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Abstract
Enabled by the wave of online crowdsourcing activities, extracting the Wisdom of Crowds
(WoC) has become an emerging research area, one that is used to aggregate judgments,
opinions, or predictions from a large group of individuals for improved decision making.
However, existing literature mostly focuses on eliciting the wisdom of crowds in an offline
context—without tapping into the vast amount of data available on online crowdsourcing
platforms. To extract WoC from participants on online platforms, there exist at least three
challenges, including social influence, suboptimal aggregation strategies, and data sparsity.
This dissertation aims to answer the research question of how to effectively extract WoC
from crowdsourcing platforms for the purpose of making better decisions. In the first study,
I designed a new opinions aggregation method, Social Crowd IQ (SCIQ), using a time-
based decay function to eliminate the impact of social influence on crowd performance. In
the second study, I proposed a statistical learning method, CrowdBoosting, instead of a
heuristic-based method, to improve the quality of crowd wisdom. In the third study, I
designed a new method, Collective Persuasibility, to solve the challenge of data sparsity in
a crowdfunding platform by inferring the backers’ preferences and persuasibility. My work
shows that people can obtain business benefits from crowd wisdom, and it provides several
effective methods to extract wisdom from online crowdsourcing platforms, such as

StockTwits, Good Judgment Open, and Kickstarter.



EXTRACTING THE WISDOM OF CROWDS FROM
CROWDSOURCING PLATFORMS

Qianzhou Du
General Audience Abstract
Since Web 2.0 and mobile technologies have inspired increasing numbers of people to
contribute and interact online, crowdsourcing provides a great opportunity for the
businesses to tap into a large group of online users who possess varied capabilities,
creativity, and knowledge levels. Howe (2006) first defined crowdsourcing as a method for
obtaining necessary ideas, information, or services by asking for contributions from a large
group of individuals, especially participants in online communities. Many online platforms
have been developed to support various crowdsourcing tasks, including crowdfunding
(e.g., Kickstarter and Indiegogo), crowd prediction (e.g., StockTwits, Good Judgment
Open, and Estimize), crowd creativity (e.g., Wikipedia), and crowdsolving (e.g., Dell
IdeaStorm). The explosive data generated by those platforms give us a good opportunity
for business benefits. Specifically, guided by the Wisdom of Crowds (WoC) theory, we
can aggregate multiple opinions from a crowd of individuals for improving decision
making. In this dissertation, | apply WoC to three crowdsourcing tasks, stock return
prediction, event outcome forecast, and crowdfunding project success prediction. Our
study shows the effectiveness of WoC and makes both theoretical and practical

contributions to the literature of WoC.
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1 Introduction

Since Web 2.0 and mobile technologies have inspired increasing numbers of people to
contribute and interact online, crowdsourcing provides a great opportunity for the
businesses to tap into a large group of online users who possess varied capabilities,
creativity, and knowledge levels. Howe (20006) first defined crowdsourcing as a method for
obtaining necessary ideas, information, or services by asking for contributions from a large
group of individuals, especially participants in online communities. Many online platforms
have been developed to support various crowdsourcing tasks, including crowdfunding
(e.g., Kickstarter and Indiegogo), crowd prediction (e.g., StockTwits, Good Judgment
Open, and Estimize), crowd creativity (e.g., Wikipedia), and crowdsolving (e.g., Dell
IdeaStorm).

Enabled by the wave of online crowdsourcing activities, extracting the Wisdom of
Crowds (WoC) has become an emerging research area, one that is used to aggregate
judgments, opinions, or predictions from a large group of individuals for improved decision
making. However, existing literature mostly focuses on eliciting the wisdom of crowds in
an offline context—without tapping into the vast amount of data available on online
crowdsourcing platforms. For example, research by Simmons et al. (2011) created a
season-long NFL football prediction experiment where all participants were offline, and
all made predictions without interacting with each other. Budescu and Chen (Budescu and
Chen 2015) organized a Forecasting ACE project where volunteer judges were invited to
answer questions. These experiments were performed in a controlled environment, and it
was assumed that the participants had good intentions, provided their best judgments, and

made independent decisions. However, it is challenging to extract WoC from participants



on online platforms, as their participation comes with various motivations (e.g., spreading
false propaganda) and these online interactions influence other participants. This
dissertation aims to answer the research question of how to effectively extract WoC from
crowdsourcing platforms for the purpose of making better decisions.

The WoC theory explains the phenomenon in which the aggregated opinion from a
diverse group of individuals is closer to the truth than any individual in the group (Galton
1907). Prior studies have provided empirical evidence that supports this standpoint (Davis-
Stober et al. 2014, Mannes et al. 2012, Vul and Pashler 2008). Individual judgments are
often subject to cognitive biases, such as bounded rationality (Alvarez 2016, Simon 1997),
limited information processing capability (Epp 2017), overconfidence (Bazerman and
Moore 2008, Moore and Healy 2008), impact biases (Bettman et al. 1998, Bottom 2004),
and salience biases (Camacho et al. 2011, Lee et al. 2011).

Surowiecki discussed three crowd characteristics that help create a wise crowd:
independence, diversity of opinions, and decentralization (2005). Independence means that
individuals make judgments without being influenced by other people in the crowd. A
diverse group of individuals who independently make judgments is expected to make a
better group decision than the average individual, because individual biases can be
canceled out (Clemen 1989, Soll and Larrick 2009). Decentralization refers to the extent
to which each individual in a crowd is able to specialize and draw from his or her local
knowledge. In addition to crowd characteristics, Surowiecki also stressed the importance
of an opinion aggregation mechanism that turns individual judgments into a collective
decision (Surowiecki 2005). While most crowd characteristics are difficult to control,

especially in an online environment, the aggregation mechanism can be designed to



overcome individuals’ cognitive biases and dynamically select individuals to form a wise
crowd with high levels of independence, diversity, and decentralization.

I have identified three important challenges for effectively aggregating crowd opinions
from crowdsourcing platforms. First, the existing opinion aggregation methods that are
developed mostly for traditional offline crowds fail to account for the social influence that
commonly exists among online community participants (Muchnik et al. 2013, Turner
1991). Traditional crowd wisdom literature (Budescu and Chen 2015, Simmons et al. 2011)
has an underlying assumption that the individuals in a crowd all make independent
judgments without interacting with one another. However, this assumption is problematic
when extracting the wisdom of crowds formed in online communities. Prior works have
shown evidence that a crowd of individuals is likely to make a better decision when their
judgments are made independently (Lorenz et al. 2011, Muchnik et al. 2013, Surowiecki
2005). It is necessary to understand how social influence in online crowds impacts crowd
wisdom. Subsequently, new opinion aggregation methods can be developed for online
crowds.

The second challenge is that existing opinion aggregation methods are designed with
heuristics. The simplest heuristic involves taking the majority opinion from a crowd. One
state-of-the-art method, the Contribution Weighted Method (CWM) (Budescu and Chen
2015), only aggregates opinions from positive contributors based on past prediction
performance. The heuristics used in those methods, like other heuristics, help us to quickly
find a satisfactory solution or method; however, the solution to the particular problem is

not necessarily optimal (Koehler and Harvey 2008, Tversky and Kahneman 1974).



The heuristics used in existing opinion aggregation methods have two shortcomings.
First, they are subject to a positive bias, which is commonly associated with heuristics.
Existing opinion aggregation methods assign higher weights to the judges with good
historical prediction performance, while a lower weight is assigned to those who performed
poorly in the past. Sometimes, the judges with poor performance are even completely
ignored in the opinion aggregation procedure. However, the information theory (Cover and
Thomas 2012, Jaynes 1957), suggests that those individuals who consistently make
incorrect judgments may still possess predictive power due to their contribution to reducing
information entropy or impurity (Breiman 1984, Jaynes 1957, Shannon 1948).

The second shortcoming lies in a bias caused by the availability heuristic, which implies
that people search for a satisfactory solution that can be readily recalled from their memory
based on the degree of ease rather than accuracy (Tversky and Kahneman 1974). In the
context of opinion aggregation, existing methods determine each individual’s weight based
on the individual’s past prediction results. This can easily be collected and recalled from
past events, assuming no dependency exists among individuals’ judgment. For example,
Brier Weighted Model (BWM) (Brier 1950) assigns each judge a weight by only
considering the past prediction of the judge—without considering other judges’ decisions.
The CWM determines judges’ weights by considering the contribution of each judge
relative to other judges who make predictions in the same event. However, the CWM still
fails to recognize the dependency or influence among judges when determining their
weights. Heuristic-based opinion aggregation methods cannot fully account for the inner

relationships and patterns hidden in individual judgment. It is necessary to tap into the



power of statistical and machine learning and learn underlying patterns hidden in an
individual’s judgment in order to achieve better opinion aggregation performance.

The third challenge is that online participation can be very sparse. The composition of
online crowds changes greatly over time and from one event to another. The famous 80-20
rule applies to most online communities, where 20 percent of the participants contribute 80
percent of the online content. The majority of the participants only make sparse
contributions. For example, on the most famous crowdfunding platform, Kickstarter, there
are about 425 thousand projects and 50 million pledges made by approximately 15 million
backers. Each backer pledges less than 4 projects on average. Another example is
StockTwits, a social networking platform for investors and traders to create market-related
posts. In 2014 alone, approximately 1.8 million stock trend predictions were posted by
148,932 users for 9,303 stock tickers. On average, each user only made 12 predictions.
Opinion aggregation based on online user activities may suffer from the data sparsity
problem. Data sparsity refers to the difficulty of finding reliable and sufficient users; they
generally are associated with only a small portion of items or events (Guo et al. 2014,
Moshfeghi et al. 2011). In opinion aggregation, data sparsity can reduce both the reliability
of judges’ weights and the information scope of the crowd. The problem prevents most
existing opinion aggregation methods from achieving satisfactory performance.

The three chapters of my dissertation address the three challenges discussed above,
respectively. In Chapter 2, guided by the WoC theory (Surowiecki 2005) and the social
influence theory (Friedkin 1998, Turner 1991), I designed a novel opinion aggregation
method, namely Social Crowd IQ (SCIQ), which includes three methodological elements.

First, I designed a time-based decay function to reduce the effect of social influence. This



function gives greater weight to those individuals making early judgments than those
making the same judgments later on. To better differentiate individual abilities, I calculated
the estimation payoff of each prediction instead of the dichotomous view of predictions
when evaluating individuals’ weights based on past prediction performance. Lastly, I
considered all individuals’ estimations rather than just positive contributors. It is possible
that those opinions made by the individuals without a stellar prediction history can still
emerge from our aggregation process if their voices are loud enough. I used controlled
experiments to show that SCIQ outperformed the baseline opinion aggregation methods
for the two crowd decision tasks of stock returns and event outcome forecast. In addition,
I conducted functional testing to show that all the three design elements are important in
achieving the best crowd prediction performance.

In Chapter 3, guided by the WoC theory and the statistical learning theory (STL) (Hastie
et al. 2009, Vapnik 1999), I proposed a new opinions aggregation model, CrowdBoosting,
to replace the heuristic-based methods. Those heuristic-based methods may not be optimal
solutions for opinion aggregation, as they might lead to the two potential issues in existing
literature as following 1) Prior works fail to deliver a proper method for determining each
judge’s weight because they ignore the contributions from the individuals who consistently
make wrong forecasts. 2) Previous studies fail to consider the dependence among judges
in a crowd when aggregating their opinions.

To address these two issues, I first chose Gini Impurity (Breiman 1984) to measure
each judge’s predictive power as the weight in the opinion aggregation method, and then I
applied a STL-based method (CrowdBoosting, a tree-based boosting method) to form the

crowd’s decision by considering the dependence among individuals. The results show that



CrowdBoosting significantly outperforms all the baseline methods in terms of the quadratic
prediction score, prediction accuracy, and the F-1 score. Additional analysis showed that
the judges with consistently poor performance could still provide significant contributions
to opinion aggregation, and the crowd selected by CrowdBoosting had a lower dependence
than the crowd selected by the state-of-the-art opinion aggregation method.

In Chapter 4, the crowd wisdom approach was applied to another crowdsourcing task,
crowdfunding success prediction. In the proposed model of Collective Persuasibility, each
backer’s persuasibility is identified based on the textual analysis methods, and his or her
weight is thus differentiated in the crowdfunding success prediction model. First, I
proposed a method guided by language expectancy theory (LET) to infer the backers’
preferences (Burgoon et al. 2002). LET concludes that people have their own expectations
or preferences with respect to appropriate language usage in given situations (Burgoon et
al. 2002, Burgoon and Miller 1985). Positively or negatively violating the expected
language features can impact the attitude of the target listener in the persuasion process
(Averbeck 2010). Thus, each backer’s preference can be estimated based on earlier pledged
projects. Second, I defined each backer’s persuasibility as the cosine similarity score
between his or her language preference and the project content. Lastly, backers’
persuasibility was collected and input to a statistical learning method for crowdfunding
success prediction. The results showed that identifying the preference of each backer and

differentiating his or her weights could significantly improve the prediction performance.
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Figure 1.1 Research Framework

Based on the above discussions, I propose the research framework in Figure 1.1. My
research can potentially help businesses and individuals make decisions by extracting
wisdom from a large group of individuals with varying knowledge backgrounds, creativity
levels, and capabilities. The results of the three studies show that my proposed methods
can significantly outperform the baseline methods. My work makes several methodological
contributions by designing and extending the opinion aggregation method to extract

wisdom from social crowds.



First, I designed a new opinions aggregation method, SCIQ, using a time-based decay
function to eliminate the impact of social influence on crowd performance. Second, I
proposed a statistical learning method, CrowdBoosting, instead of a heuristic-based
method, to improve the quality of crowd wisdom. Third, I designed a new method,
Collective Persuasibility, to solve the challenge of data sparsity in a crowdfunding platform
by inferring the backers’ preferences and persuasibility. My study shows that people can
obtain business benefits from crowd wisdom, and it provides several effective methods to
extract wisdom from online crowdsourcing platforms, such as StockTwits, Good Judgment

Open, and Kickstarter.



2 Social Crowd IQ: Extracting Wisdom from Social

Crowds

2.1 Introduction

Fueled by the explosive growth of Web 2.0 in the past decades, the Wisdom of Crowds
(WoC) has been widely applied in various areas. WoC is an emerging task that is used to
aggregate judgments or predictions from a large group of individuals for better judgments
and decision making. The WoC theory explains the phenomenon in which the aggregated
opinion from a diverse group of individuals is closer to the truth than any individual in the
group (Galton 1907). Several studies have provided empirical evidence for the
phenomenon (Davis-Stober et al. 2014, Mannes et al. 2012, Vul and Pashler 2008).
Individual judgments are often subject to cognitive biases such as bounded rationality
(Alvarez 2016, Simon 1997), limited information processing capability (Epp 2017),
overconfidence (Bazerman and Moore 2008, Moore and Healy 2008), impact biases
(Bettman et al. 1998, Bottom 2004), and salience biases (Camacho et al. 2011, Lee et al.
2011). A diverse group of individuals who independently make their judgments is expected
to make a better group decision than the average individual because individual biases can
be canceled out (Clemen 1989, Soll and Larrick 2009). A group decision can be a simple
majority vote. However, a majority vote might not achieve the optimal group decision. For
example, when a group is subject to a systematic bias (e.g., when the majority of the
individuals is influenced by a market signal), the group can deliver inaccurate predictions
(Simmons et al. 2011). On the other hand, groups may perform well under certain

circumstances and poor under others. Budescu (2006) makes some suggestions to
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improving groups work in three ways, including maximizing the relevant information
scope, reducing the impact of extreme factors, and increasing the credibility and validity
of the aggregation process. Surowiecki (2005) also stresses the importance of having an
opinion aggregation mechanism in which individual judgments can be turned into a correct
collective decision.

Existing opinion aggregation methods often rely on heuristics and past judgment
performance to derive weights for individuals before aggregating their opinions (Budescu
and Chen 2015, Cooke et al. 1991, Lin and Cheng 2009). The weights indicate individuals’
expertise or abilities in information processing and judging. However, those methods have
been developed for traditional crowds where influence among individuals is minimal or
assumed to be non-existent in order to obtain independent judgments. The assumption is
apparently questionable for the social crowds formed in social media or online
communities. Agarwal et al. (2014) define a social crowd as a crowd of individuals formed
in social media sharing views and information. Compared to those who belong to a
traditional crowd, the participants in a social crowd can influence each other's opinions
through online interactions. Surowiecki (2005) argues that a crowd of individuals is likely
to make better predictions when working independently. Muchnik et al. (2013) show
evidence that "social influence substantially biases rating dynamics in systems designed to
harness collective intelligence.” Lorenz (2011) demonstrates that even mild social
influence can undermine crowd wisdom in simple estimation tasks. Therefore, opinion
aggregation for social crowds must account for the social influence among the individuals.

Another aspect that existing opinion aggregation methods ignore is prediction payoff.

To be more specific, those methods treat all predictions with the same outcome (e.g.,
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correct or incorrect predictions) equal. However, different predictions of the same outcome
may yield different payoffs. For example, a correct stock trend prediction yielding a 0.01%
return is trivial compared to one yielding a 20% return. Ali (2008), Marden and Shama
(2012), and Gohler et al. (2009) suggest that a payoff or utility based estimation can
improve the quality of decision analytics. Therefore, we propose to consider prediction
payoff in addition to the correctness of prediction outcome when weighting the individuals
in a crowd.

Existing opinion aggregation methods tend to favor those individuals who make more
correct predictions than others by assigning them higher weights. Some methods, such as
the Contribution Weighted Model (CWM) (Budescu and Chen 2015), choose a small
subset of individuals based on their past prediction performance relative to others in order
to achieve better crowd wisdom. However, it is possible that some individuals consistently
make incorrect predictions. Existing opinion aggregation methods often treat those
individuals as poor contributors by assigning them small weights or excluding them from
opinion aggregation. Such a treatment may be problematic, especially for dichotomous
prediction problems in which those individuals may actually help contribute to the crowd
wisdom by reducing information entropy (Jaynes 1957, Woodward 2014) for the prediction
task. According to Ojala et al. (1996), we believe what matters in assigning weights to
individuals for opinion aggregation should be the discriminative power of those individuals
instead of the correctness of their judgments. This is similar to evaluating the information
gain of each feature for building a decision tree classifier (Quinlan 1986, Yang and

Pedersen 1997).
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To address the aforementioned problems in existing opinion aggregation methods and
extract wisdom from social crowds, we propose a new opinion aggregation model, namely
Social Crowd 1Q (SCIQ). We make three novel methodological contributions to opinion
aggregation literature. First, we design a time-based independence decay function that
accounts for possible social influence affecting individual judgments in a social crowd.
Second, we evaluate individuals’ past prediction performance by designing the proper
estimation payoff to determine their weights. Last, rather than using a small crowd of
selected individuals for opinion aggregation, we include all individuals in the hope that the
predictions made by those without a stellar prediction history can still emerge from our
aggregation process if their voices are loud enough. Moreover, our method can award high
weights to those individuals who consistently make incorrect judgments in the past.
Following the evaluation guidelines set forth by Hevner et al. (2004) and Gregor and
Hevner (2013), we evaluate the performance of SCIQ using controlled experiments and
illustrate the effectiveness of our design by comparing it to existing opinion aggregation
methods. We also examine the effectiveness of each of the three designed elements in
SCIQ.

This paper is structured as follows. In Section 2 we review existing opinion aggregation
methods and identify the research gap. In Section 3, we describe the design of our proposed
opinion aggregation method for extracting wisdom from a social crowd. In Section 4, we
evaluate our proposed method in comparison to four baseline methods using data extracted
from StockTwits, an online stock prediction community. We also conduct additional
sensitivity analyses to show the effectiveness of our method in different prediction

scenarios. In Section 5, we test the robustness of our proposed method using another dataset
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collected from Good Judgment Open, an online forecasting platform. In Section 6, we
conclude the paper with implications of our work followed by a discussion on the

limitations and future work.

2.2 Related Works

Opinion aggregation methods collectively consider individual judgments or predictions to
form a crowd prediction for a future uncertain event. They often have a weighting scheme
to determine the relative expertise or judging capability of each individual before
aggregating their predictions as a weighted linear or geometric means. Some weighting
schemes are based on heuristics, such as educational level, seniority, professional status,
and peer ratings (Aspinall 2010, Clemen 1989, Simmons et al. 2011). Data-driven
weighting schemes are used to weigh individuals empirically based on their past judging
performance (Aspinall 2010, Cooke et al. 1991, Wang et al. 2011). The simplest opinion
aggregation method is Unweighted Means (UWM) (Dawes 1979, Mannes et al. 2012). It
simply aggregates all individual judgments with an equal weight, assuming that each
judgment is independently made and equally important (Mannes et al. 2012). Dawes (1979)
shows that the equal weight method can outperform average individuals in three prediction
tasks including the prediction of neurosis or psychosis, students' predictions of their GPA
scores, and the prediction of future faculty ratings. However, UWM may not be optimal
because it fails to consider individuals' differences in their capability of acquiring useful
information and making correct predictions. The incapable individuals may drag down the
average performance of the crowd. Evgeniou et al. (2013) empirically show that
underperforming stock analysts are more likely to make hasty predictions that may cause

an aggregated prediction to a worse position. Lee et al. (2011) examine the effect of crowd
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wisdom using data extracted from the "Price Is Right" game show. They find that those
opinion aggregation methods taking into consideration individuals' strategies and bidding
histories outperform individual estimations (Lee et al. 2018). All of these results suggest
the importance of considering individuals' differences such as their expertise and capability
in the opinion aggregation process.

Several studies have explored different ways to determine individual weights based on
their past judgment performance (Aspinall 2010, Budescu and Chen 2015, Cooke et al.
1991, Lin and Cheng 2009). Cooke’s weighted models adopt the Brier score (Brier 1950)
to weigh each judge in the crowd (Cooke et al. 1991). Those individuals who have better
historical judging performance receive higher weights than others when aggregating
individual judgments. Lin and Cheng (2009) show that the performance-based weighting
scheme significantly outperforms the unweighted model. Budescu and Chen (2015) argue
that an individual's judgment performance is a relative concept and must be evaluated
relative to the crowd performance. They propose the Contribution Weighted Model
(CWM) that evaluates the relative performance of an individual by comparing the
performance of the crowd with the individual to that of the crowd without the individual.
It only aggregates the judgments from those who have a positive impact on the crowd
performance. Their experimental results show that CWM outperforms other opinion
aggregation methods.

Existing opinion aggregation methods have the following issues that may limit the
performance of crowd wisdom, especially in social crowds formed over social media or
online communities. The first issue is that existing opinion aggregation methods assume

individuals in a crowd make independent judgments without being influenced by others.
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However, individuals in a social crowd can be easily influenced by other members through
online interactions (Bakshy et al. 2011, Mannes et al. 2012, Yang and Leskovec 2010).
According to the social influence theory, individuals' attributes, beliefs, and actions can be
changed by their peers through compliance, identification, and internalization processes
(Kelman 1958). Aggregated crowd wisdom may suffer greatly when there is a lack of
independence (Surowiecki 2005). The second problem is that existing opinion aggregation
methods usually treat all predictions of the same outcome equal. For example, the outcomes
of a stock prediction task can be either a price increase (bullish) or a price decrease
(bearish). Those predictions correctly or incorrectly predicting the price trend are
considered the same. However, this dichotomous view of event outcomes fails to consider
the payoff of each prediction. For instance, a bullish prediction that results in a 10%
investment return rate is much more significant and valuable than one leading to a 0.1%
return rate. In addition, an occurrence prediction of an earthquake has a much more
significant financial impact than a non-occurrence prediction. Lastly, CWM, the state-of-
the-art opinion aggregation assumes that crowd performance should increase by just
considering those positive contributors instead of all participants. However, it is possible
that some individuals consistently make incorrect predictions. Existing opinion
aggregation methods treat those individuals as poor contributors by assigning them low
weights or excluding them from opinion aggregation. In dichotomous prediction problems,
however, those individuals may actually help contribute to crowd wisdom because their
judgments can be potentially used to reduce information entropy (Jaynes 1957, Woodward
2014) for the prediction task. What matters in assigning weights to individuals for opinion

aggregation should be the discriminative power of those individuals instead of the
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correctness of their judgments. This is similar to evaluating the information gain of each
feature for building a decision tree classifier (Quinlan 1986, Yang and Leskovec 2010). All
those issues with existing opinion aggregation methods prompt us to develop a better

opinion aggregation method for social crowds.

Social Crowd 1Q Model
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2.3 Social Crowd IQ: Opinion Aggregation for Social Crowds

In this paper, we propose a new crowd opinion aggregation method, namely Social Crowd
IQ (SCIQ). To account for social influence in a social crowd that may affect the
independence of individual judgments, we design a time-based decay function that gives
higher weights to those individuals making early judgments than those making the same
judgment later on. When evaluating individuals’ weights based on past prediction
performance, we propose to calculate the estimation payoff of each prediction instead of
the dichotomous view of predictions. This measure is better than the binary outcomes used
in existing opinion aggregation methods in differentiating individuals' cognitive abilities.
Using this weighting method, our method is capable of recognizing those individuals who
consistently make correct judgments as well as incorrect judgments (assuming the event
has two and only two outcomes). Lastly, we propose to consider all individuals’ predictions
rather than positive contributors only. Social media has many diverse and ever-changing
crowds across different prediction events. It is possible that those opinions made by the
individuals without a stellar prediction history can still emerge from our aggregation
process if their voices are loud enough. In addition, those individuals who consistently
make incorrect judgments in the past will be rewarded with a high weight in our method.
Figure 2.1 illustrates the process of the SCIQ method, which consists of two major
procedures. The weighting procedure is used to determine a weight for each individual
judge based on his or her past judgment performance. Given a future event, the aggregation
procedure is used to aggregate individuals' judgments as a weighted average in order to
reach a crowd decision regarding the outcome of the future event. We describe the details

of the SCIQ method in the rest of this section.
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2.3.1. The Weighting Procedure

A weight reflects a judge’s ability to make good judgments that result from a combination
of factors, such as domain expertise, information sources, and information processing
capability. Existing opinion aggregation methods often hold a dichotomous view over
individual judgments: a judgment can be either correct or incorrect. However, different
judgments may have a significant difference in terms of its estimation payoff. For example,
correctly predicting a Category 4 hurricane would have a much bigger estimation payoff
than correctly predicting a tropical storm. Given an individual's judgment made for a past
event, we calculate a raw judgment score based on the actual outcome of the event as
follows:

Raw_judgment_score ; = Correctness; * APayoff; 2-1)
where i denotes judgment i and APayoff; is a continuous value normalized between -1
and 1 representing the prediction payoff of judgment i. Correctness; is 1 if the judgment
is correct based on the actual outcome of the event and -1 otherwise:

Correctnessi = 1 if judgmenti is correct, or (2-2)
-1 if judgment; is incorrect.
The calculation of APayoff; is domain dependent. For example, in the stock return
prediction task (using StockTwits dataset), APayof f; can be calculated as the cumulative
abnormal return (CAR). The calculation in other domains can be defined accordingly.
APayoffis = CARytyix,s (2-3)
where CAR, ;. s is the cumulative abnormal return about stock s from day t+1 to day t+X.

In the event estimation task (using “good judgment open” dataset), we defined APayoff;
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as the probability weight that judges put on the option. The calculation in other domains
can be defined accordingly.

APayoff = Probabilyt on a particular option (2—-4)

The raw judgment score fails to account for the social influence that is common in a
social crowd. Social influence literature suggests that influence is predominantly a function
of the number of targets and sources of influence (Tanford and Penrod 1984). A recent
study uses different types of real online community data to show that social influence
increases over time as the number of influenced participants grows (Yang and Leskovec
2010). Therefore, we propose a time-dependent social influence function to quantify the
degree of social independence in a social crowd.

Degree of Independence = el1=#t=1] (2-5)
where t is a nominal time value representing the nominal order of the focal judgment within
all judgments made for the same event. For example, the value of t is 1 for the first
judgment made for an event and 2 for the second judgment made for the same event, and
so on. Ais a social influence decaying factor between 0 and 1, representing the decaying
speed. Figure 2.2 shows how the degree of influence changes over time when A is set to
0.05. After accounting for the influence of earlier judgments made for the same event by a
social crowd, we can calculate an independent judgment score for judge i as follows:
Independent_judgment_score;

= Raw_judgment_score ;  el1= 41 (2-6)
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Figure 2.2 Decay Function (A = 0.05)

For judge j, we can summarize his or her overall judging performance by calculating an

individual weight as the following:

7
individual_weight = <g]> 2-7
J

where ; is the average independent judgment score and o; the standard deviation of all
judge j's independent judgment scores. Therefore, a judge will receive a high weight if he
or she has a high average judgment score and a low variance (g;). The idea is similar to the
calculation of the signal-to-noise (SNR) ratio in signal processing where the reciprocal
ratio, u/ o, the dimensionless ratio between the signal power to the noise power (Johnson
2006). SNR is often used to measure signal quality. The higher the SNR value is, the better
strength and transmission quality the signal has (Johnson 2006). Based on this weighting
method, it is possible that there are some judges who will be assigned negative weighting
scores, which means these individuals consistently make the opposite predictions to the
ground truth. For these judges, we take the opposite of their judgments when aggregating
crowd opinions. For example, in the context of stock return prediction, if a stock is

predicted to be "bullish®, our model treats this prediction as "bearish".
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2.3.2 The Aggregation Procedure

The aggregation procedure is used to aggregate a crowd’s judgments made for a future
event. The judgments are weighted based on the voting individuals' weights calculated in
the weighting procedure. We calculate an overall weight for each decision outcome (bullish
or bearish), which represents the crowd's consensus regarding this particular outcome. The
overall outcome weight, Whc, is calculated for outcome c of event n using Equation (2-8):

Y jejnc individual_weight;  el*~#Eme=1]

YEm ¥ jene individual_weight; x e[t ~#Emne ]

Whe = (2-28)

where t;,,. denotes the nominal time order of judge ;s judgment among all the judges (Jnc)

who have made predictions on an outcome c for event n. For example, if an individual is
the fifth person among those who make bullish predictions for a particular stock, tj,.
equals to 5. The summation of Wnc over all the possible outcomes of an event is 1. When
determining a crowd judgment, we choose the outcome that has the maximum Wnc weight.

The state-of-the-art opinion aggregation methods, such as CWM (Budescu and Chen
2015), only consider those individuals with good prediction performance or positive
contribution to the crowd performance in the past. The elite group may dominate the crowd
decision. We argue that those individuals who did not make the elite group should not be
considered as being completely worthless and might still contribute to the crowd wisdom
regardless of their past performances. Our aggregation procedure accordingly considers all
individuals in a crowd in order to maintain a crowd with as much information gain as

possible and achieve a better crowd wisdom.
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2.4 Study 1: Stock Return Prediction

In this section, we first describe our data collection process, followed by an experiment
aiming to determine the proper crowd size. We then describe an experiment used to
evaluate the performance of SCIQ in comparison to four baseline opinion aggregation
methods for stock prediction tasks. We show the impact of the three design elements on
the performance SCIQ in the functional testing. Lastly, we apply SCIQ in different stock

prediction scenarios to show the reliability of our proposed method.

2.4.1 Data Collection
StockTwits® has become one of the largest and most active peer-based online investment
discussion communities in recent years. It provides a social platform for investors to share
their own opinions on financial securities. About 10 million messages on average are
posted in StockTwits each year. Similar to Twitter, StockTwits puts a restriction on the
length of the messages (140 characters). Figure 2.3 provides an example of StockTwits
messages. A StockTwits user can post his or her opinion about a particular stock indicated
by a "$" tag followed by a ticker symbol (e.g., SAMD). Each user is identified by a
username. StockTwits allows users to post messages with a prediction about the stock
being discussed, being either "bullish™ or "bearish”. This unique feature allows us to extract
and evaluate individuals' stock prediction performance.

We collected all StockTwits messages posted between January 1, 2014 to December 31,
2014. There are approximately 11 million messages posted for about 9,300 stocks,

marketing indices, and exchange-traded funds (ETF). Only 16% of the messages have

L https://www.stocktwits.com/
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prediction labels, which are necessary to evaluate individuals' judgment performance.
Messages without prediction labels were discarded. In this study, we only used those
messages posted for the most popular 100 stocks in S&P 500 because large companies can
attract many participants and form a crowd. If an individual makes more than one
prediction on the same day, we merge those predictions by taking the majority opinion and
use the first prediction time as the merged prediction time. Therefore, each individual has
at most one prediction on a particular day. We also filter the dataset by removing the users
with less than 10 predictions. In the end, there are 135,567 estimations posted by 3,134

StockTwits users.

Prediction Labels

Stock Tickers

@ tooking forward to great earning and fast speeds

Figure 2.3 StockTwits Message Examples

Following the prior work (Oh and Sheng 2011, Sul et al. 2017, Tetlock et al. 2008), we
define a prediction event to be the prediction of cumulative abnormal return (positive or
negative) in a particular time interval. We assume that a stock return prediction is made for

cumulative abnormal return from day t+1 to the Xth trading day later (i.e., t+X).

2.4.2 Performance Measure
Following the CWM design (Budescu and Chen 2015), we adopt a quadratic scoring

method (De Finetti 1962) that is commonly used to quantify crowd performance for
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aggregated opinions. Let N be the number of events forecasted and Cn the number of
possible outcomes for event n (wheren=1, ...., N). Additionally, we define Onc as a binary
indicator that represents the two possible states for outcome c (c=1, 2, ..., Cn) of event n:
1 (i.e., the outcome is true) and O (i.e., the outcome is not true). The expected crowd
performance for event n is calculated using a quadratic scoring rule:
Sp=a+bE(On — Wo)? 2-9)

As suggested by Budescu and Chen (2015), we let a be 100 and b -50. The score Sn
ranges between 0 and 100 with O being the worst crowd performance (when the predicted
outcome weight Whrc is the complete opposite of the event outcome Onc) and 100 being the
best (when the predicted outcome weight W equals to the event outcome Onc). For the
events with binary outcomes, the parameter values of a and b are determined in a way that
the expected Sn value is 75, assuming that the event outcomes are predicted to have an
equal chance of occurrence (i.e., Wnc=0.5). The quadratic score measures how close the

predicted outcome weight Whrc is to the real outcome.

2.4.3 Crowd Size

Social crowds are formed in a voluntary basis. There could be vastly different crowd sizes
for different prediction events. Bachrach et al. (2012) discuss the relationship between the
crowd size and crowd wisdom and conclude that a small crowd can possibly lead to an
underperforming crowd. It might be desirable to aggregate opinions from a large crowd for
better crowd wisdom. But there will be very few prediction events where the crowd size is
large due to the voluntary nature of online participation. We conducted experiments to
determine a proper threshold for the crowd size that can strike a balance between crowd

performance and the applicability of SCIQ. We used 10-fold cross-validation in our
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experiments. Following the previous work (Oh and Sheng 2011, Sul et al. 2017), we used
crowd opinions to predict stock price trend in 1 day (t+1), 10 days (t+10), and 20 days
(t+20) in this experiment. In addition, we arbitrarily set the parameter A in the social
influence decay function as 0.05.

We tested different crowd size threshold values ranging from 1 to 50 with an increment
of 5. In each experiment, we removed those events that had a crowd size smaller than the
threshold. Table 2.1 and Figure 2.4 shows the average crowd performance for each crowd
size threshold. The scores with three different time windows show a similar pattern. The
crowd performance score increases as the crowd size increases. The number of events
decreases significantly as the crowd size increases because large social crowds become
rare. We determined the optimal crowd size threshold to be 10 because the crowd
performance improvement became statistically insignificant afterwards. In addition, the
number of events became significantly few when the crowd size was greater than 10. It

would limit the applicability of our proposed method.

Quadratic scores over crowd size
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Figure 2.4 Crowd Performance with Different Crowd Size Threshold Values
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Table 2.1 Crowd Performance with Different Crowd Size Threshold Values

Diff. (p-value) Event number T+1 T+10 T+20
Size>=1 17,739 71.05 71.13 71.42
Size>=5 5,824 81.35 81.05 81.56
Size >=10 2,756 84.13 84.15 84.65
Size >= 15 1,647 85.59 85.46 85.97
Size >= 20 1,088 86.15 86.15 86.67
Size >= 25 802 86.71 86.82 87.59
Size >= 30 647 87.65 87.73 88.58
Size >= 35 544 88.06 88.24 89.1
Size >= 40 478 88.66 88.73 89.52
Size >= 45 429 89.37 89.56 90.57
Size >= 50 397 89.77 89.88 90.9

Table 2.2 Baseline Opinion Aggregation Models

Model Weighting Method Crowd for
Aggregation

UWM All judges have equal weights. All judges

(Mannes et al. 2012)

BWM Weights depend on the judges’ past All judges

(Brier 1950, Cooke et al. 1991) | prediction performance.

XBWM Weights depend on the judges’ past Top judges

(Budescu and Chen 2015) prediction performance.

CwM Weights depend on judges' contribution | Positive judges

(Budescu and Chen 2015) relative to the crowd performance relative to the
crowd

2.4.4 Comparison of Opinion Aggregation Models

To evaluate the performance of SCIQ, we chose four existing opinion aggregation models
summarized in Table 2.2 as our baseline methods. The first model, the Unweighted Mean
model (UWM) (Mannes et al. 2012), assumes that all judges have an equal weight. BWM
(Brier 1950, Cooke et al. 1991) and XBWM (Budescu and Chen 2015) are weighted

methods where weights are determined using binary prediction scores. Compared to BWM
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that aggregates all judges' opinions, XBWM only aggregates opinions from the top judges
who perform better than the average. CWM, which is the state-of-the-art opinion
aggregation method, determines individual weights based on each judge's performance

relative to the group and only uses positive contributors for opinion aggregation.

Table 2.3 Performance Comparison Against the Baseline Opinion Aggregation Methods

Model T+1 T+10 T+20

Mean SD Mean SD Mean SD
UWM 65.99 34.02 65.29 34.33 65 34.47
BWM 67.67 34.14 67.11 34.37 66.88 34.53
XBWM 68.03 38.25 67.58 38.38 67.59 38.37
CWM 69.28 34.17 68.74 34.29 69.63 33.28
SCIQ 84.13 18.9 84.15 19.1 84.65 18.77

Table 2.4 Statistical t-test for Performance Differences between Baseline Methods and SCIQ

Model T+1 T+10 T+20
Mean Improvement Mean Improvement Mean Improvement

Difference Rate | Difference Rate | Difference Rate

SCIQ-UWM 18.14*** 27.5% 18.86*** 28.9% 19.65*** 30.2%
SCIQ-BWM 16.46*** 24.3% 17.04*** 25.3% 17.77%** 26.6%
SCIQ-XBWM 16.1*** 23.7% 16.57*** 24.5% 17.06*** 25.2%
SCIQ-CWM 14.85%** 21.4% 15.41%** 22.4% 15.02%** 21.6%

Note: ***, ** and * denote p-value <0.01, <0.05, and < 0.1, respectively.

After filtering out those events with a crowd size smaller than 10, we had 2,756 events
left. Table 2.3 summarizes the performance of all opinion aggregation methods. As the
results show, SCIQ achieved the best crowd performance score compared to the baseline
methods in three different time intervals: t+1 day, t+10 days, and t+20 days. Statistical
paired t-tests (Table 2.4) show that SCIQ significantly outperforms the baseline opinion
aggregation methods. It is interesting to note that applying crowd wisdom to medium-long-

term predictions have the best performance. Both SCIQ and baseline models exhibit a
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similar pattern. We define the improvement rate as a normalized ratio: (the difference

between the two average scores)/(the mean score of the baseline model).

2.4.5 Functional Testing

Our proposed opinion aggregation method includes three design elements: 1) accounting
for the social influence in a social crowd; 2) considering the payoff of the estimations; 3)
using all participants rather than the top performing individuals for opinion aggregation.
To show the effectiveness of our design elements, we conduct functional testing by
building three variant methods and comparing their performances with that of the complete
SCIQ method. The first variant method (SCIQ alpha) has the social influence
consideration removed from both the weighting and aggregation procedures. In other
words, we used raw judgment scores (Equation 2-1) instead of independent judgment
scores in determining individuals' weights. The second variant (SCIQ_beta) has the
estimation payoff consideration removed from the weighting procedure. The third variant
(SCIQ_gamma) has the negative contributors removed from the aggregation procedure,
i.e., only uses positive contributors for opinion aggregation as in CWM. We ran the same
controlled experiments to compare the performances of SCIQ alpha, SCIQ_beta, and
SCIQ_gamma SCIQ with that of the complete SCIQ method. Table 2.5 shows that the
complete SCIQ method, which has all three designed features, significantly outperforms
SCIQ_alpha. The results show the importance of accounting for social influence among
individual judgments in a social crowd. Likewise, SCIQ also outperforms SCIQ_beta and
SCIQ_gamma respectively with statistical significance. Therefore, we conclude that all
three designed elements significantly contribute to the performance of opinion aggregation

in social crowds.
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Table 2.5 Functional Testing on the Effectiveness of the Three Design Features

Model T+1 T+10 T+20
Mean SD Mean SD Mean SD
SCIQ 84.13 18.9 84.15 19.1 84.65 18.77
SCIQ_alpha 81.46| 21.67 81.68 22.06 82.27 22.49
SCIQ_beta 69.92| 31.17 69.46 31.41 69.34 31.6
SCIQ_gamma 69.25 38 68.76 38.26 68.6 38.46
(@) Performance comparison of the three SCIQ variant methods
Model T+1 T+10 T+20
Mean Improvement Mean Improvement Mean Improvement
Difference Rate | Difference Rate | Difference Rate
SCIQ-
SCIQ_alpha 2.67** 3.2% 2.47** 3% 2.38** 2.9%
SCIQ-
SCIQ_beta 14.21%** 20.3% 14.69*** 21.1% 15.31*** 22%
SCIQ-
SCIQ_gamma 14.88*** 21.5% 15.39*** 22.4% 16.05*** 23.4%

(b) statistical paired t-test for performance differences between variant methods and SCIQ
Note: ***, ** and * denote p-value <0.01, <0.05, and < 0.1, respectively.

2.4.6 Financial Portfolio Simulation

The quadratic scoring rule provides a mathematical method to measure the performance of
opinion aggregation methods, specifically how close the predicted aggregated outcome is
to the actual outcome. But the measure falls short on reflecting the financial gain that the
proposed method brings to investment decisions and portfolio management. To address
this concern, we implemented a stock trading strategy that is driven by the social crowd
wisdom extracted using SCIQ. We first created a portfolio by distributing funds evenly by
purchasing the 11 stocks (namely AAPL, FB, GILD, KNDI, MNKD, NQ, PLUG, QQQ,
SPY, TSLA, and VRNG) that had the most activities on StockTwits in 2014, specifically
on January 1, 2014. On each subsequent trading day (t+1), we made a trading decision for
each stock based on the crowd opinions made for the stock on the previous day. When the

aggregated opinion for a stock was bearish, we sold all the shares of that stock. When the
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daily aggregated opinion was bullish, we either held the stock (if the stock had not
previously been sold) or bought the same number of shares back if we had sold them earlier.
When the aggregated opinion was neutral, no action was taken. We calculated the year-to-
date portfolio return at the end of each trading day. We used SCIQ and CWM as our trading
strategies, respectively. In addition, we included an S&P500 Index-based investment
strategy where we distributed all funds to an S&P500 Index fund at the beginning of the
investment period and kept holding it without further actions. Figure 2.5 shows the year-
to-date returns achieved over time by the three trading strategies. SCIQ outperforms both
CWM-based and the S&P500 Index-based trading strategies in most occurrences.
Specifically, SCIQ, CWM, and the S&P500 Index based trading strategies achieved a net

return rate of 46.28%, 40.59%, and 13.34%, respectively.
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Figure 2.5 The Year-to-date Portfolio Return Achieved by The Three Trading Strategies

2.4.7 Additional Analysis on the Predictive Power of SCIQ

SCIQ relies on individuals' past prediction performance to determine their weights. In this

paper, we dynamically determine the weights before we aggregate opinions each time. The
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weights will be recalculated based on all previous predictions. Although it can be more
computationally demanding, the weights should reflect the most updated prediction
performance for individuals. Therefore, we expect to achieve better-aggregated opinions.
We tested the performance of SCIQ in the scenario discussed. In addition to the dataset
collected for 2014, we collected StockTwits messages about 12,580 new events in 2015
with 310,951 predictions. The 2015 dataset was used to aggregate individual judgments for
predicting the cumulative abnormal return of each event. We compared the performance

of SCIQ to that of the four baseline models in the dynamic weight scenario.

Table 2.6 Performance Comparison in the Dynamic Prediction Scenario

Model T+1 T+10 T+20
Mean SD Mean SD Mean SD
UWM 63.71 34.73 64.25 34.68 64.15 34.8
BWM 66.28 34.98 66.96 34.92 66.95 35.04
XBWM 63.49 38.62 64.3 38.43 64.41 38.5
CWM 67.13 333 68.28 32.26 68.12 32.45
SCIQ 85.38 194 85.56 19.61 86.04 19.18
(a) Performance comparison of the four baseline methods
Model T+1 T+10 T+20
Mean Improvement Mean Improvement Mean Improvement
Difference Rate | Difference Rate | Difference Rate
SCIQ-UWM 21.67%** 34% 21.31%** 33.2% 21.89*** 34.1%
SCIQ-BWM 19.1%** 28.8% 18.6*** 27.8% 19.09*** 28.5%
SCIQ-XBWM 21.89*** 34.5% 21.26%** 33% 21.63*** 33.6%
SCIQ-CWM 18.25*** 27.2% 17.28*** 25.3% 17.92%** 26.3%

(b) Statistical paired t-test for performance differences between variant methods and SCIQ
Note: *** denotes p-value <0.01 for the performance comparison between SCIQ and each of the four
baselines

The Dynamic Prediction Scenario: In this scenario, we dynamically updated each
judge’s weight before aggregating the judge's opinion for each 2015 event. In other words,
a judge's independent judgment score is re-calculated using the judge's predictions made

in 2014 as well as the judge's predictions made in 2015 up until the focal event. Therefore,
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we can consider those judges who made predictions in 2015 but not in 2014. Table 2.6
shows the performance comparison in the dynamic prediction scenario. SCIQ still achieves
significantly better performance than all the baseline methods in t+1, t+10, and t+20

periods. The performance is even better than that reported in Table 2.3.

2.5 Study 2: Forecasting Events

Our proposed model, SCIQ, has been successfully applied to the context of stock return
prediction. In this section, we aim to test the generalizability of SCIQ using another dataset.
To this end, we collected a new dataset from the Good Judgment Open? (GJOpen) platform
to show the robustness of SCIQ. Moreover, we can test the effectiveness of each design
element in the new context. Further analysis and discussion are helpful for us to deeply

understand how each element contributes to the effectiveness of SCIQ.

STARTED Apr 13, 201801:00PM *+ CLOSING Jan 1, 2019 02:58AM

‘The Monkey Cage and@ Fareed Zokaria GPS asks nn%
Before 1 January 2019, will Robert Mueller cease to be cHALLENGES
Special Counsel?

Robert Mueller was appointed to serve as Special Counsel to investigate Russian interference with the 2016 presidential
election and related matters by Acting Atterney General Rod Rosenstein in May 2017 (U.S Department of Justice),

Confused? Check our FAQ or ask us for nelp,
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Figure 2.6 An Estimation Example from Good Judgment Open

GJOpen is a platform "harnessing the wisdom of crowds to forecast world events".

Online participants are asked to predict the outcomes for financial events, U.S. political

2 https://www.gjopen.com/
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events, entertainment events, and sports events. As shown in Figure 2.6, a judge makes a
prediction by assigning a probability (65%) to a potential outcome (e.g., the "Yes" outcome
to the question asked). The probabilities for all potential outcomes add up to one. In the
example shown in Figure 2.6, it implies that the probability of having the "No™ outcome is
35%. This platform is different from StockTwits in at least three aspects. First, the
estimation payoff is difficult to infer for those events not directly associated with a financial
return. We simply define the estimation payoff used in Equation (2-4) as the probability
difference between two possible outcomes for dichotomous prediction events. It is a good
opportunity to observe how SCIQ performs without an obvious financial payoff estimation.
Second, the events estimated by the judges in the GJOpen dataset are easier to predict than
stock return predictions in online investment communities because they usually do not
require domain knowledge and expertise. Moreover, the questions in GJOpen are discussed
widely in mainstreams media while stock predictions need much investigation in own

efforts.
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Figure 2.7 Accuracy Distribution of Judges in The Two Different Datasets
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As shown in Figure 2.7, GJOpen judges have a more skewed accuracy distribution than
the StockTwits judges. To be more specific, we find that about half of StockTwits judges
have achieved a prediction accuracy of at least 50%, while about 90% of GJOpen judges
have done the same. Third, it is less likely for GJOpen judges to make untruthful
predictions than StockTwits judges because they usually do not have a personal interest
tied to the event outcome. Individual judges in social media platforms may have vastly
different motivations for participation (van Kleek et al. 2015). Some are ill-motivated,
trying to misdirect or deceive others for obtaining benefits (Jindal and Liu 2008, van Kleek
et al. 2015, Lappas et al. 2016, Mukherjee et al. 2013). In summary, the GJOpen dataset
provides an opportunity to further understand how our proposed model SCIQ works,
especially the impact and effectiveness of the three design elements, in a different research

context.

2.5.1 Data Collection

We collected 371 prediction events with two potential outcomes (e.g., yes or no) that were
released by October, 2018. Following Budescu and Chen’s work (2015), we removed the
judges with less than 10 estimations. There were in total 267,176 predictions made by 2,991

judges for the 371 events.

2.5.2 Comparison of Opinion Aggregation Models

In this section, we used the same performance metrics described in Section 4.2 to measure
the performance of the opinion aggregation models. SCIQ and the four baseline methods
were applied to this GJOpen dataset. Table 2.7 summarizes the performance of all opinion

aggregation methods. As the results show, SCIQ outperforms the baseline methods with
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statistical significance. We define the improvement rate as a normalized ratio: (the

difference between the two average scores)/(the mean score of the baseline model).

Table 2.7 Performance Comparison Against the Baseline Opinion Aggregation Methods

Model Mean SD

UWM 91.44 15.51

BWM 91.49 15.68

XBWM 91.57 15.79

CWM 92.39 15.22

SCIQ 97.09 10.97

(a) Performance of the four baseline methods and SCIQ
Model Mean Improvement
Difference Rate
SCIQ-UWM 5.65*** 6.2%
SCIQ-BWM 5.6%** 6.1%
SCIQ-XBWM 5.52*** 6%
SCIQ-CWM 4.7%%* 5.1%

(b) Statistical paired t-test for performance differences between the four baseline methods and SCIQ
Note: *** ** and * denote p-value <0.01, <0.05, and < 0.1, respectively.

2.5.3 Functional Testing

In this section, we test the effectiveness of SCIQ_alpha, SCIQ_beta, and SCIQ_gamma
using the Good Judgment Open dataset. Table 2.8 shows that the complete SCIQ method,
which has all three designed features, significantly outperforms SCIQ alpha and
SCIQ_beta. The results show the importance of accounting for estimation payoff and social
influence among individual judgments in a social crowd. Likewise, SCIQ also outperforms
SCIQ_gamma but without statistical significance. As shown in Figure 2.7, most judges are
positive contributors in the GJOpen dataset. In particular, based on our weighting method,
there were only about 200 out of 2,991 judges (about 7%) who had achieved an accuracy
of less than 50%. The majority of the judges in the GJOpen dataset had achieved an
accuracy of at least 50%. As a result, although SCIQ still outperformed SCIQ_gamma, we

did not observe a statistically significant difference.
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Table 2.8 Functional Testing on the Effectiveness of the Three Design Features

Model Mean SD

SCIQ _alpha 92.47 16.64

SCIQ_beta 94.66 14.18

SCIQ_gamma 96.21 12.45

SCIQ 97.09 10.97

(@) Performance comparison of the three SCIQ variant methods
Model Mean Improvement
Difference Rate

SCIQ- SCIQ_alpha 4.62%** 5%
SCIQ- SCIQ_beta 2.43** 2.6%
SCIQ- SCIQ_gamma 0.88 0.9%

(b) Statistical paired t-test for performance differences between variant methods and SCIQ
Note: ***, ** and * denote p-value <0.01, <0.05, and < 0.1, respectively.

2.6 Conclusions

In this study, we developed an opinion aggregation method, namely SCIQ, for extracting
wisdom from social crowds. We included three features in our design in order to account
for the issues possibly impacting the wisdom of social crowds. A time-based decay
function was designed to account for the social influence among the individuals in a social
crowd. We designed a prediction payoff based weighting mechanism to differentiate the
cognitive abilities of individuals. Lastly, we aggregated opinions from all participants
rather than just positive contributors in order to utilize the information gain possibly
obtained from all individuals. Lastly, we conducted experiments to show that SCIQ
outperformed the baseline opinion aggregation methods using both the StockTwits and
GJOpen datasets. In addition, we conducted functional testing to show that each of the
three design elements was important in achieving the best crowd prediction performance.

We make several contributions to the opinion aggregation and wisdom of crowd

literature. First, we make methodological contributions by designing and extending opinion
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aggregation method to extract wisdom from social crowds. Existing studies have shown
the value of aggregated online content on stock prediction (Chen et al. 2014). We provide
a design method that explores how individual opinions on social media could be effectively
aggregated to form a crowd prediction. SCIQ also extends the field of opinion aggregation
to the new social crowd context. Second, we provide a way to differentiate individuals'
cognitive abilities using the payoff of their predictions and improve a crowd's diversity and
information gain, especially after we consider all individuals in the crowd. Lastly, our time-
based decay function provides a way to model social influence over time. It also shows that
independence is very difficult to maintain in social crowds where predictions are visible to
each other. The problem calls for a better understanding of the design of online platforms
where crowd predictions are made in order to reduce or control social influence.

Our study has great research implications for opinion aggregation in social crowds. We
demonstrate the importance of the three elements, including social influence, estimation
payoff, and contribution of negative contributors, of our proposed approach in two different
online community datasets, namely StockTwits and GJOpen. We find the importance of
the three elements changes over datasets. For example, the element of social influence
plays a more critical role in Study 2 than in Study 1, while the other two elements are more
important in Study 1. Furthermore, we tested the impact significance of each designed
element in our model. Our results show social influence and estimation payoff consistently
has a substantial impact on the crowd performance in the two datasets. However, negative
contributors fail to provide the significant contribution to crowd decision in Study 2. We

argue that the positive judges are dominant in Study 2 so that a small number of negative
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contributors cannot affect the crowd performance. Future researchers can follow our design
and evaluate these elements in other opinion aggregation contexts.

Our study has important practical implications. In the first study, we implemented a
financial portfolio simulation and showed that our model can improve investment decision.
In particular, we selected top 11 firms’ messages of StockTwits dataset in 2014, and
simulated the buy/sell investment procedure (using t+1 policy) based on SCIQ’s crowd
decisions. The result shows that the investment strategy using SCIQ could make a better
profit than the S&P 500 index and the strategy based on a baseline method CWM. Another
analysis is the dynamic implementation of SCIQ. Our results illustrate that SCIQ can
effectively obtain useful information from the newly joined individuals and make better
estimations. For Study 1, our dynamic model can outperform the best baseline method
CWM by about 27%, 25%, and 26% for the three time windows t+1, t+10, and t+20,
respectively. These results will help fund managers, institution investors to design better
trading strategies that benefit their investment portfolios.

Our proposed method, SCIQ, still has room for improvement. First, we made a simple
assumption about social influence increasing over time in a social crowd. Other social
influence measures can be derived from the following/followed relationships among the
individuals using techniques such as social network analysis. Second, if we knew more
about individuals such as their gender, age, and educational background, we could develop
diversity measures and aggregate a subset of individuals with the most diversity. It might
perform better than using all individuals for aggregation. Lastly, user participation in an

online community is usually very sparse. The individuals' weights derived, based on a small
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number of past predictions, would be inaccurate. We could consider advanced algorithms

to impute missing values and relieve the sparsity problem.
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3 CrowdBoosting: A Boosting-based Model for Opinion

Aggregation in Online Crowds

3.1 Introduction

With the popularity of Web 2.0 and mobile technologies, more and more people are sharing
their opinions and knowledge on online platforms related to a wide range of topics,
including finance, sports, tourism, technology, politics, and economy. For example,
individuals can share their opinions related to stock performance on financial social media,
such as StockTwits and Yahoo! Finance. Betfect.com and FansUnite.io allow people to bet
on sports games. Good Judgment Open (gjopen.com) invites participants to forecast the
outcomes of future events in politics and the economy. The trend of increasing online
opinion sharing provides researchers an excellent opportunity to study how to effectively
aggregate user-generated opinions for the purpose of decision making. Previous studies
(Oh and Sheng 2011, Wang et al. 2015) showed that the average user sentiment on social
media, such as Twitter, could be used to predict stock price changes and construct
investment portfolios. O’Leary (2017) showed that aggregated forecasts by users on
Yahoo! Sports could outperform sports experts, as well as the prediction models proposed
by professionals at Goldman Sachs and Bloomberg. Budescu and Chen (2015, 2016)
proposed opinion aggregation methods for predicting the outcomes of future events in areas
such as law, art, military, politics, and the economy.

The phenomenon that aggregating multiple opinions from a crowd can help forecast or
predict future events was first discussed by Galton (1907). He found that combining the

estimations of an ox’s weight could be more accurate than individual estimations. Clemen
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(1989) and Armstrong (2001) further showed the effectiveness of opinion aggregation for
improving decision making. In a seminal book, Surowiecki (2005) referred to this
phenomenon as the Wisdom of Crowds, bringing the concept of crowd wisdom to
researchers and practitioners. He defined the wisdom of crowds as a mathematical
aggregation over the estimations of a group of individuals, which would be more accurate
than most individuals’ estimations, because of error or bias cancellation. Previous studies
have showed empirical evidence of crowd wisdom (Davis-Stober et al. 2014, Mannes et
al. 2012, Vul and Pashler 2008). Compared to an aggregated opinion or judgment, the
quality of individual judgments is often limited by personal cognitive biases, including
bounded rationality (Alvarez 2016, Simon 1997), overconfidence (Bazerman and Moore
2008, Moore and Healy 2008), impact biases (Bettman et al. 1998, Bottom 2004), limited
information processing capability (Epp 2017), and salience biases (Camacho et al. 2011,
Lee et al. 2011). Although aggregating individual judgments might cancel out individual
biases to a certain degree, some critics pointed out that averaging the crowd’s judgments
might fail to give the correct estimations, if some systematic biases dominated the group
(Camacho et al. 2011). The way in which opinion aggregation is done can significantly
affect the collective wisdom and performance of the crowd.

Different opinion aggregation methods have been proposed in literature. Aspinall
(2010) and Wang et al. (2011) created weighted opinion aggregation models by assigning
higher weights to those individuals who are wiser and possess better prediction ability or
performance. Budescu and Chen proposed the contribution weighted model (CWM) that
derives an individual’s weight based on his or her contribution to the crowd’s performance

relative to other people in the crowd (Budescu and Chen 2015). The weighting mechanisms
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in existing opinion aggregation methods are mostly heuristics based. They may not
accurately determine an individual’s importance regarding the wisdom of crowds, and its
performance in future event prediction. The term ‘“heuristic,” in the context of problem-
solving, implies that people intend to quickly find a satisfactory solution or method rather
than an optimal and final solution to solve a particular problem (Koehler and Harvey 2008,
Tversky and Kahneman 1974). The heuristics used in existing opinion aggregation
methods might result in two shortcomings. First, these methods are subject to a positive
bias, which is commonly associated with heuristics. Existing opinion aggregation methods
assign higher weights to judges with good historic prediction performances, while
assigning lower weights to those who performed poorly in the past, or even completely
ignoring them in the opinion aggregation procedure. Based on information theory (Cover
and Thomas 2012, Jaynes 1957), however, those individuals who consistently make
incorrect judgments also possess a predictive power, because they can be used to reduce
information entropy or impurity (Breiman 1984, Jaynes 1957, Shannon 1948). Second,
existing literature fails to account for the dependency among individuals when aggregating
opinions from a crowd of individuals. It is quite likely that some individuals are influenced
by others, especially on online social media. Clemen and Winkler (1985) pointed out that
this kind of dependence could cause redundancy in the judgments, which significantly
limits the performance improvement of opinion aggregation.

To address those issues, we propose a new opinion aggregation method,
CrowdBoosting, that possesses the following characteristics: 1) the ability to correctly
identify each judge’s predictive power by incorporating the bundles of his or her historical

forecasts; and 2) the capacity to effectively select a proper set of judges by considering the
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dependence among the judges. We follow the design science research methodology
outlined in Markus et al. (2002) and Walls et al. (1992). We adopt statistical learning theory
(Chen and Guestrin 2016, Friedman 2001, Vapnik 1999) and the wisdom of crowds (WoC)
theory (Surowiecki 2005) as the kernel theories, as well as the design guidelines for
building a better opinion aggregation method. Statistical learning theory (Vapnik 1999,
2000) has been successfully applied to pattern recognition in various fields, such as text
classification, speech recognition, bioinformatics, and computer vision. With statistical
learning, we automatically derive the importance or weight of each individual in a crowd
based on his or her historic prediction performance. Statistical learning is expected to let
data speak, and eliminate the positive bias commonly seen in heuristic-based methods. In
addition, this method automatically accounts for the influence or dependency that may exist
among individuals’ prediction decisions. We provide an instantiation of the proposed
method for a stock prediction task using user-generated tweets at StockTwits. The results
show that CrowdBoosting outperforms all baseline methods.

The rest of this paper is structured as follows. In Section 2, we review existing opinion
aggregation methods, and identify their limitations. In Section 3, we describe the proposed
crowd opinion aggregation method, CrowdBoosting. In Section 4, we test this method in
comparison to baseline methods, and show the evaluation results 4. In Section 5, we discuss
why this statistical learning-based method can outperform heuristic-based methods. In

Section 6, we conclude the paper by discussing the results and limitations.

3.2 Related Works

3.2.1 Existing Opinion Aggregation Methods
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Existing crowd opinion aggregation methods are heuristic-based. The simplest heuristic is
to take the majority opinion from a crowd as the crowd decision. However, the majority
rule heuristic fails to recognize the differences in individual judges’ expertise, experiences,
and abilities in making predictions. Furthermore, the majority opinion can be distorted by
a large number of individuals with systematic biases (Simmons et al. 2011). For example,
Simmons et al. (2011) found systematic bias, which is that most sports bettors prefer
favorite teams to underdogs when betting on point spreads, reduces the quality of
aggregated opinions. In recent years, new heuristic-based opinion aggregation methods
have been proposed, to better extract crowd wisdom in making predictive decisions.
Different from the majority rule, these methods try to differentiate individuals’ expertise
and ability, to make correct predictions by assigning different weights based on their
previous performance (Aspinall 2010, Budescu and Chen 2015, Chen et al. 2016, Cooke
et al. 1991, Wang et al. 2011). Experiments with these methods showed that the weighted
aggregation methods outperform the unweighted ones.

Different weighting methods have been proposed to determine an individual’s weight
when aggregating individuals’ opinions. First, weights can be determined based on an
individual’s professional status, education level, seniority, or expertise ratings provided by
the individuals themselves, other people who have the domain knowledge and expertise,
or a combination of both (French 2012). However, such information is usually not
available, especially in online communities where participants are not required or
motivated to provide a complete profile. Some weighting methods measure the predictive
ability based on individuals’ previous prediction performance. Brier (Brier 1950, Cooke et

al. 1991) proposed the Brier weighted model (BWM) that calculates a Brier score for each
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prediction, and assigns a weight to each individual based on the average Brier scores of his
or her previous Brier scores. The higher the average Brier score, the less likely the
individual can make a correct prediction. Soll and Larrick (2009) point out that such a
weighting mechanism tends to overweigh the judges who make few predictions, and leads
to inaccurate crowd decisions. To solve the problem, Budescu and Chen (2015) proposed
the CWM that determines an individual’s weight based on his or her contribution to crowd
decisions relative to other people in the same crowd. To be more specific, the CWM
identifies the predictive ability of each individual based on the difference in crowd
performance with and without this individual in previous predictions. Although existing
weighted opinion aggregation methods show good performance in previous works, the
weighting method often relies on a simplified heuristic that, however, is subject to limited
information processing capability and human biases (Koehler and Harvey 2008, Pearl 1984,

Tversky and Kahneman 1974).

3.2.2 Biases in Heuristics
The representativeness heuristic and the availability heuristic are two types of heuristics
that help people make a decision (Tversky and Kahneman 1974). Heuristics are helpful
most of the time, but they can lead to errors in human judgment. We summarize the two
heuristics, and the related heuristic biases that may impact the performance of opinion
aggregation.

The representativeness heuristic allows people to compare an unknown event to known
events, and use the most representative information to make decisions (Tversky and
Kahneman 1974). For example, in the context of opinion aggregation, we can infer the

representative ability of each judge based on his or her previous prediction performance. If
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a judge has made more correct predictions than incorrect ones in the past, the heuristic
estimates that the judge is more likely to make correct predictions in the future. As a result,
the representativeness heuristic may overestimate the likelihood that an event will occur,
which is known as positive bias. In opinion aggregation, existing methods often
overestimate the judging ability of those who have good previous prediction performances,
and choose to ignore those who have bad performances. However, information theory
suggests that judges who consistently make incorrect predictions may still be used to
reduce uncertainty when predicting unknown events (Cover and Thomas 2012, Jaynes
1957). Entropy or impurity is a measure used to quantify the uncertainty of a random
variable or a random process (Cover and Thomas 2012, Jaynes 1957). A random variable
with large entropy has high uncertainty, and can be used to provide low predictive power
(Breiman 1984, Cover and Thomas 2012, Jaynes 1957, Shannon 1948). According to
information theory, judges who consistently have poor performances on a binary prediction
task can be used to reduce information entropy or impurity, and improve the crowd
prediction performance.

The availability heuristic implies that people search for a satisfactory solution that can
be readily recalled from their memory, based on the degree of ease, rather than accuracy
(Tversky and Kahneman 1974). The assumption is that if something can be recalled, it
must be important or perceived as important. In the context of opinion aggregation, existing
methods determine each individual’s weight based on his or her previous prediction results,
which can be easily collected and recalled from previous events, assuming no dependency
among the individuals. For example, the BWM assigns each judge a weight by considering

the judge’s previous prediction only, without considering other judges’ decisions. The
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CWM determines judges’ weights by considering the contribution of each judge relative
to other judges who make predictions in the same event. However, this model fails to
recognize dependency or influence among judges when determining their weights. Extant
literature shows that individuals in a crowd, especially a crowd on social media, can be
easily influenced by others through opinion sharing and interactions (Bakshy et al. 2011,
Mannes et al. 2012, Yang and Leskovec 2010). Social influence and dependency may cause
the judges in a crowd to make redundant judgments, which will significantly decrease
crowd wisdom, and its prediction performance (Clemen and Winkler 1985). Furthermore,
Surowiecki (2005) argued that the influence among individual judges would damage the
performance of opinion aggregation. Although inferring dependency or influence among
individual judges is not easy, it will help reduce the bias caused by the availability heuristic,

and improve the performance of opinion aggregation.

3.3 A Statistical Learning based Opinion Aggregation Method:
CrowdBoosting

Existing opinion aggregation methods are heuristic based, and may suffer from heuristic
biases, such as positive bias and dependency neglect. To avoid heuristic biases, we propose
an opinion aggregation method based on statistical learning theory (SLT; Vapnik 1999,
2000). The goal of the SLT-based method is threefold. First, it determines judges’ weights
by taking into consideration all judges, instead of the judges who have good prediction
records. Second, the method automatically accounts for prediction dependency among
individual judges based on their previous predictions over all previous events. Last, the
learning model aggregates individual judges’ opinions, and makes a crowd prediction for

future unknown events. Researchers have proposed and implemented various effective
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SLT-based methods, such as decision tree (Quinlan 1986), naive Bayes (Mitchell 1997,
Russell and Norvig 2003), logistic regression (Cox 1958, Freedman 2009), support-vector
machine (SVM; Cortes and Vapnik 1995), random forest (Breiman 2001, Tin Kam, Ho
1995), AdaBoost (Freund and Schapire 1997), and gradient boosting machine (GBM; Chen
and Guestrin 2016, Friedman 2001). By taking into account the interpretability and
effectiveness, we propose a tree-based boosting model, CrowdBoosting, to aggregate
opinions. In CrowdBoosting, we choose Gini impurity (Breiman 1984) to identify the
judge’s predictive power, and adopt the gradient boosting procedure (Friedman 2001) to
aggregate the crowd’s judgments by considering the dependence among judges.
Following the guidelines of design science (Abbasi and Chen 2008, Hevner et al. 2004,
Walls et al. 1992), we propose a novel SLT-based model, CrowdBoosting, for aggregating
opinions from a crowd of individuals. Specifically, the four components of the Information
Systems Design Theory (ISDT) design product (Walls et al. 1992) are listed in Table 3.1,
including kernel theories, meta-requirements, meta-design, and testable hypotheses. The
kernel theories in this work are SLT and WoC theory, which are used to guide the proposed
model. The second component, meta-requirements, describes the goal of the model which
is to help event predictions. The meta-design introduces the design of the proposed artifact
for meeting the requirements. We adopt one of the SLT methods, the extreme gradient
boosting method (Chen and Guestrin 2016), to implement the proposed opinion
aggregation method. Finally, we use the testable hypothesis to test whether the proposed

method meets the meta-requirements.

Table 3.1 The Four Components of an ISDT Design Product (Walls et al. 1992)

Kernel Theories Statistical Learning Theory and the Wisdom of Crowds (WoC) Theory

Meta-requirements | 1. Determines judges’ weights by taking into consideration all judges,
instead of the judges who have good prediction records.
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2. Automatically accounts for the prediction dependency among
individual judges based on their previous predictions over all previous
events.

3. Aggregates individual judges’ opinions, and makes a crowd
prediction for future unknown events.

Meta-design Builds the opinion aggregation based on one of the statistical learning
methods, such as the boosting algorithm.

Testable The SLT-based opinion aggregation method can outperform heuristic-

hypotheses based methods.

3.3.1 Statistical Learning Theory

SLT (Vapnik 1999) aims to provide a theoretical framework for learning the problem of
inference, for example, making predictions, eliciting decisions, acquiring knowledge, or
building models from a group of observed data points. Statistical learning theory has been
successfully applied in various fields, such as natural language processing, speech
recognition, and computer vision. Generally, there are three main types of SLT-based
methods: supervised learning, unsupervised learning, and reinforcement learning (Bishop
2006, Mitchell 1997, Russell and Norvig 2003). This work focuses on leveraging
supervised learning methods to aggregate crowd opinions. Supervised learning involves
learning an objective function, which maps a set of features or factors (as inputs) to the
corresponding target variables (as outputs) based on the principle of empirical risk
minimization (Vapnik 1999). To be more specific, supervised learning infers the objective
function from a training data set, where each observation is an input—output pair, based on
the correlations or patterns existing between inputs and outputs. A supervised learning task
consists of two parts: the training part, which infers the objective function by mapping the
input to the output, and the testing part, which predicts the output from a future input using

the learned objective function. In the training part, given training data set D = {X;, Yi! (i =
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1,2, 3, ..., N), where N is the number of training samples, X; is the i’ training sample (as
an input), and y; is the i ground truth (as an output), the goal of supervised learning to
minimize the objective function as Equation (3-1), including the loss function and the
regularization function. In this formula, @ is a set of parameters for X;, L(*) is the loss
function which is used to measure the degree of fitting between f(X;; @) and Y;, and (%)
is the regularization item that penalizes the complexity of the loss function to avoid
overfitting. The loss function and the regularization item are included to find the trade-off

between the objective function’s generalization and the fitting degree:

N
0bj(X;,0) = Z L(F(X,0),3) + €X6). (3-1)
i=
D1 D2
/ /
++, +¥y -
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Blue Plus Red Minus Blue Plus Red Minus

Figure 3.1 An Example of The Boosting-based Model
3.3.2 CrowdBoosting
Considering interpretability and effectiveness, we adopt this boosting-based method to
aggregate crowd opinions. The boosting-based method is a member of the statistical
learning family. Most STL methods target training a promising predictor or learner with
strong predictive power. Different from those STL methods, boosting is a statistical
learning ensemble meta-algorithm that combines several weak learners to build a strong

learner, based on the theory of probability approximately correct (PAC) learning (Haussler

54



1990, Schapire 2003). Generally, it is hard to learn a highly accurate prediction model, but
it is not difficult to find a set of rough prediction models with moderate accuracy, which
can be combined to build a strong prediction model. Take Figure 3.1 as an example. Given
the task to separate the red minus signs and the blue plus signs, there are three weak learners,
D1, D2, and D3, in Box1, Box2, and Box3, respectively. All misclassify some points.
Specifically, D1 misclassifies three blue plus signs as red, D2 misclassifies three red minus
signs as blue, and D3 misclassifies two blue plus signs as red and one red minus sign as
blue. When we combine the three weak learners based on the right tree structure, we get a
perfect learner, Box4, which can classify all points correctly. This work transfers this
combination process to crowd wisdom, because of the similar principle between boosting
and crowd wisdom. For example, we can treat each D as a judge. Every judge is weak, and

when we aggregate the three weak judges together, we get better opinion aggregation.

The Proposed Model: CrowdBoosting

Training Testing
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Figure 3.2 The Proposed Model

There are three classical boosting-based methods: AdaBoost (Freund and Schapire

1997), GBM (Friedman 2001), and extreme gradient boosting (XGBoost; Chen and
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Guestrin 2016). In this work, we adopt a gradient tree boosting model (XGBoost) to
implement CrowdBoosting. XGBoost is an enhanced version of the greedy gradient
boosting machine, by improving efficiency and flexibility. In previous years, XGBoost has
become one of the most widely used and effective algorithms in supervised machine
learning. The basic framework of the proposed model is described in Figure 3.2. It consists
of two parts, training and testing. In the training part, a multitude of trees are built in an
orderly fashion based on the gradient boosting framework. As the boosting iteration
increases, the error of the decision function decreases. The boosting iteration is terminated

when the thresholds are reached. An objective function based on a set of trees is trained by
the model. As shown in Equation (3-2), f; is a tree e the tree space 7, y’l.t_l is the

prediction of the i instance for the £” iteration, L(*) is the loss function, and £2(x) is the
complexity penalty. The testing part uses this learned objective function to predict future

events. More details are discussed in the following subsections.

t-1 -
Y, = Tkt fe(,

N
Objt = z 1L(y’it_l + f:(x), vi) + €Xf) + constant . 3-2)
i

3.3.2.1 Gini Impurity

Compared to traditional opinion aggregation methods, we propose a new measure to
identify each judge’s predictive power, instead of the correctness or relative contribution
of his or her previous predictions. To the best of our knowledge, existing methods design
different rules for quantifying the expertise of judges based on their previous performance,
and that quantified expertise is used as the weights in the opinion aggregation models. In
this case, those methods assign higher weights to the judges with good previous

performance, and assign lower weights or even ignore the judges with poor previous
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performances. Researchers believe that the mechanism could correctly quantify the
predictive power of each judge to form the crowd’s aggregated estimation. However, that
strategy of neglecting weak judges could damage the performance of opinion aggregation,
because the strategy fails to maximize the information scope. Thus, we propose a new way

to quantify the predictive ability of each judge, the Gini impurity (Breiman 1984):

74
Ginilmpurity(v) = z pi(l - pi)- 3-3)
i=x

Impurity is similar to entropy in information theory. Both are designed to measure the
uncertainty of a random variable. Given a discrete random variable 7 and a probability
mass function p(v) = Probability{V=v/, the information impurity for a discrete random
variable V' could be defined as Equation (3-3) (Breiman 1984). Information impurity
represents the degree of disorder of the information content. Higher information impurity
means higher uncertainty of a random variable. Information theory (Cover and Thomas
2012, Jaynes 1957) contends that information with lower information impurity delivers
better prediction, because of its higher certainty. To take the binary opinion aggregation as
an example, if a judge has a good performance (with 90% accuracy), the impurity of his or
her judgments is lower, because that judge’s prediction is highly certain. Judges who have
a moderate performance (with 49% or 51% accuracy) have a higher information impurity,
because their judgments are not as certain, and cannot provide an improvement to opinion
aggregation. Surprisingly, according to Equation (3-3), judges with bad previous
performances (with 5% or 10% accuracy) also have lower information impurity and higher

certainty, although it is negative certainty.
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3.3.2.2 Tree Construction

The proposed model builds the opinion aggregation method considering the dependence
among judges. In this subsection, we introduce the tree construction procedure, and show
how we consider judges’ dependence for opinion aggregation. This model uses
classification and regression trees (CARTs) (Breiman 1984) as the tree unit. Given input
random variable X, CART is a learning method for estimating the conditional probability
distribution of output random variable Y. The basic procedure of building a tree is described

in the pseudocode code as follows.

Pseudocode of Tree Construction

function CART (D = {X; Yi})

if termination criteria reached or cannot split anymore
return the existing tree

else
find the best splitting point (feature) by minimizing the Gini impurity of the tree,
split data D into two parts,

for each part, build subtree Ti and T, by recursively calling the function CART.

It is not hard to find that a classification and regression tree is built recursively. Given
an existing tree, the next best splitting point is selected based on how much the information
impurity of the tree could be reduced with or without this feature. To be more specific,
whether a new feature is selected to build the tree or not depends on the features existing
in the tree. In the context of opinion aggregation, whether a judge is selected for an opinion
aggregation method or not depends on how much the predictive power of the aggregation
model it provides, rather than the independent consideration of the expertise, performance,

and information impurity of a single judge. Although a judge has a good previous
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performance (good prediction performance) or even lower impurity, in the proposed model
he or she might not be selected if that judge is very similar to one of the judges who has
been selected. After building a single tree with a moderate performance, the model
continues to build new trees one by one by following the gradient boosting framework.
Each new tree is constructed based on the existing tree or forest (more than one tree) until
the termination threshold is reached. In this work, the proposed model attempts to account
for the dependence among the judges based on the tree construction and the boosting

mechanism for generating the crowd’s aggregated predictions.

3.4 Evaluation

To evaluate the CrowdBoosting method, we collected user-generated stock predictions
extracted from a financial social networking community, StockTwits. In recent years,
StockTwits has become the largest peer-based investment discussion community (Wang et
al. 2015). It provides a social platform for investors to share their own stock analyses of
financial securities. There are more than 10 million messages posted on StockTwits each
year. Compared to SeekingAlpha, which is a crowd-sourced content service for financial
markets, StockTwits has more active discussions for short- to medium-term investing
strategies, because there are more active users on StockTwits. As shown in Figure 3.3,
users can post a prediction message associated with a particular stock ticker using a
Hashtag $, e.g., SAMD. Moreover, unlike other financial social media platforms,
StockTwits allows users to post a message with an opinion label, either “Bullish” or
“Bearish,” indicating their opinion of the price movement of a particular stock. This unique
feature provides a good opportunity for researchers to aggregate crowd opinions, and helps

investment portfolios.

59



he  Dude

SAMDATSgel

Prediction Labels

Stock Tickers

Figure 3.3 StockTwits Message Examples

3.4.1 Data Collection and Processing

For the evaluation, we selected data for the top 10 stocks on the SP&500 (AAPL, AMZN,
CHK, CMG, DIS, FB, GILD, GOOG, NFLX, and YHOO) that had the most active
discussions on StockTwits from 2014 to 2016. Each stock tweet message with an opinion
label is regarded as a prediction. Approximately 16% of the posts have opinion labels that
are treated as individuals’ judgments, and are aggregated to form the crowd decisions.
Messages without opinion labels are not included. If an individual makes more than one
prediction on the same day, we merge the user prediction messages from the same judge
for the same ticker into an average opinion score. Following previous works (Oh and Sheng
2011, Sul et al. 2017, Tetlock et al. 2008), each event is defined as a prediction of the
direction of the cumulative abnormal return (CAR; Eberhart et al. 2004), positive or
negative, in a particular time interval. In this work, we assume that a stock return prediction
is made for a cumulative abnormal return from day ¢ + / to the Xt4 trading day later (i.e., ¢
+ X). To reduce the missing value, we remove the users who make fewer than 50
estimations. Finally, the sample contains 131,044 judgments created by 1,108 judges for

6,493 events. Each judge made 118 predictions, on average.

3.4.2 Model Representation
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Supervised statistical learning involves learning from a training data set, where each
observation is an input—output pair. The learning problem consists of two parts: inferring
the goal function that maps the input to the output; and predicting the output from a future
input using the learned function. For the stock return prediction study, we formulate the
opinion aggregation problem in mathematic terms as follows. Denote the vector space of
all possible inputs as X = (X4, X5, X3, ..., Xy ), where N is the number of events in the data
set, and event i’s input vector is X;= (x;1, Xi2, X;3 ---, Xjpy), Where M is the number of
judges. Judge m’s judgment of event #n is j,,,,= a real number s € [0, 1], where s denotes
that judge m predicts that the stock return is positive with a chance of s. For example, 0.0
means that judge m predicts the event n’s stock return is 0% positive, 0.5 means the
prediction is neutral or no prediction, and 1.0 denotes judge m predicts event n’s stock
return is 100% positive. Denote Y = (y4,¥2,¥3, ..., Yy) to be the vector space for all
possible outputs (outcomes), N to be the number of events in the data set, and y» to be event

n’s outcome 0 (if the stock return is negative), or 1 (if the stock return is positive).

3.4.3 Performance Measure

We adopt three different measures, accuracy, the F-1 score, and a quadratic scoring method,
to evaluate the performance of all methods in this work. The first measure is accuracy,
defined as follows:

Number of Crowds'Correct Predictions

Accuracy = (3—-4)

Number of Events
The second metric is the F-1 score which is an alternative measure of a test’s
performance by considering the precision and the recall of the test. The precision refers to

how many elements selected by the classifier are relevant, and recall refers to how many
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relevant elements are selected by the classifier. In this work, we let the F-1 score be the

harmonic mean of the precision and recall in the following equations:

true positives

precision = , (3-5)

selected elements

tru positives
recall = 2 * , (3—-16)
relevant elements

precision * recall
F —1Score = 2% — . 3-7)
precision + recall

For the third measure, by following Budescu et al.’s work (2015), we adopt the
quadratic scoring method proposed by De Finetti (1962) to aggregate and quantify the
aggregated crowd performance. Let N be the number of events forecasted, and symbol Cy
be the number of prediction categories for event n (where n =1, ...., N). Additionally, we
use W to denote the aggregated probability for outcome ¢ (where c =1, ..., C») for event
n. Onc 1s a binary indicator that represents two possible event outcomes: true (i.e., the event
occurred) and false (i.e., the event did not occur). Now the crowd’s performance score for

event n is calculated as follows:

Cn

Crowd_Score, =a+b Z(Onc —P,.)?, (3-98)
c=1

where One= 0 (event #n did not occur) or 1 (event n occurred). P, is the aggregated
probability for event n’s outcome ¢, and is defined as follows:

probabilities assigned by the SLT — based methods
nc = { (3-9)

weighted arithmetic mean for the rule — based methods
Following Budescu and Chen’s work (2015), we set a at 100 and b at -50. The score

Crowd_Scorep ranges between 0 and 100, where 0 denotes the worst crowd performance

(when the predicted outcome probability Py is the complete opposite of the event outcome
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Onc), and 100 means the best performance (when the predicted outcome probability Ppc
equals the event outcome Opc). This measure can evaluate the degree of correctness of

each crowd decision instead of the correctness.

3.4.4 Comparison of Opinion Aggregation Models

For validating the proposed model, CrowdBoosting, we implement three existing classic
rule-based opinion aggregation models, and adopt four other well-established statistical
learning methods as the baseline methods. They are all summarized in Table 3.2. The
unweighted mean model (UWM) (Clemen 1989, Mannes et al. 2012), assigns every judge
an equal weight for opinion aggregation. The BWM (Brier 1950, Cooke et al. 1991) is a
weighted method in which weights are determined using Brier scores. The CWM (Budescu
and Chen 2015), which is the state-of-the-art opinion aggregation method, determines
individual weights based on each judge’s relative contribution to the group, and uses only
positive contributors for opinion aggregation. In addition, we select four other famous
STL-based methods to compare with the proposed model. They are naive Bayes (Mitchell
1997, Russell and Norvig 2003), logistic regression (Cox 1958, Freedman 2009), SVM
(Cortes and Vapnik 1995), random forest (Breiman 2001, Tin Kam, Ho 1995), and

AdaBoost (Freund and Schapire 1997).

Table 3.2 The Baseline Opinion Aggregation Methods

Model Opinion Aggregation

UWM Equal weights are assigned to each judge, and all judges’ opinions are used

(Clemen 1989, Mannes et | to elicit the aggregated prediction based on the arithmetic mean.

al. 2012)

BWM Weights depend on each judge’s previous performance based on Brier

(Brier 1950, Cooke et al. | scores, and all judges’ opinions are used to elicit the aggregated prediction

1991) based on the weighted arithmetic mean.

CWM Weights depend on each judge’s previous performance based on relative

(Budescu and Chen 2015) | contributions, but only the positive contributors’ opinions are aggregated to
form the crowd prediction based on the weighted arithmetic mean.

Naive Bayes Classifier Weights depend on the previous probability distribution of each judge’s

(Mitchell 1997, Russell previous performance, and each judge independently contributes to the
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and Norvig 2003) aggregated crowd prediction based on the Bayes theorem.

Logistic Regression Weights are assigned based on the mathematical fitting of the training data,
Classifier and each judge’s opinions are aggregated based on the trained objective
(Cox 1958, Freedman function (logistic function).

2009)

SVM Weights are assigned to fit the maximum-margin hyperplane in a transformed

(Cortes and Vapnik 1995) | feature space, and each judge’s opinions are aggregated based on the trained
objective function.

Random Forest Multiple sets of judges are randomly selected to build a tree, and then make
(Breiman 2001, Tin Kam, | the crowd prediction based on the majority of the trees’ outputs.
Ho 1995)

AdaBoost (Freund and Multiple sets of judges in order are selected to build a tree to improve the
Schapire 1997) model, and then make the crowd prediction based on the weighted trees’
outputs.

The performance of all opinion aggregation methods is summarized in Table 3.3. The
results show that CrowdBoosting outperforms the baseline methods in three different
performance measures and in three different time intervals, ¢+17, t+10, and ¢+20.
Specifically, when using the time window 7+1, CrowdBoosting outperformed the UWM,
BWM, and CWM by approximately 34%, 31%, and 22%, respectively, in the measure of
the quadratic score. CrowdBoosting also outperformed the other five SLT methods. To
show the statistical significance of the performance differences, we ran the Student ¢ test
for each pair of models in Table 3.4. The results show that the performance of
CrowdBoosting is significantly better than that of the eight baseline methods in all three
time windows. Therefore, we can conclude that the proposed model statistically
outperforms the four baseline models. Additionally, we show the prediction accuracy and
F-1 score results in Table 3.3 and the ¢-test results in Table 3.4, and the results show that
CrowdBoosting can outperform the eight baseline methods in terms of the prediction

accuracy and the F-1 score.

Table 3.3 Performance Comparison of the Baseline Opinion Aggregation Methods and CrowdBoosting

Model T+1 T+10 T+20

Crowd Score | Accuracy F-1 Crowd_Score Accuracy F-1 Crowd_Score Accuracy F-1
UWM 66.87 0.52 0.65 67.04 0.52 0.65 67.31 0.53 0.66
BWM 68.53 0.57 0.69 68.74 0.58 0.69 69.10 0.58 0.7
CWM 73.49 0.61 0.66 73.46 0.60 0.66 73.71 0.6 0.67
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Naive Bayes 76.49 0.56 0.71 76.56 0.57 0.71 76.59 057 0.72
Logistic Regression 87.22 0.84 0.85 87.61 0.84 0.85 88.90 0.85 0.86
SVM 82.67 0.83 0.84 83.01 0.83 0.84 84.78 0.84 0.85
Random Forest 77.21 0.60 0.73 77.26 0.60 0.73 76.63 0.60 0.74
AdaBoost 75.6 0.84 0.85 75.61 0.84 0.85 75.64 0.85 0.86
CrowdBoosting 89.51 0.87 0.88 89.76 0.87 0.87 91.02 0.88 0.89
Note: each number in the table is the average score of each method
Table 3.4 The Results (p value) of the t-tests for CrowdBoosting and the Baseline Methods
Model T+1 T+10 T+20
Crowd Score Accuracy F-1 Crowd Score Accuracy F-1 Crowd Score Accuracy F-1
UWM <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
BWM <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
CWM <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
Naive Bayes <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
Logistic Regression <.0001 0.0065 0.0039 0.0002 0.0111 0.0129 <.0001 0.0037 0.0026
SVM <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
Random Forest <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
AdaBoost <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001

3.5 Additional Analysis

The results in the previous section showed the preponderance of STL methods, especially
the proposed model CrowdBoosting. As we discussed, the performance of rule-based
methods is limited by several issues derived from heuristics, such as positive bias and
dependence neglect. Specifically, those issues might lead to the two potential problems in
the literature. The first problem is that judges with consistently poor performances are
ignored by those rule-based methods. That problem results in some judges with high
predictive power are not being aggregated to form a crowd decision; therefore, the
performance of opinion aggregation is damaged, because of the failure to maximize the
information scope. The second problem is that those rule-based methods aggregate the
crowd opinions without consideration of the dependence among judges. Some judges in a
crowd might have similar educational backgrounds, similar training processes, similar
decision analysis methods, and even social influence each other. The similarities among
the judges might cause the redundancy of the crowd’s opinions, which might limit the

improvement in the crowd’s performance (Clemen and Winkler 1985). In this section, we
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compare the difference between the state-of-the-art method CWM and CrowdBoosting.
Furthermore, we try to show that (1) judges (negative contributors in the CWM) with bad
performances could be used to improve the performance of opinion aggregation, and (2)

the judges selected by the proposed model have lower dependence.

3.5.1 The Impact of Positive Bias

To show the difference between the CWM and CrowdBoosting, and the impact of positive
bias, we compare the crowds selected by the two methods. As shown in Table 3.5, we find
that the CWM and CrowdBoosting select very different groups of individuals, although the
size of the selected crowds is close. Specifically, the CWM selects 532, 542, and 557
positive contributors, and CrowdBoosting selects 631, 576, and 601 judges, but less than
50% of the judges are selected by both methods. Surprisingly, more than 50% of the judges
selected by CrowdBoosting are those judges with poor previous performances (lower
accuracy or negative contribution). The tree-based method, CrowdBoosting, could invert
those individuals’ judgments for opinion aggregation. For example, if the judgment is
bullish, the tree treats it as bearish. Follow the same principle, we build a new version of
the CWM, the CWM-alpha, which includes all judges, and inverts the negative contributors’
predictions. The results in Table 3.6 show that the CWM-alpha significantly outperforms
the CWM. We conclude that judges (negative contributors) with poor previous

performances can improve the performance of opinion aggregation.

Table 3.5 The Crowds Selected by the CWM and CrowdBoosting

T+1 T+10 T+20
CWM 532 542 557
CrowdBoosting 631 576 601
Common 295 283 290
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Table 3.6 Comparison of Performance between the CWM and the CWM-alpha

T+1 T+10 T+20
CWM 73.49 73.46 73.71
CWM-alpha 78.43 78.6 78.95
p-value of t-test <.0001 <.0001 <.0001

3.5.2 Dependence among Judges

Surowiecki (2005) pointed out that the performance of opinion aggregation might be
compromised by the diversity of and the social influence among judges. Herzog and
Hertwig (2009) concluded that selecting diverse judges, and the independent judgments
made by each judge, could help the success of the WoC. Social influence and similar
backgrounds might result in that the judges elicit similar predictions. This sort of similarity
generates redundancy in the predictions, which might reduce the quality of the aggregated
forecasts (Clemen and Winkler 1985). In this subsection, we compare the diversity and
social influence of the crowds selected by the CWM and CrowdBoosting.

For the diversity of a crowd, we define it negatively related to the concentration of the
investment approach of each judge in a crowd. Different investment approaches imply
different backgrounds, training processes, and perspectives. There are six basic investment
approaches in the StockTwits data set: “Technical”, “Global Macro”, “Value”, “Growth”,
“Fundamental”, and “Momentum”. The approach concentration of a crowd is calculated
by the formula (shown in Equation (3-10)) of the Herfindahl-Hirschman Index (HHI;

Rhoades 1993), which is a measure of the market concentration:

A
HHI=Z pZ . (3—-10)
i=1

In this equation, A is the set of approaches, and p; means the proportion of the i approach
in the crowd. Based on the definition of the HHI, a higher concentration means that the

crowd has lower diversity, and is dominated by one or two approaches. In contrast, a lower
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concentration implies that the crowd possesses higher diversity, and the six approaches are
distributed evenly. To compare the diversity of the crowds selected by the two methods,
we calculate the concentration scores of the crowd for each event. The concentration scores
and the ¢-test results are summarized in Table 3.7. The CWM’s concentration score is
significantly larger than CrowdBoosting’s score. Because diversity is the opposite value of
the concentration, we argue that the crowd selected by CrowdBoosting is significantly

diverse compared to the one selected by the CWM.

Table 3.7 The Diversity Scores and t-test Results

T+1 T+10 T+20
CWM 0.52 0.52 0.51
CrowdBoosting 0.44 044 0.43
p-value of t-test <.0001 <.0001 <.0001

LT (M = Ca (D)
(N - DW - 2)]

Network A Network B

Degree_Centrality = 3-11)

Figure 3.4 An Example of Network Degree Centrality

Table 3.8 The Network Centrality Scores and t-test Results

T+1 T+10 T+20
CWM 0.011 0.011 0.011
CrowdBoosting 0.007 0.008 0.008
P value of t-test <.0001 <.0001 <.0001
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To quantify the level of social influence in a crowd, we collect the social graph data by
December 31, 2016, and adopt the network degree centrality formula, as shown in Equation
(3-11), where M is the maximum value of the node degree, Nodes is the set of judges in a
crowd, C; (i) is the degree of the i’ node, and N is the size of this crowd. The network
degree centrality could be used to describe whether the network is dominated by several
nodes, or every node has close weights. For example, as shown in Figure 3.4, network A
is dominated by node 1 (degree = 3), and it has higher centrality, which means node 2,
node 3, and node 4 might be influenced by node 1. Each node has the same degree in
network B, and the degree centrality of network B is low, which means each node might
not be influenced by other nodes. We calculate the network centrality scores of the crowd
for each event, and the centrality scores and the #-test results are summarized in Table 3.8.
The results show that social influence existing in the crowd selected by the CWM is
significantly stronger than social influence in the crowd selected by CrowdBoosting. In
other words, the judges in the CWM’s crowd are more likely to be influenced by others
when making forecasts.

In summary, the results in Table 3.7 and Table 3.8 show that the CrowdBoosting crowd
has lower dependence than the CWM crowd, such as higher diversity and lower social
influence. These findings agree with the expectation of WoC theory (Surowiecki 2005) and
related works (Herzog and Hertwig 2009, Muchnik et al. 2013). Lower dependence in
crowds could deliver better aggregated forecasts. Certainly, the proposed method reduces
the level of dependence among estimations, but the method is not able to eliminate the

impact of the dependence on opinion aggregation.
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3.6 Conclusions

In this work, we proposed a novel opinion aggregation method, namely, CrowdBoosting,
which is based on statistical learning theory. We applied a boosting-based method to
aggregate individual forecasts, by reducing the impact of the potential issues that exist in
rule-based methods. Because of heuristics, existing opinion aggregation methods might be
limited by positive bias and dependence neglect. To improve the performance of crowd
wisdom, we selected Gini impurity to identify the predictive power of each judge, and we
proposed a tree-based boosting method to reduce the dependence among the judges. Last,
we conducted experiments to show the effectiveness of CrowdBoosting. The results in
Section 4 show that the proposed model significantly outperformed the baseline methods,
using the StockTwits data set. We conducted additional experiments to show the impact of
positive bias, the potential contribution of judges with consistently poor performances, and
the evidence that the dependence among judges might be reduced by the proposed model
based on statistical learning theory.

This study makes several contributions to the literature of opinion aggregation. First,
we justify the two possible issues caused by heuristics in existing opinion aggregation
literature, such as positive bias and dependence neglect. We show that those two
problematic issues could prevent the crowd from delivering better aggregated predictions.
Second, we make methodological contributions by proposing a tree-based boosting method
to remit the effect of the two problems. Boosting is a member of the statistical learning
family, which learn an objective function based on the training data set to execute some
tasks instead of manually designing some rules. According to SLT, that learning process

has consistency and generalization ability (Vapnik 1999, 2000). Specifically, for reducing
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positive bias in opinion aggregation, we propose a new way of identifying the predictive
power of each judge, by using information impurity (Breiman 1984) to replace the rules,
based on the accuracy or relative contribution of the judges’ previous forecasts. In addition,
the tree-based boosting process is adopted to aggregate crowd opinions by considering the
dependence among individuals of a crowd. Third, this work makes a theoretical
contribution by confirming the WoC theory that higher diversity of and lower social
influence in a crowd might deliver better aggregated predictions. We also present evidence
by comparing the two methods’ (e.g., the CWM and CrowdBoosting) concentration of
individuals’ investment approaches, and the network centrality of the crowds selected by
the two methods.

This study has several research implications. The main one is that this study
demonstrates the possible issues caused by heuristics, when researchers designed existing
rule-based methods. Specifically, we identify the impact of positive bias and the
dependence among judges on crowd wisdom. The new measure, information impurity,
might be a better way to quantify each judge’s predictive power, instead of judges’ wisdom
or expertise. We also find the importance of individuals’ dependence in a crowd, when
their judgments are aggregated to form the crowd’s predictions. Future researchers can
design different ways to measure judges’ predictive ability, and propose more advanced
opinion aggregation methods by considering the important characteristics of a crowd.

There is still room to improve the proposed model CrowdBoosting. First, we
implemented and evaluated the model using only the data set StockTwits. We could collect
more data from other social media sites, such as Betfect, FansUnite, Yahoo!Sports, and

Estimize, to show the robustness of the proposed method. Second, this work applies
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XGBoost for opinion aggregation using judges’ forecasts as the inputs. We could enrich
the content of the inputs by including the judges’ characteristics, judges’ self-descriptions,
and the features of the textual content associated with the predictions. Then, we could build
a more complicated and hierarchical model for opinion aggregation. Third, we used only
information impurity as the measure of predictive ability in this work. More measures
could be designed, and proposed in future works. Accordingly, we can discuss the different
contributions of those new measures. Last, although we tried to relieve the problem of some
identified heuristics, they still exist in STL methods. To improve opinion aggregation and

crowd wisdom, further discussion and investigation must be performed.
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4 Predicting Crowdfunding Project Success Based on

Backers' Collective Persuasibility

4.1 Introduction

Crowdfunding has become an increasingly important method of raising money for artists,
entrepreneurs, and innovators. Crowdfunding allows individuals and organizations to
implement ideas or designs that might otherwise go unrealized due to lack of money. In

this approach to fundraising, small donations are collected from a large number of people
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in order to achieve the funding objective for a project or venture. Since President Obama
signed the CROWDFUND Act into law in 2012, many new crowdfunding platforms have
emerged (Mitra and Gilbert 2014, Mollick 2014). There are now more than 500
crowdfunding platforms around the world, including Kickstarter, Indiegogo, GoFundMe,
and Zhongchou. Over the past decade, hundreds of crowdfunding projects were launched,
and a large percentage of these projects successfully met their funding goals.

The most famous crowdfunding website is Kickstarter, which serves as an illustrative
example. As of April 2019, there were approximately 442,000 total projects launched on
the site and about 162,000 of those projects were successfully funded (almost 37%). Over
16 million users pledged in excess of $3.7 billion toward 52 million backing activities. One
of Kickstarter’s top success stories, Pebble Technology Corporation, raised more than $10
million for the first generation of its smartwatch in 2012 and $20 million for the second
generation in 2015. Those funds gave the company an excellent opportunity to develop
their product at the early stage. Another famous example of collecting money from a large
number of individuals is President Barak Obama, who raised most of his 2008 election
funds from small donations. Crowdfunding offers project creators the opportunity to raise
capital, develop their ideas, and become successful.

Crowdfunding benefits other stakeholders as well. Success is important for project
backers, who may receive tangible or intangible rewards. These rewards can include access
to the proposed products or services, satisfaction from donation to charity or support for
favored political causes, and even feelings of connectedness to a community with similar
hobbies and interests (Gerber et al. 2011, Kuppuswamy and Bayus 2013, Massolution

2015). Furthermore, crowdfunding success impacts the reputation of crowdfunding
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platforms. For all of these reasons, it is important to study why some projects have better
odds than others and whether or not we can effectively predict crowdfunding success.
Prior literature has examined project information provided by crowdfunding project
creators and the factors that contribute to crowdfunding success in the context of various
communication and persuasion theories, such as the Signaling Theory (Connelly et al. 2011,
Spence 1973), Elaboration Likelihood Model (ELM) (Petty and Cacioppo 1986), and
Cognition-in-Persuasion model (Albarracin 2002). Previous studies have investigated the
features associated with project characteristics, including funding goal, campaign duration,
project category, number of awards, and geographical information (Greenberg et al. 2013,
Mollick 2014) as well as creator’s characteristics such as credibility, education, social
relationship, gender, personal traits, background, ethnicity, experience, and expertise
(Davis et al. 2017, Greenberg et al. 2013, Tinkler et al. 2015, Zhou et al. 2018). Moreover,
project description content contains rich information, such as text, image, and video, which
is critical for predicting crowdfunding success (Gorbatai and Nelson 2015, Kim et al. 2016,
Parhankangas and Renko 2017). For example, existing studies investigate the project
description and empirically show that syntactic features (e.g., number of function words,
punctuations, pronouns, and verb tense) (Daly and Davy 2016, Kim et al. 2016), lexical
features (including description length, average sentence length, average word length, and
readability) (Greenberg et al. 2013, Tran et al. 2016, Zhou et al. 2018), and content-specific
variables (such as emotion, relation orientation, market orientation, confidence, certainty,
cognitive process, and vividness) (Gorbatai and Nelson 2015, Kaminski et al. 2017, Kim
et al. 2016, Parhankangas and Renko 2017, Thies et al. 2016) have statistical significance

on crowdfunding success.
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Crowdfunding success prediction based on project description assumes that the textual
features extracted from project descriptions have an equal persuasion effect on all potential
backers. This model fails to recognize the impact of the backers’ differences and
preferences (e.g., different preferences to linguistic features of project content) on the
persuasion process. Hovland et al. (1953) argue that in a persuasion process, the audience
(the potential backers in a crowdfunding context) plays a critical role in the Yale Attitude
Change model, which is a research model explaining how to use a communication message
to influence or persuade the listener. Hovland and Janis (1959) claim that each
communication listener has a different personality and preferences, and that he or she
therefore might be persuaded by different message content. Some persuasion studies argue
that persuasion success depends greatly on the characteristics of the listener, such as the
listener’s cognitive ability to evaluate the argument quality of communication content
(Petty et al. 1981), personal preferences for elaboration styles (Petty and Cacioppo 1986),
and personal background (Aronson et al. 2010, Peterson 1992). Their findings show that
consideration of the listeners' differences is important to persuasion success. Similarly, in
the context of crowdfunding, we should also account for backers' differences and
preferences, which have not been previously considered by researchers, in persuading the
backers into making a pledge.

Unlike existing crowdfunding success prediction models based on project descriptions,
we consider each backer by identifying his or her persuasibility, which is defined as the
capability of being persuaded by the textual features embedded in project descriptions. The
consideration of backers' differences helps us better understand the persuasion process in

crowdfunding at an individual level and more effectively predict crowdfunding success
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using collective wisdom. In this paper, we propose a method called Collective
Persuasibility by identifying each backer’s persuasibility as text feature preferences. By
examining a set of past crowdfunding projects and each backer's pledging history, we can
infer language preferences from the projects to which he or she has chosen to contribute.
Given a new crowdfunding project, we can compute each backer’s persuasibility, defined
as the likelihood that the backer will be persuaded into making a pledge for that project.
Our prediction model uses Support-Vector Machine (SVM) which is a classic method of
statistical learning. To test our predictive model, we conduct an evaluation and compare
our proposed method to two baseline prediction methods based on project descriptions.
The rest of this paper is structured as follows. In Section 2, we review existing literature
related to crowdfunding success prediction and identify the limitations of existing
prediction methods. In Section 3, we propose a novel crowdfunding success prediction
method, Collective Persuasibility, which is based on backers’ preference to linguistic
features of project content. We then test our model in comparison to two baseline methods
and show the evaluation results in Section 4. We conclude this study by discussing our

contributions and limitations in Section 5.

4.2 Related Works

4.2.1 Persuasion in the Context of Crowdfunding

To predict crowdfunding success, we must understand the mechanism by which individual
backers make pledge decisions. When running a crowdfunding campaign, the project
creator presents a novel product or idea on a crowdfunding platform and attempts to solicit
donations to the proposed project. The process of influencing backers on the crowdfunding

platform can be considered a persuasion process. Persuasion uses messages to influence
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targeted individuals who might help implement the goal of persuaders (Hovland et al.
1953). In the context of crowdfunding, a project creator relies on product descriptions to
convince the backers who will likely make a pledge. According to the Yale Attitude
Change model derived from the work of Hovland and others, a persuasion model can be
defined as who said what to whom (Hovland et al. 1953, Hovland and Janis 1959, Hovland
and Weiss 1951). It includes the four basic elements shown in Table 4.1. the source or
communication speaker, the goal of persuasion, the persuasion content, and the listener
targeted by communication speakers. Each of these four elements will affect the success of
persuasion. Persuaders with high credibility and attractiveness are more likely to convince
people than those with low credibility and attractiveness (Hovland and Weiss 1951). The
difficulty and feasibility of persuasion goals can impact persuasion success because people
are not likely to help achieve unrealistic objectives. In addition, persuasion content plays
an important role in the process of persuasion, and its characteristics (such as content
quality, structure, linguistic style, and rhetorical features), may improve persuasion
effectiveness (Aronson et al. 2010).

The fourth element, listeners, are the objects of persuasive efforts and are therefore
critical. Different listeners might be persuaded by different content or styles embedded in
the persuasion message, and this is due to differences in listener age, personality,
experience, and background (Aronson et al. 2010, Hovland and Janis 1959). Petty and
Cacioppo (1986) discuss distinct elaboration factors that listeners may perceive differently.
Among these elaboration factors, linguistic styles have been shown to have an important
persuasive influence over potential backers in crowdfunding projects (Parhankangas and

Renko 2017).
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The four elements in the Yale Attitude Change model (source of information, goal of
persuasion, persuasive content, and listener) all have a significant impact on persuasion
success. In the context of crowdfunding, the four elements correspond to the project creator,
project goal, project description, and backers, respectively, as shown in Table 4.1. They

are all highly relevant to crowdfunding success prediction.

Table 4.1 The Four Elements of the Yale Attitude Change Model in Crowdfunding

Element of Yale Attitude | Corresponding element in | Element attributes
Change model crowdfunding

The credibility, authority,

Source or communication . attractiveness, and other characteristics
Project creator

speaker of the persuader (e.g., a speaker, team,

or organization)

Goal of persuasion Project goal Funding goal, campaign duration

The nature of persuasion content, e.g.,

the quality, structural features,

Project content linguistic styles, rhetorical features,

and psychological meanings of the

content

The nature of listener, e.g., the

attention, intelligence, background,

personality, gender, and age of the

listener

Communication messages
or persuasive content

Listener Backers

4.2.2 Existing Crowdfunding Success Prediction Methods

Guided by the Yale Attitude Change model and derivatives such as the Elaboration
Likelihood Model (ELM) (Petty and Cacioppo 1986) and the Cognition-in-Persuasion
model (Albarracin 2002), past studies have examined crowdfunding success prediction
from the perspective of persuasion. Most of these studies focus on the first three elements
in the Yale Attitude Change model, namely project creator, project goal, and project
description, as shown in Table 4.2. Greenberg et al. (2011) discuss the correlation between
project goal, funding duration, and the result of crowdfunding. Some studies have

examined the effectiveness of using project creators’ characteristics, such as credibility,
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education, social relationships, gender, personal traits, background, ethnicity, experience,
and expertise, to predict crowdfunding success (Davis et al. 2017, Greenberg et al. 2013,
Tinkler et al. 2015, Tran et al. 2016, Zhou et al. 2018). Compared to project creators’
characteristics and project goal characteristics, project content has been shown to be a
strong indicator of crowdfunding success prediction (Gerber et al. 2011, Parhankangas and
Renko 2017). The characteristics derived from project content include lexical features (e.g.,
description length, average sentence length, average word length, and readability)
(Greenberg et al. 2013, Tran et al. 2016, Zhou et al. 2018), syntactic features (e.g., number
of function words, punctuations, pronouns, and verb tense) (Daly and Davy 2016, Kim et
al. 2016), and semantic features (e.g., emotion, relation orientation, market orientation,
confidence, certainty, cognitive process, and vividness) (Gorbatai and Nelson 2015,
Kaminski et al. 2017, Kim et al. 2016, Parhankangas and Renko 2017, Thies et al. 2016).

Those features have been shown to be effective in predicting crowdfunding success.

Table 4.2 A Summary of the Works Related to Crowdfunding Success

Related element
of Yale Attitude
Change model

Proposed antecedents of crowdfunding success

Representative references

Project Creator

Creator’s social media connections, number of friends or

followers in social media, gender, background, experience,

expertise, ethnicity, education, experience, passion,

credibility, etc.

Davis et al. 2017, Greenberg
et al. 2013, Tinkler et al. 2015,
Tran et al. 2016, Zhou et al.
2018

Project Goal Project funding goal and project duration Greenberg et al. 2013
Project Content Textual Lexical Features: number of words in Kuppuswamy and Bayus 2013
Features title, number of colons in title, number

of words, number of words per sentence,
number of numeric words, number of
unique words, readability, etc.

Syntactic Features: concreteness,
function words, interactive language,

language of psychological distancing,
punctuations, pronouns, verb tense, etc.

Daly and Davy 2016, Kim et
al. 2016, Tran et al. 2016
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Semantic Features: Reciprocal phrases, | Gafni et al. 2019, Gorbatai
words related to achievement, certainty, | and Nelson 2015, Kaminski et
cognitive process, collective language, al. 2017, Liang and Hu 2018,
confidence, family, feelings, friends, Mitra and Gilbert 2014, Thies
hope, insights, language describing et al. 2016, Zhou et al. 2018
innovativeness, language describing
social problems, market orientation,
money (profit orientation), motion,
negative emotion, optimism, vividness,
positive emotion, relativity, resilience,
risk, time, work, etc.

Prior studies have paid little attention to the listeners in the persuasion process in the

context of crowdfunding. Kuppuswamy and Bayus (2013) have examined how the

dynamics of backer support over time influence the final fundraising success. Wang et al.

(2018) have empirically shown that interactions between project creator and backers may

help fundraising success. The role of backers in a persuasion process that leads to

crowdfunding success has not been explored before. Existing studies related to

crowdfunding success prediction simply assume that all potential backers will have the

same elaboration capacity or preference. As discussed earlier, it is important to account for

backers' persuasibility in order to better forecast crowdfunding success.

Table 4.3 The Four Components of an ISDT Design Product (Walls et al. 1992)

Kernel Theories

Language Expectancy Theory (LET) and the Wisdom of Crowds (WoC)

Meta-requirements

Predicting funding success of crowdfunding projects

Meta-design

e  Using the doc2vec of gensim3 package to build the representation of each
project’s textual content

e Identifying each backer’s preference based on their pledge history and the
projects’ representations trained in the last step

e  Predicting crowdfunding success by mathematically aggregating backers’
persuasibility for every new crowdfunding project

Testable hypotheses

The proposed prediction model, by accounting for backers’ persuasibility, can
outperform the content-based prediction model.

3 https://radimrehurek.com/gensim/
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4.3 The Proposed Model: Collective Persuasibility

In this study, we propose a new crowdfunding success prediction model called Collective
Persuasibility. This model predicts crowdfunding project success by aggregating potential
backers’ persuasibility based on the backers’ preferences with respect to the content of a
crowdfunding project. It first identifies each potential backer's content preferences using
their project pledge history. Then, given a new crowdfunding project, our method estimates
the collective content preference by aggregating potential backers' preferences. Compared
to existing prediction models that treat all backers equally, our proposed method attempts
to improve crowdfunding success prediction by identifying the persuasibility of each
backer and differentiating their weight in the prediction.

Adhering to the guidelines of design science research (Abbasi and Chen 2008, Hevner
et al. 2004, Walls et al. 1992), we offer a novel and backer-centric crowdfunding success
prediction model based on a Collective Persuasibility estimate. More specifically, we
follow Information Systems Design Theory (ISDT), which is a prescriptive theory used to
design, implement and evaluate a new artifact. The four components of ISDT are kernel
theories, meta-requirements, meta-design, and testable hypotheses (Walls et al. 1992).
These components are listed in Table 4.3. The kernel theories in this work include
Language Expectancy Theory (LET) (Burgoon et al. 2002) and Wisdom of Crowds theory
(WoC) (Surowiecki 2005), which are used to guide artifact design. The component of meta-
requirements clarifies the goal of our model, which is to improve crowdfunding success
prediction. Meta-design describes the artifact that is created to meet the requirements. We
use a method based on text analysis to identify each backer’s preference and propose a way

to calculate and aggregate backers’ persuasibility for predicting funding success. Finally,
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the testable hypothesis is used to evaluate whether or not our designed model satisfies the

meta-requirement, which is to help funding success prediction.

Part 1: Measure Backer’s Preference

[Backer 1 Preference]

~ [Backer 2 Preference]
.. [Backer 3 Preference]
Output [Backer 4 Preference]

[Backer 5 Preference]

[Backer 6 Preference]

[Backer 7 Preference]
Text Analysis Tools Language Expectancy Theory
NLTK
gensim [Backer k Preference]
Liwc
DICTION

Part 2: Collecting Backer’s Persuasibility

Project 1 [Collected Persuasibilities]
Prediction Model E
Project 2 [Collected Persuasibilities]
) Project 3 [Collected Persuasibilities]
\ 4
) _ Project 4 [Collected Persuasibilities] —
| —_— -I Project 5 [Collected Persuasibilities] Estimate Persuasibility
based on similarity
Project 6 [Collected Persuasibilities] il ]] il

Figure 4.1 A Crowdfunding Success Prediction Framework Based on Collective Persuasibility

As shown in Figure 4.1, our proposed framework consists of two steps. In the first step,
we design a method to identify each backer’s content preferences. Guided by LET, we
assume that a backer expects to see certain language content or styles that help persuade
him or her to make a pledge. Based on this assumption and backers’ historical pledge
activities, we calculate and represent each backer’s preference using the language features
identified in those projects to which he or she has donated. Second, after calculating each
backer’s preference, we quantify each backer’s persuasibility for a new crowdfunding
project by computing the similarity between each backer’s preferences and project content.
Inspired by the principle of WoC, we adopt SVM to mathematically aggregate those
backers’ persuasibility and predict crowdfunding project success. The theoretical

background and details of the two steps are introduced in the following subsections.
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4.3.1 Backer’s Preference

As a member of the persuasion theory family, LET assumes that language is a rule-
governed system in which individuals have their own expectations or preferences with
respect to appropriate language usage in given situations (Burgoon et al. 2002, Burgoon
and Miller 1985). Those expectations or preferences result from individuals’ interpersonal,
social, and even cultural backgrounds. More specifically, LET focuses on the impact of
positively or negatively violating the expectations of language features, such as language
structure or word selection, on the attitude change of the target listener (Averbeck 2010).
Positive violation, which is defined as meeting or exceeding expectations, can improve the
persuasiveness of communication content and lead to the listener’s attitude change for the
better. Negative violation, which means failing to meet expectations, might decrease the
persuasiveness of the communication content.

It is therefore important to identify the language expectations of potential backers and
study the impact of positive and negative violations on crowdfunding success. Accurately
estimating the language expectations of each and every backer, however, is an impossible
task, and it would be time-consuming and unrealistic to survey all potential backers on a
given platform. We propose a method, based on pledge history and related project content,
of inferring backers’ language expectations. Backers’ historical pledge activities are strong
evidence that they have been persuaded by the language features of previous project
content. We can thus represent a backer’s language expectation as a weighted set of
language features, indicating each feature’s level of importance to the backer's language

expectation.
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Existing literature related to crowdfunding has identified many language features that
can be extracted from project content. Lexical features, including average sentence length,
description length, and readability have been tested by prior work (Greenberg et al. 2013,
Tran et al. 2016, Zhou et al. 2018). Prior research has shown that syntactic features, such
as use of function words and pronouns, frequency of words related to number, description
concreteness, and verb tense, have a significant impact on crowdfunding success (Daly and
Davy 2016, Kim et al. 2016). The statistical importance of content-specific features,
including emotion, opinion, insight, confidence, cognitive process, and relation, has also
been studied (Gorbatai and Nelson 2015, Kaminski et al. 2017, Kim et al. 2016,
Parhankangas and Renko 2017, Thies et al. 2016). Existing literature has extracted a few
features from project content and analyzed the impact of those features on funding success
prediction. However, those extracted features, which are manually defined and categorized
into some particular classes, fail to cover all information relevant to textual content (Le and
Mikolov 2014). In this paper, we first preprocess the textual content, which includes
removing the punctuation, numbers, and stop words as well as stemming the words to
reduce vocabulary complexity. We then adopt the doc2vec of gensim, which is a text
analysis package, to generate the representation of each project and consider the textual
information as much as possible. Doc2vec is an unsupervised algorithm and is derived from
Quoc Le and Tomas Mikolov’s work (Le and Mikolov 2014). Doc2vec is able to
automatically learn feature representations from various text documents based on a neural

network language model without manually feature definition and selection.

Representation of project; = [fi, f2, f3, far s frns -» f100] 4-1)
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Based on the doc2vec method, we define and represent each project as equation (4-1),
where f;,, denotes the weight of the m” language feature for the project j. Each project is
described by using the 100 features generated by doc2vec. For each backer, we collect all

of his or her pledge history and formulize it as follows:

[f1,1; f1,20 1,3 fr,a0 f1,100] )

(

| o foor foss foto wos fon00] |
Backer_Pledge History = { [ 30032 33 f3.00 0, f3 100] } (4=2)
|
\[ ),

et fzs fis ot - faoo]
[fk‘l, Jr2o i3 frear s fk,100] is the representation of project &k supported by this backer.
Then we average the weights of each feature and define it as the backer’s preference. The
formula 1s shown below:

Backer's Preference

SO WIS ) WIS
K™ Lae=y VK" Lap=r MK " L=’ K

X" frano (4-3)

K is the number of projects pledged by the backer, and f} ; is the weight of feature / for
the project k. For each backer, we can use backer’s preference to measure the degree of
persuasiveness of each linguistic feature.

Backer_Persuasibility; ;

Preference; * Project;

J
= . * CategoryWeight- . (4’ - 4)
||Preference,]|| |Pr01ectj [ i,j

4.3.2 Collecting Backers’ Persuasibility
Using the backers’ preference defined in section 3.1, we can estimate each backer’s

persuasibility for the projects in the training and testing datasets. We compute the backer’s
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persuasibility using the cosine similarity of the backer’s preference vector and the project
representation vector. The formula is described as equation (4-4), where i denotes the
backer i, j represents the project j, Preference;is the representation vector of backer i’s

preference, Project; is the representation vector of project j, and Category_Weight,

denotes what percentage of backer i’s pledged projects belong to the category of project ;.
Category Weight; ; can decrease or increase the impact of backer /, depending on
whether the pledged projects are dominated by the category that is different from or the
same as the category of project j. Each backer’s persuasibility score can be used to define
the degree to which it is possible that the backer is persuaded by this project content and
how likely he or she is to make a pledge. The backer’s persuasibility can therefore be used
to predict crowdfunding success. Obviously, considering only a single backer’s
persuasibility is not enough to make a good estimation of funding success.

Following WoC principles is helpful to the prediction of funding success based on
backers’ persuasibility. The literature of WoC argues that statistical combination of
multiple opinions from a group of individuals can lead to better decision-making by
exploiting the benefit of error cancellation and maximizing the information scope (Clemen
1989, Cooke et al. 1991). Inspired by WoC theory, we collect a set of backer persuasibility
for crowdfunding success prediction. The collected persuasibility of a project can be
defined as equation (4-5), where j denotes the project j, i means the backer i, / is the number
of backers, and p; is the backer i’s persuasibility score for project j. Lastly, based on the
collected persuasibility, we use a statistical learning method to mathematically aggregate

backers’ persuasibility and predict the success of crowdfunding projects.
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Collective_Persuasibility(Project;)

= [p1, D2, D3, Das s Dis -, D1 ] (4-5)

4.4 Evaluation

To validate the effectiveness of our proposed model, we acquired data from crowdfunding
website Kickstarter. To identify the backers’ preference and train the prediction model, we
collected two types of information: backers’ pledge history and the content of projects
launched before 2014. We also gleaned data from Kickstarter projects launched in 2014 in
order to test the trained model. We implemented two content-based baseline methods and
our proposed model, Collective Persuasibility, based on the statistical learning method
SVM. Finally, we ran the statistical tests to show that our proposed method is capable of

significantly outperforming the two content-based methods.

4.4.1 Data Collection

We crawled 183,886 projects that were launched in or before December 2014 on
Kickstarter. Our collected data consists of two parts. One is a training dataset for
identifying backer preference and training the predictive model, collective persuasibility,
through aggregating backers’ persuasibility. The other is the testing dataset for validating
the effectiveness of our proposed model. The training dataset includes backers’ historical
pledge activities and crowdfunding projects content (project content, project goal, pledged
amount, project category, etc.). Backers’ pledge history is used to quantify backers’
preference for certain linguistic features of projects. We collected 128,163 total projects

that were launched before 2014 on Kickstarter. The site’s policy prohibits disclosure of the
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complete backer lists for crowdfunding projects, but we were able to access each backer’s
project pledge history.

We first scraped the homepage urls of each backer who created at least one project or
made at least one comment on Kickstarter before 2014. Secondly, we crawled the complete
pledged project list for each backer. Lastly, we crawled 426,873 backer profiles, which
include 1,902,470 Kickstarter pledges made before 2014. To guarantee the quality of
linguistic features extracted from project content, we removed projects with less than 500
words. There exist 55,723 projects, and the descriptive statistics of the selected projects are
shown in Table 4.4. The funding success rate is about 52%. In addition, to guarantee the
reliability of backer preference, we omitted backers with less than 50 pledge activities. We
next selected 4,922 backers with a total of 442,793 pledges to identify backers’ preference
and build the predictive model. The descriptive statistics of the selected backer profiles are
listed in Table 4.5. We collected about 443,000 pledge activities from 4,922 backers and
each backer made an average of approximately 90 pledges. Compared to the number of
pledges for those 55,723 projects, only 4.3% of pledges are included in our dataset. For the
testing dataset, we crawled 58,123 projects launched in 2014 on Kickstarter. Similarly, the
projects with less than 500 words were removed. Finally, we collected 23,649 projects in
our testing dataset. The basic information and projects distribution are also shown in Table

4.4. The funding success rate is about 49%.

Table 4.4 The Descriptive Statistics of the Selected Projects

Basic information

Projects launched before 2014 Projects launched in 2014
# of projects 55723 23649
# of successful 28956 11528
projects
Success rate 0.52 0.49

Project distribution over categories

Category | # of Projects before 2014 | # of Projects in 2014

91



Art 4076 1566
Comics 1855 816
Crafts 410 329
Dance 587 284
Design 3988 2312
Fashion 2176 1299
Film & Video 13934 4278
Food 2823 1626
Games 5382 2630
Journalism 381 153
Music 7580 2298
Photography 1509 613
Publishing 6752 2575
Technology 2347 2237
Theater 1898 633

Table 4.5 The Descriptive Statistics of the Selected Backer Profiles

Category # of collected pledges # of pledges in total Collected ratio
Art 8001 276406 0.029
Comics 25925 408368 0.063
Crafts 1481 27259 0.054
Dance 594 38946 0.015
Design 70417 1552008 0.045
Fashion 10049 305703 0.033
Film & Video 34456 1681066 0.020
Food 11013 323161 0.034
Games 204306 3183998 0.064
Journalism 843 41639 0.020
Music 9715 761628 0.013
Photography 3204 136515 0.023
Publishing 19089 549339 0.035
Technology 42021 926835 0.045
Theater 1679 145229 0.012
Total 442793 10358100 0.043

4.4.2 Correlation Test

In section 3, we defined each backer’s persuasibility using the cosine similarity score
between the particular backer preference and each of the projects launched in 2014. To
show whether or not the backer persuasibility value represents the possibility that the
backer can be persuaded by the project content, we crawled the selected 4,922 backers’
real 158,675 pledge activities in 2014 and ran the correlation test between those backers’

persuasibility and pledge activities (0 denotes that the backer did not pledge and 1 denotes
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that the backer did pledge). The correlation results show that backers’ persuasibility is
positively related to the backers’ real pledge activities, and the p-value shows that this

correlation is significant.

4.4.3 Prediction Model

To demonstrate the effectiveness of our proposed model, we implemented two content-
based baseline methods. For baseline method 1, we identified the 38 linguistic features
listed in Table 4.6 and used them to formulize the project as the input of the prediction
model. The implementation methods are also listed in Table 4.6, and the special word lists
from other works may be found in Appendix A. The two text analysis tools used in this
work are DICTION* and LIWC.® The DICTION software is a scientific method that is used
to analyze textual content. By using DICTION, we can extract five general dimensions and
35 sub-dimensions from the text, such as tone, motion, collectives, self-reference, and
variety (Davis et al. 2012, Parhankangas and Renko 2017). In addition, DICTION allows
users to customize the word list. For example, we can import the market orientation word
list (Zachary et al. 2011) to DICTION, and it outputs the normalized score of market
orientation for the given text. LIWC is another computerized text analysis tool; it focuses
on psychologically meaningful categories of words (Tausczik and Pennebaker 2010).
LIWC can generate more than 80 linguistic features of textual content, including the
categories related to personal concerns, time orientation, relativity, needs, cognitive
processes, and perceptual processes. In this research, we apply these two tools mainly to

generate the features listed in Table 4.6, except for the variable of readability (which is

4 https://www.dictionsoftware.com/

5 https://liwc.wpengine.com/
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calculated using the Flesch—Kincaid grade formula). For baseline method 2, we adopt the

100-dimension vector space representation generated by doc2vec as the input of the

prediction model, which is described in equation (4-1). The two baseline methods are

implemented to highlight the difference between content-based methods and collective

persuasibility.
Table 4.6 List of Selected Linguistic Features for Baseline Method 1

Features Implementation Category
Concreteness The sum of the normalized scores of “article,” “preposition,” and

“quantifier” words in LIWC
Function words The normalized score of “function” words in LIWC
Interactive language The number of questions in the project content
Language of The normalized score of “first person pronouns” words in LIWC
psychological distancing Syntactic
Punctuations The normalized score of “punctuations” words in LIWC
Pronouns The normalized score of “pronouns” words in LIWC
Verbs with future tense The normalized score of “future focus” words in LIWC
Verbs with past tense The normalized score of “past focus” words in LIWC
Verbs with present tense | The normalized score of “present focus” words in LIWC
Number of words The number of words in project content
Number of words per The number of words per sentence in project content
sentence
Numeric The number of “number” words Lexical
Precise language The negative (opposite) of the number of unique words divided by

the total words
Readability The score of Flesch—Kincaid grade level
Achievement The normalized score of “achieve” measure in LIWC
Certainty The normalized score of “certain” measure in LIWC
Cognitive Process The normalized score of “cognitive processes” variable in LIWC
Collective language The normalized scores of “collective” measure in DICTION
Confidence The normalized scores of “confidence” words in McKenny et al.’s

work (McKenny et al. 2013)
Family The normalized score of “family” measure in LIWC
Feeling The normalized score of “feel” measure in LIWC
Friends The normalized score of “friends” measure in LIWC
Hope The normalized scores of “hope” words in McKenny et al.’s work

(McKenny et al. 2013)
Insights The normalized score of “insight” measure in LIWC
Language describing The normalized scores of “innovativeness” words in Michalisin’s
innovativeness work (2001)
Language describing The normalized scores of “exclusion” measure (using DICTION)
social problems
Market orientation The normalized scores of “market orientation” words in Zachary et

al.’s work (2011) _
Money (profit The normalized score of “money” measure in LIWC Semantic
orientation)
Motion The normalized score of “motion” measure in LIWC

Negative emotion

The normalized score of “negative” measure in LIWC
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Optimism

The normalized scores of “optimism” words in McKenny et al.’s
work (McKenny et al. 2013)

Perception (vividness)

The normalized score of “perception” measure in LIWC

Positive emotion

The normalized score of “positive” measure in LIWC

Relativity The normalized score of “relativity” measure in LIWC

Resilience The normalized scores of “resilience” words in McKenny et al.’s
work (McKenny et al. 2013)

Risk The normalized score of “risk” measure in LIWC

Time The normalized score of “time” measure in LIWC

Work The normalized score of “work” measure in LIWC

To balance the dataset and compare the performance of all three methods, we randomly

sampled 10 different datasets. For each sampled dataset, we randomly selected 25,000

successful projects and 25,000 failed projects respectively from those launched before

2014, and we randomly selected 10,000 successful and 10,000 failed projects from the

projects launched in 2014. We adopted SVM for each sampled dataset in order to train the

prediction model, test our proposed method, and test the two baseline methods. Table 4.7

shows the average scores of the prediction accuracy, f-1, and AUC measure of all methods

using the 10 sampled datasets. Our proposed method beat both of the two content-based

methods in the three different measures. Specifically, it outperformed baseline 2 by 4.8%,

5.6%, and 5.3% in the accuracy, F-1, and AUC measures respectively. To show the

statistical significance, we ran the #-fest, and the results demonstrate that our proposed

method, Collective Persuasibility, is significantly better than the two baselines.

Table 4.7 The Results of the Three Methods

(a) The Performance Comparison of the Three Methods

Methods Accuracy F-1 AUC
Baseline 1 using 38 variables 0.626 0.625 0.626
Baseline 2 using doc2vec 0.681 0.682 0.682
Collective Persuasibility 0.714 0.720 0.718
(b) The Results (p value) of the t-tests for Collective Persuasibility and the Baseline Methods
Methods Accuracy F-1 AUC
Baseline 1 using 38 variables <.0001 <.0001 <.0001
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| Baseline 2 using doc2vec | <.0001 | <.0001 | <.0001 |

As shown in Table 4.5, the backer pledge history data, used for identifying backers’
preferences, are dominated by the category of Games. There are a total of 442,793 pledge
activities, and 204,306 of them are associated with Games projects (about 46%). It is
possible that our backers’ preferences are biased by those pledge activities, even though
we tried to reduce this bias by using Category Weight in equation (4-4). We therefore also
trained and tested the prediction model using only the Games projects. As before, we
randomly generated 10 sampled datasets, each of which included 2,500 successful and
2,500 failed projects in the training dataset and 1,000 successful and 1,000 failed projects
in the testing dataset. For each sampled dataset, we calculated the accuracy, F-1, and AUC
measures. The performance results of the three methods are shown in Table 4.8. Collective
Persuasibility again outperformed the two baseline methods. In addition, the #-fest results
show that our proposed method is significantly better than the baselines. Interestingly,
when we use only the data related to the Games category, the difference between Collective
Persuasibility and baseline 2 increased from about 0.03 to 0.05 due to the reduced bias of

backers’ preference.

Table 4.8 The Results of the Three Methods for the Games Projects

(a) The Performance Comparison of the Three Methods

Accuracy F-1 AUC
Baseline 1 using 38 variables 0.644 0.647 0.645
Baseline 2 using doc2vec 0.702 0.705 0.704
Collective Persuasibility 0.753 0.758 0.756

(b) The Results (p value) of the t-tests for Collective Persuasibility and the Baseline Methods

Methods Accuracy F-1 AUC
Baseline 1 using 38 variables <.0001 <.0001 <.0001
Baseline 2 using doc2vec <.0001 <.0001 <.0001
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4.5 Conclusions

In this paper, we unveil a new method, Collective Persuasibility, for predicting
crowdfunding success. Our study argues that a method based on backers’ persuasibility can
provide an extra contribution to funding success prediction over and above that offered by
content-based models. Our work features a text analysis method to identify backers’
language preference based on Natural Language Processing (NLP) techniques and LET.
Backers’ persuasibility is defined as the cosine similarity between backers’ preference and
project content. As mentioned before, the correlation test shows that backer persuasibility
is positively correlated with the backers’ real pledge activities. We use a statistical learning
method to aggregate the backers’ persuasibility to predict funding success. The results in
Table 4.7 and Table 4.8 show that our proposed method, based on identifying backer
language preferences and differentiating the importance of each backer, can improve
funding success prediction.

This work makes several theoretical contributions to the growing literature on
crowdfunding campaigns and persuasion theories. The first is the design of a collective
persuasibility-based model to predict crowdfunding success. The results in Section 4 show
the significant effectiveness of the proposed method. The second contribution is a clear
definition of backers’ preferences and the creation of a method to measure those
preferences using techniques of text analysis. Prior research has extracted some linguistic
features from project content and applied LET in crowdfunding research, but it failed to
define and identify the expectation of backers. In this work, we attempt to use backer
preference to stand for their language expectations for crowdfunding projects. Third, we

define the backers’ persuasibility by the similarity between the backers’ preference and
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project content. The correlation test comparing backers’ persuasibility to their real pledge
activities confirms the argument of LET, which claims that backers might be persuaded if
their expectations are met or positively violated. The correlation test’s results show that the
backer is more likely to be persuaded by a project that is more similar to the backer’s
preference. Lastly, our study has implications for future research. The listeners, which are
backers in crowdfunding, are an important element in the Yale Attitude Change model.
Unfortunately, existing literature fails to consider the backers’ importance in crowdfunding
success prediction. Our study shows that the backers, especially the set of active backers
on crowdfunding platforms, play a critical role in funding success. We hope the findings
of our work can help and inspire future scholars to consider the characteristics of backers.

There are certainly improvements that can be made to the Collective Persuasibility
model. First, our crawled user profiles data for identifying backers’ preference are biased.
About 46% of pledge activities are associated with the Games projects. This condition
might have skewed the backers’ preference and compromised the performance of our
funding success prediction model. To reduce the impact of biased pledge history data, more
complete backer profile data will be necessary, and this will improve the prediction model
in the future. We hope to also extract more features from backer profiles and examine the
impact of those features on crowdfunding success prediction. Those additional features
include social networks, personal traits, and experience/expertise in crowdfunding. In this
study, backers’ preferences are classified using all of their historical pledges, but backers’
preferences may change over time. It is therefore appropriate to investigate how the
dynamics of backer preference influence the performance of our prediction model.

Furthermore, we can try to expand the literature on the nature of attitudes and persuasion
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through explaining the reasons why backers are persuaded by changing features over time.
Finally, we will explore the projects and backer profile data from another famous

crowdfunding platform, Indiegogo, to display the robustness of our proposed method.
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5 Conclusions

This dissertation centers on the value of WoC, especially the strategies of extracting
wisdom from crowdsourcing platforms for business applications, such as stock return
estimation, event forecasting, and crowdfunding success prediction. WoC argues that
aggregating forecasts or estimations from a group of diverse individuals might improve
decision making. Guided by the WoC theory (Surowiecki 2005), social influence theory
(Turner 1991), statistical learning theory (STL) (Vapnik 1999), and language expectancy

theory (Burgoon et al. 2002), I proposed a framework to address three research questions.
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1) How can we build a better opinion aggregation method given the unique
characteristics of online social crowds formed on crowdsourcing platforms?

2) How can we leverage the power of statistical learning and develop an optimal (or at
least a quasi-optimal) opinion aggregation method by reducing the impact of human
heuristics?

3) How can we address the data sparsity problem commonly seen in online
communities and apply opinion aggregation to the prediction of crowdfunding
success by collecting backers’ collective persuasibility?

In addition, based on the framework of design science research (Hevner et al. 2004,
Walls et al. 1992), I built three artifacts on three genuine crowdsourcing datasets to answer
the above questions.

In Chapter 2, I attempted to answer the first research question by building a better
opinion aggregation method for extracting wisdom from an online social crowd—not a
traditional crowd used in existing literature. Specifically, it attempted to answer the
question of how to aggregate opinions from a social crowd by considering the impact of
social influence among judges, designing a method to better differentiate the judges’
estimation abilities, and aggregating the opinions posted by the judges who previously
displayed consistently poor past performance. To address the aforementioned question and
improve the performance of opinion aggregation, I proposed a new opinion aggregation
model, SCIQ, which contains three novel methodological features.

1) It accounts for the social influence in a social crowd.

2) It considers the payoff of the estimations.
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3) It uses all participants, rather than just the top-performing individuals, for opinion

aggregation.

Based on these three design features, I implemented SCIQ using the StockTwits dataset
to predict stock returns by aggregating opinions from social crowds. The results showed
that the proposed method can outperform four baseline opinion aggregation methods. The
functional testing showed that each of the three elements significantly contributed to the
proposed SCIQ model. In addition, the results of another experiment, which was based on
the Good Judgment Open dataset, show the robustness of SCIQ. Finally, the findings
indicate that my proposed model can improve the performance of crowd wisdom. Each of
the three design features has significantly contributed to SCIQ.

In Chapter 3, I attempted to answer the second research question by clarifying the
potential issues of existing literature, which are caused by heuristics, and proposing a
statistical learning theory-based method to replace the heuristic-based methods for
improving opinion aggregation. Heuristics might compromise the quality of existing
opinion aggregation methods because of positive bias and dependence neglect, which result
from representativeness heuristics and availability heuristics, respectively. To address the
two problems, I proposed a tree-based boosting method to identify the predictive power of
each judge (based on Gini Impurity) and decrease the dependence among judges. The
experiment shows that the proposed method, CrowdBoosting, can significantly outperform
all baseline methods. Additional analysis comparing CWM and CWM-alpha’s
performance indicates that positive bias does impact the quality of opinion aggregation.
Moreover, the crowd of judges selected by CrowdBoosting has lower dependence (e.g.,

lower social influence and higher decentralization) than the group selected by the state-of-
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the-art heuristic-based CWM method. Those findings support the arguments of the WoC
theory—a crowd with lower dependence is more likely to deliver a better aggregated crowd
decision. This study illustrates the value of the statistical learning theory for crowd wisdom,
which uses Gini Impurity to measure the predictive power of each judge and consider the
dependence among judges in opinion aggregation. This provides a better method for
aggregating crowd opinions.

In Chapter 4, the crowd wisdom approach was applied to another crowdsourcing task
with a significant data sparsity problem: crowdfunding success prediction. Like collective
intelligence in crowd wisdom, collective persuasibility is used to predict crowdfunding
success in this work. More specifically, this study argues that the backers’ persuasibility-
based method can contribute more funding success prediction than the content-based
methods in existing literature. Guided by Natural Language Processing (NLP) techniques
and Language Expectancy Theory (LET), this work first identified backers’ language
preferences using a text-analysis based method, and then it adopted the cosine similarity
score between backers’ preferences and project content to represent backers’ persuasibility.
The results show that identifying backer language preferences and differentiating the
importance of each backer can improve crowdfunding success prediction. The finding
indicates that backers play a very important role in crowdfunding success prediction.
Specifically, different backers might have different levels of persuasibility for the same
project description. Identifying the differences in each backer can help predict
crowdfunding success. Generally, the listeners in the persuasion model are key to the
persuasion process and considering the listener’s personality or characteristics is

instrumental in achieving persuasion success.
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There is still room to contribute to WoC literature. First, as a design science study, this
research only used individuals’ forecasts or opinions as the inputs for opinion aggregation
methods. In the future, the judges’ characteristics, self-descriptions, and the features of
textual content associated with the predictions can be included for enriching the inputs of
opinion aggregation approaches. A more complicated and hierarchical method to aggregate
crowd opinions can then be built. Second, existing literature about the WoC theory
emphasizes that three factors, crowd diversity, crowd influence, and crowd decentralization,
are key to the performance of crowd wisdom. However, to the best of my knowledge,
limited studies exist regarding the impact of individuals’ personal traits. These traits which
influence the quality of the aggregated decision. It is possible to find one or more critical
factors in the WoC theory. Lastly, crowd wisdom can be applied to other crowdsourcing
tasks, such as weather prediction, sports game forecasting, economic index estimation,
open innovation, etc. More data can be collected from other social media, such as Betfect,
FansUnite, Yahoo!Sports, and Estimize, to show the effectiveness of crowd wisdom.

The development of information technology and social media gives us an excellent
opportunity to leverage the benefit of WoC. This theory is expected to benefit many areas

of'academia and industry.
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7 Appendix A: Word Lists

Optimism: (McKenny et al. 2013)

aspire, aspirer, aspires, aspiring, aspiringly, assurance, assured, assuredly, assuredness,
assuring, auspicious, auspiciously, auspiciousness, bank on, beamish, believe, believed,
believes, believing, bullish, bullishly, bullishness, confidence, confident, confidently,
encourage, encouraged, encourages, encouraging, encouragingly, ensuring, expectancy,
expectant, expectation, expectations, expected, expecting, faith, good omen, hearten,
heartened, heartener, heartening, hearteningly, heartens, hope, hoped, hopeful, hopefully,
hopefulness, hoper, hopes, hoping, ideal, idealist, idealistic, idealistically, ideally, looking
up, looks up, optimism, optimist, optimistic, optimistical, optimistically, outlook,
positive, positively, positiveness, positivity, promising, propitious, propitiously,
propitiousness, reassure, reassured, reassures, reassuring, roseate, rosy, sanguine,
sanguinely, sanguineness, sanguinity, sunniness, sunny

Hope: (McKenny et al. 2013)
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accomplishments, achievements, approach, aspiration, aspire, aspired, aspirer, aspires,
aspiring, aspiringly, assurance, assurances, assure, assured, assuredly, assuredness,
assuring, assuringly, assuringness, belief, believe, believed, believes, believing,
breakthrough, certain, certainly, certainty, committed, concept, confidence, confident,
confidently, convinced, dare say, deduce, deduced, deduces, deducing, desire, desired,
desires, desiring, doubt not, energy, engage, engagement, expectancy, faith, foresaw,
foresee, foreseeing, foreseen, foresees, goal, goals, hearten, heartened, heartening,
hearteningly, heartens, hope, hoped, hopeful, hopefully, hopefulness, hoper, hopes,
hoping, idea, innovation, innovative, ongoing, opportunity, promise, promising,
propitious, propitiously, propitiousness, solution, solutions, upbeat, wishes, wishing,
yearn, yearn for, yearning, yearning for, yearns for

Confidence: (McKenny et al. 2013)

ability, accomplish, accomplished, accomplishes, accomplishing, accomplishments,
achievements, achieving, adept, adeptly, adeptness, adroitly, adroitness, all-in, aplomb,
arrogance, arrogant, arrogantly, assurance, assured, assuredly, assuredness, backbone,
bandwidth, belief, capable, capableness, capably, certain, certainly, certainness, certainty,
certitude, cocksurely, cocksureness, cocky, commitment, commitments, committed,
compelling, competence, competency, competent, competently, confidence, confident,
confidently, conviction, effective, effectively, effectiveness, effectual, effectually,
effectualness, efficacious, efficaciously, efficaciousness, efficacy, equanimity,
equanimous, equanimously, expertise, expertly, fortitude, fortitudinous, forward,
forwardness, know-how, knowledgability, knowledgeable, knowledgably, masterful,
masterfully, masterfulness, masterly, mastery, overconfidence, overconfident,
overconfidently, persuasion, power, powerful, powerfully, powerfulness, prevailed,
prevailing, prevails, prevalence, prevalent, reassurance, reassure, reassured, reassures,
reassuring, self-assurance, self-assured, self-assuring, selfconfidence, self-confident, self-
dependence, self-dependent, self-reliance, self-reliant, stamina, steadily, steadiness,
steady, strength, strong, stronger, strongish, strongly, strongness, superior, superiority,
sure, surely, sureness, unblinking, unblinkingly, undoubtedly, undoubting, unflappability,
unflappable, unflinching

Resilience: (McKenny et al. 2013)

adamant, adamantly, assiduous, assiduously, assiduousness, backbone, bandwidth, bears
up, bounce, bounced, bounces, bouncing, buoyant, commitment, commitments,
committed, consistent, determination, determined, determinedly, determinedness,
devoted, devotedly, devotedness, devotion, die trying, died trying, dies trying,
disciplined, dogged, doggedly, doggedness, drudge, drudged, drudges, endurance,
endure, endured, endures, enduring, grit, hammer away, hammered away, hammering
away, hammers away, held fast, held good, held up, hold fast, holding fast, holding up,
holds fast, holds good, immovability, immovable, immovably, indefatigable,
indefatigableness, indefatigably, indestructibility, indestructible, indestructibleness,
indestructibly, intransigence, intransigency, intransigent, keep at, keep going, keep on,
keeping at, keeping going, keeping on, keeps at, keeps going, keeps on, kept at, kept
going, kept on, labored, laboring, never-tiring, never-wearying, perdure, perdured,
perduring, perseverance, persevere, persevered, persevering, persist, persisted,
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persistence, persistent, persisting, pertinacious, pertinaciously, pertinacity, rebound,
rebounded, rebounding, rebounds, relentlessness, remain, remained, remaining, remains,
resilience, resiliency, resilient, resolute, resolutely, resoluteness, resolve, resolved,
resolves, resolving, robust, sedulity, sedulous, sedulously, sedulousness, snap back,
snapped back, snapping back, snaps back, spring back, springing back, springs, springs
back, sprung back, stalwart, stalwartly, stalwartness, stand fast, stand firm, standing fast,
standing firm, stands fast, stands firm, stay, steadfast, steadfastly, steadfastness, stood
fast, stood firm, strove, survive, surviving, surviving, tenacious, tenaciously,
tenaciousness, tenacity, tough, uncompromising, uncompromisingly,
uncompromisingness, unfaltering, unfalteringly, unflagging, unrelenting, unrelentingly,
unrelentingness, unshakable, unshakablely, unshakeable, unshaken, unshaking,
unswervable, unswerved, unswerving, unswervingly, unswervingness, untiring,
unwavered, unwavering, unweariedness, unyielding, unyieldingly, unyieldingness,
upheld, uphold, upholding, upholds, zeal, zealous, zealously, zealousness

Innovativeness: (Michalisin 2001)

innovation, creative, new products, significant progress, product development,
modernization, automate, changing goals, innovations, creativity, new services, new
processes, process development, advanced technology, automated, innovative, innovator,
innovators, new process, dramatic improvements, advanced technologies, cycle time

Market Orientation: (Zachary et al. 2011)

attendee, buyer, buying, client, clientele, consume, consumer, customer, emptor, habitué,
market, marketer, patron, patronage, patronize, patronized, purchase, purchased,
purchaser, purchasing, shopper, spectator, subscribe, subscribed, subscriber, subscribing,
user, vend, vended, vendee, visitor, adversary, adverse, aggression, aggressions,
aggressive, ambition, ambitions, ambitious, antagonist, antagonize, antagonized, aspirant,
aspire, aspired, aspires, assail, assailant, assailants, assailed, barricade, barricaded, battle,
battled, battler, battles, beat, beaten, beating, bid, bidded, bidder, block, blockade,
blockaded, blocked, blocks, challenge, challenged, challenger, challenges, challenging,
clash, clashed, clashes, clashing, collide, collided, collides, colliding, combat, combated,
combating, combative, combats, compete, competed, competer, competes, competing,
competition, competitive, competitor, competitors, conflict, conflicted, conflicting,
conflicts, confront, confrontation, confrontational, confrontations, conquer, conquered,
conquering, conquers, contend, contender, contending, contentious, contest, contestant,
contestants, counteraction, counteractions, counteractive, cutthroat, cutthroats, disputant,
dispute, disputed, disputes, disputing, enemies, enemy, engage, engaged, engagement,
engagements, engages, engaging, entrant, fight, fighting, fights, foe, foes, formidable,
fought, grappled, grapple, grapples, grappling, jockey, jockeys, jockied, match, matched,
matches, matching, opponent, oppose, opposed, opposers, opposing, opposition,
oppositionist, oppositionists, oppositions, out bid, outclass, outclassed, outclassing,
outmatch, outmatched, outmatches, outmatching, outrank, outranked, outranking,
outranks, outrate, outrated, outrates, outrating, participant, participants, participate,
participated, resist, resistance, resistant, resistants, resisted, resisting, rival, rivals, spar,
sparing, sparred, spars, strive, strived, strives, striving, struggle, struggled, struggles,
struggling, superior, surpass, surpassed, surpasses, surpassing, vied, vying, war, warring,
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aggressor, combatant, imitator, advantage, advantages, accordant, accordants, amalgam,
amalgamate, amalgamation, associate, associated, associates, associating, coactive,
coadjuvant, coalesce, coalescence, collaborate, collaborated, collaborates, collaborating,
collaboration, collaborative, combination, combinations, combine, combined, combines,
combining, complement, complemental, complementary, complemented, complementing,
complements, concerted, concerting, concurrent, congenial, congeniality, congenially,
connect, connected, connecting, connects, consolidate, consolidates, consolidating,
consolidation, consolidative, cooperate, cooperates, cooperating, cooperation,
cooperative, coordinate, coordinated, coordinates, coordinating, correlated, correlation,
correlational, correlative, fuse, fused, fusing, fusion, fusions, harmonious, harmony, in-
concert, incorporate, incorporated, incorporating, incorporation, integral, integrate,
integrates, integrating, integration, interact, interaction, interactional, interactive,
interacts, joint, joint task, jointly, mutual, mutually, mutually beneficial, reciprocal,
reciprocity, share, shared, shares, sharing, simpatico, symbiosis, symbiotic,
symbiotically, syncretism, synergetic, synergistic, synergize, synergy, synthesis,
synthesize, synthesized, synthesizes, synthesizing, team, team up, teaming, teams,
teamwork, together, unification, unified, unite, united, unitedly, unites, unitize, unity,
coaction, integrated, cross functional, interfunctional, company-wide, cross brand,
mobilize, utilize, leverage, allocate, employ
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