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Abstract

Analyzing group behavior from language use

with Natural Language Processing and experimental methods:

Three applications in political science and sociology

by

Christopher Henry Brown, Ph.D.

The University of Texas at Austin, 2018

Supervisor: David Beaver

This dissertation presents three independent research projects with the common goal
of analyzing and understanding group behavior from naturally occurring text, applying
Natural Language Processing (NLP) and experimental methods to the domains of political
science, sociology, and cognitive science.

The first project develops a case study examining a grassroots initiative to bring an Ohio
anti-labor bill to state-wide referendum. Social media platforms like Twitter present new
opportunities for researchers to listen in on natural conversations, but this data is unstruc-
tured and too large for qualitative or manual analysis. I demonstrate the use of NLP and
Machine Learning tools to identify opinions and extract trends from this text data, while
addressing pitfalls and biases of these methods.

The second project describes issues with measuring impact and influence using tradi-
tional citation analysis, and demonstrates how incorporating full text data improves citation
network models. Citation analysis arose to address the need to quantify, filter, and rank
scientific publications as they outgrew any single researcher’s ability to comprehensively
survey all literature relevant to their research. The problem is that most citation metrics are
based solely on network metadata: they operate under the assumption that every citation
connotes the same amount of influence as any other, completely ignoring text content. I

iv



investigate textual features and comparison metrics indicative of citation relationships, and
use my citation prediction system to demonstrate that even simple methods can improve
citation models beyond the typical binary cited-or-not network.

Finally, the third project examines how individuals’ beliefs change upon receiving new
information. Multiple factors affect this behavior, like reliability of the source, and believ-
ability or coherence of information, but there is no one-size-fits-all model describing how
people are influenced by new information. I present a novel experimental design to measure
belief and confidence change, and show that increased reliability of new information boosts
confidence, and that higher confidence decreases likelihood of changing one’s beliefs. The
results also suggest some counter-intuitive behaviors: reliability has no discernible effect
on willingness to change one’s belief, disagreement is more influential than agreement, and
prior confidence has a non-linear effect on how new information changes confidence.
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Chapter 1

Introduction

This dissertation develops three independent research projects with the common goal
of understanding group behavior from observed language use. The specific social process
at the core of each of these projects is influence; I explore, in turn, how political activists
mobilize the electorate, how research ideas propagate through academic literature, and how
people adopt or adapt to new beliefs.

I apply Natural Language Processing (NLP) / Machine Learning (ML) and experimen-
tal methods across these domains of exploration. In the first two projects, I analyze the
written text produced by certain groups, focusing on expressions of political opinion shared
by partisan groups, and commonalities in how sources of knowledge are attributed by re-
searchers authoring scientific papers. In the third project, I measure how individuals react
to textual scenarios describing group behavior, specifically, how individuals respond to
descriptions of facts and beliefs by updating their existing beliefs.

The three projects share a common thread: how to quantify unstructured observations
of human cognitive processes, using statistical techniques, to summarize or predict group
behavior. The first two infer attitudes and influence from natural language; the third is
situated in the context of linguistic discourse and how utterances influence others’ beliefs,
focusing on how this influence can be measured in an experimental setting, based on indi-
viduals’ self-reported beliefs and confidence.

The following overview briefly describes the intended audience and research objectives
of the three projects.

Chapter 2: Classification of political attitude

This chapter develops a case study examining a grassroots initiative to bring an Ohio
anti-labor bill to state-wide referendum in 2011, demonstrating how NLP can help answer
research questions posed by political scientists or sociologists by analyzing the massive
amount of unstructured data available on social media platforms.

The chapter begins with a comprehensive survey of related literature in Section 2.1,
ranging from traditional, qualitative precedents to much more recent computational analy-
ses, highlighting two trends that coalesce in the work I present in this chapter: easy access
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to large sources of public text-based communication online, and the exponential increase
in computational capacity. This section may be of interest to a researcher embarking on a
quantitative analysis of politically-oriented data, perhaps without a background in political
science, seeking an overview of recent research projects in line with those two trends.

Section 2.2 details the political issue, Ohio Senate Bill 5, the timeline leading to its
repeal by popular vote, and the broad research questions posed by my sociologist collab-
orators at The Ohio State University. These research objectives center on understanding
political mobilization on social media: identifying and summarizing trends, and charac-
terizing the discourse advanced by the opposing sides. Section 2.3 describes the dataset
of over 100,000 tweets collected from Twitter, and the subset of over 10,000 annotations
identifying political opinion.

The sweeping advancements in computational power mentioned above has two im-
portant results for my purposes: it enables anyone to run NLP applications on consumer
hardware, which in turn has engendered an array of freely available, open-source, and
flexible software packages that make NLP much more accessible to researchers without a
background in computational linguistics or computer science. Sections 2.4 and 2.5 start
with translational science, demonstrating the application of straightforward NLP and ML
techniques in the context of this case study, and illustrating the advantages of full language
models over standard sentiment analysis and topic modeling (at least for this dataset). Sec-
tion 2.5 digs further into the workings of the classification model, discussing several ways
to use its parameters beyond making simple classification decisions. Section 2.7 depicts
several new perspectives afforded by the classifiers’ predictions, featuring a time-series
analysis and a county-level comparison of geolocated tweets with the official vote tally.
These sections are targeted toward the political scientist or sociologist wanting to use NLP
and ML to optimize mundane preprocessing tasks or efficiently extrapolate a small set of
annotations across a much larger dataset, curious what the basic methodology consists of
and where to be careful of potential biases or other pitfalls.

A short summary of my findings and discussion of further work is provided in Sec-
tion 2.8.

2



Chapter 3: Citation analysis

This chapter explores the influence of academic literature on subsequent research, and
how it can be measured by comparing the text content of pairs of papers. I take up a
widely recognized limitation of traditional citation analysis—that all citations are counted
equally—and demonstrates how applying simple similarity metrics to the full text content
of papers can improve citation network models that are otherwise limited to just metadata.

Citation analysis arose to address the need to quantify, filter, and rank scientific pub-
lications as they outgrew any single researcher’s ability to comprehensively survey all lit-
erature relevant to their research. This analysis and the resulting metrics are no longer
constrained to solving the discovery problem; they are used to evaluate academic impact
and performance at all levels of research. Section 3.1 enumerates how these metrics af-
fect the visibility of papers, performance reviews of individual researchers, the rankings of
journals, and even allocation of research funds.

The problem is that most citation metrics are based solely on network metadata: they
operate under the assumption that every citation signals the same amount of influence as
any other, ignoring the textual content of the papers. Section 3.2 elaborates on the funda-
mental issues with this simplification, along with some of its indirect effects and potential
implications on, for example, public health policy. Section 3.3 reviews a selection of prior
research from the field of bibliometrics, briefly establishing the basic methodology, some
extensions, and some workarounds to the highlighted problems. These sections contribute
a broad perspective of the issue and its impact.

Section 3.4 provides the technical grounding for the work presented in subsequent sec-
tions: describing the features, the difficulties in extracting full text from PDFs, and the
available corpora relevant to this research project. Section 3.5 describes three established
NLP tasks intended to evaluate various goals of citation models, and surveys the relevant
literature describing existing applications and benchmarks on these tasks. I also consider
some of the applications of a non-binary citation network, such as ranking the importance
of cited papers in a bibliography.

Section 3.6 develops and reports results on the experiments that constitute the main
contribution of this chapter. I explain why the citation prediction task is the best-suited
option from among the established NLP tasks for evaluating my research questions, and
why improving a model’s performance on this task can be interpreted as conveying more
useful information about citation relationships in the network model. Running my citation
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prediction system on the ACL (Association of Computational Linguistics) corpus, my re-
sults show that incorporating the full text content of papers, even with very simple similarity
metrics, can add useful information to the citation network model. I conclude in Section 3.7
by relating these findings back to the problem of simplifying of citations as cited-or-not,
and discuss the broader issue of integrating measures like this with entrenched methods.

Chapter 4: Measuring influence experimentally

This chapter examines how individuals’ beliefs and confidence are influenced by others’
opinions. I present a novel experimental design to measure belief and confidence, and how
they change in response to receiving new information.

The motivation for this research program is that online social media platforms are in-
creasingly used to influence people, in environments with two distinguishing characteris-
tics: first, individualized communities (vs. radio/TV broadcast), and second, weak ties (vs.
close real-world relationships). Multiple factors affect this behavior, like the reliability of
the source and the believability or coherence of information, and there is no one-size-fits-all
model describing how people are influenced by new information.

Due to the nature of this communication and those two characteristics, this type of
environment can be replicated online in a crowdsourcing format, which allows for the con-
struction of tightly controlled experiments to test specific aspects of behavior.

Section 4.2 presents two frameworks commonly used to model the spread of beliefs
and effect of influence in social networks: epidemiology and Bayesian reasoning. Neither
of these is a perfect fit, but they provide a basis on which to develop testable hypothe-
ses. In this light, Section 4.3 reformulates the four broad research questions presented in
Section 4.1 as testable hypotheses.

To answer my research questions and address these hypotheses, in Section 4.4, I de-
scribe an experiment designed to elicit beliefs and confidence levels from individuals be-
fore and after observing the aggregate belief of the ‘crowd’ (participants in a prior run),

Section 4.5 explores the resulting experimental data with summary statistics and anal-
yses to verify that the responses conform to baseline intuitions about how people respond,
then proceeds to test each of the hypotheses and discuss how this answers the correspond-
ing research question.

Section 4.6 reiterates the questions and these findings, which can be roughly summa-
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rized as the following:

1. When presented with an opposing belief, how does the reliability of that opinion affect
the hearer’s belief and confidence?

There’s no significant effect on the hearer’s likelihood of changing their belief, but
there’s a small but significant effect on their confidence.

2. When presented with an opposing belief, how does the hearer’s initial confidence affect
their willingness to adopt it?

More confident responses are less likely to be changed to agree with the crowd.

3. When presented with an opposing belief, how does the hearer adjust their confidence?

Confidence increases by 50 more points when the crowd disagrees, compared to when
it agrees

4. What is the nature of the relationship between someone’s initial confidence and how
they adjust it upon hearing new information?

I compare two models, linear vs. categorical (by decile of confidence), and find that the
categorical model is more parsimonious and fits the data better than the linear model.
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Chapter 2

Automatic classification of political attitude

Social media has democratized democracy, allowing anyone with an internet connection
to peer into the machinations of the populace. Trouble is, online behavior is not cleanly
tallied onto ballots, and for better or for worse, there is no voter ID restriction. Whose voice
counts, and what are they all saying? The work presented in this chapter explores how
NLP can aggregate and analyze the internet’s untidy transcript, helping us to understand
the political issues at stake and how they transpire among the electorate.

This chapter presents several applications of machine learning in sociology and political
science research, with the goal of expediting what would be a laborious human annotation
effort while simultaneously avoiding the inscrutability of human judgments. I also discuss
techniques for comprehending the model’s decisions; how the model’s parameterization
can explain the classification decisions directly, unlike human introspection. Likewise,
I discuss its biases and limitations, and potential problems when extrapolating over new
data.

To provide background and draw connections between existing work and the analyses
presented in this chapter, Section 2.1 surveys a selection of relevant literature from the
field of political science, focusing on social media and computational methods. Section 2.2
presents the political issue, Ohio Senate Bill 5, an anti-labor/union law passed by Ohio state
legislature, brought to referendum by a grassroots campaign, and repealed by popular vote.
Section 2.3 describes the social media dataset, over 100,000 tweets collected throughout
2011 and the beginning of 2012, and the subset of over 10,000 annotations.

Next, I develop several experiments and applications within a narrative of the questions
raised by this research project, starting simple and growing more complex. The first stages
of this narrative consist of ‘translational science,’ demonstrating several applications of
basic NLP methods in the preprocessing / exploratory stages of analysis.

Sections 2.4 and 2.5 explore several applications of basic classification models. Exper-
iment 1 takes on a problem similar to spam filtering, but for topical relevance, demonstrat-
ing how an out-of-the-box classifier achieves 97% accuracy with only 100 training labels,
compared to a random baseline of 54% accuracy. To distinguish political leaning in tweets,
‘yea’ or ‘nay’ with regard to this Senate Bill, one might be inclined to reach for a standard
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sentiment lexicon, such as LIWC (Linguistic Inquiry and Word Count). In Experiment 2,
I evaluate the capacity to encode representative features using LIWC vs. a bag-of-words
(BOW) model, where LIWC achieves only 10% increased accuracy over the baseline, vs.
BOW’s +81%, indicating that LIWC’s features convey little of the sentiment we care about.

In the context of summarizing or depicting overarching trends in the data, Experiment 3
considers the use of topic modeling—a popular tool for this purpose—but finds little of in-
terest in the topics derived from this corpus, due to the inherent brevity of tweets. Having
established classification models as the best-suited approach to analyzing this dataset, Ex-
periment 4 demonstrates that Logistic Regression with L2 regularization is a well-rounded
model that serves as a safe default choice, by comparing the learning rate and accuracy of
several classification models on other datasets in a variety of domains.

Another benefit of Logistic Regression is that the model parameters have a relatively
straightforward interpretation: the model’s confidence in a given prediction directly rep-
resents the odds ratio it assigns to that being the correct prediction. This can be useful in
selecting a subset of documents about which we can assert some expected level of accu-
racy: first, we pick a minimum confidence threshold, and limit our predictions to those
exceeding that confidence. If the annotations are representative of the overall sample, we
can speculate that our accuracy on a held-out sample from the training set, using the same
threshold, will resemble the accuracy on the unseen data. I apply this method in Appli-
cation 1, showing that excluding low-confidence data boosts accuracy from 96% to 99%.
This comes at a cost, though; Application 2 explores how a confidence threshold can incur
a bias in the resulting predictions: for this dataset, the model misclassifies tweets as FOR

twice as often as AGAINST.
Similarly, direct interpretation of model parameters is highly sensitive to the subset of

annotation data used to train it. Particularly when the training set is small, or not repre-
sentative of the population, the model may exaggerate (overfit) features that are actually
insignificant. Section 2.6 presents the bootstrap as a method for fitting a model with more
robust parameters, and Application 3 applies this method to the SB-5 dataset.

The final set of analyses in Section 2.7 explore perspectives made possible by extending
the available labels to the entire dataset. Application 4 depicts the temporal progression of
support for SB-5, beyond the timeframe represented in the annotated subset of data (and
suggests caution when analyzing the period following the vote, where model confidence
is markedly lower). Application 5 compares results on the full dataset to the annotated
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subset, concluding that the sample selected for annotation is reasonably representative of
the majority of tweets in the full dataset. Finally, Application 6 focuses on the sparsity of
geolocation data in tweets, graphically depicting how automatic classification can enrich
specialized analyses, by comparing a map of the official tally of votes (by county), with
parallel maps of the automatically classified data and just the annotated data.

Section 2.8 summarizes the benefits conferred by using automatic classification, and
discusses future work that could make future analyses of similar political datasets more
productive.

I begin by situating my general approach within a wider context of similar applications
in the political science literature. I then present the particular political issue and corre-
sponding social media dataset that my work focuses on. After introducing the machine
learning models and other relevant statistical methods, I discuss the results they provide,
explore interpretations of these results, and conclude with ideas for future work.

2.1 Literature review

The research presented in this chapter applies techniques from a variety of fields: lin-
guistics, machine learning, natural language processing, statistics, among others. The ap-
plicability and relevance of these is described, or should be intuitively clear, in the con-
text where they are used. The connection to the social sciences—in particular, political
science—is first and foremost, but the immediate contribution of this work and its relation-
ship to similar work within that field requires some background. This section focuses on
situating the work in its political science context, surveying a portion of the literature from
several major political science journals.

In doing so, I demonstrate how this work is in line with common research questions,
how existing solutions do not specifically address my research question, and how this work
contributes to the current research literature.

This section consists of a short discussion of the different approaches taken by several
major political science journals (2.1.1), followed by an overview of two groups of related
articles, drawn from those journals. The first (2.1.2) is concerned with the opportunities and
difficulties of analyzing text on the internet, whether on centralized social media platforms,
independent blogs, or news sources around the world. The overlap between these articles
and my work is substantial, but there are clear differences in terms of methods, overall
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goal, or the character of the text data. The second (2.1.3) focuses on computational meth-
ods for large-scale text analysis. These describe techniques similar to those in my work,
including considerations involved in bootstrapping sparse annotations to a much larger text
corpus, annotator reliability, and interpretation of parameters inferred by linear models.
Several of these articles have a more tenuous connection to my work, but the nature of the
interdisciplinary connection shares some of the same impetus or methodology. I present
these references to connect my work to related published articles, which, by nature of their
publication venue, are clearly integrated with the current problems and goals of political
science.

2.1.1 Overview of relevant political science journals

I have selected the following journals from InCites Journal Citation Reports’ “Political
Science” category1. These are the top seven journals, as ordered by Impact Factor:2

Journal Impact Factor

American Journal of Political Science 5.044
World Politics 4.025
Review of International Political Economy 3.452
International Organization 3.406
Political Analysis 3.361
American Political Science Review 3.316
British Journal of Political Science 3.316

Table 2.1: Journal selection featured in literature review.

Of these, American Journal of Political Science and Political Analysis have by far the
most overlap with my research.

American Journal of Political Science encompasses a wide variety of subfields, including
theory and empirical observation, as well as methodology. Due to its extensive reach,

1https://jcr.incites.thomsonreuters.com/, “dataset updated Sep 09, 2017” (accessed February 1,
2018).

2Impact Factor is a very limited metric, as discussed separately in Chapter 3, but suffices here to validate
my claim that these are a representative sample of the foremost journals in the field.
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it is not as concentrated on analytical aspects, but after Political Analysis, this was the
most fruitful venue for establishing context.

World Politics is effectively disjoint from the interests of this work; this is in due partly to
the focus on “theoretical and empirical contributions” and partly to the fact that “The
journal does not publish articles on current affairs,”3 which would practically rule out
the social media analysis and the type of crowdsourcing analysis I consider here.

Review of International Political Economy and International Organization have an even
more specific focus, and no discernible overlap with my work.

Political Analysis is principally concerned with methodology, “centering upon how po-
litical inquiry can be conducted” (Zorn, 2009). In 2008, Political Analysis (published
quarterly) released a special issue, “The Statistical Analysis of Political Text,” as its Au-
tumn issue, with an introduction and six research articles devoted to “[text], arguably
the most pervasive—and certainly the most persistent—artifact of political behavior”
(Monroe & Schrodt, 2008). This was followed by a ‘virtual’ issue in 2016, titled “Re-
cent Innovations in Text Analysis for Social Science,” which compiled another seven
research articles that had been published in the intervening years.

American Political Science Review is even less specifically focused on a set of subfields
from political science than AJPS: “APSR publishes scholarly research of exceptional
merit, covering all disciplinary fields of political science.”4 I was only able to find a few
relevant papers from APSR, though the few that turned up seem to be of high quality.

British Journal of Political Science is a “broadly based journal aiming to cover develop-
ments across a wide range of countries and specialisms.”5 BJPS features a few articles
relevant to my work, but proportionally fewer than AJPS or PA.

2.1.2 Using unstructured text collected organically

The most common theme shared by my work and many recent political science papers
is the question of how to utilize the novel data source that is the internet. The availability
(breadth) and extent (depth) of politically-indicative text on the internet is unprecedented,
but it is also, unfortunately, unstructured.

3https://www.cambridge.org/core/journals/world-politics
4http://www.apsanet.org/APSR-Submission-Guidelines
5https://www.cambridge.org/core/journals/british-journal-of-political-science
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The hot research question is: how to collect this data and then structure it? These steps
depend on the specific research goal, but the general question for political scientists is this:
Can observable activity on the internet replace, optimize, or supplement data on public
opinion that were previously accessible only through polls or other survey methods?

Polls are expensive and slow; internet research is cheap(er) and fast(er). Polls have
biased samples; internet research is also biased,6 but in a different way, and arguably in-
creasingly less biased as the internet is more and more widely adopted. Beauchamp (2017)
notes the difficulty and costs of wide-scale polling, and rigorously examines the relation-
ship between 1,200 polls and 100M tweets at the state-level, in the context of the 2012 U.S.
presidential campaign. Neither Twitter nor polls are perfect; there are advantages and dis-
advantages to each, but Beauchamp’s work demonstrates that with proper modeling, tweets
can be used as proxy for polls. How generalizable is this? Language use will vary, depend-
ing on online platform and country, but so will as the implementation of the democratic
institution. How generalizable are polls across democracies? Jennings & Wlezien (2015)
examine the evolution of voter preferences through election cycles (their data are 26,917
polls across 312 distinct election cycles, in 45 different countries, ranging from 1942 to
2013), finding a systematic (consistent between countries and democratic institutions) pat-
tern of increasing predictive power of polls as an election nears.

The internet provides access to information that extends beyond what’s measurable by
the typical poll. Limiting our analysis to only the macro-level view political statements,
news media, and polls, we miss temporal interpersonal effects. For example, Druckman &
Nelson (2003) explore the interplay between elite (politicians/media) framing and individ-
ual citizens’ conversations, showing how framing breaks down in the presence of diverse
perspectives, and describing the scenarios where elite framing is more or less effective.
They gave each participant (N=261) an article presenting an issue in a different frame, then
sat them down in small focus groups to discuss; afterward, they filled out a questionnaire
asking for their opinion on the issue. Similar to overestimating the effect of frames, main-
stream media would suggest that incivility is a driving force in electoral determination.
Brooks & Geer (2007) investigate the effect of incivility (in electoral campaigns) on public
opinion. Their goal is to determine whether uncivil attacks corrode the electoral process,

6For instance, Lelkes et al. (2015) found that the recent (last 20 years) increase in access to broad-
band internet (thus, access to a wider range of media) for Americans has resulted in increased exposure
to/consumption of partisan media, as well as an increase in partisan hostility, compared to parts of the USA
where broadband is not as easily available. This is problematic, but surmountable.
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but find that voters mostly weigh such factors less importantly, and that overall, incivility
is not detrimental, and can even increase political engagement. They recruited participants
via the survey research company Knowledge Networks7 (N=434), and presented them with
different scenarios, varying along three dimensions: first, overall negativity vs. positivity,
second, focus on issues vs. traits, and third, civil vs. uncivil negativity.

The internet also enables a different polling format, besides telephone-conducted ‘ran-
dom digit dialing’ or sending out mailers to random samples of addresses. Crowdsourc-
ing, on platforms like Amazon Mechanical Turk and CrowdFlower, among other less-
customizable survey pools, enables experimentation in different forms than with standard
polling. For example, Huff & Kertzer (2017) examine the factors that contribute to Ameri-
cans’ opinion of whether some newsworthy violent event counts as terrorism or not, which
includes contemporary social norms, the media, and the current administration’s official
statements, among others. They recruited 1,400 participants on Amazon Mechanical Turk,
presenting each with 7 different scenarios with various combinations of factors, and statis-
tically analyzed the Turkers’ responses to determine the most significant factors.

2.1.2.1 Social media

Social media is not just an alternate route to collecting data, it facilitates different types
of networks and communication. And as social media’s role in political campaigns grows,
political scientists and sociologists have been using it to monitor how discussions of po-
litical issues develop, and to gauge individuals’ involvement in those issues. The articles
below present some of the common questions and analytical techniques used in research
on online social networks.

Grant et al. (2010) explore conversations and connections between Australian politi-
cians and their constituents on Twitter. Twitter’s message size constraints admittedly don’t
facilitate substantial policy discussions, but the platform has two advantages over polls or
interviews: first, it’s a level playing field, with the divide between politicians and voters
replaced by follower graphs, and second, it’s a front line for breaking news and real-time
updates. Grant et al. manually annotated over 100,000 tweets from about 150 Australian
politicians and 350 Australian Twitter users, distinguishing between four basic types of
tweet acts: BROADCAST, BROADCAST MENTION, REPLY, and RETWEET, which were then
used to characterize the different patterns of activity on social media between political can-

7http://www.knowledgenetworks.com/ganp/
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didates and their constituents.
Mungiu-Pippidi & Munteanu (2009) describe the prominence of Twitter in Moldova’s

“Twitter Revolution,” which was less violent than contemporaneous Libyan and Egyptian
revolutions. The government remained in power throughout the demonstrations, censor-
ing conventional media. Despite this, access to Twitter and other online social networks
enabled a group of 30,000 dissenters to organize and protest government policies.

Looking at a wide range of online activities throughout the revolutions of the Arab
Spring, Howard et al. (2011) show how blogs, YouTube, Twitter, and other online social
media were used to facilitate revolutionary organization, despite heavy censorship by the
ruling government. Several aspects made the internet an efficient forum for this purpose.
First, international services made complete government censorship impossible, short of
a country-wide firewall (even when Mubarak “turned off the internet” in Egypt, satellite
connections were established and shared). Second, the relative anonymity allowed women
to get involved, and protected locals from government arrest. Howard et al. examined the
volume of tweets over time grouped by location, but their argument for how big a role
Twitter (and blogs) played in the revolution suggests that textual analysis could illuminate
the events of the revolution from the inside. Much of their analysis depends on the location
reported in users’ profiles; this might be a latitude and longitude, but unstructured values
must be geolocated, and if no geolocation is possible, these users are considered non-local.

Tumasjan et al. (2010) claim that the results of a 2009 German election could be pre-
dicted from Twitter volume. This prompted a backlash of skepticism (Chung & Mustafaraj,
2011, Gayo-Avello, 2012, Jungherr et al., 2012), in part because Tumasjan et al. neglect
comparing to a baseline—they don’t consider how close the election was to begin with. It
will frequently be easy to ‘predict’ the winner if the vote is clearly going to be a landslide;
the real challenge is to predict all elections, systematically, and no one has come close to
this yet.

Some social media analysis groups social media users together in broad strokes, whether
manually or by some rough heuristic, and draw generalizations from the differences be-
tween these groups. This broadly describes the approach I take in the analysis presented in
this chapter; the following papers provide the most direct precedents of the contributions I
present in subsequent sections.

Conover et al. (2012) start with two groups of left-leaning (10,000) or right-leaning
(7,000) Twitter users, and a collection of over 3 million tweets from these users. Then,
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using two popular seed hashtags: #p2 (left-leaning, ‘progressives 2.0’) and #tcot (right-
leaning, ‘top conservatives on Twitter’), they find collocated hashtags and use similarity
metrics to align those with one or the other of the seed hashtags.8 Their primary conclusions
were that right-leaning users, when they tweet, are more likely to tweet something political,
are more likely to establish their political stance in their user profile, and have more tightly
knit networks.

Conover et al. (2011) use a similar analysis to derive the party affiliation of each Twit-
ter user in their dataset, from which they infer the valence of each hashtag present in the
dataset, and conclude that while the retweet network is highly polarized, the mention net-
work is not. That is, many tweets mention users on the other side of the debate, but users
rarely retweet messages from those other users.

Adamic & Glance (2005) (which predates Twitter) explore cross-linking and citations
of mainstream media on a selection of popular political blogs. The blogroll networks,
rankings and inter-linking bear similarities to Twitter follower graphs and retweets. They
built a language model to compare blogs, and found marginally greater similarity between
different liberal blogs, compared to those labeled as Republican. They also found that,
“Interestingly enough, the right leaning bloggers account for 59% of mentions of John
Kerry, while the left account for 53% of mentions of George Bush,” but don’t go into
textual analysis beyond a selection of keywords.

2.1.3 Computational capacity

Contemporaneous with the new availability of unstructured text, and mutually reinforc-
ing, comes improvements to our ability to process that text with computational methods.
This is driven primarily by Moore’s law, and its knock-on effects of more software libraries
and tools, as the requisite computational power becomes more commonplace.

The work in this area has been prodigious and wide-ranging, focusing on large-scale
text analyses that were previously infeasible (or only possible to do on a subset of the
data). Quinn et al. (2010) note the costs of analyzing large amounts of text manually, and
demonstrate a useful/meaningful hierarchical organization and network inferred by a topic

8One concern here is that the seed hashtags may skew the sample population. Their sample contained far
more left-leaning users than right-leaning, while the left seed tag #p2, seems to be much less common than
#tcot. For two parallel queries monitoring each of these tags for half an hour, #tcot occurred about 2.5 times
as often as #p2 (N=2,426). Topsy (a Twitter analytics site) shows an even greater imbalance over a 30-day
period, with #tcot occurring 3.2 times as often (N=2,148,784).
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model on 118K documents (70M words) from the US senate over a period of eight years.
Soroka et al. (2014) investigate the effect of public media (mainstream news stories) on
political policy. Focusing on economics, they find that the influence goes in both directions,
from media to policy, and from policy to media. Wilkerson et al. (2015) measure textual
similarity between documents as a way of inferring relationships and influence. The work
is similar to plagiarism detection, but the difference of incentives, and interactions of think-
tanks, lobbyists, and politicians, leads to divergent goals and methods.

The aforementioned “Special Issue: The Statistical Analysis of Political Text” in Po-

litical Analysis spans a number of methodological approaches to a variety of political sci-
ence questions. Some of these fall far afield of my work, but their being grouped to-
gether in this issue demonstrates the wide range of applications, so I’ll touch on each of
the articles. Lowe (2008) deconstructs the widely-used “Wordscores” (Laver et al., 2003,
Benoit & Laver, 2003) technique, which derives per-word scores from documents with
known/ascribed political positions, which are then used to infer political position on any
new text. Lowe points out two major problems with this approach: first, the resulting
scores are not interpretable unless rescaled within a fixed set of documents; second, the
assumption of the scores’ applicability to the target set, which is entirely distinct from the
source (training) set. He does not discard the Wordscores approach entirely, but advocates
for understanding its limitations, correspondingly qualifying any claims based on its re-
sults, and avoiding scenarios where the results would be inordinately biased. Monroe et al.
(2008) take a Bayesian approach to distinguishing partisan word usage. Their goal is to
find the words that are politically significant to each side, as opposed to words that are
partisan in general, or merely indicative of the topic. E.g., for a topic like national de-
fense, they group U.S. senate speeches from each party, then situate that within a hierarchy
of all the speeches on the topic, in order to determine what words differ most between
party lines. Bailey & Schonhardt-Bailey (2008) is more of a specific case-study, focusing
on US Federal Reserve committee transcripts discussing monetary policy, using computa-
tional methods to measure the impact of the chairman, Paul Volcker, on the committee’s
decisions, which resulted in a policy shift that subsequently became known as “The Vol-
cker Revolution.” Bailey & Schonhardt-Bailey use out-of-the-box software, “Alceste,” to
extract themes and their weights within the discussion for each committee member. They
consider three major themes that previous qualitative analysis had centered on as driving
the policy change: ‘Credible Commitment,’ ‘Repentance,’ and ‘Money Matters.’ Using
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the output from Alceste, they conclude that Volcker focused on ‘Money Matters’ only ini-
tially, that ‘Repentance’ had a negligible role, and that ‘Credible Commitment’ was the
critical theme in the evolution of the committee’s deliberations. van Atteveldt et al. (2008)
use computational methods to automate the ‘Semantic Network Analysis’ process, which
is the structuring and analysis of a network of (political) actors and the relationships be-
tween them, based on natural text describing those relationships. Using a syntax parser
and various rules and heuristics (manually tuned for Dutch newspaper articles), they build
a semantic role labeling system that extracts the entities and relations they are interested in,
consistently (without human bias) and cheaply (without human labor). Compared against
a hand-annotated selection, they find that their automated system performs well enough to
use it to build networks and draw inferences about them. Klebanov et al. (2008) develop a
novel method to measure ‘lexical cohesion’ in political speech, using features derived from
frequency, distance, morphology, WordNet relations (Miller et al., 1990), Latent Semantic
Analysis (LSA), and free association databases. They review several prior manual analyses
of Margaret Thatcher’s rhetoric, and show how their system produces results that quanti-
tatively corroborate and extend those findings. Shellman (2008) describes a method for
machine-coding event data, identifying actors and their actions, using various knowledge
databases, lexicons, and gazetteers. Their goal was to incorporate finer-grained actors and
actions, rather than the “monadic” targets of manual analysis.

With a more pessimistic, birds-eye view, many authors recognize it’s important not to
grow overconfident in the self-evident truth of a particular quantitative analysis. Kritzer
(1996) discusses the role of subjective interpretation that is unavoidable even with quan-
titative analyses, which the author “broadly define[s] as the process of ascertaining the

meaning(s) and implication(s) of a set of materials.” He ruminates on what to do when we
find we can lie with statistics, and how we might find ourselves lying with statistics without
realizing it.

Much of this work involves the crossover of techniques from computer science and
statistics to political science. Hopkins & King (2010) discuss the different goals of com-
puter scientists and social scientists when processing unstructured text, which can be at
odds with each other. Specifically, they develop a method that more reliably estimates the
distribution of categories in a corpus than does an optimal classifier.

More directly from information sciences, King et al. (2017) describe an algorithmic
keyword selection mechanism to aid human researchers in searching and refining focused
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datasets from much larger corpora, demonstrating how software can increase the efficiency
of researchers and smooth over cognitive biases that would otherwise limit the desired
search results. This is an example of research that takes up a long-standing general research
problem from another field (in this case, information retrieval), but arrives at a solution that
is specialized for a single domain or a narrow research need (cf. the more general-purpose
Lease 2010).

Demonstrating the appeal of interdisciplinary cross-pollination, Cranmer et al. (2016)
introduce three techniques for inferential network analysis from recent work in the statistics
research community, and show how those methods outperform a commonly used technique
when applied to a prototypical political science network dataset. In the same vein, Ragin
(2006) shows how “fuzzy” sets, from the field of mathematics, makes set-theoretic ap-
proaches much more amenable to use in the social sciences, which generally shy away
from such all-or-nothing methodologies, because there are few perfectly fully-known and
clear-cut distinctions in typical social science data.

2.1.4 Current contribution in context

These articles clearly demonstrate the potential impact of machine-driven textual anal-
ysis, albeit tempered by the potential hazards and limitations inherent in both the data
and the tools at our disposal. There are many interacting factors that make it difficult to
measure the precise effect of social media on politics, and vice versa, but as more political
campaigns have an online, social media component, investigating this relationship becomes
more powerful and more important.

There’s a wealth of discussion available on Twitter, but it’s not yet systematically ac-
cessible to political science and sociology researchers. Often the first step in an analysis
is to label the naturally occurring documents, like tweets, but this takes time and money.
For example, the Australian study mentioned above (Grant et al., 2010) annotated over
100,000 tweets, which is a huge undertaking for most research labs. Similarly, it’s hard to
get a broad overview of the prominent political discourse without reading a relatively large
sample of the corpus at hand, which could consume weeks or even months of research time.

The following sections present several applications of machine learning to kick-start
such tasks, by building classification models and exploring what these say about the data.
The primary advantage in using machine learning is that we can approximate answers to
some of the tedious work, and start honing our analysis or discover dead ends more quickly.
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Like much of the literature above, I present these techniques in the context of a specific
political event, applying them to a finite dataset (the SB-5 Twitter corpus), with the purpose
of answering a limited set of research questions. Nevertheless, I hope to establish the
general applicability of these methods to other datasets, and even other (broadly related)
research questions, by discussing each step of this process: where the research question
came from, what NLP method I chose and why, and how to interpret the results.

2.2 Ohio Senate Bill 5

The Ohio Senate Bill 5 (SB-5) was a controversial act of Ohio state legislature, which
was brought to the popular ballot by public petition and repealed by Ohio voters in 2011.
The bill is interesting as a case study in social media analysis because of the public’s direct
involvement. The referendum process that is required to put a bill on the ballot involves
multiple stages of collecting hundreds of thousands of signatures of citizens throughout the
state. 46% of Ohio’s electorate turned out to cast 3.5 million votes on the issue (cf., 67%
Ohioan turnout for the 2012 presidential election). An overview of the passing and repeal
of the bill is shown in Table 2.2.

The bill affected an estimated 375,000 public workers and union members, about 3% of
Ohio’s total population of 11.5 million.9 It reduced the power of labor unions, prohibiting
public workers from collectively bargaining for benefits and improvements to work envi-
ronments. It also enacted more specific regulations, such as enabling a minority of union
members to dissolve their union, prohibiting union workers from striking, setting teachers’
pay from merit-based evaluations, and preventing traffic police evaluations from factoring
in citation counts.

Working with a team of researchers in the Department of Sociology at The Ohio State
University on a National Science Foundation project10 to “understand the use and effec-
tiveness of online and offline communications in the mobilization of political campaigns,”
I helped answer the ‘online’ part of this goal. Demonstrating and explaining the capabil-
ities and limitations of NLP/ML tools, I focused on items on their research agenda where
these tools could be applied effectively and efficiently.

9http://www.cleveland.com/open/index.ssf/2011/04/ohios_senate_bill_5_will_bring.
html, http://en.wikipedia.org/wiki/Ohio

10NSF Award #1324367, “Bridging the Micro and Macro in the Study of Online Communication and
Activism.”
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The research group wanted to understand citizen involvement in the referendum cam-
paign; in the context of social media analysis, they started with general research questions
such as the following:

1. The bill contained a number of detailed provisions; which aspects do public discussions
focus on?

2. Are there regional differences in attitude about the bill across Ohio, and even out-of-
state?

3. How did support change over time, from the sixteen senators who voted unsuccess-
fully against the bill in March 2011, to the two million citizens who overturned it in
November?

We can look for answers to these questions on Twitter. In 2011, Twitter reported that
it had 100 million active users worldwide,11 and many Ohio citizens used the service to
share their thoughts on SB-5. ‘We Are Ohio’, the bipartisan, pro-labor coalition that spear-
headed the referendum, had a strong online presence, as well as a large door-to-door force.
Thousands of political activists, news providers, individuals, and politicians had Twitter
accounts and participated to some degree in the Twitter discussion. Since we’re looking
online for these answers, we must add one more question to the list above:

4. How does online activity translate to actual votes?

As with any poll, Twitter has its own biases, but it is one of the most open platforms for
exploring political involvement and interaction on the internet. But compared to polls,
analyzing the text in tweets requires extra tools, to classify political attitude, estimate con-
fidence in our predictions, and aggregate measures of support.

This chapter focuses on a set of tweets collected in 2011 that pertain to the SB-5 legis-
lation, the campaign to put it on the public ballot, and the vote to overturn it.

11https://blog.twitter.com/2011/one-hundred-million-voices
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Nov. 11, 2010 The 99-seat Ohio House of Representatives loses its 53/46 Democrat
majority (128th House), replaced by a 59/40 Republican majority
(129th House)

Feb. 1, 2011 SB-5 introduced in the Ohio Senate by Senator Jones (R)
Mar. 2, 2011 The Ohio Senate passes SB-5, 17–1612

Mar. 30, 2011 The Ohio House of Representatives passes SB-5, 53–44
Mar. 31, 2011 Governor John Kasich (R) signs SB-5 into law

Apr. 4, 2011 First batch of 3,000 signatures submitted to the Ohio Secretary of
State

May 20, 2011 Supporters claim collecting 214,000 signatures
June 17, 2011 Supporters claim 714,137 signatures
June 29, 2011 Purported 1,298,301 signatures submitted to Secretary of State
June 30, 2011 Deadline for 231,149 verifiable signatures, half of which must come

from half of Ohio’s counties
Aug. 3, 2011 Terminology made official (“yes” = keep the law, “no” = repeal it)
Nov. 8, 2011 Voters repeal SB-5 with “Issue 2” Referendum, 2.2M-1.3M (62%)

in the Ohio general election (46% total voter turnout)

Table 2.2: Ohio Senate Bill 5 timeline.13

2.3 Case study

The dataset was collected by the research team at The Ohio State University, and con-
sists of a selection of tweets posted on Twitter between April 26th, 2011 and January 30th,
2012, for the queries ‘sb5,’ ‘issue2,’ and ‘weareohio.’14

2.3.1 Twitter methodology

The same group organized annotations of 14,383 (13%) of the collected tweets. Tweets
were shown without metadata (such as author) to the human annotators, and labeled as

13Compiled primarily from http://en.wikipedia.org/wiki/Ohio_Senate_Bill_5_Voter_
Referendum,_Issue_2

14A version of this dataset, limited to fields permitted for redistribution by Twitter’s Terms of Service, is
available at Brown et al. 2018.
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FOR, AGAINST, NEUTRAL, NOT APPLICABLE, or BROKEN LINK.
The annotated data were limited to tweets retrieved for the bipartisan query ‘issue2,’

but the sampling method used to select candidates for annotation was not entirely random.
To expedite their efforts, the annotators prioritized the most prolific authors in the cor-
pus. After several tweets by the same author were independently labeled (as either FOR or
AGAINST), if the annotations were unanimous, the label was applied to all tweets in the
dataset by that author. In this way, a total of 4,172 tweets individually labeled as FOR or
AGAINST were expanded to label a total of 13,627 tweets. This process was mostly bal-
anced between the two classes; 74% of the FOR tweets and 68% of the AGAINST tweets
were annotated in this way.

Label # of tweets % of total labeled % of total

AGAINST 10,842 75%
FOR 2,785 19%
NEUTRAL 149 1%
NOT APPLICABLE 571 4%
BROKEN LINK 36 0%
Total labeled 14,383 100% 13%

Not labeled 92,320 87%
Total 106,703 100%

Table 2.3: Annotations present in the SB-5 dataset.

2.3.2 Social network biases

Twitter contains only a biased sample of the general population; studies have shown that
Twitter users tend to be male (Mislove et al., 2011), young, and urban (Smith & Brenner,
2012). And in general, internet users seeking out political information (Smith, 2009) or
participating on social networks (Rainie & Smith, 2012) tend to be more liberal. When
we take Twitter users to approximate the electorate in general, we must keep in mind this
sampling bias.

Tweeting has a different purpose than voting; political tweets are generally written by
advocates who want others to vote in a certain way, while ballots are submitted by voters
who want candidates to be in a certain office. The motivations for tweeting vs. voting have
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some overlap, but they are certainly not the same. Most voters will not be pushing their
political agenda on Twitter, and outspoken Twitter users may not even vote on the ballot in
question.

Tufekci (2014) lists many common, but problematic, Twitter research practices, such as
selecting on a dependent variable—querying for data based on a few keywords or hashtags,
which inevitably constrains the collected data. Twitter is a relatively open online network,
but researchers are still limited to the Twitter API—the protocol for accessing subsets of
Twitter’s data, since they do not provide direct access to their databases.

This is particularly problematic when trying to use Twitter to predict elections. In
the last few years, research on ‘predicting’ elections from Twitter data has ranged from
optimistic (Tumasjan et al., 2010, Sang & Bos, 2012, Bermingham & Smeaton, 2011) to
skeptical (Chung & Mustafaraj, 2011, Jungherr et al., 2012, Gayo-Avello, 2012; 2013),
but even the skeptics mostly take issue with the naivety of approaches, not the underlying
research question. Twitter is a valuable resource for sociologists and political scientists,
but any analyses of tweets must be aware of these pitfalls and account for these kinds of
biases.

2.3.3 SB-5 dataset biases

In the SB-5 dataset, only counting the two polar judgments, FOR / AGAINST, the la-
beled selection amounts to a 79.6% majority against the bill. This suggests considerably
more dissent than the official election results; only 61.6% of Ohio voters voted against the
bill on the actual ballot.

Due to the label extrapolation method described above, more prolific authors might
exaggerate the proportion of the majority. In fact, 82.4% of the manually labeled tweets
are labeled as AGAINST the bill; the extrapolation step evens out the disparity. A more
realistic model is to allot each user only one vote. There are 1,188 users in the dataset with
at least one FOR or AGAINST label, and 83.6% of these are labeled AGAINST.

There are a few outlying authors worth noting. Among the FOR tweets, the most prolific
author wrote 1,167 tweets, while in the AGAINST group, the most prolific author composed
3,491 tweets. Despite this, the average number of tweets per author in the FOR group, 14.4
tweets / user, was considerably higher than the 11.1 rate in the AGAINST group. Even
excluding the top 1% most prolific tweets in each case, the difference remains: 5.1 tweets
/ user FOR, 4.4 tweets / user AGAINST. So it appears that the FOR group tends to have
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louder proponents than the AGAINST group.
It’s clear that, based on the available annotations, the users present in the dataset are

not representative of the Ohio state electorate. This might be due to the data collection
methods (the query hashtags), or because Twitter appeals to more Ohioan liberals than
conservatives. Still, keeping in mind the biases and building on existing research, we can
use this dataset to extend our understanding of the public discussion surrounding SB-5.

2.3.4 List of Experiments and Applications

Experiment 1 Uses a trivial classification model and basic text features to distinguish rele-
vant from irrelevant tweets, demonstrating effectiveness of machine learning to perform
a simple yet critical first step of data analysis.

Experiment 2 Compares naive language models with features produced by the LIWC lex-
icon, focusing on its sentiment categories (positive/negative emotion). The language
models perform much better than LIWC on the basic FOR vs. AGAINST classification
task, indicating that the full text data conveys more information pertinent to our task
than selecting just the emotive terms.

Experiment 3 Builds a topic model on the full corpus of tweets, illustrating the difficulty
of using topic modeling to aggregate and analyze tweets.

Experiment 4 Compares the learning rate of four common classification models across
six disparate corpora, establishing L2 logistic regression as a reliably top-performing
classifier, no matter the nature of the data.

Application 1 Examines classification model confidence, depicting a (potentially biased)
method of limiting extrapolation to reliable predictions.

Application 2 Expands on Application 1, examining the bias incurred by confidence fil-
tering, beyond the inherent imbalance in the dataset (toward FOR tweets). Even for a
balanced (non-representative) sample of FOR and AGAINST tweets, the classifier pro-
duces different confidence distributions for each class.

Application 3 Applies bootstrap sampling to interpretation of the classification model’s
learned parameters, achieving more robust results than a one-shot classifier trained with
all available data.

Application 4 Explores the relative proportion of FOR and AGAINST support throughout
2011, inferring labels across the entire dataset from the available annotations, which
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span a narrow—albeit dense—time frame. The model’s confidence across this time-
series suggests an interesting difference between the low-volume edges, before and
after the central campaign: the tweets after seem to diverge from the body of preceding
tweets.

Application 5 Investigates the sampling bias of the subset of tweets selected for annota-
tion, comparing results of using an artificially balanced training set with those using all
available annotations, suggesting the subset selected for annotation is generally repre-
sentative of the full dataset.

Application 6 Demonstrates the advantage of using automatic classification where an in-
teresting aspect of the data, geolocation, was not considered in the annotation process;
because geolocation data is sparse, the amount of both geolocated and annotated tweets
is very low. Maps of the official vote, annotated data, and inferred labels, are depicted
side-by-side, demonstrating the improved coverage of extrapolation.

2.4 Counting

In a democracy, volume is paramount—it all comes down to who or what gets the most
votes—and counting forms the basis for most political text analysis. Measuring volume
with noisy data takes two steps: first to separate relevant from irrelevant documents, and
then to distinguish advocates and detractors for the different sides.

2.4.1 Filtering

Determining relevance is a difficult problem, involving filtering through large amounts
of data (like Twitter’s half a billion daily tweets15) and selecting those that match a query.
For my purposes, though, the Twitter community handles the bulk of this problem. There
are clear ways that users signal participation in a discussion: they may post on blogs de-
voted to political content, or label their tweets with a common hashtag. Insofar as it is in
an individual’s interest to post online, it is in their interest to ensure that it is seen by their
audience (and thus by any observing researchers), via @-mention or hashtag.

The SB-5 data were collected by querying the Twitter API with a set of keywords,
‘sb5’, ‘issue2’, and ‘weareohio’. This query returns tweets containing the hashtag version

15https://blog.twitter.com/2013/new-tweets-per-second-record-and-how
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of those terms, #sb5, #issue2, and #weareohio, as well as tweets where the user may have
omitted the # mark. Twitter’s search functionality is case-insensitive, so this will also match
tweets containing #SB5, #Issue2 (the two most popular variants), and so on. The only
difference between hashtags and other words in the Twitter user interface is that hashtags
are automatically turned into links to a search page for that hashtag; it’s not possible, for
example, to ‘follow’ a hashtag and have it appear in your feed. Nevertheless, hashtags
are quite popular; in the SB-5 dataset, #sb5 occurs five times as often as ‘sb5’, #issue2
is more common than ‘issue2’ by a factor of 46×, and #weareohio is more common than
‘weareohio’ by a factor of 88×.

For this dataset, ‘sb5’ and ‘issue2’ are good query terms; tweets containing those terms
represent nearly the same bias as the overall dataset. However, tweets containing the term
‘weareohio’ are much more likely to be AGAINST SB-5 (We Are Ohio is the organization
that led the referendum movement). As Tufekci (2014) points out, this sampling distortion
could skew our analysis of the data if we were not aware of the bias.

Experiment 1

The goal of this experiment is to show that, at this scale, relevance filtering is a relatively
easy classification problem, by demonstrating high accuracy with little training data.

I will simulate this task with a parallel set of data. I collected a new dataset of 128,000
tweets (about the same size as the SB-5 dataset) from the Twitter streaming API, filtering
out non-English tweets. These tweets only span four hours, a fraction of the seven months
spanned by the SB-5 corpus, but they are a random sampling of all English tweets that
occurred in that time; unlike the SB-5 tweets, they do not have much in common (excepting
any trends that may have cropped up during that short period).

I combined these tweets with the SB-5 dataset, pairing each tweet with a label indicating
which dataset the tweet came from. I test the method’s ability to distinguish the two datasets
by ignoring a portion of the data while building a model, and then compare the model’s
predictions to the held-out labels.

In the first trial, I used all tokens, including the search terms. No special importance
was assigned to these terms, but the model quickly learns their significance. The second
trial excluded terms that the original Twitter query matched, ‘sb5’, ‘weareohio’, ‘issue2’,
and the corresponding hashtags. The classifier built on this impoverished set of features is
not as accurate as the first, since these terms are sometimes the only strong indicator of the
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source. For example, here is a tweet from the SB-5 corpus: “The effort to repeal [removed]

is incredible I am so happy to be apart of history”; without that keyword (‘sb5’), the tweet
is much less informative. In this case, the classifier still predicts the correct label, primarily
due to the tokens ‘repeal’ and ‘effort’.

For this test, I used a logistic regression classifier (discussed further in Section 2.5).
Table 2.4 lists the accuracy of this classifier on several selections of training data. The first
three cases are the number of tweets used for training; the last case used nearly all of the
data—90% of it. The baseline is the accuracy achieved by simply choosing the majority
class.

Labeled examples Accuracy
using all tokens

Accuracy
without original search terms

10 89.4% 67.1%
100 97.2% 77.9%

1000 99.1% 90.8%
10000 99.4% 96.7%

90% 99.4% 98.5%

Baseline 54.6% 54.6%

Table 2.4: Accuracy in distinguishing between SB-5 and out-of-sample tweets.

The classifier built on the full set of features reaches high accuracy quickly, indicating
that this is a comparatively easy task (since I am not concerned with scaling this function-
ality, as Twitter is). The model built on the impoverished feature set does not learn to fit
the data as quickly, but it achieves high accuracy relatively quickly, compared to the more
difficult classification tasks discussed in the follow sections.

The efficiency of these classifiers suggests we could use this technique to learn related
terms, expand the Twitter query, and collect a more representative dataset that adapts to
hashtag trends. However, the limitations of the Twitter API, and the difficulty of doing this
classification at a large scale, makes this approach impractical. An easier technique for
expanding a seed query could be as simple as finding the most common novel hashtags in
a dataset of relevant tweets.
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2.4.2 Aggregation

After filtering the tweets down to only the relevant ones, we want to group the tweets
into distinct who’s or what’s that can be counted.16 A portion of the SB-5 dataset was
labeled for this purpose (Section 2.3.1), and we can use these labels to infer labels across
the entire dataset, based on the language used in those tweets.

There are many machine learning algorithms, and open source implementations, that
can perform this task quickly and efficiently after being trained on some example data.
‘Quickly’ is not an issue with 100,000 tweets; ‘efficiently’ here means a model that can
achieve high accuracy with limited training data. Since manual annotation is time-consuming,
we want a model that requires minimal training. This depends, in part, on the nature of the
data, and in part on the classification algorithm. For some classification tasks, a thousand
labeled documents may be enough to build up a classifier to within two or three percentage
points of a classifier built on ten times as much training data.

For any given dataset, we might have the following questions:

1. What classifiers will work best for the dataset?

2. How much data must be annotated to build a model of some target level of accuracy?

3. What can the classifier say about the dataset besides what class each document is? The
high accuracy of some of these models suggests the classifier is doing something right,
encouraging further exploitation of the model.

These are open-ended questions with no one-size-fits-all solution, but the goal of the fol-
lowing section is to explore how they play out in the context of the SB-5 dataset, particu-
larly in comparison to similar datasets.

2.5 Machine learning

Classification of natural language documents is a relatively difficult machine learning
problem due to the high variability of language. Even for small corpora, like the SB-5
tweets, a simple bag-of-words model can easily reach thousands of features. In a unigram
model, a vocabulary is constructed from the entire corpus and each document is represented
by the numbers of times each vocabulary entry (a ‘feature’) occurs in it.

16Clustering algorithms could also be used for this purpose, as unsupervised classifiers, but some supervi-
sion would eventually be required for the results to be interpreted as votes; this chapter focuses on supervised
classifiers.
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The SB-5 dataset consists of about two million words. The Brown corpus, a standard
selection of a wide variety of texts, contains about one million words. Discarding URLs,
both corpora have about 50,000 unique tokens (the SB-5 dataset is focused on a single
domain, so it has many more repeated words). A bigram model, where each possible
pair of words is counted, grows even larger; for the dataset of over 200,000 tweets from
Experiment 1, a full set of both unigrams and bigrams produces over 1 million features.
Speed is not the issue; a recent laptop can build a unigram model for the dataset of ~13,000
labeled SB-5 tweets in less than a second; even the bigram case with 1 million features
only takes about 15 seconds.

Honing the feature space down to a smaller set of features has two benefits. First, with
too many irrelevant features, the model may over-emphasize (overfit) aspects of the data
that don’t translate to new documents. Second, a smaller feature set that still achieves high
accuracy on the classification task will be easier to interpret. The issue with overfitting
is addressed by L2 regularization, to some extent, but principled feature selection is still
important, particularly for the purpose of parameter interpretation. For instance, the appli-
cation developed in Section 2.6 identifies the most significant features in the dataset based
on the model parameters, providing an overview of the linguistic trends on each side of the
debate. For that purpose, including bigrams would make those trends more opaque.

Efficiency and interpretability are the main reason I am avoiding more complex models,
like neural nets, or sophisticated textual features, like part-of-speech tagging, or even full
parse structure. While these approaches, implemented and tuned properly, would undoubt-
edly achieve better performance on the evaluations I develop in the following experiments
and applications, they flout two primary goals of this chapter. First, efficiency: I have
chosen simpler models that are effective out of the box, without requiring ML expertise
or fine-tuning. Second, transparency: the decisions made by these simpler models can
be more easily understood; accordingly, the model parameters are more interpretable, and
their biases and limitations (which all models have, to some degree) can be accounted for.

2.5.1 Sentiment analysis

One way to distill documents down to a smaller number of features is to use a sentiment
lexicon. But unlike the questions a manufacturer may want to ask about their product, or
a brand about their public image, political opinion is a different kind of sentiment analysis
problem.
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Twitter has been used as a general corpus for learning sentiment (Pak & Paroubek,
2010, Speriosu, 2011), building up lexicons of positive/negative words from seeds like
emoticons, but in a political forum the sentiment expressed will not always align up with
the classification we are interested in. Supporters on either side may use polarity markers
like ‘awesome’ and ‘awful’ in very different ways but in similar contexts, so such mark-
ers alone are insufficient features for our classifiers. For example, here’s a FOR tweet:
“Lots of support for #Issue2 RT @BetterOhio: Awesome rally! Let’s get out the vote!
#YesOn2” and an AGAINST tweet: “I do live in OH, & yes, it’s awful. NO on #Issue2 RT
@RachelAnneLevy: I don’t live in Ohio but from what i can tell #sb5 sounds awful.” But
the sentiment may just as well come out in precisely the opposite direction: “that hero »
The Ohio Education Association - An Awful Employer [url] via @addthis #Issue2 #Ohio
#sb5 #YesOn2” (FOR); “This is awesome! Firefighter, veteran and long time Republican
voter votes NO on #issue2 #sb5 [url] #weareohio” (AGAINST).

Instead, we have to measure targeted sentiment, i.e., what is awful, or awesome, and
how is it connected to SB-5? This is a difficult problem that requires syntactic awareness,
and some recent research has had success in modeling the application of sentiment compo-
sitionally (Socher et al., 2013). However, in this chapter I am focused on the models and
inferences that can be drawn from small amounts of annotated data with relatively simple
methods.

Experiment 2

I will test the efficacy of a sentiment lexicon against a naive text model by comparing
sets of features, which constrain what aspects of the data the classifier is able to associate
significance to. I compare the accuracy of a model using sentiment features with one using
direct text features (word counts), using the same training data and evaluation metric in
each case, and demonstrate that the word counts facilitate a much more accurate model.
This implies that sentiment features convey far less information about the classification
distinction that we care about.

Table 2.5 depicts the accuracy of a logistic regression model on the SB-5 dataset, for
several subsets of features, using only tweets labeled as FOR and AGAINST. The ‘Uni-
grams, bigrams’ features are sequences of one or two words that occur in the data more
than once. There are thousands of these features, but an individual tweet will only have
positive values for a few of these features.
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‘LIWC’ (Linguistic Inquiry and Word Count) refers to the LIWC 2007 lexicon (Pen-
nebaker et al., 2007), which contains entries for a list of 4,488 stems (e.g., ‘treasur*’,
‘libert*’) and tokens (e.g., ‘lol’, ‘value’), and the categories associated with each stem /
token. There are 64 categories in all, ranging from parts of speech (‘article’, ‘auxverb’), to
specific topics (‘relig’, ‘money’), to psychological states (‘posemo’, ‘negemo’). As input
to the classifier, LIWC features are counts of how many times each category shows up in
a tweet. To demonstrate, I’ll take a tweet and list the matches for each token: “I do live
in OH, & yes, it’s awful. NO on #Issue2 RT @RachelAnneLevy: I don’t live in Ohio but
from what i can tell #sb5 sounds awful.”

Token Matches

I funct pronoun ppron i
do verb funct auxverb present
live
in funct preps space relativ
OH assent
yes assent
it’s funct pronoun ipron verb auxverb present
awful affect negemo
NO funct negate
on funct preps space relativ
Issue cogmech
RT
RachelAnneLevy
I funct pronoun ppron i
don’t verb funct auxverb present negate
live
in funct preps space relativ
Ohio
but funct conj cogmech excl
from funct preps
what funct pronoun ipron
i funct pronoun ppron i
can verb funct auxverb present
tell social
sb
sounds percept hear
awful affect negemo

Counting each match, this translates into the following LIWC features:

30



funct 14 i 3 negate 2
pronoun 5 space 3 affect 2
verb 4 relativ 3 hear 1
auxverb 4 cogmech 2 percept 1
preps 4 ipron 2 conj 1
present 4 assent 2 social 1
ppron 3 negemo 2 excl 1

all other 0

In Table 2.5 below, ‘all’ includes all 64 categories from the lexicon, while ‘posemo’
and ‘negemo’ are single categories.

The model is trained on 90% of the corpus and tested on the other 10%. The baseline
is the majority class: 79% of the tweets are labeled AGAINST, so in this case the classifier
predicts AGAINST for each one. The emotion categories do even worse than the baseline
because those feature sets do not include an intercept term (i.e., a way for the classifier to
adapt to the anti-SB-5 bias inherent in the data).

Features Accuracy

Unigrams, bigrams, LIWC 96.10%
Unigrams, bigrams 96.09%
LIWC (all) 81.67%
LIWC (posemo, negemo) 52.58%
LIWC (posemo) 41.75%
LIWC (negemo) 39.33%
Baseline 79.53%

Table 2.5: Accuracy of a basic classifier trained on a variety of feature sets.

While the full LIWC lexicon may be marginally beneficial to the classifier, the spe-
cific words in each tweet are much more indicative of the tweet’s classification than the
counts derived by the sentiment lexicon. The emotion categories alone contribute nothing
to overall accuracy.

Another popular and often effective technique for discovering a smaller set of features
is topic modeling. Topic models were designed to work with documents exhibiting strong
co-occurrence relationships, like newspaper articles, which regularly share themes such as
politics, finance, health, and so on. Tweets are concise and don’t overlap in the same way,
making topic models more difficult to build from a collection of tweets.
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Experiment 3

Evaluating topic models can be difficult, but a common first step is to fit a topic model
for a few different numbers of topics, and look for patterns in the results. If there seem to
be distinctions between topics corresponding to intuitions about the data, the model can be
fine-tuned to focus on what seems interesting, but if the results seem unintelligible, it may
not be worth pursuing.

The topics below suggest that topic modeling is poorly suited to this dataset, in part due
to the relatively narrow scope of the discussion (the search criteria ensured this sample is
already quite homogenous, topically), but mostly due to Twitter’s 140-character limit and
the resulting brevity of these documents. Latest Dirichlet Allocation (LDA), the standard
method for deriving topics, is designed to disentangle the various topics comprising a sin-
gle document, where those topics are shared by other documents in the corpus, though in
different proportions. Unfortunately, this doesn’t translate easily to tweets, as demonstrated
by the impenetrable topics listed below.

Topic 1 Topic 2 Topic 3 Topic 4

#issue2 #issue2 #issue2 #issue2
rt rt #sb5 #sb5
#sb5 #sb5 vote rt
#yeson2 applicable rt #weareohio
ohio blog public ohio
vote posting notgvn vote
#ohio kasich ohio #noon2
teachers issue2 workers we_are_ohio
bargaining bill 2 #1u
union vote teachers #standupoh
#tcot 2 repeal #p2
collective betterohio pay progressohio
jobs john fans kasich
2 debate law 2
gohpblog arbitration union ad
addthis party state anti
today senate issue issue
support ohio don today

Table 2.6: Top tokens for a topic model generated by MALLET (McCallum, 2002), on the
SB-5 corpus of tweets.
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Table 2.6 lists the top tokens for a 4-topic model built on the SB-5 corpus; this is a
small number of topics, but is representative of the results for topic models built on this
corpus. The resulting topics do not seem to reveal any intelligible patterns—nothing seems
to unify one column vs. the others in the table above. While a qualitative judgment like this
is inconclusive and does not rule out the potential use of topic models, it’s clear that topic
modeling is not helping to simplify the data at this level.

Choosing the correct model depends on what we want to achieve with it, and some
sense of the statistical foundation of the model. In this case, accuracy is the primary goal,
with a secondary goal of transparency—a model whose parameters are interpretable, to
some degree, outside the basic task of classification. Classification models built from the
natural text documents in the SB-5 dataset achieve high accuracy; we want to use those
rich features, and build a model that is both effective and interpretable.

2.5.2 Normalization techniques

To control overfitting, models can be built with a regularization factor, which works by
penalizing large coefficients (not just wrong predictions). L1 and L2 are two simple regular-
ization paradigms used in logistic regression; L1 penalizes absolute value of coefficients, L2

penalizes the square of coefficients. Thus, L2 penalizes large numbers much more harshly
than L1.

In general, as the number of features grow, we need more data to avoid overfitting. Ng
(2004) demonstrates that L1 regularization requires only logarithmically more data (as the
number of features increases) to fit equivalently economical models, while L2 regulariza-
tion requires linearly more data. In Ng (2004), the artificial data is extremely sparse; in his
experiments only .5% to 3% of the features in the data are relevant. While the benefits are
clear in such cases, tests on several textual classification datasets consistently demonstrate
higher accuracy by the L2 model. A compelling case for L2 regularization is presented in
van den Doel et al. (2012), comparing L1 to L2 regularization on image data, which is high
dimensional and often has a high density of relevant features, and show that L1 regulariza-
tion can sometimes lead to overconfidence.
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2.5.3 Interpretation

The machine learning community has established methods for efficiently training su-
pervised models on labeled datasets, while some researchers place more emphasis on the
interpretability of models. Simpler models can lead to better intuitions in avoiding overfit-
ting and awareness of overconfidence in the model.

Varian (2013) considers a wide variety of machine learning models, particularly in eco-
nomic contexts, and the insights they lend to interpretation of the data’s features. He fo-
cuses on simpler models because they are not black boxes, which is how he views support
vector machines and neural networks. These can be very accurate classifiers, but do not
produce easily intuitable results when dissected. Varian proposes that with “big data,”
the emphasis should shift from modeling ‘sample uncertainty’ (as when data is scarce) to
‘model uncertainty,’ i.e., a better sense of how the model’s fitted parameters vary based on
feature choice, learning function, and other variables. Data is cheap, but knowledge is not.

Exploring and explaining the parameters of some of these models requires careful con-
sideration. For example, while the predictions of a support vector classifier or logistic
regression are statistically grounded, care must be taken when interpreting the parameters,
due to potential correlations or nonlinearity.

2.5.4 Model choice and cross-corpus accuracy

Throughout this analysis, the primary classifier I use is logistic regression with L2 reg-
ularization. This is a simple model; it can fit large datasets quickly, and produces a concise
array of parameters: one scalar value for each feature in the corpus (and optionally, an
intercept value) in the binary classification case. This classifier performs well on the SB-5
dataset, achieving around 96% accuracy on the FOR / AGAINST labeled document, using
only unigram and bigram features.

Experiment 4

To demonstrate the suitability of this model, I compare it to other classification models
on six different binary classification datasets. This experiment shows that logistic regres-
sion is a general-purpose classifier that excels across the board, in terms of both learning
rate and maximal accuracy. Learning rate is important because one of the goals of a re-
search project like this is efficiency, and a model that learns slowly would require more
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annotations (more effort) to achieve the same level of accuracy as a more sensitive model.
Figure 2.1 depicts the accuracy of four classifiers applied across six datasets, for a

variety of training set sizes. The features are unigrams and bigrams that occur more than
once in the corpus. Some of the subplots have shorter lines due to differences in corpus
size—the latter datasets only have a few thousand labeled documents. Depending on the
nature of the data, the accuracy plateaus at different rates, and varies in the maximum
accuracy it achieves.
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Figure 2.1: Accuracy on six binary classification datasets.
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The SB-5 and out-of-sample datasets have been discussed previously. ‘Rotten Toma-
toes’ is a movie review dataset (Pang & Lee, 2005). The ‘Congressional vote’ dataset con-
sists of Congressional debate transcripts, labeled as SUPPORT or OPPOSE (Thomas et al.,
2006). The Politeness corpora in the last row are not sentiment classes, but consist of com-
ments on Wikipedia discussion pages or StackExchange questions that were labeled via
crowdsourcing on a politeness scale, which I separated into distinct POLITE / IMPOLITE

classes (Danescu-Niculescu-Mizil et al., 2013).
The logistic regression classifier is show here in two variations, one with L1 regulariza-

tion, one with L2 regularization. Naive Bayes is a model commonly used for classification,
often in datasets with an imbalance between classes. The perceptron is a classifier that finds
a hyperplane that best distinguishes the two classes of data; it’s simple, but the results are
less interpretable. All the models shown here are implemented in Pedregosa et al. (2011).

While L2 logistic regression is not the universal winner (‘why not?’ is an interesting
question), it is consistently one of the top two classifiers.

Some of the documents in the other datasets are very different from tweets. Rotten
Tomatoes, which consists of movie reviews, is a more difficult dataset—it’s a bigger do-
main and the text tends to be more sarcastic. SB-5, which consists of tweets, is a smaller
domain concerned with a few related issues, and the documents are more self-contained.
The size of documents matters, but so does the domain, and these vary from corpus to
corpus.

Note that the ‘SB-5 For/Against’ case achieves a very high level of accuracy, particu-
larly compared to the other sentiment / politeness datasets, and that there is no single model
that achieves higher accuracy across all datasets.

The logistic regression model is effective, but not perfect. By looking at some of the
errors it makes, we can better understand how it’s working and whether we can make it
better.

2.5.5 Error analysis and model confidence

Even a simple model is extremely accurate on this classification task, which might be
expected from the domain-specificity of this dataset. A more general corpus is harder, as
shown by the examples in Experiment 4. To increase performance, I could extract addi-
tional features or try to combine multiple classifiers, but the limited labeled data means that
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sparsity and overfitting are highly likely.
Instead, I’ll look at the classifier’s errors to judge whether its mistakes are random

or systematic in such a way that a pattern of misclassification might help achieve better
predictive power, e.g., by changing the feature extraction method. Just as the classifier will
get lucky with some correct predictions, it may be unlucky with some mispredictions. The
data is noisy; some documents may not have clear cut labels, while others may not even
seem relevant.

In a logistic regression, if the only tokens in a document have coefficients near zero,
or if positive and negative tokens occur in unusually equivalent numbers, the model’s final
prediction will be less confident. The model estimates the probability of each label when
assigning labels to new documents, and I can use this as a measure of confidence in the
choice of either a FOR or an AGAINST tweet.

Application 1

In most cases, the model’s confidence is judicious; mispredictions are correlated with
relatively low confidence, while it tends to be very confident about correct predictions.

I will show this by separating the model’s predictions into correct or incorrect, and
plotting histograms of the confidence of the model in each correct or incorrect decision, as
depicted in Figure 2.2.

Figure 2.2: Model confidence on correct and incorrect predictions (0.0 is a coin toss be-
tween the two labels, 1.0 is complete confidence).

In general, it’s preferable for the model to report lower confidence on its mispredictions,
and that is the overall trend, but there are a few documents at the high-confidence end that
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it classifies incorrectly. Despite the confident mispredictions, this boosts the accuracy of
the classifier dramatically by disregarding low-confidence data.

For example, starting with a basic classifier achieving 96% accuracy, but then evaluating
only on a subset of the 70% most confident examples, the accuracy increases to between
99.0% and 99.5% on that subset of the data.

Application 2

Another observation I can extract from the confidence values is the difference in distri-
bution when grouped by label. For a balanced set of FOR and AGAINST tweets, the model
is slightly but noticeably sharper in confidence of FOR tweets.

Figure 2.3: Confidence distribution for both FOR and AGAINST tweets.

For this particular model, at 94% accuracy, it incorrectly labeled 368 documents. Of
these, it incorrectly labeled about twice as many FOR tweets (246) as AGAINST tweets
(122). While this indicates a bias toward labeling less confident predictions with the
AGAINST label, the graphic above suggests that, in general, FOR predictions are assigned
with greater confidence.
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2.5.6 Qualitative analysis

We can think of the low-confidence predictions as harder questions. Many of the low-
confidence documents exhibit relatively complex discourse, such as rhetorical questions or
sarcasm.

Here are two of the least confident correct predictions:

• FOR “Huge majority of anti- #Issue2 funding from out of state http://t.co/mdF6fH1M
RT @elijam1: Pro #SB5 mail from Virginia! Pretty grassroots. . . ”
(Anti-SB-5 Twitter users also accused the other side of out of state involvement; the
sentiment is clearly negative, but not clearly aligned with one side or the other.)

• AGAINST “wouldnt it be ironic if we got called to a fire and the house had a “Vote Yes
For Issue2” sign ?”
(Despite the “Yes for Issue2” phrase, the user is against SB-5. For a different training
run, the model could well have landed on the other side and gotten this one wrong.)

For comparison, here are two of the most confident FOR and AGAINST tweets (both labeled
correctly):

• FOR “RT @SpielzOnWheels: If you support #schoolchoice and real education reform
urge OH to vote yes on #issue2. Vote Yes on 2. #yeson2”
(The signals here are overwhelming. @SpielzOnWheels is an outspoken republican;
due to the wording of the referendum, “yes” is a strong marker of being “For” SB-5.)

• AGAINST “Kids sing against #SB5 [Farmer in the Dell] Vote no on issue 2, vote no on
issue 2 vote NO for O-HI-O vote no on on #issue2 ! #SB5”
(It could hardly get clearer than a children’s song repurposed as propaganda.)

The least confident incorrect predictions are not much different than the least confident
correct predictions. The issues are more complex than in the high-confidence cases, often
demonstrating unusual combinations of keywords:

• AGAINST (incorrectly predicted as FOR) “Ohio Conservatives: All Bark, No Bite -
http://t.co/n1adFb9F #libertarian #tcot #ohio #issue2”
(Conservatives generally use ‘#tcot’ to mark themselves as part of a social group, but
here the writer is using the hashtag to describe users of a different circle, not as a sign
of solidarity.)
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• AGAINST (incorrectly predicted as FOR) “#Top10Lies #Issue2 will benefit teachers in
any way”
(The model doesn’t understand opposites; the intent here is switched by prefixing the
tweet with the #Top10Lies hashtag.)

• FOR (incorrectly predicted as AGAINST) “Hmm. . . I sure hope public employees like
@Notgvn aren’t promoting a political campaign on state time. #SB5 #Issue2”
(@Notgvn is an outspoken anti-SB-5 user; usually a reference to him connotes anti-
SB-5 sentiment, and there are many other strong markers here.)

Most confident incorrect predictions (which is by far the minority):

• AGAINST (incorrectly predicted as FOR) “funny how all the people wanting to vote yes
on #issue2 make way more money than we ever will @nabsies”
(But not funny in a good way.)

• FOR (incorrectly predicted as AGAINST) “RT @brianF810 ‘ @FairTaxNancy Get out
and vote NO on that piece of shit bill !’ Me: Classic example of no on #Issue2 supporter.
Sheesh”
(The model does not process the quotation, and interprets the repeated no’s as signs of
dissent.)

In the small margin of extremely confident mispredictions, most of the data is either
wrapped in a complicated discourse marker (like a quotation, or a retweet) or incorrectly
annotated. Based on sampling a number of these tweets, my sense is that they take con-
siderably longer to parse, as a human reader, and to reason through pragmatic or syntactic
layers of logical inversion to arrive at the author’s intent.

Note that these are the errors, so they are among the hardest classifications in the data.
Judging them was difficult; many were sarcastic, vague, or both. Some were clearly sar-
castic, so they were easy to judge, but also easy to see why the model tripped up on them.

Some of these errors are transparent; reading them, we can see why a simple word count
isn’t enough for the classifier to detect subtleties like quotes, or responding to some oppos-
ing tweet as a retweet with a short rebuttal. Others employ complex linguistic structure that
becomes clear after reading the full tweet, but some of these are genuinely hard even for
me to classify—they require some domain-specific knowledge of the culture surrounding
the SB-5 debate. This is partially encoded by the better-informed annotators who originally
labeled these, but there are some edge cases where, if there are no annotated examples, it
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will be very difficult for a naive annotator (like a Mechanical Turk worker) or a non-Ohioan
(like me) to judge the document, much less the classifier.

Judging from these error cases, it doesn’t seem that we can easily improve classifica-
tion accuracy, for example, by incorporating trigrams, or a tuned sentiment lexicon. It’s
not clear from this whether extracting co-occurrences of words as features would help with
some of the long-range dependencies (in fact, adding these feature is slightly detrimental,
achieving accuracy about half a percentage point lower than without). Some sentiment
analysis research aims at modeling the syntactic relations that we would be need to re-
duce the errors further, but we’ll assume that for our purposes, the current results are good
enough. Even if the model gets some predictions wrong, we can still examine it produc-
tively.

2.6 Classifier parameterization

The classification model works, and we can open it up to determine how it’s working.
For each document, the classifier matches up known words with their coefficients. New
words are ignored. For example, here is a decisively FOR tweet:

RT @rbschueler: RT @laborunionrpt The Cost of Voting No on #Ohio #Issue2
http://t.co/sNDJ2WEL via @jasonahart #tcot #LUR #teaparty #SB5 #YesOn2

The classifier has stored parameters for most of the unigrams and some of the bigrams,
and sums all of these matches to arrive at a single score for the tweet:
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-1.30 #intercept# 0.05 ohio 2.39 tcot
0.59 cost -0.19 ohio issue2 0.00 tcot lur
0.71 cost of -0.03 on 0.74 teaparty

-0.11 issue2 0.76 on ohio 0.01 teaparty sb5
0.76 jasonahart 1.63 rbschueler 0.00 the
0.47 laborunionrpt -0.65 rbschueler rt 0.67 the cost
0.88 lur 0.71 rt 0.18 via

-0.83 no 0.39 rt laborunionrpt 0.59 via jasonahart
-1.60 no on 1.86 rt rbschueler 0.34 voting
-0.16 of -0.88 sb5 0.42 voting no
0.66 of voting -0.36 sb5 yeson2 4.82 yeson2

Sum: 13.55

Table 2.7: A single logistic regression classification result.

The special #intercept# term is negative, reflecting the AGAINST bias in the corpus. If
a new tweet matched no other parameters in the corpus, it would at least be pushed into the
AGAINST class by the intercept value. The sign of the final sum indicates the classification;
positive = FOR, negative = AGAINST. The size of this sum reflects the confidence in the
decision; more extreme values indicate higher confidence.

Some of the parameters make sense: ‘tcot’ (top conservatives on Twitter) is a marker
used most often by conservatives, so it has a strong positive weight. The names ‘rbschueler’
and ‘jasonahart’ are both outspoken conservative Twitter users; they both have positive
weights. Even though ‘no on’ has a strong negative weight, this is compensated by the
other terms.

Some of the parameters don’t align with my expectations. The bigram, ‘sb5 yeson2,’
has a negative weight, while ‘yeson2‘ is clearly positive. The value is much smaller than
the weight of ‘yeson2’ alone, and still smaller than the value of ‘sb5’. Seemingly innocent
words, like ‘ohio,’ ‘via,’ and ‘of,’ have non-zero weights. Summing smooths over such
oddities, but this demonstrates why we must be wary of interpreting a single parameter
independently of the others. As discussed in Section 2.5, tuning the classifier’s normaliza-
tion parameters could address some of these issues. But there are other issues with trying
to interpret the parameters like this.
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2.6.1 Bootstrap sampling

The SB-5 Twitter dataset is only a sample of the population. Only 13% of the SB-
5 dataset has labels, but even beyond the original dataset there were relevant tweets not
collected into the original dataset. With any model, we want to estimate the parameters
without being biased by the limited data available. For example, since the available training
data comprises a short, but central, subset of the entire time frame, some models built on
this may put too much weight on a phrase that was used in the period, but which fell out of
use or evolved with time. If we had access to the entire population and it was labeled, we
could fit an unbiased logistic regression model easily. This simple model would not have
perfect accuracy, but it would the best possible representation of a classification model built
in the feature space of unigrams and bigrams. Such a scenario is unrealistic, but our goal is
to approximate that model and estimate the bias incurred by our approximation at the same
time.

Setting aside the problem of an infinite vocabulary, the major issue is in estimating
coefficients from a sample of data. Correlations between word occurrences are not incor-
porated into the model, and one word of a tightly correlated pair of words may overshadow
the other. With a sample, we must assume that the correlation carries across to the popula-
tion, and in the classification task this is not a problem—the model will make the reasonable
assumption that whenever it sees one word it will see the other, so it doesn’t really matter
whether one word gets the appropriate weight, or the other does, or whether the weight is
distributed between them (though the choice of regularization will have an effect on the
actual outcome).

However, since we interested in the mapping of tokens to scalar coefficients, the vari-
ability of a model built from a highly multicollinear dataset can create problems while
trying to interpret those coefficients. Depending on the subset of data chosen for training,
one token may be shadowed by some other correlated token (e.g., #issue2 and issue2),
while the next trial’s random subset may produce the opposite result.

The output from an ordinary logistic regression may present some unintuitive compar-
isons, or unexpected values; in his discussion of linear and logistic regression, Wasserman
(2010) points out that such results may seem unintuitive because we tend to confuse as-
sociation and causation. We want to achieve some level of causal explanation, but the
correlations that are inherent in language use can make that difficult.
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Application 3

To counteract this problem, I use the bootstrap resampling technique to infer what a
representative sample might look like from the perspective of the population, by averaging
what a sub-sample looks like from the perspective of the sample. Efron (1979) developed
the bootstrap to address problems with estimating the variance of a sample median, along
with supporting other tactics that existing resampling techniques provide, like estimating
the bias and variance of any aggregate function of the data. Various resampling methods
can be used to increase model stability (Bach, 2009, Meinshausen & Bühlmann, 2010); I
chose the bootstrap because it is straightforward and has been shown to be robust across
many kinds of data.

The basic technique is simple: hundreds or thousands of models are fitted to subsets
of the labeled data, which are sampled with replacement. Usually, each subset is the same
size as the original dataset, but because the data is chosen with replacement, there will be
several duplicates, and a substantial portion of the data entirely missing from the subset.
Then these models are merged; for example, by averaging their parameters.

With the output from the bootstrap, I can start to smooth over differences in coefficients
between correlated variables, which may be matched to different values from run to run.
I sampled (with replacement) ~1,000 random subsets from the original labeled dataset,
and trained a logistic regression model on each one, just as before. Assuming I have a
fixed vocabulary, this is straightforward; the fitted coefficients are recorded as a single
observation of all coefficients. After all of the iterations have been completed (which only
takes a few seconds), I calculate the mean and variance of each coefficient.

The bootstrapped model averages about a percentage point lower accuracy on 10%
held-out data, compared to a single L2-regularized logistic regression model, but it also
rates the maximum probability of misclassified data about a percentage point lower. Using
this technique in the same environment as Application 2, the bootstrap is marginally less
confident of its incorrect predictions.

The overall average for these coefficients can be used to rank the tokens associated
with each of the coefficients. Table 2.8 lists the extremes of the fitted coefficients for the
bootstrap, compared to those for individual logistic regression models, and other models
like those in Table 2.9. The middle category contains some of the least significant features
in the dataset. Many of these values match expectations; ‘yeson2’ and ‘noon2’ are at the
extremes. The logistic regression with relaxed normalization (C=100) tends to overfit; it
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has the most extreme coefficients, and an emphasis on urls and particular names.

Bootstrap LogReg (L1) LogReg (L2) LogReg (L2) (C=100)

Most positive
4.85 yeson2 6.41 yeson2 4.82 yeson2 9.89 yeson2
2.34 tcot 6.14 new post 2.42 mt notgvn 6.09 mt notgvn
2.17 mt notgvn 6.02 rt rbschueler 2.39 tcot 5.41 new post
2.12 new post 4.68 mt notgvn 2.19 new post 5.05 issue2 http://t.co/zx..
1.77 yes 4.04 sb5 mt 1.86 rt rbschueler 5.05 http://t.co/zx..
1.73 rt rbschueler 3.85 spielzonwheels 1.63 rbschueler 5.05 http://t.co/zx.. sb5
1.58 rbschueler 3.73 supporting issue2 1.61 yes 4.88 issue2 hurts
1.48 addthis 3.42 sb5 sb5 1.50 via addthis 4.60 tcot
1.48 via addthis 3.41 tcot 1.50 addthis 4.33 progressohio ohio
1.41 post 3.25 st 1.49 reforms 4.06 yep

Middle
-0.01 short but 0.00 team dayton -0.01 closing ad -0.01 by management
-0.01 friends http.. 0.00 team hire -0.01 notgvn lsc -0.01 extremes sb5
-0.01 we_are_ohio 30 0.00 team issue2 -0.01 one’s -0.01 as can
-0.01 to hell 0.00 team knocked -0.01 partisan.. -0.01 be that’s
-0.01 bargaining remains 0.00 teambarack.. -0.01 special-inte.. -0.01 extremes

Most negative
-0.99 sb5 issue2 -1.89 leaders -1.01 vs -3.46 1u
-1.09 weareohio -1.92 no on -1.03 sb5 fans -3.48 vs
-1.11 repeal -1.98 great anti -1.14 standupoh -3.58 we_are_ohio issue2
-1.13 standupoh -2.24 op-ed -1.15 repeal -3.71 hobmel
-1.16 fans -2.29 suppression -1.26 fans -3.75 rt cahawke
-1.31 #intercept# -2.32 wed -1.27 rt notgvn -4.27 noon2
-1.35 rt notgvn -2.41 1u -1.30 #intercept# -4.70 rbschueler rt
-1.48 1u -2.47 explain -1.56 1u -5.34 gohpblog icymi
-1.56 no on -2.58 fans -1.60 no on -5.63 betterohio jeff
-2.07 noon2 -2.69 noon2 -2.05 noon2 -5.64 gohpblog hmm

Table 2.8: Feature ranking for 1000-iteration bootstrap and individual logistic regression
models.

Between the four models listed in Table 2.9, the perceptron seems to include the most
reasonable terms, but they aren’t as clear as the terms in Table 2.8. The Linear SVC model
is a Support Vector Machine, which works by finding a hyperplane in the high-dimensional
feature space (of word counts) that maximally separates the two classes, similar to the
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perceptron.

Perceptron (L1) Linear SVC (L2) Linear SVC (L1) Naive Bayes

Most positive
8.19 new post 1.48 yeson2 2.33 yeson2 -3.89 issue2
7.48 mt notgvn 0.95 mt notgvn 2.29 rt rbschueler -3.89 #intercept#
7.24 yeson2 0.85 new post 2.25 new post -4.41 rt
7.19 tcot 0.83 issue2 hurts 2.01 casting -4.64 sb5
5.28 performance 0.83 http://t.co/zx.. 1.95 mt notgvn -4.83 to
4.34 interesting 0.83 issue2 http://t.. 1.86 http://t.co/zx.. -4.89 on
4.29 rt rbschueler 0.83 http://t.. sb5 1.85 govt employees -4.91 the
4.29 bargain for 0.80 progressohio ohio 1.75 sb5 mt -4.98 yeson2
4.28 sure to 0.76 chuckwestover 1.72 counties in -5.06 ohio
4.26 spielzonwheels 0.76 rt chuckwestover 1.71 spielzonwheels -5.39 a

Middle
0.00 teachers.#diff.. 0.00 blunt opponents 0.00 teacher http://.. -11.83 the maddow
0.00 teachers.#diff.. 0.00 blzzrd 0.00 teacher in -11.83 the lowest
0.00 teachers.ht.. 0.00 board by 0.00 teacher is -11.83 the lord
0.00 teachers.http://.. 0.00 bradleyr11 0.00 teacher job -11.83 the lopsidedness
0.00 teachers/fire 0.00 editor:simple.. 0.00 teacher kendra -11.83 the locations

Most negative
-3.21 edshow -0.58 we’re -1.19 sb5 supporters -11.83 it’s anti-worker
-3.24 better -0.60 noon2 -1.25 gohpblog hmm -11.83 it’s all
-3.24 seiu119.. -0.61 vs -1.26 gohpblog plund.. -11.83 as egregious
-3.40 issue2debate sb5 -0.63 hobmel -1.29 absolute -11.83 as election
-3.42 breaking -0.64 rt cahawke -1.33 betterohio jeff -11.83 it’ll fail
-4.19 #intercept# -0.71 question -1.40 gohpblog via -11.83 it’ll be
-4.19 sb5 noon2 -0.82 rbschueler rt -1.46 bitterohio -11.83 as essential
-4.24 fans -0.89 gohpblog icymi -1.66 control in -11.83 it with
-5.19 noon2 -0.95 betterohio jeff -1.89 wed -11.83 as critical
-5.21 final -1.01 gohpblog hmm -2.28 vote shows -11.83 zookeeper worries

Table 2.9: Feature ranking for Support Vector Classifier and Naive Bayes models.

The variances of the coefficients are harder to interpret. The parameters with coeffi-
cients of higher variance (shown on the left side of Table 2.10) tend to be more interesting,
but the effect is not as interpretable as in the table of extreme means. Many of the highest-
variance coefficients also have extreme means, but some of them do not; “mt” (modified
tweet), for example, is a token with a high variance parameter but no overall polarization.
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Table 2.10 also depicts the results of a one-way ANOVA test, which is independent
of any classification model, and which ranks all parameters in terms of their ability to
distinguish the two classes. This test produces an F-value for each feature, similar to the
coefficients in the models above, and the ranking most closely resembles the bootstrap and
logistic regression models.

Bootstrap coefficient variance ANOVA F-values

Largest
0.33 rbschueler rt 5404.26 yeson2

0.27 2 sb5 1650.25 yes

0.27 supports a 1193.46 sb5

0.26 sb5 yeson2 1151.19 tcot

0.24 gohpblog via 1105.84 yes on

0.22 tour 836.10 vote yes

0.21 st 825.18 yeson2 issue2

0.21 http://t.co/zxuhbfff sb5 759.76 rt gohpblog

0.21 http://t.co/zxuhbfff 752.93 addthis

0.21 issue2 http://t.co/zxuhbfff 752.93 via addthis

Smallest
0.00 kburdz N/A in 2007

0.00 kburdz hahhaa N/A a computer

0.00 interview with N/A gitu

0.00 slippin N/A work into

0.00 ke N/A blog posting

0.00 slippin if N/A a bellwether

0.00 belah N/A blzzrd

0.00 dooh N/A ii of

0.00 simply the N/A outlook

0.00 posting x30 N/A #intercept#

Table 2.10: Variance of coefficients after 1000-iteration bootstrap, and ANOVA F-values.

What we would like to see from this is a portrait of how each of the sides talk differently;
it’s not clear from these tables how to accomplish this, but the bootstrap explores ways to
find more reliable features than the default/baseline parameterization
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Promising for future work... would have to determine the best trade-off between low-
variance and extremity of effect (absolute value of parameter)

2.7 Label extrapolation

The model trained on the meager annotated data can be used to predict labels for the
rest of the dataset. These predictions may be skewed by biases present in the annotated
data, but they provide much greater breadth in the exploring the data. We can use these
predictions to get a better view of the data as a whole.

Application 4

This application depicts the temporal progression of support for SB-5 by using pre-
dicted labels for the entire dataset, as in Figure 2.4.

For this example I’ll assume that all the unlabeled tweets are either FOR or AGAINST.
Any data that might properly be labeled NEUTRAL or NOT APPLICABLE are coerced into
polarized labels, but the manually annotated data suggests that these are rare.

2011-03-13 2011-05-10 2011-07-07 2011-09-02 2011-10-30 2011-12-27 2012-02-23

Date

Fr
e
q
u
e
n
cy

- Gov. Kasich signs bill

- Signatures submitted

- Language decided

- SB-5 Repealed

For / Against labels throughout corpus

For

Against

Figure 2.4: FOR / AGAINST labels predicted for entire dataset (binned by week). The
shaded region covers the period for which I have hand-annotated data (but not all of the
data in the shaded region was annotated).
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While both sides peaked in volume before the final vote, the FOR trend starts to drop
off slightly before the AGAINST side does.

Below, I have plotted the model’s confidence over the same time frame, in Figure 2.5.

%

%

%

%

%

%

%

%

Figure 2.5: Average prediction probability (for the more probable label) over entire dataset.

This suggests that I should be more confident of the predicted labels for tweets earlier
in 2011 than those that were produced after the vote, which coincides with the period of
annotated tweets. What people were tweeting about after the polls closed was somehow
different than what they were tweeting before, though as Figure 2.4 shows, the data for this
period is very sparse.

Another way to use the extended dataset is to compare the original subset of data chosen
for annotation with the overall dataset.

Application 5

I will investigate how biased the subset of annotated data is by building two models:
one trained on all available labels and, for comparison, one built on a balanced sampling of
labels (two random selections of an equal number of examples from each class).

Of the available annotations, 80% of them are labeled AGAINST, as listed in Table 2.3.
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However, a model trained with a balanced sample (2500 tweets from each class) predicts
that only 76% are AGAINST; i.e., as one might expect, removing the training bias regresses,
somewhat, toward a split of 50%/50%.

Similarly, the model trained on all available labels predicts that 89% of the data is
AGAINST, while a model trained on a balanced sample predicts only 82% of the entire
corpus is AGAINST, exhibiting the same trend.

I depict this bias as a comparison between only the annotated tweets and the full dataset
with predictions, in Figure 2.6.

(a) Labeled tweets. (b) All tweets.

Figure 2.6: Manual annotations and predictions on the full dataset.

This shows that, in the time period selected for annotation, a disproportionate number of
FOR tweets were selected, relative to the number of AGAINST tweets in that same period.
However, it doesn’t appear that this selection was misrepresentative of the FOR tweets
overall.

The increased coverage especially benefits sparse data, such as geolocated tweets. Only
a small percentage of Twitter users attach geolocation to their tweets (usually this is done
automatically with a mobile device), so the number of tweets in the original dataset that
happened to be labeled is very small. Using the classifier’s predicted labels on the entire
dataset, we can get a more complete picture of the geographic spread.

Application 6

In the SB-5 dataset, there are 3,769 geolocated tweets (3.53% of the full corpus), but
only 247 of these have labels (0.23% of the corpus). Figure 2.7 depicts the geographic
dispersion of votes and Twitter support in Ohio, by county. The county shapes have been
scaled down logarithmically to reflect proportional votes (a) or tweet volume (b, c).
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Figure 2.7a depicts the official results from the Ohio Secretary of State records.17 Fig-
ure 2.7b depicts only the geolocated tweets that were hand-labeled; Figure 2.7c includes
all geolocated tweets, using predicted labels.

(a) Official votes.

Franklin

(b) Labeled tweets.

Cuyahoga

(c) All geolocated tweets.

Figure 2.7: Votes and geolocated tweets. The colors are normalized so that the state-
wide average of votes / Twitter support is white, while darker colors of red (FOR) or blue
(AGAINST) indicate stronger leanings.

Ohio’s capital, Columbus, is located in Franklin county, which is the source of the
vast majority of tweets. However, Cuyahoga, on the edge of the Lake Erie, has a greater
population, but doesn’t register in Figure 2.7b, since that dataset is so sparse. In fact,
compared to Franklin, Cuyahoga had a proportionally greater voter turnout, about 112%
that of Franklin. And, as is partially reflected in Figure 2.7c by the pinkish Franklin county,
the citizens of Cuyahoga voted 2.25 to 1 AGAINST SB-5, while Franklin voted 1.79 to 1
AGAINST it.

2.8 Conclusion

In this chapter, I described the growing need and opportunities for statistical textual
analysis in political science research, and demonstrated how machine learning (specifically,
supervised classification) can help answer questions commonly posed by sociologists and
political scientists.

Many of the questions are predicated upon knowing the political stance of each text
document, so I first focused on building classification models to improve coverage on the

17http://www.sos.state.oh.us/sos/elections/Research/electResultsMain/2011results.aspx
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full dataset without requiring additional manual annotation. Subsequent questions involve
inspecting and aggregating the extensive textual data, and so I described ways to interpret
the models’ parameters, which directly represent how each textual component (e.g., each
word) affects the classification decision. In presenting the results of these experiments on
my specific dataset, I also discussed the limitations and biases of using machine learning in
this way more generally, to distinguish questions amenable to an analytical solution from
those that do not fit the quantitative modeling paradigm.

I sketched out the background of my analytical approach by surveying a wide range of
similar applications from the top political science journals (Section 2.1). While the rele-
vant literature is expansive, I identified two trends in particular—accelerating social media
and increasingly powerful computational methods—and drew connecting threads between
research published in the major journals and my contributions. This literature review estab-
lished the accelerating role of computational approaches in mainstream political science,
and presented precedents for many of the research questions that I take on in my own anal-
yses, as well as some of the machine learning models I use. While my work shares many
techniques with those described in this literature selection, I found no projects with quite
the same general trajectory I take: a deep dive into a relatively small state-level political
issue, tackling standard political science research questions and devising answers that use
machine learning.

To set the stage for the subsequent experiments, I introduced the political background
and timeline regarding the referendum and repeal of Ohio Senate Bill 5, from late 2010 up
to November 2011, when the general election vote was held (Section 2.2). The bill was
introduced and passed by state legislature, and then overturned by public involvement via a
grassroots campaign, making it a subject particularly suited for analyzing the role of social
media in the larger political process.

I described the social media dataset that was collected from Twitter during that period,
along with the annotation process that supplied the labels used in my analyses (Section 2.3).
In presenting the dataset, I provided some summary statistics and properties of the subset
that was annotated. The idiosyncrasies of this dataset and annotation scheme provides some
leverage (labels are applied to all of an individual’s texts) and comes with challenges (such
as the disparate class distribution, which does not necessarily reflect the outcome of the
eventual vote).

To establish common ground before jumping into the particulars of machine learning,
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I discussed text featurization (Section 2.4), and showed how even simple bag-of-words
features can effectively filter out unrelated documents (Experiment 1). This task demon-
strated how a naive, out-of-the-box classification model can start helping the sociologist
and political scientist at the data curation stage.

I introduced the basic machine learning concepts used throughout the rest of the ex-
periments and applications, focusing on classification models (Section 2.5). To distinguish
machine learning from lexicon-based analysis, I compared bag-of-words features to LIWC
features, demonstrating that for my classification task, bag-of-words is far more effective
(Experiment 2). While shown to be generally applicable to a wide variety of domains, lex-
icons like LIWC are no match for even a small amount of training data coupled with an
automatic classifier, which adapts to the idioms and other nuances in a specific corpus.

To distinguish classification from topic modeling, I built a topic model with this dataset
and discussed why that approach is unsuitable for the research questions I’m tackling (Ex-
periment 3). In this corpus, many of the different groups we’re interested in use much the
same language; in an extreme case, the opposing sides might express their views using
phrases that differ by only one token, like ‘yeson2’ vs. ‘noon2’. Topic models might seem
the perfect tool to understand the different sides of the debate, but the resulting topics draw
no clear distinctions.

To introduce the logistic regression classifier used for the majority of the analysis, I
demonstrated that, among four common classifiers and across this and five other similar
binary classification datasets, logistic regression with L2 regularization is the most con-
sistently accurate (Experiment 4). While it may not be feasible for political scientists to
evaluate several different models on each new dataset, this demonstrates that logistic re-
gression with L2 regularization is a pretty safe place to start.

Exploring this classifier model in more depth, I showed that its confidence measure
could be used to filter out hard-to-classify tweets (Application 1), but that this confidence
is not similarly distributed for each of the For and Against classes (Application 2). The
texts with extremely low model confidence are not an unbiased sample of the corpus, but
this provides a way for the busy political scientist to select a subset that they can assert is
properly labeled with 80% confidence (or 90%, or 95%, etc.).

I described how to use the model’s parameters to rank important features of the text,
how this might be misleading, and techniques for achieving more reliable parameters (Sec-
tion 2.6). Because the classification model algorithmically chooses the optimal parameters
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to fit the data it’s given, it’s liable to overemphasize (overfit) some of the features it sees.
The bootstrap method smooths over any particularly subset of data that may lead to spuri-
ous exaggeration, and also measures which features are reliably strong indicators.

Finally, I explored some of the immediate benefits of automatic classification, in terms
of greater annotation coverage, and filling out the overall picture (Section 2.7). I plotted
trends over the entire timeline of the SB-5 repeal process, including many segments for
which I had no hand-annotated data, only inferred labels, and paired this with an overlay of
model confidence, to depict areas of less certainty (Application 4). Similar to Application 2,
this allows the researcher to appropriately modulate any claims drawn from the dataset of
inferred labels, with a sense of what level of certainty those claims hold.

I compared a model that incorporated the baseline bias (disproportionately ‘Against’)
with one trained on artificially balanced data, to test whether the labeled dataset is repre-
sentative of all of the data (Application 5). Again, by better understanding the sampling
biases inherent in the training data, the researcher will be better able to communicate what
biases might distort the depicted results.

Using (sparse) geolocation data, I showed that using inferred labels for the full dataset
better approximated official votes at the county level (Application 6). Because the pres-
ence of geolocation was not part of the original sample-selection process, very few of the
geolocated tweets had been hand-annotated. While geolocation data is scarce across the
entire dataset, this application demonstrated that using the full dataset with inferred labels
produces a map that is at least somewhat comparable to the observed vote counts.

2.8.1 Further work

Each of the analyses could be extended, by comparing my results on SB-5 with other
datasets, or by pursuing the alternatives or variations that I’ve mentioned but did not flesh
out here. There are many variables that I have only begun to consider, such as the param-
eterizations generated by other models, or the effect of different feature sets. I touched
briefly on other corpora for a few of the experiments, but expanding each analysis into a
comparative exploration with other classification datasets will help in understanding what
generalizations can be drawn from the models, and which observations are just random
properties of the current dataset.

Using other applications of supervision, like active learning, to guide the annotation
process could ensure that the human annotators’ efforts are as efficient as possible. Machine
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guidance at that point in preparing the data could also ensure that the annotated subset of
data is a representative sample of the full dataset.

With most initial data analysis, including the SB-5 dataset, the first steps are exploratory;
the researchers may not yet know what annotation scheme to use, or even what type of
classification is desired. One pilot study (not discussed in this chapter) of the SB-5 dataset
began with a detailed annotation scheme of 71 binary features, but only 152 documents
were labeled, due to how long it took to annotate each one. The AGAINST-bias in the data
resulted in an under-representation of FOR tweets that made this dataset practically impos-
sible to extend to new data, though it was a rich description of the limited data that had
been labeled. As discussed in Section 2.3, the annotations that were used in this chapter
exhibit some bias, and there are potentially problems with inferring labels within users, but
it was much more plausible to build models with the simpler label set, because it is a better
sample of the entire SB-5 corpus. As a research agenda develops, supervision and the input
of automatic classifiers throughout the labeling process could potentially help researchers
avoid some of these missteps.
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Chapter 3

Citation analysis: Linguistic signals in modeling influence

This chapter demonstrates how textual similarity metrics can contribute to techniques
for quantifying the influence of one document on another. I develop a probabilistic net-
work model of the relationship between academic papers, focusing on the improving the
predictive power of the model by incorporating simple comparisons between the full textual
content of these papers.

This chapter first motivates a deeper approach to citation analysis than network analysis
allows (Section 3.1), describes many of the techniques and the structure of the data used
in typical citation analysis (Section 3.2), along with some specific research typifying the
scope of these approaches (Section 3.3). I then describe the datasets and tools I am using as
my starting point (Section 3.4), prior work in this vein (Section 3.5), and the experiments
that drive my conclusions about the importance of using the full text of papers (Section 3.6).
These experiments answer the following research questions:

1. What classification models are most effective in predicting citation relationships?

2. What featurization methods are most efficient in preprocessing the text for machine
learning?

3. What similarity metrics work best when comparing the vectors resulting from these
feature sets?

I perform all my experiments on papers from the ACL Anthology Network dataset
(Radev et al., 2013), which is a corpus consisting primarily of conference proceedings.
These papers are generally short (around a dozen pages), and most adhere to a relatively
constrained discursive structure corresponding to the venue (e.g., EMNLP, ACL, NAACL).
The dataset consists of 18,160 papers, with 110,930 citations between them. I believe this
is a suitable corpus to use in the context of my research questions for several reasons: It is
a relatively self-contained network; while authors are free to cite whatever other published
material they like, a large proportion (roughly half) of the citations are to papers in the same
network. The annotated citation links are reliable; fully-automated linking processes, like
Google Scholar, are prone to error (for reasons discussed in Section 3.4.2). There is prior
work of similar research that focused on this dataset, providing a benchmark for some of
my experiments.
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‘Citation analysis’ is the evaluation of research performance based on publications, and
it has far-ranging implications across science and industry; for example, citations factor
into determinations of what research gets funded and which researchers get hired. The
practice of citing and applications of citation analysis imply a general consensus that cita-
tions serve primarily as a signal of underlying influences and impact. These citations are
sparse signals; any given paper has far more readers than the few who publish papers of
their own, of whom only a fraction will cite it.

Despite their shortcomings, citations are the best concrete record of influence that is di-
rectly observable. There are more holistic systems in active development, such as Altmet-
ric1, which is a commercial service that aggregates non-academic references from various
internet sources. But standard citations are the common denominator across many differ-
ent scientific fields; they exist within a relatively well-circumscribed scope, which has been
analyzed extensively for decades.

The problem with typical citation analysis is that it primarily drives its methods and
conclusions with network information (metadata), oblivious to content matter. It’s clear
that influence is more nuanced than simply ‘cited’ or ‘not cited’, and much of the research
in this field consists of deriving more descriptive models of the network. But without
incorporating the textual content of publications, these research efforts (the majority) will
all eventually hit a wall.

Introducing text into citation models is a massive change to the typical approach; lin-
guistic analysis can go in many directions: semantics, pragmatics, discourse modeling, and
so on. Natural language processing opens up all kinds of new avenues for attacking this
problem; research on this topic brings a small chunk of linguistic expertise, like topic mod-
eling or sentiment analysis, and applies it to one of a few established evaluation tasks in
citation analysis.

I start at a step removed from that approach, exploring the simplest methods that can
answer a basic research question:

• What features of the text in two documents contribute to the relationship of influence
between them?

The research I present here works from the baseline of standard citation network meta-
data and focuses on using the full text of publications to improve upon a benchmark task:

1https://www.altmetric.com/
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citation prediction. The results I present here show that textual similarity metrics can im-
prove citation prediction performance, but that more complicated metrics, like topic mod-
eling, do not significantly increase performance. This demonstrates that incorporating the
full text is a step in the right direction, but that capturing influence in this way is a difficult
problem.

Overview

Section 3.1 motivates a more fine-grained, discerning understanding of citation analy-
sis by detailing its extensive use across many fields and its effects on science and research
(3.1.4), from individual (3.1.1) to organization (3.1.2, 3.1.3). Section 3.2 provides a back-
ground on citation analysis; the origins of the field of ‘bibliometrics’, current standard
approaches, and the limitations of current methods, which separate citation analysis from
the content being analyzed. Section 3.3 reviews some of the foundational literature in ci-
tation analysis, focusing on research exploring the flaws and biases of citation metrics.
Section 3.4 describes the types of network metadata and textual features, and the corpora
that facilitate the experiments performed in the following section. I also list some of the
technical complications that make text-based citation analysis difficult, and the tasks re-
quired to handle those shortcomings (3.4.2). Section 3.5 discusses recent research that
goes beyond typical citation analysis, the research questions that text-based approaches
seek to answer, and standard benchmarks and tasks. In Section 3.6, I evaluate a variety
of classification schemes and models, present my results on the citation prediction task,
and finally, in Section 3.7, draw conclusions about the role of text similarity in measuring
influence in a citation network.

3.1 Motivation: The implications and far-ranging effects of citation
analysis

Citation analysis is pervasive; citations are used to measure the academic performance
of individuals, the impact of journals, and the importance of the published information. It’s
used to measure the influence of academic articles, where influence serves as a proxy for
trustworthiness, importance, and even usefulness. Citations themselves are just a metric;
the far-ranging effects of of citation analysis are about influence, not citations. Influence
is hard to measure, but it’s critical in how researchers evaluate scientific communication.
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Of course, there’s a lot more going on that isn’t recorded in citations, but citations are
observable and standardized. Since citations are the only ubiquitous2 concrete record of
influence, they’ve come to serve as the primary basis for aggregate measures of impact and
performance.

The following sections describe in more depth how citation metrics bear on individuals
(3.1.1), research projects (3.1.2), and journals (3.1.3), concluding with how these affect the
direction of scientific research more generally (3.1.4).

3.1.1 Academic review of individuals

Citation count is often used as an indicator of an individual’s academic contributions
and scientific qualifications. Thus, it may influence how an individual is considered for a
job, a promotion within a job, or even citizenship (applying for a green card as an alien of
extraordinary merit involves a grueling academic performance review).

Much of the literature on citation analysis warns against drawing conclusions from a
small sample, such as the citations for a single author (Moed, 2005, p.87). Coverage over an
entire research group is more trustworthy. Moed, p.87 discourages the “formulaic use” of
citation analysis for evaluating individuals, in terms of salary or promotion. This is an easy
line to draw, but it’s not clear who would actually admit to formulaic use of citation metrics.
But, certainly, citations factor into a researcher’s performance review, and it’s important to
have a concrete method to qualify how much this should affect the determination of that
review, compared to other available information.

In estimating the worth of an individual’s research, most evaluators will be concerned
with the individual’s current throughput/bandwidth, but many measures, such as overall
citation count or h-index, are prejudiced in favor of accumulated research and the historical
record, rather than the potential future output.

3.1.2 Academic review of projects

Grant application reviews take into consideration the academic performance of the re-
searchers involved, so the same concerns apply here. The only difference is that the stakes
are higher; projects that are larger than any one individual’s research agenda may be sup-

2Some venues award ‘Best paper’ or ‘Editor’s choice’ to a curated subset of publications, but these are far
too sparse relative to the total volume.
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ported or rejected depending on the popularity, in terms of citations, of the applying re-
searchers, or of the project’s predecessors.

3.1.3 Academic review of journals

Impact Factor (IF) is the leading metric for measuring the relative influence of journals
within a field. The standard definition of IF is: the average number of citations per paper
that is 1- or 2-years-old when it is cited. This results in one number for each journal, for
each year.3 This metric is intended to incentivize quality over quantity, since the number
of citations is averaged across the journal’s “citable items” for a given year.

IF can determine what journals a library subscribes to, and thereby what information
researchers have direct access to. IF can also contribute to an individual author’s perfor-
mance review, despite IF’s creator’s warning against using it for this purpose, due to the
variability between journals (e.g., whether or not they value IF).

Since there is no central, canonical database of articles and citations, IF can be ma-
nipulated (like many other metrics). IF depends on which journals are considered, which
articles from those journals are considered citable items, and of course, assumes that all ci-
tations have been accurately recorded. Organizations that measure IF are rarely transparent
in reporting all of these details, and never, to my knowledge, release data that can be used
to replicate their metrics.

All large-scale academic publishers are for-profit institutions, and are therefore com-
mercially biased when reporting IF. Journal Citation Reports (JCR) is the IF report with
the widest coverage. Thomson Reuters publishes JCR once a year.

Many journals are for-profit, many are accountable to a for-profit publisher, or at least
have a partisan interest in maximizing their academic prestige. The financial relationships
between journals and publishers creates a conflict of interest. A journal can manipulate
what items it declares as “citable” to some degree and boost its IF by excluding rarely cited
categories, like squibs or errata.

Rossner et al. (2007) tried to replicate JCR’s reported IF with citation data purchased
directly from Thomson Reuters, but even when working from evidently the same data they
failed to match the publicly reported figures. Rossner et al. (2007) list what they see as
problems in how JCR is calculated (paraphrased here):

3http://wokinfo.com/essays/impact-factor/
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1. The IF denominator only counts ‘citable items,’ but the numerator includes citations
from any journal within the index.

2. What counts as a ‘citable item’ is decided by Thomson Reuters on a case-by-case basis;
there is no word count or similar concrete method for determining inclusion in this
category.

3. As an example, they point out that Current Biology’s IF jumped from 7.00 in 2002
to 11.91 in 2003, alongside a drop from 1032 citable items to 634, despite the total
number of published articles increasing. (One could imagine that the journal simply had
a disproportionately high ratio of errata to main articles in 2003, and greatly increased
their PR/visibility, but this jump does seem suspicious.)

4. Citations to retracted articles are not retracted from the counts.

5. IF is an arithmetic mean, while citation counts usually follow an exponential distribu-
tion; for example, Nature reported that 89% of their 2005 IF citations came from 25%
of the papers. Rossner et al. (2007) suggest the median might be more appropriate.4

6. There are tricks to boosting IF; review articles are generally good IF investments. Other
tricks vary between disciplines; in Rossner et al.’s field, they write, “genome or other
‘data-heavy’ articles” tend to be more frequently cited.

Due to differing citation practices, or the number of journals in a field, among other
things, IF does not directly translate across fields. But the publishers of IF do not specify
what the appropriate groupings are, nor do they provide metadata for consumers to deter-
mine what others factors might confound a direct comparison between any two journals.

3.1.4 Visibility: How citations affect science

All of these measures at least indirectly determine, to some degree, what writing gets
promoted and seen. Just in terms of citation counts, the rich-get-richer effect has been
widely noted. This is especially notable now that most (if not all) publications are electron-
ically available, and much of the time are found via search engines like Google Scholar,
which incorporate citation count into ranking their search results. This has its advantages,

4On the positive side, the arithmetic mean might encourage risky submissions; since the mode number of
citations is 0 or very near 0, journals will probably value potential jackpot submissions more highly. On the
negative side, this implies incremental papers will be disfavored compared to sensationalist papers. Combined
with the inordinate lack of embarrassment when a journal retracts an article, this might be more negative than
positive.
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of course; for many fields, there are more publications than a researcher can hope to read,
and citation metrics can focus their time on articles that fellow researchers have found
influential.

Certain ideas become commonplace due to happenstance of citation history / citation
practices, which inherently have this mutually reinforcing characteristic. We like to believe
that science is a meritocracy; optimally, research would be published blind, for the same
reason that reviews are usually blind: so that the data/ideas are separated from the individ-
ual author, to avoid any possible bias in interpreting or evaluating the ideas on anything but
those ideas. But the publish-or-perish mentality is real, and altruism is not a valid career
path for most people. In reality there are practical limitations to how existing research is
presented or accessed.

Search metrics may be a necessary evil, given the profusion of scientific articles, but
current methods are more naively evil than they need to be, because they are simplistic and
opaque.

3.2 Background: The status quo in citation analysis and the problem
in reducing citations to a binary metric

Citations are valued because they indicate influence, but most citation networks (mod-
els of academic papers connected by citations) are built solely on citation existence, not
distinguishing between the strength or type of influence. Citation analysis always starts
by constructing a graph, in which the nodes are papers and the edges indicate citations
between those papers. The nodes are the focal point of most analyses, while the edges—
the relationships between the papers—tend to be neglected. And the analysis is generally
non-linguistic: the language an author uses when referring to a citation is ignored, and
context-free: the relationships between citations in a single paper are disregarded. These
limitations allow the analytical techniques and metrics to easily generalize across fields and
languages, but they only consider the most basic structure of the citation network. The stan-
dard metrics (h-index, impact factor, citation count) assume that the citation relationship is
binary.

The baseline of cited-or-not is deeply entrenched in scientific culture. The prevailing
attitude is summed up by this document from the Web of Science:

By recognizing that the value of information is determined by those who use
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it, what better way to measure the quality of the work than by measuring the
impact it makes on the community at large.5

While effective in its simplicity, this ignores why authors attribute their sources. Aca-
demic papers do not merely list sources in an independent bibliography section; instead,
authors integrate each reference into the overall exposition at specific points. A lay-person
reading a paper would not recognize the impact of each citation as well as an expert in
the subject area who has not read the cited paper. Ideas and terminology (the content of
information flow) are as variable as language (their vehicle); fully understanding the ideas
and influence would require not only complete language processing, but a comprehension
of the subject matter. Correspondingly, readers use their knowledge of the subject matter
to infer the author’s rhetorical purpose of citation, which is far more complex than a binary
system allows. This purpose – for example, to justify working assumptions or contextualize
the paper’s goals – informs the reader’s interpretation of the novel material, and provides a
road map for the skeptic who does not accept the current work’s premises or the novice who
seeks foundational knowledge. Citations are much more limited, and thus can be analyzed
without complete language processing.

To summarize, these are the two limitations to the standard citation analysis paradigm:

1. Citations are binary: either something is cited or it isn’t

2. Content matter is ignored: the relationship between the two papers is considered distinct
from linguistic signals

This is a problem. For example: the infamous paper that incited the vaccines-cause-
autism myth, Wakefield et al. 1998, is highly cited, but its 2,8546 citations are summed
up the same way as any other paper. Despite being retracted and clearly labeled [RE-
TRACTED] on the journal’s webpage and on every page of the downloadable PDF, it
continues to be widely cited. Clarivate Analytics Web of Science is limited to a smaller
network of cataloged journals, but unlike Google Scholar, it provides yearly totals, which
depict a disturbing trend: the Wakefield et al. paper has accrued citations at a higher rate
post-retraction, averaging 51 per year for the 13 years leading up to 2010, vs. 61 per year
for the subsequent 7 full years (up through 2017).

Tchao (2014) makes a case for removing retracted papers from the scientific record,
invalidating all associated citations, specifically pointing to the Wakefield et al. paper and

5http://wokinfo.com/essays/history-of-citation-indexing/
6As reported by Google Scholar, retrieved on 2018-08-16.
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other high-profile retractions that nevertheless continue to have a negative impact on public
health. Teixeira da Silva & Dobránszki (2017) perform a descriptive analysis of 10 highly
cited retractions (including Wakefield et al.), additionally noting the futility of retroactively
marking all publicly accessible versions as retracted.

The Wakefield et al. paper is a special case and well known to be fraudulent, and many
of the recent citations (like mine) are undoubtedly denouncing its findings or using it as an
example of the dysfunctionality of citation practices. Instead, the core issue I want to point
out is that there is currently only one type of citation: a +1 increment to the paper’s citation
count. And the fact that I cannot easily determine whether the post-retraction citations are
positive or negative is telling.

3.2.1 Beyond binary

I argue that the value of information is determined by how it is used, not who use it,
though admittedly the former is a more complex question. There is much more to citation
than this binary relationship: citations in a paper are not merely listed at the end of the
paper—they are introduced, contextualized, accepted, or perhaps rejected, in the content of
the paper. And if they are mentioned only in passing, that is also indicative of their role. In
seeking to influence the reader, the authors will describe their own influences; namely, the
research they cite.

Citation is an indicator of influence, and I argue that a model of influence can improve
academic literature search and discovery. Encoding influence information into the citation
network would allow us to readily answer some interesting questions about the papers in
that network that typical citation analysis cannot. The following are a few such high-level
motivating questions; these are hard questions that require comprehensive natural language
understanding, but they are some of the long-term goals that incited my interest in this
topic:

• Which of the references in a paper’s bibliography are most relevant to that paper?

• What articles should the authors have cited that they didn’t?

• How do other authors who cite a paper tend to talk about it?

• Based on what those authors say, what are the important parts of the cited paper?

Beyond the binary simplification, the space of potential citation analysis expands quickly.
Natural language processing can take such broad questions in a myriad of directions, at
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various levels of depth, from shallow pattern matching, to much deeper natural language
understanding systems. The techniques worth investigation depend on what people in
academia will use and what capabilities current NLP systems make readily available and
explainable.

Evaluating citation analysis models

In the context of typical NLP evaluation methodology, citation analysis is unusual.
Most NLP systems are built to mechanize the human faculty of language comprehension
(so that it’s cheaper, faster, and standardized). Correspondingly, most evaluations of these
systems focus on replicating human performance; the authors will have humans perform
the same high-level task as their system, and then compare their system’s results to that of
the humans’.

While NLP is mostly predictive, citation analytics are predominantly descriptive. The
notion of influence is hard to quantify; show a human two papers and ask them, “What
is the level of influence of paper A on paper B? (0-100)” and you’ll get wildly different
answers.

The ‘cloze (deletion) test’ is one alternative to comparing against human performance;
instead of predicting some information that’s been added to the natural text, we delete some
segment from the natural text, then predict what was taken out (without looking at it) from
the context.

There are two established tasks for evaluating the effectiveness of a citation network
model.

1. citation purpose classification: explain why the author cited a source.

2. citation prediction: given a phrase / sentence / document, identify the source of infor-
mation

My work here focuses on the latter. The former—inferring citation purpose—engages
with a more fundamental aspect of the citation relationship, but it is a very hard task; as with
any semantic role labeling system, there aren’t natural, discrete, well-defined categories;
i.e., we don’t necessarily know what are the proper names to call the relationships between
papers.

Predicting citations has a clearer benchmark, albeit artificial. But this allows us to ask,
for this specific task, whether a model that incorporates textual features outperforms one

65



that is naive to the content.
Much of the work on document-level tasks uses bag-of-words representations, in part

because extracting a machine-legible representation is difficult (Section 3.4.2). The work I
propose here builds on current methods by incorporating textual content and context aware-
ness, and examines what features and variations improve performance on these tasks.

In addition, I discuss how methods for ranking citations according to their influence on
the text, positive or not, can be a useful tools in guiding research and reviewing existing
literature.

3.3 Bibliometrics: Traditional citation analysis

“Bibliometrics” encompasses a range of statistical analyses as applied to textual (and
usually research) publications, such as tracking trends in word usage, as well as citation
metrics. The field arose in the 1960s, primarily through the efforts of Eugene Garfield,
who established many of the venues that are still at the forefront of this field today. He
founded the Institute for Scientific Information (ISI) in 1955. Inspired by W. C. Adair
and the success and usefulness of Shepard’s Citations (a reference for legal cases), Garfield
started the Science Citation Index in 1961 (Garfield, 1963). The index has grown far beyond
its chemistry-centric roots to include the social sciences, and arts and humanities, and is
now primarily accessible as the product, “Web of Science.” de Solla Price 1965 was one of
the first publications to analyze the network defined by the Science Citation Index.

Bibliometrics covers more than just bibliographies and citations, but since the current
work is primarily concerned with citation analysis, the following sections will focus on that
aspect.

3.3.1 The citation graph

Most citation analysis usually amounts to a directed graph, where nodes are papers
and edges point from papers that cite a paper to the node that represents that paper. E.g.,
Adam (2014) cites Barrow (2010), so the graph adds an edge from Adam (2014) to Barrow
(2010). Once the graph is constructed, it provides several high-level metrics:

• Each paper’s (node’s) number of incoming edges amounts to that paper’s citation count
(Google Scholar’s “Cited by X” figure)
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• Every node represents a set of authors; collected all nodes that contain a specific author
and summing the total inbound edges gives you that author’s citation count (Google
Scholar author profile’s “Cited by X” number)

• Alternatively, we can collect the same set of nodes for a single author, but instead of
summing over them, we find the highest h such that that author has h papers with at
least h citations each, but the rest of the author’s papers have fewer than h citations.
This is the author’s ‘h-index’ (Hirsch, 2005).

• Another popular metric, the ‘i10-index’, is the number of papers that have been cited at
least 10 times

• Similarly, every node may represent an academic journal, and the graph can be used to
calculate a journal’s ‘impact factor’ for a specific year. For example, Journal Y’s 2013
impact factor is equal to citations / count, which are defined as:

– citations: the number of edges that originate from nodes published in 2013, and
terminate in nodes published by Journal Y in 2011 or 2012.

– count: the number of nodes published by Journal Y in 2011 or 2012.

• Since each paper has a publication date, we can delete all edges originating from nodes
with a publication date older than X years. This potentially allows a fairer comparison
between junior and senior researchers. The latter will generally have accrued more
citations simply by having started earlier, but this is not necessarily indicative of their
future output.

Every paper uniquely describes its influences in its bibliography, so it’s relatively easy
to travel backward in time — upstream, in the sense of information flow. So in terms of
exploration starting with an individual paper, the primary value of a bibliographic database
is the ability to go forward in time: to identify newer papers that cite the published one.

3.3.2 Co-citation and Bibliographic Coupling

When the citation network is combined with information about what co-occurs in a
single bibliography, we can start to draw connections between papers even if there is no
explicit citation link. For example, when Adam (2014) cites both Barrow (2010) and Chaim
(2010), we can infer that Barrow and Chaim probably share some kind of relationship.

67



Adam (2014)

Barrow (2010) Chaim (2010)

In this retrospective direction, where the newer paper is the one providing additional infor-
mation about the older papers, the inferred relationship is called “Co-citation”.

The other direction is called “Bibliographic Coupling” (Kessler, 1963). For example, if
Darcy (2014) also cites Barrow (2010), we can infer that Adam and Darcy probably share
some mutual interests, since they were both influenced by Barrow.

Adam (2014)

Barrow (2010)

Darcy (2014)

Of the two, Co-citation is perhaps more interesting, as it’s open-ended. Each new
paper that cites both Barrow and Chaim strengthens the relationship that Adam’s paper
first suggested, and there is no limit to such papers. Bibliographic Coupling, on the other
hand, never changes after publication. In both cases, the linking paper provides only a weak
signal of a relationship: Adam might have completely disparate reasons for citing Barrow
and Chaim; likewise, Barrow might have influenced Darcy and Adam in very different
ways.

As with citation networks composed of direct links, these paper-level measures can be
aggregated and re-applied at the author, volume, or entire journal levels.

These techniques are based purely on metadata, which, in some ways—particularly in
the early days of computing—was an advantage. Kessler (1963), describing his Biblio-
graphic Coupling methodology, wrote, “It is independent of words and language. All the
processing is done in terms of numbers. We thus avoid all the difficulties of language,
syntax and word habits.”

However, there are ways to extend these methods deeper into the text; for example, “Co-
citation Proximity Analysis” which weights the significance of co-citation according to the
proximity of the mentions of each citation within the paper. Gipp & Beel 2009 introduced
the technique, and instituted an exponential scale they call the “Citation Proximity Index”
(CPI):
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Co-citation within the same. . . CPI

sentence 1
paragraph 1

2

chapter 1
4

journal / book 1
8

journal but different edition 1
16

Table 3.1: CPI Values from Gipp & Beel 2009.

As empirical evaluation, they measured satisfaction with the results of two related work
recommender algorithms: one using proximity, one using standard co-citation. They found
that the proximity-powered algorithm produced twice as many desirable results.

Boyack et al. (2013) applied co-citation proximity analysis to a much larger dataset (a
quarter of a million papers, drawn from Elsevier’s internal database), and demonstrated that
proximity measures improved coherence when clustering the papers.

3.3.3 Critical analyses: flaws and/or biases in citation analysis

Using citations for evaluating scientific performance is controversial, for several rea-
sons:

• As described above, most metrics are simplistic.

• The raw data is the popular opinion of a relatively small community publishing in a
specific field.

• How the metrics are calculated depends on which publications qualify and the coverage
of the data from which the metrics are derived.

• Most citation databases are maintained inside walled gardens, and the methods used
to construct them are only partially transparent. The very recent “Initiative for Open
Citations” (I4OC) seeks to address this complaint, but for the time being, the databases
used to make policy or promotion decisions are far from open.

• Because the metrics can be gamed / manipulated, the importance placed on them incen-
tivizes potentially counter-productive research.

Citation metrics may be flawed, but they’re not going away. The literature to be re-
viewed in this section provides evidence for these issues, and some of the papers suggest
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ways to resolve these or more fine-grained issues.
Most of the relevant literature, similarly to this section, starts out describing why cita-

tion analysis is important, how it’s influential (whether for good or for bad), and then the
flaws or biases inherent in the standard academic practice. Sometimes these are specific
to a single field, or a result of mainstream practice but maybe could be amended, or sim-
ply something inherent in the whole system and cannot be addressed, though recognizing /
acknowledging it might help avoid confusion or misunderstanding.

3.4 Analysis: Features and corpora

As I’ve shown in the previous sections, there are many flaws in count-based citation
analysis, but a more fundamental problem is that counts do not indicate the reason why

an author cites something. When an author cites another paper, this presumably conveys
some information about the cited paper. This reason (the ‘citation purpose’, or ‘citation
function’) may be shallow: the citing author might merely wish to inflate the citation count
of the cited paper, or the cited paper might be a survey article that everyone in that subfield
is conventionally obligated to cite. But the reason could be more complex: the author might
be depending on a result from the other paper, arguing against a conclusion, using the cited
paper to contextualize their own, or any number of other informative reasons.

This can be evaluated in two ways:

1. Supposing counts were all we cared about, can we predict future counts more accurately
if we incorporate some notion of citation purpose into our prediction model?

2. Or, supposing we want to understand why an existing paper has been cited as much as
it has, can citation purpose explain the popularity?

Whether or not the author’s reason is scientific, the purpose indicates something about
how a (published) reader has reacted to the cited paper. And we can consider the aggregate
purposes of all citing papers as observed effects of the quality7 (a latent variable) of the
cited paper. From an even higher vantage point, considering the entire network in aggre-
gate, we can say the authors are annotating the flow of information.

Of course, ‘full understanding’ of any aspect of language, much less citation purpose,
is not yet possible. This is a very hard problem, but there are several smaller concrete tasks

7As Phædrus writes in Pirsig 1974, “even though Quality cannot be defined, you know what Quality is!”
Quality is not only unobserved, but indefinable, so our model, like any model, will be an approximation.
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that approximate understanding citation purpose.
This section describes these tasks, along with the datasets and features used to evalu-

ate the various models. Section 3.4.1 gives an overview of the applicable features; Sec-
tion 3.4.3 presents the corpora that are often used.

3.4.1 Features of citations

First, some terminology:

citing document Sometimes called the ‘report document’, the citing document is the pa-
per that points to a preceding work of research, which is uniquely identified in the citing
document’s Bibliography or References section.

There is a loose upper bound on the number of citations associated with a citing doc-
ument, depending on document length and page restrictions. Once a citing document
is published, its citations do not change.

cited document Sometimes called the source document (because it is a source of infor-
mation) or target (which is confusing, because ‘source’ and ‘target’ are often terms
for the opposing ends of an edge in a directed graph), the cited document is a paper
referred to by a citing document.

There is no upper bound on the number of citations associated with a cited document.
And, ignoring retractions, a cited document’s citations are monotonically increasing.

citation A citation is a link created by the publication of a citing document that explicitly
points to a cited document.

mention A mention is the short in-text pointer to a longer description of the reference
(e.g., an entry in the bibliography) that uniquely identifies the cited document. It is
usually the author and year, but can also be just a number, depending on the document
style.

3.4.1.1 Metadata

All citation analysis involves at least one feature, a simple boolean value:

• Whether or not paper A cites paper B
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This would be useless without a system for uniquely identifying or otherwise grounding
papers to real-world journals or people, so citation databases include basic metadata for
each paper:

• Date of publication

• Publication venue

• Authors

These features are highly structured, and can be used in a graphical analysis (e.g., as
with a social network) that ignores the linguistic aspect, or even the scientific research
aspect. This metadata may also include further details like:

• Type of publication (squib, book review, conference main session vs. workshop)

• Author institutions or affiliations

While much of published academic literature is held behind publishers’ paywalls, many
publications provide some minimal content:

• Abstract

• Cited papers (bibliography)

• List of figures

• Metrics (social media engagement via Altmetrics, page views)

• Citing papers

3.4.1.2 Content

With the full text, we gain access to a few basic features that don’t require text under-
standing, but incorporate some of the linguistic aspect of the data:

• How many times each reference (entry in the bibliography) is referred to / mentioned

• The location and formatting of each citation

• The spatial relationship between citations in a document

• The words surrounding citations

Finally, with full text for all papers in the network in question, we can incorporate
linguistic relations like the following:
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• For a cited paper, what words are used in the papers that cite it?

(Or, more localized:)

What words are used in the contexts of citations of the paper?

3.4.2 Technical hurdles

One of the reasons that citation analysis has not ventured far past binary citation net-
works is that the data required to perform the analysis is not publicly / freely available.
There is a massive amount of data involved and work to be done to structure it as a proper
network, but restricted access to the data means that independent researchers cannot con-
tribute to the same shared effort.

This section discusses the technical problems in generating structured and text-aware
citation networks from unstructured and unannotated raw sources.

3.4.2.1 Visual document structure representation

Articles are structured and written to be read by people. Although most articles are
digitally accessible in some form, they are still laid out in paginated form, intended for
printing, or at least human viewing. Due to the design of the internal structure of digital
documents, sometimes they can be just as difficult to process automatically as an OCR-
processed scan.

PDF is by far the most prevalent digital document format. Some academic publishers
are beginning to provide HTML versions of their papers, or source markup (as with arXiv),
but PDF is the common denominator. Unfortunately, PDFs were not designed for machine
consumption, but for printing or screen viewing, i.e., visual fidelity. Fonts and layout com-
municate structure and information to human readers, but it’s difficult to extract the same
inferences with an automatic process where even line breaks pose non-trivial difficulties.

In building language models more complex than bag-of-words, recognizing document
structure from visual layout is crucial. In order to detect where citations occur in the doc-
ument, and in what context, we have to unravel the columns, sections headers, floating
figures / tables, and running headers / footers into separate components.

There are partial solutions to these problems available as open source libraries, and
some of my work on this topic has had the goal of improving the overall state of affairs, in
particular the following tasks:
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• Incorporating domain knowledge and generalization, since most papers in a single con-
ference will look similar. An effective structure recognition algorithm might first recog-
nize generalize over a hundred papers to determine the average document layout; then
process each document using that average as a sort of prior.

• Converting PDFs into a standardized structured format, like JATS, that facilitates the
extended analyses I’ve described above, while remaining faithful to the original docu-
ment.

3.4.2.2 Record linking

The unstructured documents under consideration contain free-form citations and refer-
ence that must be grouped into bins corresponding to a single unique paper, or matched to
canonical representations of known papers.

This is a well-studied problem, known as de-duplication or approximate matching.
Nevertheless, it is still a difficult problem, for one major reason: grouping similar refer-
ences together is fundamentally an O(n2) problem. Each record must be compared to all
the potential matches. Quadratic time isn’t terrible, but there are workarounds:

• An inverted-index can be generated from the list of target documents, which would
allow searches to link directly to a relatively small subset of potential matches

• Canopies can be used to remove similar-enough documents from the running, so that
not all pairwise comparisons are calculated. This is an approximate technique (proba-
bilistic accuracy), but with reasonable guarantees.

• Locality-sensitive hashing is another approximate technique with well-defined guaran-
tees and favorable run time.

– MinHash (Jaccard distance)

– Random hyperplanes (Cosine distance)

• Incorporating domain knowledge (journals, authors, years) to reduce the search space

3.4.3 Corpora

Publishers’ access policies are the main consideration determining which corpora are
commonly used in text-aware citation analyses. While many of the researchers in this field
(myself included) have access to an extensive range of research through our institutions’
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subscriptions, there are two strong reasons for restricting analysis to open-access research.
First, the interface provided by the institution rarely allows bulk processing or downloading
of articles. And second, copyright restrictions prevent publishing replicable experiments on
or enhancements of the dataset, effectively limiting the scientific reliability and usefulness,
respectively, of the research performed on such data.

This section describes several of the corpora used in the literature along with derivatives
and extensions:

• ACL Anthology

• CiteSeerx

• DBLP

• arXiv

3.4.3.1 ACL Anthology

The primary corpus discussed in this work is the ACL Anthology (ACL Anthology),
which “currently hosts 39002 papers on the study of computational linguistics and natural
language processing.”8 This corpus is entirely open access, and permissively licensed with
Creative Commons AT-NC-SA or AT licenses.

The data itself is minimally processed. Each paper is available in PDF form; scans of
older papers have been passed through OCR (with varying degrees of success). Most of
the papers are accompanied by a BibTeX entry describing how to cite the paper itself (not
the BibTeX that the original paper used). Extracting machine-readable text from the PDFs
is fraught with pitfalls, as described in Section 3.4.2. One common and problematic issue
is incorrect spacing in and between words, such that processing some documents results
in text where each character appears to be a word, or every word in a line is compressed
into a single word. The relative laxity of publication-ready formatting also makes struc-
ture identification difficult. Not only has the format changed throughout the history of the
conferences, but adherence to this format is not strictly enforced. The ACL organization
provides Microsoft Word and LaTeX templates, but many authors nevertheless opt for non-
standard formatting, such as numbered citations instead of author-year citations, which can
make extracting specific structures difficult.

8From http://aclanthology.info/, accessed on 2016-11-20.
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For these reasons, my analysis builds on AAN, which is a derivative of the ACL An-
thology.

ACL Anthology Reference Corpus (ARC) The maintainers of the ACL Anthology re-
leased a fixed subset of the anthology, ARC (Bird et al., 2008), which comprises:

Total Articles 10,921
Total References 152,546

. . . to articles inside ACL ARC 38,767 25.4%

. . . to articles outside ACL ARC 113,779 74.6%

Table 3.2: Descriptive statistics as reported in Bird et al. 2008.

The distributed dataset leaves two folders as placeholders for citation information, but
does not include any information besides the bibliographic metadata currently published
along with the full papers on the ACL Anthology website. The primary goal of producing
the dataset was to establish a fixed selection of papers, for more comparable benchmarking
between analyses on the ACL data (Bird et al., 2008).

An updated version of the corpus was released in March 2016, but the website is down
and all of the data is inaccessible.9

ACL Anthology Network The ACL Anthology Network (AAN) (Radev et al., 2013)
is periodically updated, most recently in 2013, and contributes gold-standard manually-
curated links between a subset of papers from the ACL Anthology. The AAN ignores
papers outside the AAN network. While Bird et al. 2008 claims that AAN will record
these, and Radev et al. 2013 suggests that they have already performed a lot of the work
required to identify citations to outside papers, the released dataset does not have these
values.

The developers of the ACL Anthology Network at the University of Michigan’s CLAIR
Group report the statistics shown in Table 3.3.

9As checked on 2016-11-21. The Wayback Machine’s most recent copy of website dates back to May
2016, so the downtime appears to be permanent: https://web.archive.org/web/*/http://acl-arc.comp.
nus.edu.sg/.
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Measure Reported Value Actual Value

Number of papers 21,212 18,160
Number of authors 17,792 ∼ 16,786
Number of venues 342
Number of paper citations 110,975 110,930
Number of author collaborations 142,450
Average cited papers per citing paper 6.7

Table 3.3: Descriptive statistics as reported by Radev et al. (2013) and actual measurements
of the dataset. Due to various encoding, formats, and ambiguity of names, the number of
authors is approximate.

While the AAN is a valuable resource, it has its own problems. The metadata uses a
variety of mutually conflicting encodings, which in part contributes to several duplicate au-
thor identities. And Radev et al. 2013 used Apache PDFBox to extract text from the original
PDFs, which often produces suboptimal, and sometimes unusable, results. Scripts describ-
ing modifications to prepare this corpus for replications and novel analyses presented in
this chapter are provided at https://github.com/chbrown/acl-anthology-network.

3.4.3.2 CiteSeerx

CiteSeer began in 1997, as a prototype deployment of the Autonomous Citation Index-
ing system described in Lawrence et al. 1999. The system was intended to fill the gap
between general web search engines and manually curated data like the ISI’s Science Ci-
tation Index and proposals like Cameron’s “Universal Citation Database.” CiteSeerx began
in 2006 (Li et al., 2006) and replaced CiteSeer in 2008, and now claims to host 10 million
documents.10

As an automatic web crawler, CiteSeerx is noisy, and limited to publicly accessible lit-
erature, but it has wide coverage, and because the data it crawls is public, the legality of
copying and republishing the data is fuzzy enough to do so. The current CiteSeerx docu-
mentation does not specifically limit its scope to any specific field of scientific literature, but
states that it “has focused primarily on the literature in computer and information science,”
and this focus is evident in the interface and indexed article.

10As of 2016-11-21, the homepage reads ‘10M’: http://citeseerx.ist.psu.edu/.
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Ortega 2014 takes a close look at CiteSeerx and finds enough problems in its automatic
parsing methods to result in misleading metadata in downstream analyses.

Caragea et al. (2014) describes the derivation of a clean dataset from the full CiteSeerx

database. This ‘Scholarly Big Dataset’, like the ACL ARC, guarantees cleanliness primar-
ily by filtering out obviously bad data, and refining the core subset by finding papers that
overlap with DBLP’s metadata database.

Number of papers with listed citing contexts: 630,351

Table 3.4: Descriptive statistics as reported by Caragea et al. 2014.

3.4.3.3 DBLP

DBLP (originally an acronym for Database systems and Logic Programming) is a bib-
liographic database that endeavors to represent “major computer science journals and pro-
ceedings” (Ley, 2016; 2002). It does not store any full text, but has a very rich collection
of metadata, often including specific venues and source URLs for publications, and home
pages and links to other academic databases for authors. The DBLP website offers pow-
erful search (powered by Semantic Scholar), and a comprehensive interface for exploring
coauthor communities, faceting over venues, and other tools.

Category Number of entries

Publications 3,559,455
Authors 1,814,649
Conferences 4,944
Journals 1,495

Table 3.5: Descriptive statistics as reported by Ley 2016.

However, DBLP does not incorporate any citation information, so its usefulness to my
current work is limited to its worth as a high quality source of publication metadata and
author information.
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3.4.3.4 arXiv

The arXiv service hosts open access e-prints, primarily acting as archive and distribu-
tion server (and method of establishing precedence). It is restricted to the specific fields:
Physics, Mathematics, Computer Science, Quantitative Biology, Quantitative Finance, and
Statistics. Unlike the previous corpora, arXiv is a first-order venue; most of the documents,
at time of upload, have not yet been published or peer-reviewed.

Date Cumulative number of e-prints

1991-08 27
1992-05 1,042
1994-01 10,370
1997-02 50,331
1999-05 101,512
2003-10 250,716
2008-10 503,180
2012-05 757,932
2015-01 1,006,499
2016-11-21 1,205,787

Table 3.6: Descriptive statistics at periodic milestones, as reported by arXiv.

The service is evolving quickly, but in its current state, it offers full-text search and
versioned archives of PDFs and/or full LATEX sources. New submissions undergo modera-
tion from experts in the community, who may reject submissions due to mis-categorization,
copyright (intellectual property) violations, or a few other light criteria. However, beyond
the generic search and archival functionality, arXiv does not attempt any structure recog-
nition or citation/relationship identification. Due to these limitations, arXiv data is not the
most immediately usable resource in my current work, but it is an interesting resource be-
cause some of the original sub-fields, such as ‘hep’ (high-energy physics), cover nearly all
(by arXiv’s estimation) of the current research in that area.

79



3.5 Content: Incorporating text into citation analysis

This section describes three NLP tasks that use text content to build more descriptive
models of citation networks. I focus on the third, citation prediction, leading into Sec-
tion 3.6, where I implement a system to perform this task and present results.

Citation identification (Section 3.5.1) involves detecting mentions (in-text citations) from
the raw PDF and its unstructured (or rather, visually-oriented) text representation, and
linking them to the cited references in the bibliography. Due to the technical difficul-
ties described in Section 3.4.2, most modern techniques use machine learning sequence
models.

Classification of citation purpose / function (Section 3.5.1) consists of answering the ques-
tion of why a citation was used, i.e., its rhetorical purpose. Most implementations con-
struct a small categorization scheme (fewer than a dozen distinct ‘functions’), a standard
supervised classification paradigm, and work with relatively small datasets (hundreds
of papers).

Citation prediction / recommendation (Section 3.5.3) infers relationships between doc-
uments, filling in gaps and adding weights or other information to the citation network.
A few approaches incorporate some aspect of citation purpose, but the core task consists
of inferring the relationships in whatever way is effective or useful.

This task is the most immediately relevant to the overall arc of this dissertation, directly
involving the notion of influence.

3.5.1 Citation identification

Citation identification is primarily an information retrieval task, but the structure in-
ferred by these systems facilitates finer-grained text analysis, exposing the position of men-
tions within the citing paper, and the context around each mention. It is a critical first step
in any large-scale implementation of the citation purpose classification or local citation
prediction tasks, though many of those use small datasets where the citations have been
manually identified and linked.

Some citation identification implementations are end-to-end techniques, building a full
network recursively using web search or unstructured databases of papers (Gollapalli et al.,
2016, Radev et al., 2013, Wu et al., 2015, Lawrence et al., 1999, Caragea et al., 2014).
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Others focus specifically on parsing and extracting information from papers (Tkaczyk
et al., 2015, Wellner et al., 2004, Councill et al., 2008, Constantin et al., 2013, Hetzner,
2008, Whidby, 2012, Kiat, 2005).

3.5.2 Citation function

Teufel (1999) is the formative thesis that introduced ‘argumentative zoning’ to citation
analysis.

Dong & Schäfer (2011) employ an ensemble-style semi-supervised learning process
to build effective classifiers using small amounts of training data and a small feature set.
Their categorization system contains four classes: 1) Background, 2) Fundamental idea,
3) Technical basis, 4) Comparison. They had two annotators manually annotate 1768 ci-
tations across 122 papers, achieving a high inter-annotator Cohen’s kappa score of 0.757.
With these annotations, they identified groups of contextual cue words associated with each
class, “physical” features such as location within the paper and density of other nearby ci-
tations, and a suite of seven syntactic patterns. They demonstrate that their semi-supervised
algorithm is able to bootstrap 5 %-age points of F-score using unlabeled data.

3.5.3 Citation prediction

The basic goal of ‘citation prediction’ is to infer appropriate paper(s) to cite based on
plain (unlinked) data. A common experimental setup is to start with a citation network,
hold out some of the edges (citations), build a model on the remainder and then predict
which links are missing. Such a model may seem useless in standard writing practice;
it’s not as if scientists produce papers by describing experiments and then turn to a search
engine to find who they ought to cite. Rather, the scientist will likely have a stack of papers
that inspired their current project, and will have already seen whatever citation predictions
a model might make. However, the goal is not such a direct translation of artificial task to
standard practice; instead, citation prediction tasks can serve as a benchmark for evaluating
models of information dependencies between papers.

Beyond the typical experiment described above, which is useful since it provides a
straightforward evaluation method, the model has other applications:

• As a background reading generation mechanism, for readers unfamiliar with the poten-
tially too-obvious-to-be-cited foundations of a particular methodology. E.g., a paper
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might only cite other papers that directly relies on, ignoring more fundamental or mo-
tivating sources, due to space constraints. But with a citation prediction model, the
reader could expand the recall beyond what the space limitations would suggest, and
discover a more extensive list of readings, of articles that it considers to be sources of
the information in the paper.

• As a search engine, for finding similar research.

• As plagiarism detection, or exposure of uncredited materials.

By definition, the general task does not require the text of the papers in the citation
graph, in which case the prediction mechanism would be analogous to social network al-
gorithms such as friend recommendation. In fact, due to the Zipfian behavior of citations,
text-free prediction works surprisingly well, especially if a paper is partially linked to the
graph. Nevertheless, the social network aspect is shallow, and cannot easily be made to
incorporate the directed academic/influence relationships we hope to find in this data. The
research I discuss and extend in this section all incorporates some aspect of textual rela-
tionship along with the network metadata.

Global vs. local prediction

The examples of citation prediction described above are known as ‘global prediction,’
where goal is to predict the list of references, but not specifically where or how they are
used in the paper (though whether or not context-specific prediction might aggregate into a
better overall model is an active research question).

The alternative is ‘local prediction,’ which involves replacing each in-text citation with
a placeholder, and then predicting the specific reference (cited paper) for each of those
placeholders. Since the list of references in a paper’s bibliography is (or should be, barring
any \nocite calls) just the distinct union of the in-text citations, the global predictions are
a trivial derivative of the local predictions.

Those are the two paradigms that show up most often in the literature, but there are
further possible variations:

• Rather than leave placeholders to predict in the ‘local’ case, where the in-text location
is given, require predicting precisely where to insert citations.

– This might work best by starting with the subtask of using a sequence model
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to predict where citations should be inserted, and then perform the typical local
prediction in a second pass.

It’s not immediately clear how best to evaluate this; maybe as word distance from the
closest matching citation? Or maybe count as correct anywhere within a window of the
correct location?

• As a halfway point between global and local, take the global task but run it on each
section, instead of the entire paper.

• The local prediction problem can be factored into two subtasks, the first of which is
simply global prediction. The second subtask would be to link each placeholder to a
reference, but in this instance it would be much easier, since the model would only have
to choose from a small fraction of the complete corpus of possible references. While
this second subtask is particularly unrealistic, it could be evaluated independently.

Prior work

Cohn & Hofmann (2001) were one of the earliest to apply the ideas of intertextual
dependence to modern text resources, especially hyperlinks on the web. PageRank (Page
et al., 1999) attacks the same problem of modeling relationships, but relies solely on the
network structure. Cohn & Hofmann, instead join together PLSA (probabilistic latent se-
mantic analysis) and PHITS (their probabilistic interpretation of Kleinberg’s earlier work
on identifying authoritative ‘hub’ pages on a network like the web).

Nallapati et al. (2008) focus on developing better topic models on linked texts (both
academic papers linked by citations and web pages linked by hyperlinks) by incorporating
the citation graph into custom topic model design. They contribute two models:

Pairwise-Link-LDA combines LDA with a Mixed Membership Block Stochastic model11

of the citation graph. While the citation graph is sparse, this model requires modeling
both all possible edges in the graph, so it expands O(n2).

Link-PLSA-LDA starts with the Pairwise-Link-LDA model, but partitions the citation
graph into a bipartite graph, duplicating nodes where necessary. This graph loses tran-
sitivity, or influence trails longer than a single citation, but makes modeling much more
tractable and scalable.

11MMSBs were introduced in 2006 (Airodi et al., 2006) in biology, to model protein–protein interactions.
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Bethard & Jurafsky (2010) framed the question of citation prediction as a research tool;
they extract a wide range of features, including topics, training a variety of classifiers,
including logistic regression and SVM. They run on a small subset of documents from the
ACL Anthology Reference Corpus (ARC), a total of 1,726 documents that had at least five
references to other documents in the corpus, amounting to 14,647 references. Although the
ACL ARC includes full texts, they limit their language model to the abstract of each paper.
They evaluate and optimize their model for precision, achieving a Mean Average Precision
(MAP) of 0.287.

Kataria et al. (2010) point out that the context around a citation provides additional in-
formation about the cited document, but it’s difficult to relate terms in the citing document
with those in the cited document. They develop a generative Bayesian model (‘cite-LDA’
and ‘cite-PLSA-LDA’) and evaluate it on tasks like link prediction and log-likelihood esti-
mation on novel content. Using a Gibbs sampling approach similar to typical LDA infer-
ence, and two datasets, CiteSeer (3312 documents, 4132 links) and WebKB (2877 docu-
ments, 1764 links), They write in the abstract that “The proposed method is more scalable
to large collection of documents compared to the previous approaches,” but in the conclu-
sion they note that the time-complexity of their inference method grows linearly with the
number of links in the corpus, which is they say is prohibitive for larger corpora, with≥ 1M

links. Nevertheless, they demonstrate compelling results on the estimation and prediction
tasks.

Duma et al. (2016) use a rhetorical annotation scheme called CoreSC to label the an-
chor text (context around an in-text citation), with the ultimate goal of integrating citation
recommendation into the authoring workflow, focusing on the biomedical domain.

Combining content with metadata

Of the citation prediction literature, the experiments I describe in Section 3.6 are the
most similar to Tanner & Charniak (2015), and I use them as a benchmark, directly com-
paring my results that overlap with theirs. Tanner & Charniak develop a citation prediction
model based on features from both the network metadata and full text. The features they
use are listed in Table 3.7.
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Topic (Content-Based) Features built on the corpus’ full text

• Sum of per-topic chained probabilities: P(cited|topick) ·P(topick|citing) for each topic
k (they call this feature “LDA-Bayes”). This feature integrates the baseline probability
of citation (popularity) with the topic vector, adapting, to some degree, to the popularity
of each topic.

• Absolute value of the pairwise difference between citing and cited documents’ topic
distributions.

Metadata Features based entirely on network connections and title/authorship metadata

• Cited document was previously cited by citing author

• Cited document is by an author of (a different) paper previously cited by citing author

• Prior probability of citing the cited paper: # of citations of cited paper / # of citations
(ignore the citing paper)

• Cited document is by a sometime-coauthor of citing author

• Number of years between cited and citing papers

• Similarity between cited and citing titles (Tanner & Charniak don’t specify what simi-
larity metric they use)

Table 3.7: Features included in full ‘Logit-Expanded’ model described in Tanner & Char-
niak 2015.

They split the data into a single random fold of partitioning the citing-cited pairs into
90% training and 10% test. It’s unclear whether they partition discretely on citing IDs, or
if any citing-cited pairs for a single citing document were split across the train/test divide.
If the latter were the case, their method for selecting negative training examples might pick
up actually positive examples, but that might not be an issue since the dataset is heavily
biased, since it’s so sparse. They build their topic model on the entire set of full text using
MALLET (McCallum, 2002), and always with 125 topics.

All of the results that Tanner & Charniak (2015) report are for the ACL Anthology
Network (AAN) corpus (the 2013 release). Their research focuses on feature analysis,
rather than optimizing for precision, recall, or F1 score, as they always retrieve a fixed
number of results for every prediction.
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Recall Precision Fscore

Full model (Logit-Expanded) .647 .016 .031
LDA-Bayes .496 .012 .024
WSIC (Bethard & Jurafsky, 2010) .442 .011 .021
LinkLDA (Erosheva et al., 2004) .431 .011 .021
Metadata only (Logit) .403 .010 .019
LDA-Bayes (uniform prior) .309 .007 .014

Table 3.8: Main results from Tanner & Charniak 2015.

Finally, Tanner & Charniak 2015 use their logistic regression model to examine feature
weights, specifically, the weights assigned to per-topic features (each pair has 125 topics
features: the pairwise difference between the citing and the cited papers’ topics). They
found that there are some topics that have strong weights; for instance, a topic that appears
to represent computer vision, and another that represents language generation both have
weights around -5, while others contribute little to the model, including one that seems to
be about geolocation, and another that is clearly a junk topic collecting artifacts from badly
parsed PDFs, both with weights near 0.

Like Tanner & Charniak (2015), my experiments incorporate both network metadata
and text content. Whereas Tanner & Charniak focused on feature analysis, particularly on
the topics inferred by their LDA model, I explore an array of fundamental choices, like dif-
ferent vectorizers and classifiers, and focus on various similarity metrics applied to several
text representations. I also perform my experiments on a different platform, which allows
more quickly iterating several different parameterizations of vectorizers, classifiers, feature
selection, etc. Partly due to the difference in platform, partly due to the underspecification
of Tanner & Charniak’s process (presumably due to limited space), the overlapping results
cannot be compared as an exact replication.

3.6 Citation prediction experiments

I use citation prediction as a framework to measure the performance of various similar-
ity metrics in modeling influence among academic publications.

In this section, I describe the prediction task in detail (3.6.1). I am focusing on content-
based (linguistic rather than non-linguistic) features, and particularly on comparing similar-
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ity metrics, but there still are several technical choices that partially determine the overall
results, so I develop a baseline incrementally, presenting results on a range of classifiers
(3.6.2), and vectorization techniques (3.6.3). Finally, I present results on different similar-
ity metrics (3.6.4).

3.6.1 Experimental setup

The fundamental prediction task is straightforward: given a network of citations, hold
out a subset of the network, then use the text and basic metadata (e.g., author, year) of the
held-out data to predict the deleted links.

All results here use the manually curated network connections provided by the AAN
corpus (Radev et al., 2013) (see Section 3.4.3.1 for details). While the papers are unre-
stricted in who they cite, this corpus has been intentionally limited to in-network citations,
so all evaluation operates as if any citations to out-of-network papers did not exist.

Because citations are sparse, accuracy is a poor metric for evaluation. Since there are
18,160 papers and only 6.7 citations per paper on average (Table 3.3), we could achieve
near-perfect (99%) accuracy by predicting that no paper cites anything.

For this reason, I’ll focus on recall, which is the proportion of the known citations that
the model successfully predicted. Recall has a clear interpretation in the context of this
task, but since recall alone can be cheated by predicting that everything is cited, I’ll also
report precision scores.

Train/test paradigm

To separate training from testing data, I randomly select 90% of the 16,554 papers
that cite something else in the network. I train on this 90% (14,900), and hold out the
remaining 10% (1,655) for testing. Because the citation distribution is exponential, this
doesn’t guarantee an equivalent split of total citations. This is not necessarily the standard;
practices vary. For instance, Tanner & Charniak (2015) train on a subset of 90% of the
citations, rather than papers, and filter their corresponding test subset to papers that exist in
the training set, as either citing or cited.

In training, I randomly select 5 negative examples for every citation pair, similar to
Tanner & Charniak (2015). I.e., for every observed citing-cited pair in the training data,
I randomly sample 5 other papers from the corpus as alternative cited papers, and provide
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those to the classifier as examples of non-citation. These are necessarily true non-citations,
despite not having the test subset in hand at training time, because of how I designed the
split (it’s unclear if Tanner & Charniak allowed their system to potentially select negative
examples as training data that were actually positive).

3.6.2 Classification models

The choice of classifier can have a big impact on results, computation time, and model
interpretability. To keep things simple, I’ll pick the best-performing (in terms of F1 score)
option, and use it in subsequent experiments unless exploration reveals that an alternative
approach is preferable. I’ll compare the performance of the following classifiers on meta-
data only:

• Logistic regression (LR)

• Gradient-boosted trees (GBT)

• Random Forests (RF)

• Decision Tree (DT)

Each of these can be customized even further with an array of hyper-parameters. I will
not exhaustively search for the optimal parameterization (optimal performance is not the
primary goal of this section), instead, I use sensible defaults without much fine-tuning.

The model is trained using only the following features, all text-agnostic:

• authorPreviouslyCited: how many times has any author of the citing paper cited the
cited paper

• authorPreviouslyCitedAuthor: how many times has any author of the citing paper
cited any paper by any author of the cited paper

• overlappingAuthors: how many papers have authors of the citing paper co-authored
with an author of the cited paper

• priorCitationProbability: the proportion of all citations in the known network that
cited the cited paper (ignores the citing paper)

• sharedAuthors self-citations

• yearDifference: the difference in years between the papers

• yearsBetween: the absolute value of yearDifference
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The classifiers’ performance is shown in Table 3.9, with Tanner & Charniak’s corre-
sponding performance repeated in Table 3.10.

Classifier Model Precision Recall F1 Score

Decision Tree 0.0834 0.6157 0.1470
Random Forest 0.0602 0.4444 0.1061
Gradient Boosted Trees 0.0634 0.4677 0.1116
Logistic Regression 0.0059 0.0445 0.0105

Table 3.9: Baseline comparison of different classifiers on network metadata features.

Classifier Model Precision Recall F1 Score

Logistic Regression 0.010 0.403 0.019

Table 3.10: Baseline configuration of Tanner & Charniak (2015), drawn from Table 3.8.

3.6.3 Vectorization models

In this section, I explore a range of language models. The advantages of topic mod-
els have been widely touted, and their application seems intuitive here in this task, where
we are comparing documents within a relatively homogenous corpus. Tanner & Charniak
2015 show that their topic-modeling-based language model increases their classifier’s per-
formance on the citation prediction task, but they don’t show that it is any better than sim-
pler similarity-based models. While much of the existing literature builds on a foundation
of topic models, it’s unclear how much a language model adds to just network metadata,
and how much benefit a topic model provides over a simpler language model.

• Bag-of-Words (along with stop-word selection)

• TF-IDF transformation of Bag-of-Words

• Topic models (with various numbers of topics)

To compare textual vectorization and preprocessing steps, I present results using sim-
ple cosine similarity between each pair of document vectors, in Table 3.11. In this table,
the classification model is held constant (it’s the same Logistic Regression as in the pre-
vious table; the results on the baseline features are different because this is a different
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train/test split from the previous table). The ‘LDA-Bayes’ row indicates the LDA-Bayes
method from Tanner & Charniak (2015), combined with the metadata features (not their
full model). This feature, like the other similarity metrics, produces a single scalar value
indicating the similarity between two documents, but additionally uses the context of the
topic model distribution of the entire corpus.

Content vectorization Precision Recall F1 Score

Metadata + nothing else (Baseline) 0.0190 0.1444 0.0336
cos(BOW) (Bag-of-Words) 0.0156 0.1186 0.0276
cos(BOW→ (TF-)IDF) 0.0241 0.1836 0.0427
cos(BOW→ Topic Model) 0.0135 0.1031 0.0240

LDA-Bayes(BOW→ Topic Model) 0.0076 0.0584 0.0136

Table 3.11: Comparison of textual vectorization and featurization models, using Logistic
Regression.

Here it appears that the BOW vectors, run through a inverse-document-frequency trans-
form, are the best candidates for further processing.

But as we saw above in Table 3.9, the best-performing classifier was Gradient Boosted
Trees. Table 3.11 is replicated below as Table 3.12, which uses the best-performing classi-
fier while holding all else constant. The big differences mostly remain, but not all of them!
Most notably, the feature combination of metadata and LDA-Bayes outperforms the other
content features, whereas with LR it was the least performant.

Content vectorization Precision Recall F1 Score

Metadata + nothing else (Baseline) 0.0575 0.4367 0.1017
cos(BOW) 0.0327 0.2480 0.0577
cos(BOW→ (TF-)IDF) 0.0291 0.2211 0.0515
cos(BOW→ Topic Model) 0.0581 0.4408 0.1026

LDA-Bayes(BOW→ Topic Model) 0.0646 0.4900 0.1141

Table 3.12: Comparison of textual vectorization and featurization models, using Gradient
Boosted Trees.

The significant improvements in overall performance achieved by Gradient Boosted
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Trees is noteworthy; it’s not clear from these results why it performs so much better, but it
demonstrates that choice of classifier can have an dramatic effect that dwarfs the difference
between two feature sets.

3.6.4 Similarity metrics

Finally, we’re ready to compare different similarity metrics.

• Cosine similarity between bags-of-words

• Jaccard similarity between bags-of-words

• Jaccard similarity between titles

• LDA-Bayes (as defined by Tanner & Charniak)

Table 3.13 below copies the TF-IDF and no-transformation rows from Table 3.11 above,
and adds a couple more features: the Jaccard similarity between the entire documents, and
Jaccard similarity between just the titles.

Similarity metric Precision Recall F1 Score

Metadata + Jaccard BOW 0.0137 0.1046 0.0243
cos(BOW) 0.0156 0.1186 0.0276
Jaccard BOW of titles 0.0231 0.1758 0.0409
cos(BOW→ (TF-)IDF) 0.0241 0.1836 0.0427

Table 3.13: Comparison of similarity metrics, using Logistic Regression.

The results in Table 3.13 show that, when using logistic regression, cosine similarity
between IDF-transformed documents is the most effective textual similarity metric, but this
is only slightly better than a much simpler comparison of just the papers’ titles.

But there are two problems with deriving any conclusive resolutions from this set of
results about the best features. First, while absolute comparison of results from different
classification methods is not critical when talking about features, the different rankings that
result is concerning. Second, the specific random train/test split matters quite a lot. Tanner
& Charniak (2015) used only one split for all their work, based on an email exchange with
Christopher Tanner. In terms of absolute performance this selection may have been lucky
or unlucky, but in terms of comparing features, could lead to misguided conclusions.
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3.7 Discussion

In this chapter, I’ve motivated a need for more informative connections in citation net-
works, and described several NLP tasks that can help measure if added information im-
proves the structure of these networks.

Most importantly, the results in Section 3.6 demonstrate that text can improve a citation
model that is evaluated in terms of citation prediction. By improving performance on the
citation prediction task, I’ve shown that textual features, related through simple similarity
metrics, add useful information to the data model of the citation network. And since these
textual features are similarity scores, they define a value from 0.0 to 1.0 for every pair of
documents in the corpus. This is a vast improvement over the traditional binary cited-or-not
conceptualization that I set out to improve.

Secondarily, the results I’ve shown indicate that choice of preprocessing, similarity
metrics, and classifier have a significant effect on the overall performance, and it’s not
immediately clear that more sophisticated processing, like topic models, are consistently
or predictably advantageous.

One practical reason for choosing simple methods and similarity metrics is that small
improvements like these will only have a significant effect on the commonly used citation
metrics if adopted by the corporations that have access to the full text of papers, such as
Clarivate Analytics and Google Scholar.

There are dozens of variables that go into the training regime, and several different
result metrics that end-users might care more or less about. For instance, we can tune the
system to return more documents, or fewer, increasing recall as the system predicts more
documents as cited.

To return to the citation recommender application imagined in Section 3.5, there is a
trade-off between comprehensiveness (recall) and concision (precision) as the user requests
more or fewer recommendation results — a trade-off inherent in any set of search results
or information retrieval scenario. But I could imagine that a user of this application might
want to find potential citations for a specific section of their paper. Or they might want
to discover more distant connections that might not otherwise show up in typical search
engines, by searching for recommendations that have similar texts, but dissimilar titles
and loose network relationships. This could be implemented with the same classification
techniques and network features I’ve described in this chapter.

92



Chapter 4

Measuring influence: An experimental approach to belief change

4.1 Introduction

For a growing number of people, online social media and networks have transformed
how news is consumed and communicated—piecewise and algorithmically curated rather
than in the broadcast format typical of newspapers, radio, or television. A 2016 Pew survey
(Pew Research Center, 2016) found that 62% of American adults get some of their news on
social media. The 2017 follow-up (Pew Research Center, 2017) saw this figure increase to
67%, growing among older, nonwhite, and less-educated segments of the population. The
current United States political administration announces major policy announcements on
Twitter, and election campaigns advertise on the major platforms extensively to engineer
support for their candidate. For the moment, TV remains the primary source of news for
most Americans, but social media’s role is growing and brings with it various interesting
and novel dynamics:

• Individualized communities. To varying degrees, depending on privacy settings, these
platforms provide a glimpse into the type of interpersonal communication that are usu-
ally restricted to ephemeral/private conversations over phone, email, or in-person.

• Weak ties. Relatedly, the relationships on these networks can be less grounded than
those in real life, but more connected than complete strangers. Members of the com-
munity may have relatively little information about someone to go on when deciding
how trustworthy a source of information is.

These factors induce additional complexity in an already very complex system, and there
is no one-size-fits-all model for how people actually incorporate new information into their
own beliefs, even for traditional media. However, I believe we can simulate and test some
aspects of these new social dynamics more easily: using the internet to explain. . . the in-
ternet! The distinguishing characteristics of this phenomenon — shallow connections and
unknown ground truth — are precisely what lend it to direct study. By fabricating similar
environments, I intend to replicate some small part of the larger system, but in a tightly
controlled and simple format that allows me to measure individual behavior.
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This chapter broadly explores how individuals manage interpersonal information ex-
change in their individualized communities, specifically between weakly connected mem-
bers where the trustworthiness of the source of information is unclear. I want to identify
the factors that contribute to how someone revises their beliefs when they have limited in-
formation about the source of new information and the reliability of their assertions (as is
typical on many online social media platforms).

The general question driving the analysis in this chapter is: how do people adjust their
beliefs on an issue based on what other people say?

I break this down into the following four research questions:

Research Question 1. When someone encounters a differing opinion, how is their willing-
ness to change their belief and their confidence affected by the strength of the opposing
opinion?

For instance, what if a Facebook user sees the same post multiple times in their feed, or
a post with a high level of likes or other reactions? Or how does a Twitter user regard a
tweet with 0 likes vs. a tweet with 100 likes?

Research Question 2. When encountering dissent, how does someone’s confidence in their
initial belief affect their willingness to change?

When someone is 100% confident in a belief, they are unlikely to change it, no matter
what contradicting evidence they might face. And if they have no idea, they are likely
to adopt whatever belief they encounter, regardless of the source’s reliability.

But if someone reports being twice as confident about some belief B as they are about A,
are they half as likely to change their mind about B as A on receiving new information
that refutes A and B? Or is the relationship more irregular than that?

Research Question 3. When someone’s initial belief disagrees with that of the majority,
how does this affect their confidence?

Research Question 1 asks whether someone will change their belief on encountering a
strong, opposing opinion, but how does this affect their confidence? We’d expect that
their confidence (in their original) belief would decrease on hearing opposition, and in-
crease on hearing agreement, but is there a disproportional difference between the two?
We might suspect that the effect would be more notable when encountering disagree-
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ment, as opposed to simply having their initial beliefs confirmed. Or, alternatively, they
might write off all disagreement, without any affect on their confidence.

Research Question 4. How does someone’s initial confidence in a belief affect their re-
sulting confidence after hearing new information?

Similar to Research Question 2, but considering the effect on confidence, do people
adjust linearly to new information? If not, what is the nature of this relationship?

To establish a basis on which to develop predictions for these questions, I will describe
some existing frameworks and models of belief-as-contagion in Section 4.2. With that
context, I will reformulate the research questions into testable hypotheses in Section 4.3. I
then describe and motivate the design of an experiment to elicit responses across a range
of beliefs and confidence levels, in Section 4.4. I explore the experimental data with some
summary statistics in Section 4.5, and then test my hypotheses and present answers to the
research questions. Finally, Section 4.6 briefly summarizes my findings and posits future
directions of work.

4.2 Background and theories

Beliefs, confidence, credibility, and influence are complex social/cognitive processes
that are hard to measure, but a variety of methods have been proposed to explain how
beliefs propagate through a social network.

In Section 4.2.1 I describe one approach, adapting epidemiological models to the cog-
nitive domain, which has had successful applications for certain large-scale predictive pur-
poses. But this approach is coarse-grained; it does not support the individual modeling I
am interested in, nor the dynamic belief update mechanism. I include a brief discussion of
it here because it is an intuitive approach to the general phenomena I am examining, and
it’s important to note how it doesn’t extend useful predictions to the fine-grained behaviors
I focus on.

Section 4.2.2 describes an alternative approach, grounded in Bayesian reasoning, and
an idealized model of behavior. My hypotheses are loosely based on the predictions made
by this model.

There are undoubtedly many alternative approaches advanced in other fields, as the
general question is of interest to marketing research, communication studies, etc. I chose
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these two because they seem to come from a perspective in line with my specific research
questions.

4.2.1 Epidemiology

Reasoning that people are exposed to ideas in an analogous way to how they are ex-
posed to pathogens, some researchers have co-opted epidemiological models to explain
how ideas spread throughout a population (e.g., Bettencourt et al. 2006, Jin et al. 2013).
The popular terminology of memes, virality, and contagious ideas draws direct links to
genes, epidemics, and biological contagions. In infectious disease research, the standard
SIR model predicts the number of Susceptible, Infectious, and Recovered people in a fixed
population over time (these three classes cover 100% of the population involved). In the
metaphor where a specific belief is a disease, the Susceptible are undecided individuals
who might be convinced; the Infectious are proselytizers; the Recovered are proselytizers
who have stopped proselytizing. Clearly, there are other types of individuals involved, and
additional variables we might want to measure. Even in the domain of epidemiology, this
model makes many unrealistic assumptions; for example, it may be that not everyone is
susceptible, or that some of the infected are not infectious, or that the recovered remain
infectious or eventually become susceptible again. There are extensions to the SIR model
that accommodate those limitations, among others, but there are even more problems when
it’s used to model the spread of beliefs. For example, there is no base level to recover to in
the domain of ideas; once exposed to an idea, we either believe it or not, and that too can
change over time. Instead of disease vs. immune system, it’s mutually incompatible beliefs
vs. each other. With ideas, susceptibility depends on the relationship with the infectious
person, and some ideas may require multiple exposures before taking hold.

This chapter does not attempt to adapt the SIR model to the domain of beliefs, but to
address one aspect of a model of belief contagion; specifically, the relationship between
the strength of belief in something and the believer’s propensity to reconsider in the face of
others’ beliefs.

4.2.2 Bayesian reasoning

Bovens & Hartmann (2004) use a Bayesian framework to account for how reasoning
agents incorporate new information, depending on the independence and reliability of the
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source, the coherence of different reports, and the prior plausibility of the asserted propo-
sitions. The portion of their research that is relevant here is primarily concerned with the
extremes of plausibility, at which they predict a non-linear response in agents’ behavior;
they call this “ ‘too-odd-not-to-be-true’ reasoning” (Bovens & Hartmann, 2004, p. 7).

In prior work with colleagues at the University of Texas at Austin, we developed Bovens
& Hartmann’s framework into a model for predicting the effect of individual reliability
on the hearer’s probability of adopting a belief (building upon the Bayesian models of
cognition developed in Griffiths et al. 2008).

Formally, the model predicts that an individual will adopt the belief that φ is true, result-
ing from hearing an assertion that φ is true from n independent sources, as the following:

p(speaker believes φ) =
p(φ)

p(φ)+ p(¬φ)
n

∏
i=1

p(informanti asserts φ |¬φ)

p(informanti asserts φ | φ)

In this formulation, when informanti is perfectly reliable,

p(informanti asserts φ |φ) =

1 if φ is true

0 if φ is false

As we would expect, as the sources grow more numerous and more reliable, the probability
that the hearer will adopt the belief that φ increases.

Contrary to a scenario where the hearer polls every informant and gets a yes or no
answer, the contribution of this model stems from the behavior of the informants: each
informant either affirms φ or declines to respond. We assert that this latter scenario is more
like natural communication in the real world.

By sampling across specific choices of informants’ reliabilities, we can draw out pre-
dictions that this model makes, depicted in Figure 4.1:
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1 informants with reliabilities: 66%

2 informants with reliabilities: 33%, 33%
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Figure 4.1: Model’s probability of contagion given prior belief, for a variety of informants
of different reliabilities. For a lone informant, the effect is linear; with multiple informants,
the effect is non-linear.

The lines drawn in Figure 4.1 associate the hearer’s original belief in φ with their result-
ing belief (in φ ) upon hearing assertions of φ from independent sources of known reliabil-
ities. For instance, if the hearer’s prior belief in φ is 50/50, after hearing three independent
sources (whom they consider 10% reliable) assert φ , the hearer will update their belief in
φ to somewhere near 65%. As the hearer’s original belief in φ decreases, so does their
inclination to adopt the informants’ beliefs; except that for very low prior beliefs, the trend
reverses, because the sources’ assertions are so surprising relative to the hearer’s initial
belief.

The model is Bayesian in that it assumes everyone has a prior value of belief that they
would ascribe to any assertion, and that when they receive new information, they update
that belief. This update incorporates the context in which the new information was received;
most importantly, who it came from. Unlike disease, where exposure happens no matter
the intention of the infectious, exposure to new information is intentional on the side of the
source, and the receiver will incorporate this intention, somehow, into how they revise their
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belief. Crucially, when multiple independent sources deliver the same assertion, the effect
is compounded.

The particular aspect of the belief update/contagion model that I am evaluating incor-
porates the baseline credibility of the information in question, the relationship between the
individual and the source of new information, and the individual’s belief after receiving the
new information.

In my experiments, I am measuring the reaction of individuals to the aggregate judg-
ment of a group of sources. I assert that providing aggregate judgments suffices for the
purpose of answering my research questions, specifically, in testing the non-linearity of
belief updates. The results I present do not directly test the theory in Bovens & Hartmann
2004, but the hypotheses in Section 4.3 are based upon the following prediction made by
this model: that an individual’s probability of adopting a belief is non-linearly related to
their initial belief, with extremes in the 10%–40% range, e.g., as shown in Figure 4.1.

4.3 Measuring belief change

This section motivates a novel experimental paradigm for measuring beliefs, confi-
dence, and how those change upon receiving new information. There is a small body of
experimental work in this area (Goethals & Nelson, 1973, Mayseless & Kruglanski, 1987,
Slater, 1990, Koehler, 1993, Shafto et al., 2012), but it does not directly deal with the
specific features and relationships I’m evaluating.

Dependent variables The two categories of behavior that I’m interested in understanding
are change in belief (∆belief), and change in confidence (∆confidence).

Independent variables The three conditions that I consider determining factors are initial
confidence (someone’s ‘prior’), whether someone’s belief is contradicted by a major-
ity of external sources (disagreement), and how reliable the external sources appear
(extremity).

The ∆belief, ∆confidence, and confidence variables are all measured directly by the
subject’s responses in the experimental interface, described in Section 4.4. To ensure there
would be a wide range of values for these variables in the experimental results, we1 col-

1The experimental design was a collaborative effort involving Colin Bannard, Josh Garland, David Beaver,
and me. In the following discussion, I use the plural pronoun to indicate work that resulted from this joint
effort.
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lected a range of general knowledge trivia questions and other ‘fun facts’, some true, some
false. In an earlier version of the experiment, we used trivia from a specific domain (derived
from several online quizzes about the TV show, “Friends”), but preliminary analysis sug-
gested that there was too much individual variation due to domain expertise (some people
know a lot about “Friends”, while others know next to nothing.) Thus the trivia questions
used in this experiment were selected to represent a range of plausible and implausible
statements, with varying degrees of difficulty of determining ground truth (i.e., whether the
assertion is true or false).

In the same earlier experiment, we used a 7-item Likert scale to gauge confidence,
where all options were equally effortful to select. The results did not scale down gradually
towards the extremes of this scale, suggesting that this input device truncated participants’
true confidence. We replaced this with a numeric dropdown menu that extended much
higher and lower than the initial value, so that participants had to scroll further to express a
more extreme level of confidence.

To achieve a variety of disagreement and extremity values in the results, we ran an ab-
breviated form of the main experiment that only asked for the participants true/false belief
and their confidence, without the update mechanism. The results from this experiment were
collected and the aggregate percentages were displayed to participants in the full version
of the experiment.

4.3.1 Application to research questions

Using these variables, I can formulate testable hypotheses to answer the research ques-
tions:

Approach to Research Question 1: When someone encounters a differing opinion, how
is their willingness to change their belief and their confidence affected by the strength
of the opposing opinion?

If the crowd majority is treated as a continuous variable or bisected into a ‘strong opinion’
group (e.g., at 75% or greater) vs. others, this research question can be expressed in terms of
our experimental paradigm as a hypothesis: The subject will change their choice depending
on the extremity of the crowd majority, adjusting their confidence proportionally to the
extremity.
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If the extremity of the crowd majority has no significant effect on the subject’s propen-
sity to change, or their confidence, I can conclude that the strength of the opposing opinion
is not a significant factor.

Approach to Research Question 2: When encountering dissent, how does someone’s con-
fidence in their initial belief affect their willingness to change?

In terms of the proposed paradigm, this research question can be evaluated by considering
a range of different initial confidences. And for the instances where the subject’s choice
differed from the crowd majority, I can measure the relationship between their confidence
level and whether they changed or not.

This can be phrased as the hypothesis: The more confident someone is in their belief,
the less likely they are to change their belief when encountering others’ differing opinions.

If initial confidence has no recognizable effect on the subject’s likelihood of changing,
I can conclude that initial confidence is not a significant factor when updating a belief.

Approach to Research Question 3: When someone’s initial belief disagrees with that of
the majority, how does this affect their confidence?

Again, this question can now be understood in terms of measured confidence, specifically
the change between initial and final confidence measures, for subjects whose initial re-
sponse happened to disagree with the crowd. This leads to the hypothesis: When the
subject’s initial choice disagrees with the crowd majority, their confidence in their final
decision will shift by a greater degree than if the crowd confirms their choice.

Similar to Research Question 2, this is based on the notion that disagreement is surpris-
ing, and that encountering disagreement causes the subject to reorient their beliefs more
dramatically than if their initial choice is confirmed by the crowd.

If the crowd’s (dis)agreement has no effect, or a proportional effect (disagreement
causes a downward shift of the same magnitude as agreement causes an upward shift),
on the subject’s updated confidence, I can conclude that encountering opposition does not
have an irregular effect.

Approach to Research Question 4: How does someone’s initial confidence in a belief af-
fect their resulting confidence after hearing new information?
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As with the previous two questions, I am most interested in whether or not the relationship
is straightforward, or if there is more to it than a linear adjustment. The dynamic belief
update mechanism postulated above suggests that subjects will react similarly to others’
expressed beliefs when they are totally unsure, or mostly sure, but markedly differently
when they have a low confidence in a belief. This leads to the hypothesis: The subject’s
inclination to revise their belief (and the change in confidence) is non-linearly related to
their initial confidence.

To test this hypothesis, I will compare the statistical parsimony of a linear model with
a non-linear (categorical) model.

4.4 Method and data

4.4.1 Participants

To test the hypotheses, I use data collected from experiments on human subjects: un-
dergraduate students and Amazon Mechanical Turk workers2.

The undergraduate students were selected from the psychology research pool at the Uni-
versity of Liverpool, and are represented below solely in the aggregate ‘crowd’ judgments
displayed to the Mechanical Turk workers.3

The Mechanical Turk workers were self-selected from Amazon’s platform, with the
only prerequisites being that they had completed more than 100 tasks on that platform, and
had a track record of 90% or better task approval. In pilot trials, I determined that this
experiment takes 46 minutes to complete, on average; accordingly, participants were paid
$5.60 ($8 / hour).

2IRB Protocol Number 2016-10-0130.
3I worked with colleagues at the University of Liverpool to design this stage of the experiment, but was

not directly responsible for its execution or the data collection.
However, I reran this initial stage on Mechanical Turk, for comparison, and the Liverpool team also ran

the belief update version of the experiment, resulting in parallel datasets for each of the subject pools. I used
the aggregate judgments sourced at Liverpool so that my results would be directly comparable to theirs.

This comparison is not critical to the findings here, but it could be used to double-check their statistical
validity, or more interestingly, to compare the behavior of Mechanical Turk workers to that of Liverpool
undergrad students.
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4.4.2 Material

In the experiment, participants were asked to respond to 120 short assertions (derived
from various trivia sources), deciding whether each is true or false, and rating their confi-
dence in that decision. A student at the University of Liverpool, Josh Garland, collected and
curated the stimuli, which were selected to perfectly counterbalance two binary categories
(i.e., 30 items for each combination; as in Table 4.1):

• Plausibility: whether the fact seems plausible or implausible

• Ground truth: whether the assertion is factually true or false

Ground truth
Plausibility True False
Implausible 30 30
Plausible 30 30

Table 4.1: Experimental design matrix.

Additionally, the stimuli vary along other significant dimensions: First, the obscurity of
the trivia, in terms of general knowledge. Some of the assertions are much more obvious,
while some could be called ‘common misconceptions.’ For example, a question like “Sloths
in captivity sleep up to 20 hours a day” is much easier (answered correctly by 96% of
participants) than a toss-up like “Carrots were originally purple” (answered correctly by
50% of participants). The sample of ‘normed’ aggregate results represent some aspect of
this, but there is no grounded measure of question ‘difficulty.’ Second, the crowd judgment
percentage displayed to the experimental subject. The latest version of the experiment used
an accurate representation of the crowd’s average judgment of the displayed assertion; this
means that the data does not present a balanced mix of a range of crowd judgments on
questions of different difficulties. (See Section 4.6 for relevant further work.)

4.4.3 Procedure

After an initial anchoring assertion, the experiment presents each participant with all
120 items in random order, soliciting four responses for each item:

1. Is the statement “X” true or false?
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2. What is your confidence in that choice?

(The participant is then shown what the majority of prior participants chose, along with
the percentage of the majority.)

3. Considering the majority’s choice, do you now believe the statement “X” is true or
false?

4. What is your confidence in that choice now?

The pages displayed to the participant are depicted in Figures 4.2 and 4.3.

Figure 4.2: Example experimental block, initial choice.

Figure 4.3: Example experimental block, after initial choice.

The subjects’ choices, reported confidence, and their reaction to the aggregate crowd
judgment results in two dependent variables: first, whether the subject switches their choice,
and second, whether their confidence changes (and by how much). By inverting the confi-
dences where the subject’s initial choice disagreed with the crowd majority, we can com-
bine and align the two variables onto the same scale, and treat them as a single variable.
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4.5 Results and analysis

This section tests the hypotheses formulated in Section 4.3. I’ll begin with some sum-
mary statistics and visualizations of the dataset (Section 4.5.1). Then I’ll address the re-
search questions (Section 4.5.2), and present some further exploratory analysis prompted
by these findings (Section 4.5.3).

4.5.1 Summary statistics

Table 4.2 presents an overview of the data collected via the experimental design de-
scribed above.

Variable Statistic

Number of unique subjects 30
Responses per subject 120
Total number of responses 3600

Percentage of “correct” answers 62.53%
Average confidence before seeing majority 300.224
Average majority on favored answer (ranges 50–100%) 75.38%
Average confidence after seeing majority 316.568

Table 4.2: Aggregate statistics.

The distribution of confidence is centered on 250, which is the initial value (subjects
were not required to change it); together with 500, the upper bound of the scale, these
comprise 47% of the responses. There is a clear tendency to pick whole-ish numbers, like
0, 100, 400, 500, etc., even though the user interface did not ‘snap’ or otherwise exhibit
any such preference. Figure 4.4 depicts the distribution, using 50 bins:
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Figure 4.4: Initial confidence distribution.

The ‘crowd majority’ data that was collected in the first stage of the experiment is dis-
tributed across the range from a 50% toss-up to a 100% certainty, as depicted in Figure 4.5:
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Figure 4.5: Crowd majority distribution.
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Before proceeding to answer the main research questions, I will check that several
straightforward intuitions about how people alter their beliefs hold in this dataset.

First, when a subject ascribes a low confidence score to their choice, are they more
likely to change their belief?

Yes. Figure 4.6 depicts the percentage of responses that were changed for each level of
confidence.
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Figure 4.6: Proportion of responses changed due to initial confidence, using subject-
specific deciles.

Or, to use a global threshold, I’ll take the overall 20th percentile, which is a confidence
score of 235. Compared to the overall inclination to change, when a subject produces one
such low-confidence response, they are nearly twice as likely to change. Fitting a logit
model (binary regression) confirms the significance (p < 0.001) of low confidence, with an
odds ratio of 2.8 that the subject will change their response when their confidence is lower
than 235.

Second, does disagreement from the crowd majority contribute to the subject changing
their response?

Yes, Figure 4.7 depicts a similar plot, but with the rate of changed responses relative to
crowd agreement.
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Figure 4.7: Frequency of changed responses due to crowd agreement/disagreement.

Limiting our analysis to the low-confidence responses (using the same global threshold
as above), a logit regression confirms the significance (p < 0.001) of whether the subject’s
response was confirmed by the crowd majority, with an odds ratio of 30.3 that the subject
will change their response when the crowd disagrees.

Third, when a subject changes their response, are they more likely to change it to the
crowd majority?

Yes. Of the 226 responses that were changed, 193 (85.4%) were changed to the crowd
majority, and 33 (14.6%) were changed to disagree with the crowd. A chi square test
confirms that the difference is statistically significant.

4.5.2 Answers to research questions

Answer to Research Question 1 » Hypothesis: The subject will change their choice de-
pending on the extremity of the crowd majority, adjusting their confidence proportion-
ally to the extremity.

First, does the extremity of the crowd majority contribute to the subject changing their
response?
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No. Figure 4.8 depicts relative response rates based on bisecting the (absolute) crowd
majority at 75%. A logit regression model finds no relationship between the extremity of
the crowd majority (treated as a binary variable) and the subject’s likelihood of changing
their response. I also tested a model treating the crowd majority as a continuous variable,
but this did not show a statistically significant effect either.
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Figure 4.8: Frequency of responses changed due to crowd majority.

Second, does the extremity of the crowd majority significantly affect their change in
confidence?

Yes. An ordinary least squares regression confirms that the crowd judgment is signifi-
cant (p < 0.026), though with an R2 of 0.022, it’s not a very powerful model, as depicted
by Figure 4.9.
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Figure 4.9: Change in confidence relative to crowd majority for changed responses, with
line of best fit.

Answer to Research Question 2 » Hypothesis: The more confident someone is in their
belief, the less likely they are to change their belief when encountering others’ differing
opinions.

Not exactly. First, it’s important to note subjects changed their response only 20% of
the time when the crowd majority disagreed with their initial response (N=967). A logit
regression confirms that the subject’s confidence is a significant predictor of changing their
response, though weak. But confidence has a negative coefficient in this model: higher
confidence predicts a disinclination to change.

In these cases of disagreement, subjects seem much less likely to stay with their original
response when the crowd majority is extremely high, as depicted in Figure 4.10.
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Figure 4.10: Histogram of responses changed or not depending on crowd majority.

Answer to Research Question 3 » Hypothesis: When the subject’s initial choice disagrees
with the crowd majority, their confidence in their final decision will shift by a greater
degree than if the crowd confirms their choice.

True. As in Answer to Research Question 4, I can remap the confidence onto a sin-
gle dimension (this remapping is central to addressing that question, and discussed there),
though in this case, I use the subject’s final response as the target proposition. When a
subject changes their response, I’ve inverted the confidence in their original choice.

Using this remapping, the average increase in confidence in the final response is 83
confidence points when their response disagrees with the crowd majority, compared to
only 33 points when the crowd majority agrees.

An ordinary least squares regression confirms that conflicting with the crowd majority
is a significant factor in change in confidence; the parameter corresponding to agreement
with the crowd has a coefficient of −49 (σ = 5.4), indicating that relative to encountering
agreement, encountering disagreement shifts the subject’s confidence upward by 49 points
on average.

Answer to Research Question 4 » Hypothesis: The subject’s inclination to revise their
belief (and the change in confidence) is non-linearly related to their initial confidence.

In the current experimental design, the norms collected in the first iteration were all
presented as the proportion of “participants who judged the statement [. . . ] to be true”,
when the ‘crowd majority’ percentages were presented to subjects in subsequent iterations.
E.g., 30.7% of subjects in the first iteration said the statement “There are more stars in the
galaxy than atoms in the universe” was true, and this aggregate was displayed verbatim.
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The analysis here does not directly relate belief in a statement to belief in its negation.
To patch over this discrepancy, in line with our predictions, I’ll consolidate the variable of
which hypothesis the subject’s confidence applies to by identifying the crowd majority’s
choice as φ , and inverting the subjects’ confidence value if they chose ¬φ . This doubles
the possible confidence scale, so that now it ranges from −500 to 500.

As a first glance into the research question, we can compare the subject’s lowest con-
fidence responses to the rest of their responses. The vertical axis in Figure 4.11 depicts
the mean increase in confidence in φ , from the subject’s initial confidence to their reported
confidence after seeing the crowd majority. The ‘In lowest decile’ bar represents responses
that were under the 10th percentile for that subject; the ‘Above lowest decile’ bar represents
the rest of the responses. Confidence increased in both cases, on average, but much more
markedly when the subject initially reported extremely low confidence.
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Figure 4.11: Average increase in confidence for lowest decile of initial confidence vs. rest
of responses.

An ordinary least squares regression predicting confidence increase from the lowest
decile as a categorical variable confirms the significance of the factor, though with R2 =

0.02, it’s not a great model overall.
Digging in further, it appears that rescaling each subject’s reported confidence is quite

important. While the default value was always set to 250, subjects varied greatly in how
far they were willing to shift their confidence up or down. Figure 4.12 depicts normalized
initial confidence (in φ ) that maps each response’s initial confidence into the deciles spe-
cific to that subject. Change in confidence (in φ ) centers around 0 (no change) and varies
between −1000 and 1000.
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Figure 4.12: Box plot of change in confidence for each decile of initial confidence. The
vertical axis represents the change in confidence (normalized to Z-scores specific to each
subject).

This plot illustrates that change in confidence exhibits the greatest variance in the ini-
tially least confident deciles. More intriguingly, there is a non-linear positive bump in the
mean change in the 20% and 30% deciles, suggestive of the elbow in Figure 4.1, but re-
versed!

The non-linear relationship can also be demonstrated statistically, via model compari-
son. I fit two ordinary least squares models, one using the deciles as a continuous variable,
the other using the deciles as categorical variables, both predicting the change in confidence
Z-score. The categorical model outperforms the continuous one in terms of both R2 (0.096
vs. 0.083) and the Aikaike information criterion (AIC) (9875 vs. 9909).

4.5.3 Individual differences

Beyond the analyses depicted above, the data suggests there are certain patterns of
responses, or strategies, exhibited by some individuals.

For instance, some subjects appear to ignore the crowd judgment entirely. Since much
of the analysis above presupposes that subjects do update their beliefs, I suspect it would
strengthen the categorical model in Answer to Research Question 4 if I were to first identify
this group and set it aside as a special case.
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To test this, I will compare the fit of the statistical model discussed at the end of Answer
to Research Question 4 on two datasets: all subjects together, and just the attentive subjects.

Inspecting the data, it’s easy to distinguish the “attentive” ones; on average, across
all responses, the subjects adjusted their confidence 55% of the time. But of the 30 total
subjects, there are five who adjusted their confidence less than 10% of the time. I will use
10% as my ‘attentive’-ness threshold, which is generous, considering the average behavior.

Excluding subjects below this threshold (those five outliers), the categorical model in
Answer to Research Question 4 is noticeably improved, with a 16% increase in R2 (0.111
vs. 0.096), and a much better Aikaike information criterion (AIC) score (8181 vs. 9875).

4.6 Discussion and future work

I established several predictions about how people adjust their beliefs in response to
hearing new information. With data collected from a novel experimental paradigm, I con-
firmed that, for my subject pool at least, people behave according to some of these expec-
tations.

I will briefly review my findings regarding each of the research questions:

Research Question 1 When someone encounters a differing opinion, how is their willing-
ness to change their belief and their confidence affected by the strength of the opposing
opinion?

The experiment did not demonstrate that strength of opposing opinion had a discernible
effect on the subject’s decision to change their response, but it did have a significant,
albeit small, effect on their change in confidence.

Research Question 2 When encountering dissent, how does someone’s confidence in their
initial belief affect their willingness to change?

I showed that initial confidence has a significant effect on the subject’s propensity to
change their belief, but not in the inversely proportional direction I predicted. Instead,
the data showed that higher confidence predicts a disinclination to change.

Research Question 3 When someone’s initial belief disagrees with that of the majority,
how does this affect their confidence?

I demonstrated that crowd disagreement had a significant effect on the resulting confi-
dence, and that in this instance, disagreement had a disproportionately larger effect on
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the change.

Research Question 4 How does someone’s initial confidence in a belief affect their result-
ing confidence after hearing new information?

I found that there is a significant effect of initial confidence on how much subjects
change their confidence. Then, comparing a simple linear model with a categorical
model parameterized by deciles of initial confidence, demonstrated that the categorical
model fit the data significantly better.

Perhaps most interestingly, while the dynamic belief update framework discussed in
Section 4.2.2 predicts that subjects will be less likely to adopt new information when
their initial confidence in the 20%-40% range, my analysis of the experimental data
suggests that in this range, subjects are actually more likely to change their belief.

The rest of this section describes three potential avenues for future work, building upon the
research goals and approaches developed here.

First, the confidence scale remapping used in Answer to Research Question 4 is straight-
forward, but I haven’t tested whether this linear transformation accurately reflects how par-
ticipants would report confidence in a proposition vs. its negated form.

I see one way to work around this issue with a minor change to the experimental design:
rephrase statements where the crowd majority said ‘false’ in a negated form, and always
express the majority as a percentage greater than 50%, in this case, 70.3%.

Or I could directly test the assumption made by the remapping method, by asking for
beliefs and confidences about propositions as is currently done, but also including a du-
plicate experimental item elsewhere in the sequence of stimuli that asks for belief and
confidence in the negated form of the proposition.

Second, in the experimental data presented here, there are very few questions where the
participant’s initial confidence is low but the displayed crowd judgment is very high. This is
due to how we collected the ‘norms’ data (the crowd majority values), and this discrepancy
mainly indicates that the students who took part in that initial stage of the experiment have
similar intuitions to the participants of the main experiment.

Relatedly, the naturally collected norms occupy the full range, from 50% to 100%, but
it’s not a balanced distribution in that range, as depicted in Figure 4.5.

A future version of the experiment could randomly fabricate a range of crowd judg-
ments for each question. This would improve the coverage across all combinations of
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common knowledge and the purported crowd majority, avoiding sampling bias due to the
of correlation of popular beliefs and the value of the displayed crowd majority.

A final direction for future research concerns the incongruity, between the epidemiology-
based model of Section 4.2.1 and my research questions, but we could investigate how to
bridge that gap, extending the model in some way to incorporate confidence. And there are
many extensions and reformulations of the standard SIR model; further exploration of the
epidemiological offerings could reveal a model more amenable to my line of inquiry.
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Chapter 5

Conclusion

The contribution of this dissertation is partitioned into three separate projects, together
demonstrating the utility of applying computational / statistical methods to analyze lan-
guage use in three distinct scientific fields. In each project, I examined the behavior of
select social groups, from a state-wide electorate, to an entire academic field, to very small,
simulated, short-lived networks.

Chapter 2: Classification of political attitude

I motivated the role of natural language processing in the field of political science, in
part through an extensive survey of relevant literature, noting the recent acceleration of
applications of NLP (though not in every political research venue). This review also laid
the foundation for my research project, anticipating some of the research questions and
analytical methods I use.

I described my collaboration with researchers at The Ohio State University, their goals
with the research project, and the specific political issue of interest, Ohio Senate Bill 5. I
introduced a new corpus of Twitter data, the SB-5 dataset, with summary statistics of both
the original data and the annotations, and discussed the potential uses and misuses (due to
sampling bias) of this dataset. I showed how machine learning and even simpler statistical
tools can be used to explore the dataset. I evaluated several classification models, and
compared the results of one, logistic regression, across similar corpora, exploring ways
of using that model to automatically classify new data and reveal the textual differences
between distinct classes of documents. I discussed some of the shortcomings and pitfalls of
this analytic technique, especially overfitting, and how to address some of these concerns.
Finally, I used these classification models to greatly enhance the coverage of labels on this
dataset, producing insights that were not previously possible with only the limited hand-
labeled data.

This exploration of natural language processing applications, starting simple and grow-
ing increasingly nuanced, demonstrates some of the advantages of using automatic classi-
fication on noisy social media data, and how political scientists might use these techniques
to expand their coverage of large datasets.
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Chapter 3: Citation analysis

I introduced the significant disconnection between how academic influence is tradition-
ally measured (through citation counts) and how influence actually transmits in an aca-
demic network (the content of papers). I emphasized how this is important by describing
the effect of impact evaluation at several levels of research, from individuals, to projects,
to venues of research dissemination.

I illustrated the range of typical, metadata-only literature metrics, enumerating the
widely acknowledged problems inherent in the status quo of biases, shallowness, and spar-
sity; there are inevitably very tight limitations on what can be measured between the rela-
tionships in the citation network without considering the content of the papers.

I explored why traditional methods remain the dominant metrics, due to both access
restrictions (copyright), and the difficulty of standardizing a metric that deals with textual
content. I discussed some of the technical work that must be done to prepare papers for
content analysis, and the existing efforts and resulting corpora.

I introduced a suite of NLP tasks and described what aspects of the citation network
model they bear on, how they’re evaluated, and what they might reveal about the nature
of citations. Focusing on one of these, citation prediction, I detailed an implementation I
developed.

Using this implementation, I showed that incorporating text content can improve per-
formance on the citation prediction task, implying that the text content metrics I selected
provide useful information about the network in general. I explored what metrics perform
best, and discussed results suggesting that simple metrics are just as effective as more com-
plex methods, and how there remains much to be done to refine this approach.

Chapter 4: Measuring influence experimentally

I identified two interesting characteristics of online social media platforms that distin-
guish them from traditional media, individualized yet shallow connections, and argued that
learning how novel information is processed in these types of networks is both important
and facilitated by the nature of the exchange.

I developed four speculative research questions that are important for understanding
how individuals adjust their beliefs, and the specific features of behavior that must be mea-
sured to address them. I motivated a novel experimental paradigm designed to capture the
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features needed to answer my research questions, in light of the difficulty of measuring
cognitive processes, such as confidence levels in specific beliefs. With this experimental
framework, I posed specific testable hypotheses for each research question, some derived
from intuition, some loosely based on dynamics of the Bayesian models of belief update.

I described my experimental methodology in detail, and explored the data resulting
from running the experiment on human subjects. I then tested my specific hypotheses on
this dataset, illuminating several aspects of the relationship between prior beliefs, confi-
dence, and how individuals update their beliefs, specifically:

1. The reliability (how extreme the crowd majority is) of a source of contradicting infor-
mation does not seem to sway the hearer’s choice, but does affect how they update their
confidence.

2. Perhaps unsurprisingly, the higher the initial confidence that someone has in a belief,
the lower is their willingness to change it.

3. Encountering disagreement reduced subjects’ confidence more than affirmation increased
it.

4. The level of initial confidence in a belief has a non-linear effect on how it is updated on
receiving new information.
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Appendix A

Experimental stimuli used in Chapter 4

Ground
Truth

Plausibility Statement Crowd
Judgment

True plausible The average ocean depth is around 2.3 miles. 31%
True plausible A year on Mercury takes 88 Earth days. 77%
True plausible The black box on an airplane is actually orange. 54%
True plausible Avatar (2009) is the highest grossing film of all time. 62%
True plausible The tallest and the largest living tree are both found in California. 62%
True plausible Some fully-grown hummingbirds weigh less than a U.S. penny. 69%
True plausible Polar bears can smell prey from up to 1 km (0.6 miles) away. 96%
True plausible Meryl Streep is the most Oscar-nominated actress of all time. 88%
True plausible The largest crocodile ever captured and officially measured was

20 feet, 3 inches long.
73%

True plausible As of the 2016 rankings, Bill Gates is the richest person in the
world.

73%

True plausible A woodpecker can peck as fast as 20 times a second. 73%
True plausible France produces more wine than any other country in the world. 73%
True plausible The Burj Khalifa in Dubai is the tallest man-made structure in the

world.
77%

True plausible Sound travels faster in liquid than it does in air. 27%
True plausible Brazil is the only country to have appeared in every single FIFA

world cup finals competition.
58%

True plausible The New York Yankees have won the most World Series trophies. 85%
True plausible Saudi Arabia’s biggest export is oil. 88%
True plausible As of 2016, only 3 films have ever won as many as 11 Academy

Awards (Oscars).
73%

True plausible The Samurai were the first Japanese martial art practitioners. 81%
True plausible A sneeze can travel at over 100 miles per hour. 54%
True plausible Only around 3% of the Earth’s water is fresh water. 69%
True plausible Antarctica is the coldest continent in the world. 92%
True plausible Sunlight takes around 8.3 minutes to travel from the Sun to the

Earth.
73%

True plausible The oldest discovered remains of modern humans were found in
Africa.

92%

True plausible Marijuana is the most used illegal substance in the world. 81%
True plausible The most expensive car ever bought at auction was a classic Fer-

rari 250 GTO.
65%

True plausible The largest species of penguin is an Emperor Penguin. 85%
True plausible Dustin Moskovitz, the co- founder of facebook, is the world’s

youngest billionaire.
54%

True plausible Sloths in captivity sleep up to 20 hours a day. 96%
True plausible A hippo’s mouth can open as much as 4 feet wide. 81%

False implausible Google.com is owned by Microsoft. 31%

120



False implausible Nicholas Cage owns 49 yachts. 19%
False implausible The US government have confirmed contact with alien life. 4%
False implausible Singing in Soprano C4 pitch has been linked with higher intelli-

gence.
23%

False implausible The propeller on a single engine plane is a large fan used to keep
the pilot cool.

8%

False implausible The average person says the word “can’t” 400 times a day. 23%
False implausible Since 1990 there has not been a single recorded incident of some-

one being struck by lightning.
12%

False implausible The VCR player was invented before the TV. 15%
False implausible Soda water is formed naturally from very fast flowing water falls. 0%
False implausible Each year more people are killed by teddy bears than by grizzly

bears.
42%

False implausible Good looking couples are 26% more likely to have daughters than
they are to have sons.

12%

False implausible In 2014 Tony Hawk created the world’s first working hover board. 27%
False implausible Bumper cars can be legally driven on roads in Spain. 8%
False implausible An average can of deodorant if sprayed continuously without

stopping can be sprayed for 10 hours.
38%

False implausible The 1960 film ‘Psycho’ by Alfred Hitchcock shows a real murder. 27%
False implausible The Fiat 500 is the fastest car in the world. 4%
False implausible As of 1999, the French government has banned the consumption

of snails.
0%

False implausible The international space station was originally built to hold the en-
tire world’s population on board.

8%

False implausible Coconuts are considered mammals because they have hair and
produce milk.

8%

False implausible The video game Donkey Kong is based on a true story. 4%
False implausible If you soak a raisin in water, it turns into a grape. 8%
False implausible New Zealand was discovered in 1969 when Neil Armstrong spot-

ted it from space.
0%

False implausible Rocks are actually very soft, but harden when touched. 0%
False implausible There are more stars in the galaxy than atoms in the universe. 31%
False implausible Albert Einstein was a keen lacrosse player. 15%
False implausible The reason you sweat when you are hot, is that it makes you shiny

and it reflects the heat away from you.
0%

False implausible Chinese Pandas can be taught an ancient form of Kung Fu to a
very high level.

8%

False implausible Fire trucks are painted red because red paint molecules are the
smallest, making them the most aerodynamic.

12%

False implausible You’re more likely to be left handed if your dad has blue eyes. 0%
False implausible It took Michelangelo one day and one night to paint the Sistine

chapel ceiling.
19%

False plausible Vitamin C is effective in the treatment of a common cold. 100%
False plausible Alcohol kills brain cells. 46%
False plausible Dropping a penny from a high building will kill someone on im-

pact.
77%

False plausible Body heat dissipates mainly through the head. 77%
False plausible Bulls are naturally enraged by the colour red. 54%
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False plausible Eating before swimming increases the chances of muscle cramps. 92%
False plausible Different parts of the tongue detect different tastes. 85%
False plausible Fortune cookies are a Chinese tradition. 81%
False plausible The consumption of caffeine causes dehydration. 88%
False plausible The surface of the Planet Mars is red. 81%
False plausible We have 5 senses - hearing, seeing, smell, touch and taste. 96%
False plausible Shaving hair causes it to grow back thicker, faster and darker. 65%
False plausible Everest is the tallest mountain in the world. 81%
False plausible It takes up to 7 years to digest chewing gum. 54%
False plausible A duck’s quack does not echo. 54%
False plausible Viking warriors wore helmets with horns or wings on them. 73%
False plausible Adding salt to water makes it boil quicker. 46%
False plausible Before Christopher Columbus, everyone believed the world was

flat.
77%

False plausible Oil stops pasta sticking together while cooking. 69%
False plausible In ancient Rome, a vomitorium was a room in which people were

ritually sick after eating food as part of a dining custom.
58%

False plausible Napoleon Bonaparte was short for his time. 77%
False plausible Meteorites are extremely hot when they reach the earth’s surface. 69%
False plausible Sharks do not get cancer. 19%
False plausible Great white sharks often mistake human divers for seals and other

prey and so attack quickly.
62%

False plausible Alcohol consumption can keep you warm. 77%
False plausible Dogs sweat by salivating. 77%
False plausible A flushed toilet rotates water the opposite way in the southern

hemisphere.
54%

False plausible Bats are blind. 77%
False plausible Goldfish have a 3-10 second memory. 77%
False plausible Bagpipes are a Scottish invention. 88%

True implausible Maine is the closest U.S. state to Africa. 46%
True implausible The name Jessica was created by Shakespeare in the play Mer-

chant of Venice.
42%

True implausible Carrots were originally purple. 50%
True implausible Most of the world’s oxygen is produced by the oceans. 12%
True implausible The technology to carry out the moon landing existed before

wheels were added to suitcases.
50%

True implausible The game developer Atari dumped thousands of versions of the
ET video game into a New Mexico dessert after dismal sales.

27%

True implausible The toy Barbie’s full name is Barbara Millicent Roberts. 50%
True implausible Cleopatra lived closer to the invention of the iPhone and moon

landing than she did to the building of the Great Pyramid of Giza.
58%

True implausible The heart of a blue whale is so big that a human could swim
through the arteries.

42%

True implausible Saudi Arabia imports camels from Australia. 19%
True implausible Oxford University is older than the Aztec Empire. 15%
True implausible North Korea and Finland are separated by one country. 35%
True implausible The entire human population, if placed all together would only fill

1 cubic mile of the Grand Canyon.
15%

True implausible Libya is mostly composed of desert. 81%
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True implausible The lighter was invented before the match. 19%
True implausible Nintendo was founded in 1889 as a trading card company. 65%
True implausible The creator of match.com Greg Kremen, once lost his girlfriend

to a man she met using match.com.
81%

True implausible The Mongolian Navy consists of one tugboat that is manned by
seven people.

35%

True implausible You are twice as likely to be killed by a vending machine than a
shark.

69%

True implausible The actress, Betty White, is actually older than the invention of
sliced bread.

69%

True implausible The farthest point that we can see with the naked eye is 2.6 million
light years away.

35%

True implausible The first pyramids were built while the woolly mammoth was still
alive.

54%

True implausible The CEO of ‘Food for the Poor’ is called Robin Mahfood. 31%
True implausible Bangladesh has a larger human population than Russia. 58%
True implausible Canada has more lakes than the rest of the world combined. 54%
True implausible Heroin was once used to treat children’s coughs. 54%
True implausible Humans now take more photographs every two minutes than were

taken in the entire 19th century.
92%

True implausible South Africa has three capital cities. 27%
True implausible Sharks have been around for 400 million years, pre-dating di-

nosaurs by 200 million years.
42%

True implausible The University of Pennsylvania has produced more billionaires
than any other university.

54%
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