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AUC:0.637 Accuracy:72.43%

AUC:0.597 Accuracy:65.72%

AUC:0.659 Accuracy:74.18%

Baseline + Positivity

Baseline + Objectivity

Baseline + Deception Cue

AUC:0.612 Accuracy:73. 45%

AUC:0.665 Accuracy:75.48%

AUC:0.679 Accuracy:76.69%

Full Model

AUC:0.712 Accuracy:78.49%

The remaining charts in Table 7 show that all models with linguistic feature variables
have higher AUC values and larger predictive accuracies than the baseline model (with no
linguistic variables). In addition, the single-linguistic-dimension classifier with the best
performance is baseline plus deception cues. This echoes our results in the explanatory models,
in that variables for deception cues have the largest marginal effects. If we could only choose
one category of linguistic features to focus on, the best candidate is deception cues. Finally and
not surprisingly, the full model that incorporates all linguistic features performs the best. The
performance of our prediction models, especially the full model (AUC 0.712; Accuracy 78.49%),
compare favorably to published studies that involve text. For example, Eliashberg et al. (2007)
achieve 61% prediction accuracy for box office sales prediction using movie scripts. In Archak
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et al. 2011, the addition of product review contents increased AUC values for product sales
prediction from 0.574 to 0.644.
We further conduct t-tests to compare the performance of baseline against other models,
following prior literature (Abbasi et al. 2012; Abbasi and Chen 2008; Abbasi et al. 2010). The
performance gains are significant with p-values of 0.043 or lower. We further test the predictive
validity by performing a predictive test on a holdout sample, and obtain similar results. In
addition, we also find that, as data on more loans become available, the prediction performance
of our model increases. For brevity we do not report these results here.
An additional benefit of our prediction model, especially the one involve deception cues,
is to detect potentially fraudulent loan requests. In our sample, 5.19% of all defaulted loans
started to default in the very first month after origination. It is reasonable to assume that these
borrowers had no intention to repay when requesting loans. Even when we use only baseline plus
deception cues prediction model, we achieved 98.86% accuracy and 0.814 AUC. These results
further attest to the validity of our prediction models, especially the deception cues features.
These results from our predictive model have significant economic value due to the size
of the crowdfunding market. As mentioned earlier, debt crowdfunding in the US originated more
than $8.9 billion in loans in the year 2014 alone. If linguistic features could help us avoid even
one percent of bad loans, that could translate into substantial benefits for all stakeholders.
So far, both our explanatory and predictive models show that texts provided by borrowers
in their loan request includes useful information that can help predict whether loans will default.
This seems to explain why lenders are more hesitant to invest when borrowers do not provide
texts. On the other hand, a more important question is: When texts are available, do lenders
interpret the information value of texts correctly? We address this in the next section.
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5. Do Lenders Correctly Interpret Linguistic Features?
If investors were able to correctly interpret the information value of linguistic features as we
have found in this paper, then we should observe that linguistic features that predict higher
likelihood of default should also predict lower probability of funding before the request became a
loan. This is essentially a linguistic “efficient market hypothesis” for crowdfunding. If not, it will
suggest that there are still arbitrage opportunities in the market that are not fully taken advantage
of. Whether our data confirms or refutes this hypothesis, testing the above conjecture has
important implications for practitioners and policymakers.
We therefore examine how linguistic features of loan requests are associated with their
likelihood of successful funding. To this end, we expand our dataset to include all loan requests
posted by borrowers on Prosper.com during the same period of time, regardless of whether the
requests were funded and became loans or not. We then use the same method to extract linguistic
features for all these requests. Our unit of analysis is each loan request, and the main dependent
variable is whether or not a request was successfully funded. Our independent variables remain
the same as our previous explanatory model21, including the linguistic features. We report
summary statistics of data used in this model in Appendix D. Due to the binary nature of
outcome variable (funded = 1), we estimate the following probit model (logit model yields very
similar results):
Probability (Funded=1) = β0+ β1×Readabilityi+β2×Sentimenti+ β3×Subjectivityi
+ β4×Deceptioni + β5×ControlVariables i + ζi

21

We use the same set of variables so that we can easily compare the findings from both funding success and loan
default, and better interpret whether investors have fully utilized these valuable “linguistic signals.” Our approach
that includes the same set of variables for both funding success and default is consistent with previous studies (Lin et
al. 2013; Lin and Viswanathan 2015; Pope and Sydnor, 2011).
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Results and a summary of findings of models 5 are reported in Tables 8 and 9,
respectively. For brevity, we do not discuss each covariate in details here.
Table8. Funding Success Model Results
Funding Success Model
Variables
Funding success
Probit Funding Coeff
Marginal Effects
-0.0539***
-0.0194***
Spelling errors
(0.0125)
(0.00450)
-0.000228***
-8.20e-05***
Grammatical errors
(2.32e-05)
(8.34e-06)
0.00312**
0.00112**
Lexical complexity (FOG)
(0.00123)
(0.000444)
1.626***
0.584***
Positivity
(0.193)
(0.0693)
-0.365***
-0.131***
Positivity2
(0.0597)
(0.0214)
-0.0191***
-0.00686***
Objectivity
(0.00252)
(0.000905)
-0.0199
-0.00717
Concreteness
(0.0194)
(0.00698)
0.0167***
0.00601***
Spatial information
(0.00324)
(0.00116)
0.0584***
0.0210***
Temporal information
(0.00772)
(0.00277)
0.0101***
0.00364***
Non-first-person pronouns
(0.00287)
(0.00103)
0.00781***
0.00281***
Negative emotion
(0.00262)
(0.000940)
Observations
331665
331665
Notes:
1. Robust standard errors in parentheses (* p<0.10 ** p<0.05 *** p<0.01)
2. Control variables and intercept were included but not reported for brevity.

Table9. Key Findings of Funding Probability Model
Relations
Comments
Readability – Funding Probability Requests that contain less spelling and grammatical
errors are more likely to be funded.
Positive requests are more likely to be funded.
Positivity - Funding Probability
Overconfident ones are less likely to be funded
Objectivity - Funding Probability Requests that contain more objective information are
less likely to be funded.
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Deception - Funding Probability

Investors can only correctly interpret spatial and
temporal information.

Some interesting patterns emerge from this analysis. We find that our linguistic “efficient
market hypothesis” is supported for some features; but, for quite a few other features, investors
are not able to interpret the “cues” correctly. The features that investors are generally able to
correctly interpret include part of readability and positivity. For example, loans that are easier to
read (fewer spelling and grammatical errors), which are less likely to default (H1), are indeed
more likely to be funded. Similarly, loans that are more positive are more likely to be funded.
This is consistent with our findings on H2.
On the other hand, for objectivity and deception cues, investor behaviors are often
contrary to the repayment outcome of the loans. Most remarkably and quite unfortunately, some
of the deception cues are indeed able to successfully “deceive” investors. Specifically, investors
are more likely to fund loans that have more non-first-person pronounces and negation words,
even though these deception cues are well established in the literature (Pennebaker et al. 2003).
Out of the many deception cues, one saving grace is that investors are indeed able to interpret the
value of temporal and spatial information, as they are less likely to fund a loan when it is lower
on those metrics. We also find that investors are less likely to invest in loans that have higher
objectivity scores, even though our previous tests show that loans that score higher on this aspect
are less likely to default. This appears to suggest a behavioral bias among investors, which
means that they can be swayed by subjective and emotional appeals, a finding that echoes Lin
and Viswanathan (forthcoming).
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To ensure the robustness of these findings, we also estimate an instrumental variable
model for funding probability, using the same instrument (borrower friend linguistic features) as
we did in Section 4.2.5.1. Results again remain highly consistent22.
To sum up, while investors are able to correctly interpret the value of some linguistic
features such as readability and sentiment, they are more susceptible to manipulations by or
ignore some other features, especially deception cues. If we juxtapose results in this section on
investor behaviors and the prior results on repayment probabilities, at least some market
efficiency gains could have been achieved if the platform or investors exploit linguistic features
in a scalable fashion, as we did in this study.

6. Discussions, Implications, and Future Research
Our study is the first to systematically study the role of linguistic styles of texts (i.e., how loan
requests are written) in an online debt crowdfunding (also known as peer-to-peer lending)
market. Using a unique dataset from a leading platform, Prosper.com, we draw on existing
literature that mostly examines linguistic features one at a time, and jointly investigates their
relationship to loan quality and investor behavior. We use machine learning and text mining
techniques to quantify and extract linguistic features in a scalable fashion, then build both
explanatory econometric models and predictive models surrounding linguistic features. We find
that the readability, positivity, objectivity and deception cues embedded in texts written by
borrowers can indeed reflect borrowers’ creditworthiness and predict loan default.
The main findings of this paper are as follows. Using natural experiments and borrower
panel datasets, we first confirm that investors indeed value texts written by borrowers. Then, we
find that if a loan’s textual descriptions are less readable, less optimistic, less objective, or richer

22

Due to space constraints we do not report the detailed results here, but they are available from the authors.
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in deception cues, it is less likely to be repaid and more likely to lose more of its principal. These
results are robust when we use a borrower panel data model, or use the borrower’s friend
linguistic features in an instrumental variable framework. They are also robust when we control
for automatically extracted text contents. Almost all results still hold when we use data from
another website, LendingClub.com. In addition, we find that incorporating linguistic features
helps improve the performance of prediction models for loan default. Among the four individual
linguistic features, deception cues provide best predictive powers. However, a prediction model
that integrates all four categories performs even better. And last but not least, we test a
linguistics-based “efficient market hypothesis” and find that investors interpret the information
value of most linguistic features correctly, but not all. For example, they still fall for some wellknown deception cues that are indicative of “lemons” among loans. Therefore, there are indeed
opportunities for arbitrage, or room for market efficiency improvement if we exploit these
linguistic features in a scalable fashion as we did in this study.
Our study makes the following contributions. First, our study is the first large scale study
of the informational value of texts in debt crowdfunding, contributing to the literature that
addresses the fundamental issue of asymmetric information in crowdfunding. Second, our study
provides a comprehensive picture of text in this market, because it uses not only explanatory
models but also predictive models, and examines not only the repayment outcome of loans, but
also how investors interpret linguistic features. Third, whereas prior studies in social science that
examine linguistic features only focus on a particular dimension, we investigate multiple
linguistic features that have been widely identified in the literature as pertaining to
trustworthiness, and have generally accepted means of automatic extraction. This allows us to
contribute to the growing literature on “texts” by examining whether individual features are still
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impactful when used in conjunction with other features. Last but not least, our study contributes
to the growing literature in crowdfunding by examining texts, an almost universal “tool” and a
potential signaling mechanism for all types of crowdfunding.
There are important implications from this paper for both researchers and practitioners.
First, we show that it is indeed possible to extract economically meaningful linguistic features in
a scalable fashion. Therefore, platforms or third parties can potentially find opportunities to
improve market efficiency by better leveraging linguistic features, rather than ignoring them.
Second, we show that investors do not always interpret the information value of linguistic
features correctly. This provides opportunities for investor education, especially retail investors
who may be less sophisticated and therefore more gullible. Alternatively, the platform could
implement this and other fraud detection techniques even before allowing those listings to be
posted publicly. This will improve the loan performance in their portfolio and have long-term
benefits. And last but not least, for IS researchers, our study illustrates the benefits of drawing on
multiple disciplines and multiple methodological domains. The methods that we use in this
paper, especially the predictive models and text mining techniques, can be fruitfully applied to
other online contexts ranging from other types of crowdfunding, to other types of electronic
commerce, or social media.
Some limitations of our study can be fertile grounds for future research. First, for
information scientists and computer scientists, there may be additional linguistic features specific
to the crowdfunding context that are not yet identified in the literature, and therefore not
incorporated in our paper yet. It is beyond the scope of our paper to do this, so we focus on
features that are not only relevant to trustworthiness, but also have been applied in the literature
to multiple fields, and have well-established methods of automatic extraction. The possibilities
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are limitless because there are always new ways to characterize texts. Second, for researchers
interested in crowdfunding, our study and our methods can be readily adapted or extended to
other types of crowdfunding, be it donation, rewards, or equity. It is unfortunately not possible
or practical for us to generalize to other types of crowdfunding in the scope of this paper. While
it is logical to expect that texts should be even more important there because of the lack of
objective financial information (as debt crowdfunding provides), whether and how texts matter
there is ultimately an empirical question. And finally, additional research can be done to further
improve the accuracy of linguistic feature extractions, which is an actively developing field.
Despite these limitations however, the comprehensive set of models and results in this paper fills
an important gap in the crowdfunding literature, and provides a solid first step in understanding
the value of texts and other unstructured information in crowdfunding and online markets.
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Appendices (For Online Publication Only)
Appendix A: Borrower panel data model on funding probability as a function of the
presence of texts
We estimate the following logit model with borrower fixed effects:
Probability (Funded=1)it = γ0+ γ 1×NoTextsit+ γ 2× ControlVariables it + ƞi+ εit
Where i is the ith borrower, t is the t-th listing from that borrower, and NoTexts means that the
borrower provides no texts on that listing (coded as “1”). The coefficient of NoTexts variable in
our results is negative and shows that listings without texts are less likely to be funded. The odd
ratio for loan requests without texts is 0.41, meaning that if a borrower switches from providing
texts to not, their odds of being funded are reduced almost 60%.
Table AA. Funding Probability Model
Variables

Coefficients
-0.775***

NoTexts

(0.219)
3.597***

Credit grade A

(0.733)
2.720***

Credit grade B

(0.722)
2.120***

Credit grade C

(0.716)
1.375*

Credit grade D

(0.712)
0.483

Credit grade E

(0.710)
-0.630

Credit grade HR

(0.708)
Debt-to-income-ratio

-0.160***
(0.0227)
-0.748***

Funding option

(0.0398)
1.991***

Group member

(0.0551)
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Notes:
1. Robust standard errors in parentheses (* p<0.10 ** p<0.05 *** p<0.010)
2. For credit grades, AA is the baseline.

Appendix B: A discussion on machine learning vs. lexicon approaches for sentiment
analysis
Machine learning approach requires a pre-coded training dataset (derived from manual coding)
that consists of texts and their labels. Researchers use models generated from this training set to
accomplish certain tasks, such as classification, association rule mining, and clustering. This
approach usually shows great accuracy in the domain in which the classifier is trained (Aue and
Gamon 2005). By contrast, the lexicon based approach can be faster, provided that an
appropriate dictionary is available. Some well-known lexicons for sentiment analysis include the
SentiWord Net (SWN) lexicon (Esuli and Sebastiani 2006) and the Harvard-IV-4 dictionary
(Tetlock 2007; Tetlock et al. 2008).
Appendix C: Technical Details on Linguistic Feature Measurements
(1) Readability
Our spelling error corpuses are from two sources: Peter Norvig spelling errors list (Jurafsky and
James 2000), which includes Wikipedia misspelling list, and Birkbeck spelling error corpus
(Mitton 1987) gathered from Oxford Text Archive. The spelling error variable is defined as total
spelling errors in a loan description. We randomly chose 300 loan descriptions and had one
research assistant manually examined the calculated scores. We achieved precision 97% and
recall about 91% for spelling error check.
Stanford statistical PCFG parser is a natural language parser that generates the
grammatical structure of sentences, for instance, which groups of words go together (as
"phrases") and which words are the subject or object of a verb. Probabilistic parsers use
knowledge of language gained from hand-parsed sentences to produce the most likely
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grammatical structure of new sentences. However, this statistical parser still produces parsing
score even the sentence is grammatically wrong. To maximize the probabilities of correctly
parsed grammatical structures, we calculate the probability score by averaging the probability
scores generated from top 5 most possible grammatical structures. The error probability is the
difference between 1 and previous generated grammatical probability score. Our grammatical
score is the log value of the error probability. The performance of this statistical parser is about
86.36% for F1 score (Klein and Manning 2003).
(2) Positivity and Objectivity
To quantify positivity and objectivity, our first step is to prepare a manually coded
sample of texts from our dataset of loan descriptions to help construct our classifiers. We used
stratified sampling and extracted a 1% random sample of all loan request descriptions from each
credit grade, and chunked each description into sentences to form our coding data set. To ensure
accuracy and consistency, two research assistants coded sentences in this sample dataset. Each of
them defined each sentence as negative, neutral, or positive in terms of positivity; and as
objective or subjective in terms of objectivity. The agreement rate is 90% for 3,790 coded
listings. Subsequently, we further divided the coded texts into training (70 % of total coded texts)
and testing sets (30% of total coded texts). To build positivity classifier, we constructed several
classifiers by combining different features and used SVMlight multiclass package (Crammer and
Singer 2002), to train and test our data sets with all parameters set to default values (Joachims et
al. 2009). As can be seen from the results in table below, classifier built on the combination of
unigram and POS tag performed the best, achieving precision of 85.25% and recall of 98.73%23.
Table AC (2) Positivity Classification Results

23

Precision is referred as true positive rate, the fraction of retrieved instances that are relevant, while recall is the
fraction of relevant instances that are retrieved (Jurafsky and James 2000).
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Feature Sets

Precision Recall

Unigram/POS tag

85.25% 98.73%

Unigram
Unigram/bigram/ tri-gram

84.73% 98.10%
84.70% 95.10%

Adjective

80.85% 78.57%

We built subjectivity classifier using features similar to those used in Barbosa and Feng (2010)
but with extensions, including numbers of polarity words (negative, positive, and neutral words),
strong or weak subjective words, modal words (such as “can” and “would”), numbers, unigrams,
unigram/POS tag, bi-Char, adjectives, and adverbs. The polarity score and subjectivity clues are
derived from the OpinionFinder lexicon (Wilson et al. 2005a) and used in the study of Wilson et
al. (2005b). This lexicon includes 8,000 subjectivity clues compiled from several sources, each
clue was marked with either strong subjective (i.e., subjective in most contexts) or weak
subjective (i.e., only have certain subjective usage), and also with polarity (i.e., positive,
negative, or neutral). We constructed the objectivity classification model by using Joachims
(1999) SVM package that implements the Support Vector Machine of Vapnik et al. (1997) with
all parameters set to default values. We achieve precision of 85.32% and recall of 87.56%
(3) Deception Cues
Currently there are three approaches to detect deception (Masip et al. 2005). The first approach is
based on the measurement, recording and analysis of the psychophysiological activity of the
subject being examined. The most known example is polygraph test. The second approach
focuses on the verbal content of subject’s speech and the last approach focuses upon nonverbal
aspect of deception. In online lending context, we do not observe the physical activities of
borrowers and listen to their speeches so our dimensions of deception cues are chosen based on
the last approach-nonverbal cues. Nonverbal cues can be interpreted on the basis of linguisticsbased cues such as self-reference (Zhou et al. 2004). Linguistic cues further fall into two general
50

categories: nonstrategic linguistic cues, which reflect the psychological processes experienced by
deceivers, and strategic cues that are strategically used by deceivers (Toma and Hancock 2012).
We measure nonstrategic cue in three sub-dimensions: cognitive load, internal
imagination, and negative emotion. Cognitive load is one of the most common non-strategic cue
and measured by concreteness. The concreteness of each list description is calculated as the
mean value of the concreteness of all content words in this text, as implemented in the CohMetrix program (Graesser et al. 2011). The concreteness value of each content word is extracted
from MRC Psycholinguistic Database described by Wilson (1988). One assistant manually
examined calculated scores for randomly selected 100 loan descriptions and observed 98%
accuracy.
We use temporal and spatial information to measure internal imagination based on the
Reality Monitoring Theory (Johnson and Raye 1981). We operationalized temporal information
by using both Stanford SUTime parser (Chang and Manning 2012) and LIWC time component
(Pennebaker et al. 2001). The temporal score is the combination of results from both Stanford
SUTime parser and LIWC time component. Stanford SUTime parser is a deterministic rulebased system designed for time expression extraction with accuracy of F1 score about 0.92
(Chang and Manning 2012). LIWC time component is a list of words that have temporal
semantic meaning. We achieved about 97% accuracy for finding correct temporal words in
randomly selected samples. We measured spatial information also by implementing two
approaches: Stanford name entity recognizer (Finkel et al. 2005) and LIWC space words
(Pennebaker et al. 2001). Stanford name entity recognizer use Conditional Random Field (CRF)
to extract spatial expression. The common accepted accuracy is 0.88 for F1 score (Finkel et al.
2005). Similarly, LIWC space component is a list of words that relate to spatial meaning. The
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spatial score is the combination of results from both Stanford name entity recognizer and LIWC
space component.
Our last important nonstrategic cues is negative emotion. We quantify negation emotion
from two sources: content negation word (Hancock et al. 2007) and functional negation word
(Toma and Hancock 2012). Content negation word are negating words such as “not” and
“never”. Functional negation words are words that are semantically negative. Our functional
negation words are from LIWC dictionary that categorizes words into different emotional states
(Pennebaker et al. 2001). The emotion score is the combination of both results. Our accuracies
for extracting both types of negation words are around 90% and 98 percent, respectively.
We only measure one dimension of strategic cue: dissociation. Deceivers tend to use
more non-first person pronouns (e. g. “he”, “him”, or “her”) in their writings in order to
dissociate themselves from their fabricated stories (Hancock et al. 2007; Newman et al. 2003;
Toma and Hancock 2012). A non-first person pronoun score is computed as the percentage of the
number of non-first person pronouns to the total words of a text. We achieve 97% accuracy for
identifying them.
(4) Variable Definition and Measurements
Table AC (4) Main Variable Definitions (without credit grade)
Variable Names
Definition and Measurements
Linguistic variables information
Spelling
Spelling mistakes in loan descriptions. Total spelling errors in a
errors
loan description are used.
Grammatical
The less likely probability of grammatical structure of a loan
Readability errors
description. It is log value of the probability.
Lexical
The Gunning-Fog Index (FOG) score. It is used to measure the
Complexity
complexity of a sentence and calculated based on formula.
(FOG)
Positivity
Positivity
Average positivity score of a text.
Objectivity
Objectivity
Average objectivity score of a text.
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Concreteness
Spatial
Information
Deception
Cues

Temporal
Information

Non-firstperson
pronouns
Negative
Emotion
Hard Credit Information
Credit Grade
Debt-to-income-ratio
Borrowers’ bank card
utilization
Credit inquiries

Average concreteness score of a text.
Spatial words are from both Stanford name entity parser and
LIWC space word list. Spatial score is the sum of these two
values.
Temporal words are from both Stanford SUTime parser and
LIWC time dictionary. Temporal score is the sum of these two
values.
Percentage of first or second pronouns in a text
Negative words are from both content and functional negation
words. Negation score is the sum of these two values.
Dummy variables indicating borrower’s credit grade (letter AA,
A, B,C,D,E, HH)
Borrowers’ debt-to-income-ratio
Number of credit line that borrower has used
Number of inquiries about credit report in the six months before
listing.

Auction characteristics

Funding options

Loan amount
Category
Text length
Word length
Social information
Group membership
Friend investments

The funding options is a dummy with one of the following
values:
 Open for duration- The listing is open for its duration.
 Close When Funded-The listing will close as soon as it is
fully funded.
Loan amount requested by borrowers.
A series of dummy variables specify loan category defined by
borrower.
total length of a text.
Number of characters per word of a loan description
A dummy indicating whether borrower is a group member
A dummy indicating whether friends of this borrower have
invested in this loan request.

Additional variables
Monthly Fixed Effects

A series of dummy variables specify the months when the loans
are originated.

(5) Summary statistics for Repayment Probability Models.
Table AC (5) Summary Statistics of Models (Loans)
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Variable Names
Spelling errors
Grammatical errors
Lexical complexity (FOG)
Positivity
Objectivity
Concreteness
Spatial information
Temporal Iinformation
Non-first-person pronouns
Negative emotion
Credit grade
Debt-to-income-ratio
Borrowers’ bank card utilization
Credit inquiries
Funding option
Loan amount
Category
Text length
Word length
Group member
Friend investments
Month-of-loan-origination

Obs
Mean
33975
0.315
33975
-42.39
33975
6.747
33975
1.528
33975
-3.396
33975
155.191
33975
8.455
33975
8.811
33975
0.010
33975
1.207
33975
5.106
33975
0.275
33975
2.113
33975
9.168
33975
0.880
33975 6,266.927
33975
2.490
33975
139.521
33975
4.758
33975
0.197
33975
0.0385
33975
8.454

Std.
Dev.
0.464
19.394
5.662
0.450
3.156
59.924
23.418
9.444
0.013
1.735
1.852
0.722
0.017
0.033
0.324
5,237.64
3.195
135.046
1.221
0.398
0.192
3.358

Min

Max

0
-108.7
0
0
-3.87
0
0
0
0
0
1
0
0
0
0
1,000
0
0
0
0
0
1

4
0
22.489
3.039
2.40
441.67
39
76
0.25
37
8
10.01
124
52
1
3,5000
20
1141
10.19
1
1
12

(6) Multicollinearity Analysis
As shown in following table, there is no systematic correlation or multicolinearity among these
variables because the VIF values are all less than 10 (O’brien 2007). The condition number,
which is 5.6281 and less than 10, also indicates the global stability of the regression coefficients.
Table C (6) Multicollinearity Test
Variables Nam
VIF Tolerance
Spelling errors
1.23
0.8144
Grammatical errors
1.76
0.5683
Lexical Complexity (FOG) 1.75
0.5709
Positivity
3.79
0.2641
Objectivity
1.67
0.5983
54

R2
0.1856
0.4317
0.4291
0.7359
0.4017

Eigenval
Cond Index
0.9408
2.8314
2.3814
0.6749
3.3428
3.3428
0.5672
3.6465
3.6465
0.4973
3.8944
3.8944
0.3298
4.7821
4.7823

Concreteness
Spatial Information
Temporal Information
Negative Emotion
Non-first-person pronouns
Mean VIF

2.73
1.16
2.47
1.66
1.1
1.93

0.3667
0.8594
0.4056
0.6007
0.9075

0.6333
0.1406
0.5944
0.3993
0.0925

0.1722
6.6185
0.1475
7.1511
0.0786
9.7971
0.0373
14.2157
0.0123
24.7141
Condition Number

1.9169
2.2626
5.6281
1.629
1.7523
5.6281

Appendix D: Summary Statistics of Variables (Loan Requests)
Table AD Summary Statistics of Linguistic Features (Loan Requests)
Variable Names
Obs
Mean
Std. Dev.
Min
Max
Spelling errors
331665
0.315
0.464
0
4
Grammatical errors
331665
-77.39
22.394 -138.7
0
Lexical Complexity (FOG)
331665
10.747
6.568
0 30.9437
Positivity
331665
1.377
0.56
0
3.039
Objectivity
331665
-2.9996
2.7285 -3.87
2.4
Concreteness
331665
124.237
40.456
0 441.67
Spatial Information
331665
7.01163
12.629
0
39
Temporal Information
331665
7.40687
8.63731
0
89
Non-first-person pronouns
331665
0.01081
0.01528
0
0.25
Negative Emotion
331665
1.01624
1.64895
0
37
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