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Environmental advocacy organizations aim to help citizens contact their policymakers, to
recruit new members, and to increase their
organization issues. They use online petitions and-fetter services for these purposes.
These services put citizens in contact with policymakers and encourage citizens to take
follow-up actions, such as sending another message, referring a friend, or making a
donation. While these services effectively recnombers, they marginally influence
policymakers. To increase influence, organizations now ask petitioners to include
personal messages in their communications. This dissertation asks if text analysis of these
personal messages can help advocacy orgamigatiirther fulfill their recruitment and
engagement goals. It investigates tewdtrics both for predicting engagement from
existing contacts and for services, such as chatbots, to suggestupllagtions to new
contacts. Methods employ rd®sed texanalysis tools (LIWC, VADER, Flesch
Reading Ease, and Regular Expressions) to pilot the use of pronouns, sentiment, writing
complexity, and the identification of personal stories as predictors of engagement. Data

include over two million messages and mg&M0,000 personal messages from over

150,000 individuals supporting sustainable policies and projects. Results reveal



relationships between messages and two engagement factors: (1) the number of messages
that groups of contacts send and (2) payment oflmeeship dues. Results also bolster
research that highlights the importance of identifying contacts who can share stories

about how environmental issues have affected them. Conclusions encourage advocacy
organizations and policymakers to analyze messagesragase engagement and

understand constituency support of policies and projects. Future work may integrate text
analysis into membership models and advocacy services. Future work may also improve
personal story classification and investigate mactea@ing for identifying potential

members.
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CHAPTER 1. INTRODUCTION

This dissertation investigates relationships between the whratisonstituents write to

deci sion makers and these constituentsodo en
organizations. Findings benefit advocacy organizations, developers of online advocacy
services, policymakers, and civil project managers. Findings contribute to research in
applications of linguistic analysis processing to predict behaviors (e.g. McHaney et al.
2018, Pennebaker 2011, Robinson 2013) and research in the value of persesal stor
(Sandhu 2017, The Congressional Management Foundation 2017, The Social Change
Agency 2017a, 2017b, Karpf 2016). Methods employ populathaged linguistic tools,
including the Natural Language Toolkit (Bird et al. 2019), Linguistic Inquiry and Word
Count 2015 (LIWC 2018), Valence Aware Dictionary and sEntiment Reasoner (VADER;
Hutto and Gilbert 2014), and Flesch Reading Ease Analysis (Flesch 1948). Data include
over two million messages and nearly 500,000 originally authored messages from over
150,000individuals distributed across the United States. Messages support campaigns to
preserve national parks, curb toxic emissions, and expedite U.S. energy independence.
Results provide evidence to support advocacy organizations delivering messages, and the
policymakers reading them, to employ text analysis tools in order to predict

organizational engagement and understand constituency support of civil and

environmental policies and projects.



1.1, Background and Need
1.1.1. Green Technology Needs Green Policy: Advocacg#&nizations, Policymakers,
and Project Managers
Civil and environmental scientists and engineers recognize climate change. They develop
ways to provide renewable energy, limit greenhouse gas emissions, and recycle waste.
Project managers recognize thaesesh innovations, however, only transition to
practice, and scale, through policy and community support. Policy determines the
direction and success of studying and protecting our environment. It regulates how
communities use natural resources to genelatsricity. It protects habitats and national
parks. It determines how NASA budgets earth science vs. space exploration. It
encourages and incentivizes recycled materials in pavement. It makes residential
investment in solar energy feasible for homeowner
In the U.S., local and national nonprofit organizations advocate for environmental
policies in several way@ education and awareness campaigns, petitions,-letitng
campaigns to policymakers and editors, claps, protests, legal action, and
investigations. Most importantly, advocacy organizations hold policymakers accountable
for their promises to protect the environment and deliver energy independence from fossil
fuels, and advocacy organizations expose policymakers when they break their gromise
These advocacy organizations use petitions and online\aitarg campaigns
to, explicitly, empower residents to connect with their policymakers, and advocate for
environmental sustainability. These petitions and lett#ing campaigns, less expiily,
also help advocacy organizations recruit participants (Suarez 2009, Cruickshank et al.

2010, Carpenter 2016, Parry et al . 2011,

J



needs to understand the behaviors and demographics of their constitgemefebers,
volunteers, allies), and empower participa
citizen participationo (i.e. the fHAengageme
send more letters, send more personal letters, share maragetories that support
specific campaigns, enlist their friends, partner and organize with the organizations, and
become leaders themselves. Joining an organization as-paiieg member is also part
of this moreor-less explicit intent of organizatios 6 use of petition too
Advocacy organizations ask citizens to support a laudable cause before asking for money.
For exampl e, President Barack Obamads camp
liking the presidential campaign on a Facdbpage, (b) signing a birthday card, (c)
filling out a survey or sharing a personal stéryand at the to@ (d) contributing in
exchange for campaign swag. This ladder helped the campaign successfully mobilize a
large, grassroots base.

In the same way than online marketing firm or political campaign recognizes an
ad click as an action, advocacy organizations recognize, and carefully track, the
behaviors of their contacts in contact relationship management (CRM) databases (e.g.
Bl ackbaud Ranvedeod,Saldsfdreele Com@ercial companies refer to
CRM services as customer relationship management services; advocacy organizations
refer to CRM services as constituent relationship management services. Both use CRM
services, however, in similar wayBoth collect contact information, event attendance
records, donation histories, demographics, addresses, interests, household relationships,

and other interactions. In A/B hypothesis tests, both compare levels of response to



different email news headlisand social media posts (Karpf 2016) with organizational
engagement.

One unique set of data that advocacy organizations collect are the messages that
their contacts send to their policymakers. They collect them through petition, letter
writing, and chabot services that they provide online. They refer to these tools as
advocacy actions services, and refer to the messages that constituents author and send
through them as advocacy action messages. Environmental advocacy organizations use
the information fron online petitions and lettavriting campaigns to learn more about
their contacts and interact with them. When collecting signatures oftadoor
canvases, canvassers can write down notes about their conversations (or door slams),
political yard signsthe demographics of the people they meet, the family members of the
people they meet, and more. Advocacy organizations can then centrally parse this
information into CRM fields. Online campaign managers learn different, seemingly more
limited kinds of inbrmation than canvasseds letters to Congress, for example, require
citizens to report their address or zip code to be taken seriously by members for
Congress. As the message carrier, advocacy organizations can then collect these zip
codes and feed themto services like WealthEngine (2019) to learn more about the
potential of message writers to donate todiganization angbin the organization as
duespaying members.

A new data analyst at one large environmental advocacy organization calls its
organiat i on6s dat abase fAwell coll ected, but
meaning the organization has collected information about its contacts, but the

organization still has work to do to extract actionable evidence from the information.



Organizationsre currently in the processes of developing lumped engagement scores for
their contacts to make their data more meaningful. They are first looking at fields that fit
nicely intoBoolean integer, and short text fields. They are looking at, for exantpe, t
number of events a person has attended, their contribution history, their zip code, their
age, their gender, and the issues that they have expressed interest in on surveys.

While organization analysts are hard at work modeling engagement, campaign
organzers are paying attention to research from the Congressional Management
Foundation (2017) and the Social Change Agency (2017a, 2017b), who have revealed
people with lived experiences affected by campaign issues will be noticed by
policymakers, climb thergjagement ladder more quickly, and can become campaign
organizers themselves. Seth Long, regional online organizer, agrees. He wants to develop
a deeper understanding of how personal me s
values, and movement building:r gani zi ng, communi cations, a
Club (pers. comm. 2018). Personal stories, additionally, become testimony in courts, and
ethos and pathos in articles.

Simultaneously, while analysts are building engagement models, and while
campaigrmmanagers are recognizing the importance of personal stories, digital product
manager® in advocacy, in congressional offices, and everywBerre hiring
developers to build and add chmtt services to their portfolio of communication tools.
Formbased etion campaigns on websites still exist, but chatbots reach people in
focused, personal ways that websites cannot. They operate inside the communication
tools people already use to connect with their friends and associates on a regudar basis

sms, iMessag, Facebook Messenger, etc. They democratize action without



overwhelming congressional offices, and have recently become successful in doing so
(Putorti 2019).

Considering analystsd goals to underst a
contacts withthedaa t hey have, organi zersd recognit
experiences, and product managersod and ser
chatbots, this study tests deriving several predictor metrics from just one of the fields that
organizaibns are collecting data for, but are not currently utilizing without manual
review. The metrics from this one field could be useful to all three of these types of
people in the environmental advocacy wayldadvocacy organization managers,
campaign orgaaers, and product developers. The metrics from this one field may also
be useful to policymakers receiving advocacy messages, and the civil project managers
that policymakers share data with, in their search to understand and highlight, whether
fairly or not, the opinions of their constituents concerning the environmental impacts of
their policy decisions. This one field is the personal message text field where activists
write their messages.

Large advertising companies have built their businesses withimedelarning
and natural language processing (NLP). Google, for example, has a history of processing
user emails to support ad targeting. Faceb
such as greetings, sentiment, location, and quantities (Fac2BoBk This study asks if
analysis of personal messages could also help organizations paint a more comprehensive
picture of their organization, explain constituent behaviors, and increase organizational
engagement in ways that businasaisual methods (g. demographic profiling,

relationship tracking, interaction tracking), alone, cannot.



Treating this personal message field @oaleanvariabled answering the
guestion, did a contact originally author and attach a personal message to their
communicatioror notd this study confirms that the presence of content in the field,
alone, can act as a predictor of engagement without further analysis. Some baseline
results from this study confirm what campaign organizergs@pntacts who send
personal messagase also more likely to send more messages and make financial
contributions towards organization membership. Results show that most contacts (97% of
the study contacts) who write personal messages at rates of 18% or higher are also more
likely to send moréhan one message. Results also show the membership rate for those
sending personal messages is 27% compared to the overall 13% membership rate for
those sending any type of message, personal or othérwisere than double.

Beyond the presence of sendpgysonal messages at all, this study applies rule
based linguistics analyses to messages to learn more about their authors. It begins by
asking if analysts can use frequencies of pronouns in messages to predict the number of
messages a contact will sena. do this, this study begins by using the Linguistic Inquiry
and Word Count (LIWC) tool, which has been successful in both predicting human
behaviors, as well as deepening the academic understanding of how people write and
speak in different situations. WIC is well established; textbook writers teach students
about it (e.g. Krippendorff 2018) and scholars have cited articles describing its
development and operation (e.g. Pennebaker et al. 2015) thousands of times.

Of interest to this study, LIWC is oftersed to analyze the words of people in
power. Lenard (2016), Jones (2017), and Pennebaker (2011) apply it to U.S. candidates

and political figures. It is ndoubt interesting to see how candidates and politicians in



power talk to their constituents, thepmonents in debates, and their fellow
representatives on the floor. This study flips the focus of these analysis to study the
people speaking up to their policymakers instead of studying the way policymakers speak
(at times, down) to them. From an engimagiproject management and public
representative point of view, understanding and empathizing with customers and
constituents is key to serving them.

Beyond LIWC, researchers have studied the words that people have used in
reaction to political candidatesnvironmental policies, energy, and construction projects
0 new and proposed (e.g. Wang 2012, Ding 2018). These studies are written for
candidates, lawmakers, project managers, and project stakeholders that are judging risk
of, and the public perceptior enacting policies and making project decisions. These
audiences are often, but not necessarily, concerned with the environmental impacts of
their projects. In the same way this study turns its focus away from learning about how
policymakers talk to theironstituents, and to the way constituents talk to policymakers,
it also deprioritizes how lawmakers might evaluate the risk and public acceptance of a
project (for bad or good), and prioritizes how environmental advocacy organizations can
improve and supmt (or not support) projects to keep the earth green. This study is also
different than past and upcoming studies (e.g. Ding 2018, Li et al. 2019) in that it studies
messages that are directly written to policymakers vs. public tweets. It tests reipionsh
between messages and data inconvenient to collect by anyone other than advocacy
service providers and their advocacy organization clients. Even policymakers, who are

the recipients of environmental advocacy messages concerning a particular issue, often



do not have access to the messages sent to other policymakers on similar, or even the
same, issue.

This dissertation (a) studies the words of constituents instead of the words of
policymakers and leaders, (b) focuses first on how environmental advogacyzations
can affect policies and projects before it focuses on how policymakers and project
managers can judge public acceptance of their proposals and projects, and (c) relies on
data convenient to collect only by advocacy organizations and servielperss. The
methods and findings from this dissertation are nonetheless significant to policymakers
and project managers. Results support offices of policymakers to employ methods in this
dissertation, even if they only have access to the messagesrsetty thh them. Results
also support policymakers in better understanding advocacy organization summaries of
messages and directly analyzing any additional message data that they may receive.
Policymakers, unlike advocacy organizations and service prayideg, in fact, uniquely
situated to have immediate access to messages sent from multiple audiences. Using
methods in this dissertation, policymakers may gain insight into the strength of different
lobbies advocating differing opinions.
1.1.2. Exploration: Membeship
Nonprofit contributions have grown more than 10%, on average, every year since 2012 to
over $34B in 2018 (Nonprofits Source 2018). Giving Tuesday raised $380M in one day
for nonprofits in 2018 and $511M in 2019 (Giving Tuesday 2019). Ofaalprofits,
environmental advocacy organizations led the group of organizations with the largest
increases in contributions in 2018 (Nonprofits Source 2018). For this study, membership

signifies a monthly or annual financial contribution commitment.



Duringthe course of summarizing data and investigating pronouns, this study
noticed the dictionary of swear words, negative words, long words, and punctuation in
the LIWC program could also potentially predict engagement. At this same time, this
study began lding at membership in addition to the number of messages a person sends
as an indicator of organizational engagement, where membership indicates a financial
contribution and commitment. These factors, in conjunction with the knowledge of the
importance opersonal stories, inspired a series of explorations to investigate what
relationships additional text analyses can reveal about membership. These explorations
(1) developed and tested rddased linguistic regular expressions to search for words and
phrase indicative of personal stories with input from a campaign manager that
professionally reads and searches for personal stories, (2) assessed the sentiment of
messages with the wedistablished rukbased Valence Aware Dictionary and sEntiment
Reasoner (VBER) tool, built specifically for looking at short online messages, and (3)
assessed the complexity of messages as a function of syllables per word and words per
sentence with the popular Flesch reading easy model. The Flesch model provides a
readability sore tied to an education level that a reader might need to comprehend a
piece of text. Metrics from these three assessments were then piloted as predictors of
membership. Results show that looking at patterns of wirdsiilt out from a
foundation of phraes centered around lived experientesan better indicate
organizational membership than looking at the rate that contacts use words from LIWC
dimensions alone. They also show that sentiment and the ease of messages for people to

read at different gradevels can also help identify nanembers and members.
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1.1.3. In the Words of Advocacy Data Analysts and Product Managers
An analyst at one environmental nonprofit organization agrees that measures and metrics
commonly calculated in text analysis may be piloteg@r@dictor variables to
engagement. They are interested, first, in natural language processing (NLP) to
summari ze message | ength and personal stor
currently do not have the capacity or skills in house tblide buthave a high degree of
interest in personal messages and how they
us a view into this data that we dondét hav
from different NLP analysis, we could run tests on thaasgiences to see how their
engagement differs. If this is effective in future targeting and activist engagement, we
would also have a solid evidence for more organizational investment in NLP, modelling
tools and skill sets working with [organization]data ( 2 018 ) .

Parul Sharma, Associate Product Director of an online advocacy system at the
Sierra Club called AddUp (2019), points out that AddUp currently recommends action
steps to users based upon the userséios | ocat

know if message content factors can play a role in making recommendations and giving

users fAa more personalized journey. o0 She w
want to write personal messages fofrdo and 0
issues vs. sentiments. o She wants to know
i ndividual gnefinbree datstage@®@r e&i kely will give
volunteers €é or in the future, wil!/ become

AddUp could recognize (a) personal stories and (b) writing styles indicative of a future

organizer from an individual 6s first conta
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provide tailorechext stepso engage that individual. In the future, from an adeament

(i.e. fundraising) point of view, writing characteristics could supplement location and
financial data from services like WealthEngine (2019) in suggesting contribution levels
to new contacts.

In summary: Advocacy organizations want to know theilbdédg of summarizing
messages and relating them to other constituent data. They want to know if doing so can
aid them in encouraging more messages, more sharing, more personal and localized
prompts, and other higher value actions from their constitemgsattendance,
membership, leadership). They want to know if they can spot and amplify personal
stories in messages, and then empower the authors of these stories to support their
campaigns.

1.1.4. Advocacy Campaign and Data Flow and Potential Beneficiaries

This study commenced addressing needs of advocacy organizations and service
developers, but results and conclusions show policymakers may equally directly benefit
from it (Section 7.2). Civil and environmental project managers whom policymakers

share data wh will also benefitFigurel.11 illustrates how these parties work together.
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The goal of this study is to explore relationships between the messages that constituents

send

t heir

policymakers

and

t hese

that provide the systems that enable them to send these messages. It focuses on

environmental advocacy organizations. It fulfills two main objectives. Objective One,

answering three originally proposed hypotheses, tests relationships between three

const

properties of messages and the number of messages contacts send as a first measure of

engagement. Those properties are: (a) pronoun usage, (b) personal message rate, and (c)
message length. Objective Two, within a series of explorations, tests relationships

betweeradditional text metrics and membership as a second measure of engagement.

t

Those additional metrics are based on (a) regular expression searches for personal stories,

(b) reading ease analysis, (c) sentiment analysis, (d) frequently used words, and (e)

collections of words.
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These objectives should help answer the following research questions: (1) How
can managers of advocacy organizations and policy offices analyze and categorize
messages? (2) How can they relate messages factors to organizational engagemen
factors? (3) What methods can they use to explore these relationships and spot trends? (4)
How can they identify personal stories among personal messages? (5) What baseline,
textanalysis metrics could be used in CRMs and online tools? Results (Chapter 4
Chapter 5) reveal observations to answer these questions; discussion and conclusion
chapters (Chapter 6 and Chapter 7) summarize answers. For the first three questions, the
discussion of results summarizes relationships and methods. Results andicosclu
emphasize the importance of the number of contacts in groups of individuals on the
applicability of tests to reveal trends (Section 4.1.2.3, Section 6.3). For the fourth
guestion, Exploration Three (Section 5.3) introduces how this study used regular
expressions in an attempt to identify personal stories and Exploration Seven (Section 5.7)
and the discussion chapter (Chapter 6) discuss their capabilities. ApBdisis<regular
expressions. (Regular expressions found some personal messages, alsbtfaynd
other types of messages.) For the fifth question, methods, results, and conclusions
summarize how simple message analysis, including one that simply counts types of
messages, establish engagement baselines (Section 3.1, Chapter 5, and Chapter 7
describing future work to develop an engagement model, conclusions discuss theoretical
and machine learning approaches to identifying engagement predictors (Section 7.3.1)
and (b) question if problems identified in organizing campaign canvassee affluld be

present online (Section 7.3.2).
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1.3. Objective One Hypotheses: Message Content and Number of Messages
Contacts Send

This study begins by investigating three specific questions of interest to environmental

advocacy organizations given only a minirteddle of messages with contact identifiers.

1. Literature has shown correlations betwe
their behaviorg from their ability to succeed in health (Pennebaker 2011) and
academic programs (Robinson 2013) to selection aeg@azation of decision
support simulation models used in mining, public health, water resources, and
other applications (McHaney et al. 2018). The first hypothesis predicts similar
relationships exist between the writing styles an activist employs aird th
engagement with an advocacy organization. To test this hypothesis, this study
uses personal pronouns to identify writing styles and the number of actions an
activist has taken to indicate organizational engagement. The study can accept the
hypothesisfirelationships exist between average LIWC pronoun scores (pronoun
rates of use) for groups of contacts who have sent the same number of messages
and the number of messages that they have sent.

2. A second hypothesis states that there is a relationship rethheeaumber of
personal messages contacts write and the total number of messages that they send
(with or without personal comment). For online campaign managers, accepting
this hypothesis would indicate that target groups that return high rates of persona
messages are more likely to send additional messages in the future.

3. A third hypothesis states that there is a relationship between message length with

the number of messages that contacts send. It tests the questions, do contacts tend
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to write more or Iss often if they also write long messages? A negative

relationship would akin message words to limited units of pelsoins on a

project, where contacts sending more messages may not have time to write longer

ones.
These hypotheses use the totaiber of messages sent by contacts as a measure of
organizational engagement for them. In doing so, they disregard the importance of
personal stories to policymakers and organizations (Congressional Management
Foundation 2017, Social Change Agency 201¥hgy do address, however, the common
case, reviewed in the literature review (Chapter Two), where congressional staffers
reduce messages to yay and nay summary piles (Miler 2014), losing personal stories, but
increasing the val amneasaréofiaflueneent act 6s out put
1.4. Objective Two Hypotheses: Exploration of Personal Stories, Sentiment,

Writing Level, Popular Words, Groups of Words, and Membership
After testing the three initial hypotheses, this study investigates relationships between
additionaltext metrics and membership. It tests a general hypothesis: There are
differences in membership rates between (a) all contacts who have sent personal
messages (27% membership rate) and (b) groups of contacts who have written messages
that satisfy text catitions. Text conditions are based on the number of messages contacts
send, personal stories in messages, message writing complexity, message sentiment, and
the use of popular words and dictionaries of words in messages.

In evaluating membership rates fmoups of contacts satisfying conditions, this
study considers 5%, 10%, and 15% membership rate differences from the average 27%

membership rate for those who have sent personal messages as moderate, strong, and
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very strong differences, respectively. A 1@%erence above the 27% average
membership rate for those who have sent personal messages is equal to a strong 37%
(27% + 10% = 37%) membership rate. This, coincidentally, equates to a 37% increase
(10% / 27% = 37%). It also equals a 185% increase abevaembership rate for those
who have sent any type of message (with or without a personally authored message),
which is 13% ( 37% 13% = 24%; 24% / 13% = 185%). Hypotheses for each text
condition are significant if the clsiquare test4alues for compang contingency tables

of observed and expected values are less than 0.01.
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CHAPTER 2. LITERATURE & TECHNOLOGY REVIEW

2.1.  Petitions, Slacktivism, Creative Campaigns, and Letters in Between

Modern advocacy services such as MoveOn, AddUp, SwingLef(Chadge.org are

coded around a timeless fiembedded recruitm
historical successes of organizers prior to the internet, such as French Calvinists in the

1560s and American Antislavery leaders in the 1830s (Carpenteri2@ibpetition.

Adopted online, earlier by environmental advocacy organizations than other types of
advocacy organizations (Suarez 2009), climate change awareness organizers used

petitions and lettewriting campaigns to reach global audiences, includiotgbly, to

support the 2015 Paris Agreement and the 2
(Jacobs 2016, Avaaz 2015).

The reach of online advocacy services grew as U.S. home internet use accelerated
from 0O to 60 percent between the years 2000 &0 2Pew Research 2019). At the time,
MoveOn was a Vvisible example of resistance
its growth to their fArealizationo of petit
At a minimal level, like irperson petitiortanvases (Parry et al. 2011), online advocacy
systems recruit members and benefit the organizations that rur{Bhewgat2005.

While petitions increase organizational engagement, researchers have argued that the
gains come at the expense of disengagoigymakers, who become overwhelmed by
impersonal messages. For this reason, researchers have embraced the term, coined by a
reporter for the act of conveniently sending online communications to a policymaker,

Asl acktivismod ( Mor oz White OLO),Tallsthemestot her r epo

1]

clicktivismo in a scathing comparison of
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mar keting firms that exchange #fAfaith in th

enact soci al changeo fObdrfurthen pravided evichence shatg e s .

online messages are one of the least noticed forms of advocacy. She shows that these

messages are only counted by issue into yay or nay piles by (oftgraidwer unpaid)

congressional staff and, many times, never egadl. Actual stories of lived experiences

and thoughtful suggestions are lost between pages of faxed form letters. This observation,

alone, adds a dark significance to this st

form) as a measure of orgartibmal engagement in Objective One. Miler shows

congressional offices are much more likely to notice and respond to constituents who

they can fAsee: 0 donors, |l obbyists, and cre
Morozov, White, and Miler have emphasized the effectivenesglbfanticulated

and moneyed campaigns over fAslacktivism.o

however, require luck, ingenuity, or earned ethos. Activist Kristen Mink, in an example

of luck, was able to give the final push to remove fossil fuelj@blscott Pruitt out of

the office of the Administrator of the EPA after accidentally running into, and then

publicly confronting him while her husband recorded the encounter on her phone in 2018.

The video went viral. In an example of ingenuity, wheruttamds of daily emails, phone

calls, and faxes started flooding one Repu

presidential election, to the point where the office was no longer able to count the

messages, Acreati veo sdichhikersiinsidepizza deliveriesttch e i r

the Congress (Schulz 2017). In an example of earned ethos, Dr. Gerry Galloway, research

professor at the University of Maryland, serves as an expert to municipalities planning for

the effects that sea level rise (pecomm. 2019). The developer of Resistbot, one online
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advocacy system, would not question the importance and laudability of these examples,
but would also name them examples of privilege (Putorti 2019). While Resistbot has, in
the past, been guilty of emwhelming representative offices with faxes and disengaging
policymakers, today, it delivers messages over a new electronic system recently created
for, and advertised by, Congress, called Communicating with Congress (CWC; U.S.
House of Representatives12l). Responses by congressional offices to a 2015 survey
administered by the Congressional Management Foundation (2017) show electronic

Ai ndividuali zedo messages, |i ke those cour
influence on undecided positiorfsan postal letters, editorials, telephone town halls,

phone calls, lobbyist visits, and form letters. Only (3p@rson visits by constituents, and

(2) contacts from constituent representatives, are more effective. The new system cuts the
papergap; but he messages still need to be read.

This literature shows: (1) Petitions and lettgiting campaigns are inherently
organizing tools that help organizations recruit and engage members. Organizations that
track the number of messages individuals send,ftirereare collecting one measure of
organizational engagement. (This study shows that, with text analysis, the words in the
messages that organizations collect are as important, or more important, than the count of
the number of messages.) (2) While floaglcongressional offices with form letters
disengages them, Congress has told the Congressional Management Foundation that
personal , Aindividuali zedd messages sent t
system influence their positions on undecided issuae than most other forms of
communication that they receive. These findings show that Congress can now more

conveniently run texainalysis on the messages that they receive. While this study focuses
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first on the importance of messages to advocacy orgamsats described in the
introduction, policymakers have access to an equally unique set of messages: messages
coming from different organizations.
2.2.  Custom, Individual, Personal, Testimony
The Social Change Agency (2017a) with Sandhu (2017) show that weeailike
European Parliament (MPs) agree with the U.S. Congress. Personal stories are important;
barrages of i mpersonal form |l etters are no
that truly centre the voices of lived experience have the potémti& groundbreaking.
However, there is currently little space for those with lived experience to genuinely speak
to power using their own voiceso (2017b) .
|l ived experiences il ost .tovies@srega testimonyntde, bey o
Social Change Agency tells advocacy organizations that successful campaigns are led by
those directly affected by them, and suggests ways to putting those directly affected by
campaigns in organizing and leadership positidhgir findings encourage participatory
project management, and encourage existing leaders to see themselves as allies of those
with lived experiences.

|l f Arnstienés filadder of citizen partic
engagement ladder g&ection 1.1) were constrained to only the types of messages
people send to their representatives, unsigned petitions and form letters without reliable
contact information would sit on the bottom rung of the ladder. Messages individualized
with contact ifiormation would sit above those, then customized form letters above those,
then personal messages, which have perseaatlyored words attached to them, above

those, then personal stories, which express lived experiences and could be used as
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examplesind gal testimony, at the top. This diss
Acustom messages, 0O Apersonal messages, 0O an
different types of messages. They are detailed in Section 3.2.
2.3. Lost Voices and Secret Lives: Persai Stories and Personal Pronouns
Whil e the Soci al Change Agency | abels indi
the title of their publications (2017a, 2017b), Pennebaker says pronouns, among other
words, have nAsecr ebok(201%).drgecestingno thiststady,t i t | e of
personal stories use personal pronouns. Further, Pennebaker has shown people who are
suffering frequently use Al 0 words. Althou
manually identify people suffering from a conditj such as asthma from air poor air
guality, and then test them for their use
expressing |lived experiences, and this stu
of organizational engagement. Pennebaikernatively, shows people who are focusing
on a task tend to use | ow -pemstnesimgularf Al 06 wor
pronouns | i ke Ahe or sheodo exprespersdnri ends
plur al At hey o pr ontoputradversarakparties @ partiesyhataha t h o
author is worried about at a distance from themselves.

In development and application of the text analysis tool, Linguistic Inquiry and
Word Count (LIWC 2018), Pennebaker has shown relationships betweesetbé
different types of personal pronouns in journal entries and social status. Of interest to
nonprofit organizations, and likely to the Social Change Agency, he suggests that future
research could show correlations between the use of personal prandunslividual

|l eadership traits. Robinson (2013) wused LI
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course introductions at the beginning of a semester can be used to predict final semester
grades. The test of the first hypothesis in this study employ<LiWtount and

categorize pronouns in personal advocacy messages. It tests if there are relationships
between the use of personal pronouns and the number of messages people send as a
measure of organizational engagement.

2.4. Listening to Power Before Listeningto Those Speaking Up to It

Whil e writers have used fAweoO -pessonrgeipefr t o i
people, in this study, none of them penpadalis majestati® t he royal form o
into any of their messages. Researchers, however, love analyzing thoseliodajght

have used the term long ago. Lenard (2016) uses LIWC to look at gender differences in

how representatives in the 113th U.S. Congress use pronouns in representing their
constituents and Jones (2017) does this for Hillary Clinton. Lenard shows male
politicians use the pronoun Ayouo more tha
gender differences exist in the use of other pronouns. She does show, however, all
politicians frequently use Al 0 wordsg in fo
Clinton from 1992 to 2013 spoke with an increasingly masculine pronoun vocabulary,

with |l ess and |l ess Alo words (4.34% to 2.7

(@)

3.44%). Jones also illustrates Pennebaker
describe friends vs. adversaries. Jones does this with an extreme example of how
President Donald Trump references his family and executives witipérsbnpersonal
pronouns, such as fimy, 0 wigrlboeplbe pairsti @sc as

at icle Athed in referencing fAthe gays, 0o datl
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Pronoun analyses can be contradictory with each other. While Jones and
Pennebaker (2011) associate Al o words with
et al. (2013) calls themmasculine words. In another example, Pennebaker faults
presidenti al candidate John Ker rfistipersors pe e c h
plur al Awed words in greater frequency (Pe
advice led to lower ratings. The speech writers, defending themselves, might have called
the style inclusive, natosism Ruijuan (2010), alternatively, credits Presidena@ba 6 s
frequent use of Aweod in conversational pat
Ai nti mate dialogo during a presidential vi
relationship between the use of Alp words
bet ween fiwedo words and engagement would su
political activists speak in the more masculine form that Jones (2017) shows politicians
leaning toward. (Jones points out President Trump is a notable, sole outlier; fisstises
person singular Al 0 words at wvery high rat
2.5. VADER and Flesch Ease of Reading Tests
As described in the introduction, while summarizing results from Objective One, this
study noticed examples of swear words, negative words, short messages, aral mini
punctuation from contacts who were not active members. These observations, and advice
from sociologist Wojciech Sokolowski (pers. comm. 2019), inspired an exploration
between popular rilbased sentiment and writing complexity. Frame alignment thaory i
nonprofit research (Snow et al. 1986, Sokolowski 1996) supports the idea that individuals

may adopt the language of organizations that they belong to. If an advocacy organization,
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for example, uses positive language in their communications with theibenem
engaged members may also use positive language in writing policymakers.
Researchers have used sentiment analysis on Twitter data to evaluate project
acceptance (Ding 2018) and estimate damage of natural disasters (Li et al. 2019).
Valence Aware Dictnary and sEntiment Reasoner (VADER; Hutto and Gilbert 2014)
was selected among other sentiment classifiers for its logicabasked model. It
considers a dictionary of words, crowdlidated as positive or negative. It was made
specifically to evaluatsocial media messages, which are similar to many of the online
messages in this study. Its lexicon, openly available to browsing on GitHub, contains not
only words, but also emojis, emoticons, and netspeak. Unlike netieorked models,
individual VADER scores are easily explained, and the VADER project authors give
clear guidance on how to interpret them. VADER reports positive, negative, and
compound scores. Project authors recommend testing messages on their compound
scores: Messages with compound ssabove or equal to 0.05 are positive; messages
with compound scores below or equat@®5 are negative; other messages are neutral.
VADER is accessible with Python via the Natural Language Toolkit (NLTK; Bird et al.
2019). This study pilots the validan of VADER with a random sample of 400 messages
and six human reviewers. Appendidescribes the validation process.

If VADER is the standard for lexicddased sentiment analysis of short
messages without machine learning, then Flesch (1948) readtdsits are the same for
assessing readability of a passage of text. Flesch ease of reading scores are based on the
number of syllables per word and the number of words per sentence in a message. As

shown in Section 5.4, Flesch scores are tied to eduaggtaaie levels from graegchool
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reading levels to college graduate reading levels. The Bureau of Labor Statistics (2015)
shows that education is the best indicator of citizen volunteer rates among other
predictors factors, including age, race, marriagiédien, and employment. If writing
grade level is an indicator of education, and if membership is an indicator of
volunteering, then this study should expect, therefore, people who write at higher grade
levels to have higher membership rates.

For policymalers and civil project managers, text analysis of messages sent
directly to them may tell them different things than messages observed on Twitter. If
relationships between messages and membership exist, and policymakers have messages
segmented by communioat channel, policymakers may then be able to assess the
strength of individual advocacy groups delivering the messages in addition to public
sentiment. For advocacy organizations, relationships could be used to directly address the
need that they have smggest next steps to individuals, with minimal information, after

they send a message.
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CHAPTER 3. METHODOLOGY

3.1. Approach
This study begins by employing basic, exploratory, deductive research methods to
achieve Objective One introduced in Chapter 1 (Section 318kt# three hypotheses to
investigate relationships between the number of messages that contacts send and the
following message and text metrics:

1. The use of pronouns

2. The number of personally authored messages

3. The length of messages that contacts write
Thetotal number of messages that contacts send is the first measure of engagement to
which this study relates text predictors. In conducting these initial tests, tangential,
incomplete observations of message frequency, message content, and organizational
membership status of message authors inspire notions that membership rates increase
with the following message and text metrics:

1. The number of messages contacts send

2. Personal stories in messages

3. Positive message sentiment

4. Message writing complexity (i.e. wing grade level)
These conjectures, along with education and volunteering data from the Bureau of Labor
Statistics (2015), and along with and frame alignment theory (Snow et al. 1986,
Sokolowski 1996), encourage additional explorations into messagetprsdf
membership (Section 3.4, Chapter 5). This study labels these additional explorations as

Objective Two explorations. It begins these additional explorations by calculating
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baseline membership rates (rates of dues paying members) for contactsl drpthee

number of messages and the number of personally authored messages that they send

two message metrics that require no text analysis. Next, it compares these baseline
membership rates to membership rates of groups of contacts using lower andateghe

of pronouns, personal stories, positive sentiment, and complex sentences, with the

following tools: Linguistic Inquiry and Word Count (LIWC), expert judgement and

regular expressions, Valence Aware Dictionary for sEntiment Reasoning (VADER), and

the Fl esch ease of readi ng-SquaredtesttoTdiernsne st udy
whether membership differences for these groups of contacts are significant.

From an applied research perspective, conditions that create the largest groups of
contacts, with the highest membership rate differences from their alternatidéion
groups, are, alone, the best predictors of membership and candidates for the future
development of a predictive engagement model. In an applied, methodical, search for
conditions (i.e. patterns), sans any theoretical basis, this study concludes Objective Two
explorations with the calculation of membership rates of (a) 10,000 groups of contacts
using or not using the 5,000 most popular words found in messages and (i) @frou
contacts using or not using words from each LIWC dimension.

The study alternates between deductive and inductive reasoning in exploring
message metrics and text metrics indicative of two types of organizational engagement:
the number of messages cacrts send (Objective One) and organizational membership
(Objective Two). Observations made while completing Objective One tests informed the

development of Objective Two tests.
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While theappliedneeds of environmental advocacy organizations, policymakers,
and advocacy service providers motivate this study, the lack of research in predicting
organizational engagement from message analysis and text analysis of advocacy
messages sent directly to policymakers (vs. publicly on social networks) drivesstbe
research goals to describe data and test theories found in related studies. The most
applied methods that this study employs are the tests of membership rates for groups of
contacts using popular words and the tests of membership for groups of contagts usi
words in LIWC dimension dictionaries. Futu
findings to develop organizational engagement prediction motkeiée3.11
summarizes the variables, data, and methods that this study uses, for the two objectives,
to study the relationships between message predictors and the two measures of

engagement. Section 3.3 lists the tools that this study uses to accomplish these tasks.
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Table 3.1.1 Independent Message Predictor Variables and Dependent Engagement

Variables
Objective One Objective Two: Exploration
Measure of Number of Messages Contacts Send Membership Rate
Engagement
dependent Number of contacts in a group that
variables are members divided by the total

number of contacts in that group

Message and
Text Predictors
of Engagement
independent
variables

(Test results in
parenthetical

Pronoun Use Rates (Section 4.1)
Personal Message Rate

(Section 4.2)

Average Message Length
(Section 4.3)

Number of Messages (Section 5.1.1)
Use of Pronouns (Section 5.1.2)
Message Length (Section 5.1.3)
Personal Stories (Section 5.3)
Writing Complexity (Section 5.4)

E5. Sentiment (Section 5.5)

E6. Popular Words (Section 5.6)

E7. All LIWC Dimensions

section (Section 5.7)

references)

Methods Objective One methods review data, Objective Two methods define

Overview construct databases, group contacts  membership baselines and
by the number of messages that they significant membership difference
have sent, top-code contacts who scales, group contacts by predictor
have sent over 20 messages into a variable rates, calculate membership
single group, calculate lumped rates for these groups, and compare
predictor variable values (pronouns these membership rates to baseline
use rates, personal message rate, membership rates
average message length) for each
group, and describe correlations and
trends to test hypotheses

3.2. Data: Terms, Collection, and Database Construction

This section begins by describing the original data collected by this study and discusses
how, without access to contact tables, to use contact data in message records. It then
defines message terms required for understgnslibsequent method descriptions in this
chapter and findings in the results and conclusion chapters. This section, most

importantly for this purpose, defines distinctions between all messages, custom messages,

personal messages, and personal storieall¥ithis section describes the data collection
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period, schema for database fields required by this study to conduct analyses, and
guidance on database constructing for future studies.

3.2.1. Original Data: Contact Data in Message Records

Original study data iclude over two million messages and nearly 500,000 originally
authored messages from over 150,000 individuals across the U.S. (Appgntie
messages support sustainable civil and environmental policies and projects. While many
messages to publafficials are public information, collecting messages requires
coordination with both organizations encouraging messages and the software service
providers delivering messages. Messages in this study have been collected by these
advocacy organizations asdrvice providers through a variety of website services, CRM
databases, and chatbot reports.

After being prepared for testing hypotheses, data consist of message and contact
tables. Message tables contain records of advocacy messages that contacts send the
policymakers. Message records include both the messages themselves and metadata
about the messages Metadata include fields for the systems that messages are sent

through, such as CQuifps://cgrolicall.con), Capwz (now obsolete), Salesforce

(https://www.salesforce.coim/Convio (ttp://www.convio.con), Facebook

(facebook.com/), and custom campaign websites built around CiviCRM

(https://civicrm.org). Metadata also include fields for advocacy topics, such as air and

water quality, climate change, energy, transportation, water supply, wildlife, birds, and
ivory. Contact tables contain records ebple that advocacy campaigns have interacted
with. Contact data include the online advocacy systems that contacts have used, their paid

membership statuses, event attendance information, and other demographic information.
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With the messages table and thatacts tables, this study can define message and text
metrics for each message, lump message metrics into contact message metrics, and lump
contact message metrics into contact group message metrics.

While this study would have ideally started with twables, one for messages and
one for contacts, most contact data was originally stored in message table fields and this
study extracted it into a contact table via unique contact IDs. Future studies may
encounter this problem. While it is safe for research@ assume all contact relationship
management systems have tables of contacts, contact reports are not always available or
easily generated by advocacy product managers for privacy, convenience, and system
compatibility reasons. Some advocacy serviaeiglers, for example, do not retain or
report contact tables for older campaigns at all. Advocacy organizations, additionally, can
have separate membership management and online advocacy systems for which contact
IDs are separate. While this study had asde partial information from contact tables, it
relied on contact metadata stored in message records.

Retrieving contact information dispersed in multiple message tables requires more
work than retrieving contact information from a single contact tétbtequires more join
gueries and more logic to handle discrepancies. It is also storage inefficient. For example,
the birthday and gender values that contacts report do not usually change and should
generally be stored in contact tables, not messagestdiiies study did notice, however,
that future work could use some contact data when it is stored in message tables.
Multiple, timestamped records of a contact membership statuses, for example, could help
test a temporal engagement hypothesis in the futugethe relationship between

advocacy message frequency and membership renewal times. Changes in mailing
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addresses recorded in an action table, furthermore, could aid future spatiotemporal
studies, such as the study of relationships between addregeshimcations of coal
fired power plants, and related personal stories in messages.

Organizations and service providers continually clean their databases to maintain
data accuracy and consistency. For this study, they have previously both checked, and
protected input fields that collect, the data used in this study for duplicate contacts,
human entry errors, and ndwumans (e.g. spam bots). Additionally, name fields, phone
number fields, email fields, complete address fields, and other personally itémtifia
information have been removed prior to the analysis of messages. Finally, some of the
example messages used to illustrate points in this dissertation (not analyzed data) have
been modified to preserve the privacy of the message authors.

3.2.2. Messages Categyp Terms: Messages, Custom Messages, Personal Messages,

and Personal Stories
This study divides messages into three principal categories: (1) not custom and not
personal messages (1,586,252; abbreviated NOTCORP messages), (2) personal messages
(491,027, abbreviated PM), and (3) custom messages (122,345; abbreviated §s¢CM).
Figure3.21. The first category of messages, not custom and not personal messages, does
not contain individually authored text. This study, therefore, cannot perfornmizysis
on messages in this category to describe i
Policymakers treat thes®mn-customized, prewritten messages more like petition
signatures than individual letters. They devalue these messages (Section 2.1).

The second category, personal messages, contains messages originally authored

by message senders. Some personal messages
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experienceso (Sandhu 2017) concerning the

aut hor $hi stidy pegosms text analysis on all personal messages.

Finally, the third category, custom messages, contains prewritten messages (i.e.
form letters) that individuals have edited. Future studies may be able to extract the
individually written part otcustom messages for text analysis.

While contacts could have customized or attached personal messages to many
NOTCORP messages before they were sent, data records do not reveal if some
NOTCORP messages lacked the option for contacts to customize thteial,|data
consists of 2,199,624 messagqsersonal, customized, or riotvhich were sent by
690,631 unique contacts (an average of 3.6 messages per contact). Of these, 194,409
contacts have sent personal messages. A very small number of personal snessage
(0.015%) in the data have custom messages attached to them. This study categorizes
these messages as PM for text analysis, not CM.

Beyond these categories of messages (NOTCORP, PM, and CM), this study
further categorizes and describes personal mesdagjbpbjectively and subjectively, to
define potenti al predictors and measures
field in message records, which contain words that comprise the body text of each
personal message, several potential linguistdiptors of engagement and descriptive
metrics can be derived. First, counting the number of words in this field yields a word
count (WC) value. Then, with the LIWC tool, this study learns about the percentage of
words used in each message across LIWGodiaty dimensions, including the pronoun
dimensions pertinent to Hypothesis One and family dimension pertinent to Objective

Two. LIWC also calculates words per sentence (WPS). WC and WPS are both objective

34

(0]



message metadata. While the selection of word$WC dictionaries are subjective, they
have been developed and refined by past research (Pennebaker et al. 2015). Given these
dictionaries, the calculation of LIWC rates are objective calculations, reported as
percentages of dictionary words in individua¢ssages (from 0% to 100%). These
calculations enable messages to be compared to each other, lumped-auiataetrrates,

and compared to messages in other corpuses.

72%

1,586,252 Not Custom and
Not Personal Messages
These messages include petitions
and do not include individually
authored message text

Personal messages

22% contain personal stories
- a subjective category

491,027 Personal Messages

These messages contain text v

authored by message senders.

This study performed text
analysis on these messages

o
6%
122,345 Custom Messages
These messages contain

prewritten letters edited by
message senders

Figure 3.2.1 Message Categories

This study divides 2,199,624 total messages into three top level categories: not custom and not
personal messages (1,586,252), personal messages (491,027), and custom messages
(122,345). Personal messages contain subjectively categorized personal stories.
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3.2.3. Collection Period

This study collected messages that were sent between July 1, 2017 and October 31, 2018
for one set of data and from 2012 to 2014 for a smaller set. For the messages that this
study collected in 2017 and 2018, this study ctdld personal (PM) and custom

messages (CM) messages between July 1, 2017 and October 10, 2018 (16 months) and
other (NOTCORP) messages between July 1, 2018 and October 10, 2018 (four months).
This study computed LIWC scores for personal messages andlusegbsages to

compute the number of messages sent per contact as a measure of engagement. The
results for testing Hypothesis One describe the effects of limiting the analysis of
messages to those sent during the personal messages time period andgexcludin
NOTCORP messages completely.

3.2.4. Database Schema

3.2.4.1.Messages Table

After preparing data for analysis, the messages table contains the fields sA@htein

3.21 necessary téirst test the three hypotheses defined by Objective One and, second,

test the relationships defined by Objective Two explorations.
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Table 3.2.1 Messages Table

Field Description

Message ID Unique, primary key (integer)
Contact ID Contact key (integer)
Message Text

Message category

VADER Score
Flesch Reading Ease Score

Personal, custom, not personal or custom
enumerated values (enum)

Sentiment score from -1 to 1 (float)

Score (float)

LIWC Rates Percentages of words (float)
1 Pronouns
1 Personal Pronouns
o FirstPer son Singu

Pronouns

o FirstPer son Pl ur a
Pronouns

0 Second-Per son fiYo
Pronouns

0 Third-Person Singular
AHe/ Shed Prono
o Third-Per son Singi
Pronouns
1 Impersonal Pronouns
The Contact ID field identifies unique contacts. It is a necessary field for summarizing
message data for individual contacts, which, in turn, is necessary for summarizing groups
of contacts who have sent the same number of messages. 3$sgmeategory field is
necessary to determine which messages have personal messages attached to them so that
this study can determine linguistic properties authentic to their authors. (Note: While
message category is expressed here as a single fieldnynstudy calculations, message
category was expressed with multiple categuayned tables fields for query
convenience, efficiency, and readability.) This field is also essential to testing Hypothesis
Two i the relationship between personal and all messafjthough Objective Two

methods look at relationships between each LIWC pronoun dimension and engagement,

the test of Hypothesis One only required usage percentages for the personal pronouns.

37



3.2.4.2.Contacts Table

After preparing data for analysis, the congaetble contains the fields frable3.2.2.

Table 3.2.2 Contacts Table

Field Description

Contact ID Unique, primary key (integer)

Member Boolean field describing if a contact has ever been a
member at the time of sending a message

Number of Personal Messages Number (int)

Total Number of Messages Number (int)

Average LIWC Rates Average percentages of words (float)

1 Pronouns
M Personal Pronouns
o FirstPer son Sir

Pronouns

o FirstPer son Pl L
Pronouns

o0 Second Perso
Pronouns

0 Third-Person Singular
AfHe/ Shed Pro
0 Third-Person Singular
ATheyo Prono
9 Impersonal Pronouns

In addition to the fields for the contacts table listedable3.22, the following fields
contribute to calculation checks:
T Number of custom messages (int)
T Numberof not personal or custom messages (int)
The Contact ID field is a unique ID necessary to relate contacts and messages. The
Member field is @8Boolean field indicating if the contact has ever sent a message during
the study time period while having an aetiv me mber shi p st atus, wher
membership status is active for a year after paying membership dues for it. The two
number of message fields (personal, total) are group summaries of message data
described in the message talllalfle3.21). Like the number of message fields, average

LIWC rates are summaries of data from the contact table. The number of message fields
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and the average LIWC rate fields speed up amslgspecially for large sets of messages
(>100,000), but may be replaced with SQL queries to join message table data to contact
data.

3.2.4.3.Additional Fields

Beyond the essential fields listed above, other fields were available in the messages table
from the cta that were not used. They could be used in future work as segments, drivers,
and measures of engagement: message type (e.g. petition), message issue (e.g. energy
policy, ivory, plastic straws, whales), contact gender, contact device (mobile or not),
adwocacy system (e.g. CQ, Convio, etc.), membership level (e.g. student, limited income,
standard, big donor). Note that most <cont a
standard membership level. (See the introduction to Chapter 5 for more informati

about membership levels.)

3.2.5. Database Construction: Creating Message and Contact Tables

As described above, this study did not begin with the ideal messages tables and contact
tables needed to test hypotheses showing the relationship between messatgsattrib

the number of messages that contacts send as a measure of organizational engagement;
original data were composed of message records, with contact metadata inefficiently
attached to these message records. Further, data were split across sevarad filelds

were untypetlin commaseparated/alue (CSV) text files. The first step this study took

was to combine files with similar fields in a database. In doing so, it assigned types and

! That is, initial data were not composed of structured data formats with types (e.g. integers, dates,
text, etc.), like they are in a datse.
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keys to database fields. To do this, Excel and the followytigdd packages were used:
Sys, Os, Pandas, Numpy, Datetime, Pymysql, Sglalchemy, and Scipy.

First, ten CSV files containing personal (PM) and custom message (CM) records
and four files containing other (NOTCORP) tables were manually converted into
standardexcel XLSX format by opening the CSV files in Excel, removing extraneous
summary text at the end of each file, and cleaning up the first row of each spreadsheet to
make sure each firsbw cell was correctly labeled as a field name with respect to its
coumnds rows. During this process, Excel au
each field. It correctly recognized and typed most dates, numbers, and text. As expected,
it did not assign more specific information to fields, like floating point pretig&ues to
numbers or character sizes to text.

Next, this study imported data into Python Pandas objects for exploration and
conversion to MySQL tables via the Sglalchemy Python package. (For comparison,
creating Pandas objects directly from CSV filesmiite Pandas read_csv module
worked, but did not automatically type data as well as preprocessing the data in Excel.) A
Python script iterated through each Excel file and added each message record into one of
two MySQL tables one for personal and custanmessages (coded CMPM) and one for
other messages (NOTCORP). MySQL was then used to confirm the uniqueness of
message IDs. Queries to count unique message and contact IDs revealed that IDs from

some sources were case sensitive, so this study set theoodliéithese keys

2For an introduction to database coll ations, S e ¢
Set s, Co | | a thitpe/MmMev.mystl.noimlac/detnan/8(0/en/charsethtml
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accordingly. Additional database instructions then set primary and unique indices on both
the message and contact ID fields of these message tables.

This study then grouped messages by Contact ID across both CMPM and
NOTCORP message tas with the MySQL GROUP BY command to create a unique
contact table with summary contact fields. It used MySQL functions COUNT, AVG,

SUM, and IFNULL to calculate summary metrics like the sums of all messages, personal
messages, and customized messagédwindntact table. For each contact, this study set
contact gender to the last value of gender reported by the message table. A concatenation
function created a field of all personal message text for each contact, which acted later as
a calculation check tbughout the analysis (e.goublecheckingpronoun use rates

among message words for contact outliers using high and low rates of pronouns).

After this study created the contact table, this study used LIWC to assign word
count rate scores (i.e. percentggenoun words per message) and summary scores (e.g.
total word count, words per sentence) to each individual personal message. To do this,
Python scripts were used to tabulate message IDs and corresponding message text from
the database into an Excel fite LIWC. LIWC made a copy of this table and appended
its linguistic scores to each record. Python was then used in a reverse operation, to import
the scores into a new database table. JOIN and GROUP BY functions were then used to
calculate the average dstandard deviation of scores for each unique contact. In
retrospect, LIWC scores could have been calculated before contact tables were created to
shorten the procedure described thus far, but isolating the linguistic analysis both limited
potential memor problems and avoided any problems of inputting irrelevant data into

the LIWC program (e.g. contact id, contact metadata, message topic, etc.).
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3.2.6. Example Database Construction

Meet Lisander Snodgrass, Bowser Lemans, Gu

They are four fictitious environmental advocates who have sent messages to their

congressional representatives in two different campaigns, reported by two different

advocacy systems ihable3.23 andTable3.24. Using their messages, this section

provides a simplified example of preparing dataafiealysis through the construction of a

database containing a combined messages table and containing a derived contacts table

(Table3.25, Table3.26). Throughout this example, table rows related to Lisander

Snodgrass have been highlighted to emphasize database operations and calculations.
While the norfictitious study in this diss&ation began with a message table

already prepared, containing unigue message IDs, unique contact IDs, and personally

identifiable information removed, researchers repeating this study with their own data

may need to prepare data themselves and make assose distinguish unique

contacts. In this example, sourtable3.23 contains fields for message ID (ID),

message, contact ID (CID), email, and member. Sotabée3.24 only contains

message, email, and member fields.
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Table 3.2.3 Example Source Messages
ID is message ID; CID is Contact ID

ID Message CID Emalil Member
1 Thank you for your support 1 Lisander.Snodgrass22@example.com Yes

2 NULL 2 Bowser.LeMans@thimbleweed.pl Yes

3  NULL 1 Lisander.Snodgrass22@example.com No

4  We are affected by this issue 3 Guybrush.Gilbert@mymonkeytownusa.me Yes

Table 3.2.4 Example Source Messages

Message Email Address Member
Save the whales! Lisander Snodgrass No
| love whales! Whale Lover Gene No

Future studies may be forced to use contact identifiers like email, phone number, full
name, and address to distinguish individuals and eliminate duplicate contact records. In
this exampleTable3.24 contains no contact ID field, so email is the best contact
identifier for these two tables. Even if unique contact IDs are given, if one other unique
identifier is given, COUNT and DISTINCT commands should be used to thlelek
consistency between the contact identifiers. Database operations on these tables yield a

combined messages tableable3.25).
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Table 3.2.5 Example Combined Messages Table
This message table, along with contact Table 3.2.6, are the results of combining message source
tables (Table 3.2.3 and Table 3.2.4).

Source
ID Message Type CID Table Name
1  Thank you for your support Personal 1 1 Lisander Snodgrass
2 NULL Not Personal 2 1 Bowser LeMans
3 NULL Not Personal 1 1 Lisander Snodgrass
4 We are affected by this issue Personal 3 1 Guybrush Gilbert
5 Save the whales! Personal 1 2 Lisander Snodgrass
6 |love whales! Personal 4 2 Whale Lover Gene

Table 3.2.6 Example Derived Contacts Table
This contacts table, along with messages Table 3.2.5, are the results of combining message
source tables (Table 3.2.3 and Table 3.2.4).

Not Personal Personal
ID Messages Messages Messages Member Name
1 3 1 > 1 Lisander
Snodgrass
2 1 1 0 1 Bowser LeMans
3 1 0 1 1 Guybrush Gilbert
4 1 0 1 0 Whale Lover Gene

In this database construction example, note that there are no customized messages (CM)
and that finot personal messageso are si mi
s t u @guél slataTable3.25). Also notice that the resulting contacts taflake

3.26) categorizes Lisander Snodgrass as a meb#xause the original message tables

report him as paying for membership dues at least one time, even though it also reports

him as a normember one time. (This study categorizes contacts among the actdal, non
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fictitious data in this same waylabeling a ontact as a member means that the contact
has been a member at least once during the study period.)

After this study constructs message and contact tables similar to example tables
(Table3.25 andTable3.26), it is ready to continue analysis by calculating and storing
LIWC, VADER, and Flesch scores as message fields in the dat&hase this is
complete, contacts and groups of contacts are ready to be queried by predictor variables
and the two measures of engagement (fAmessa
table. The following sections, describing Objective One, continigeekample.

3.3. Objective One Methods: Relationships Between Messages and the Number of

Messages that Groups of Contacts Send
Objective One focuses on relating three message metrics (pronoun use rates, personal
message rates, and the average medsagth) to the number of messages that contacts
send. This section describes the methods that this study uses, considerations for lumping
text metrics for contacts and groups of contacts, and example calculations. It contains the
following subsections:

1. Hypothesis One: Personal Pronouns (Section 3.3.1)
2. Hypothesis Two: Personal Messages (Section 3.3.2)
3. Hypothesis Three: Message Length (Section 3.3.3)
4. Example Objective One Calculations (Section 3.3.4)
3.3.1. Hypothesis One: Personal Pronouns
3.3.1.1.Procedure
To begin relatig pronoun use rates with the number of messages that contacts send,

using the database of message and contact tables described above, this study first counts
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the use of personal pronouns in every personal message. It then counts the total number
of wordsin every personal message. To do this, this study,
1. Creates message table fields for each of the eight LIWC pronoun rate dimensions
a. All pronouns
b. All personal pronouns
c. Firstper son singular Al 06 pronouns (e. g.
d. Firstper s on ppranouasl Awe 0
e. Second person fiyoudo pronouns
f. Thirdper son fAshe/ hed pronouns
g. Thirddper son At heyo pronouns
h. Al | i mper sonal pronouns (e.g. fAit, o
2. Creates a message table field for word count
3. For each message record, and for each of the eight LIW@ummatimensions,
counts and stores pronoun use rates (words per message) and all words in the
fields created in step one and two in this list, above
Note: During this process, for exploratory purposes not necessary for answering
Hypothesis One, this studyeates fields and records scores for all other LIWC
dimensions (e.g. rates of swear words, possietiment words, punctuation, etc.). See
Pennebaker et al. (2015) for a complete list of LIWC dimensions.
This study aims to understanglationships between the use of pronouns by
contacts with the number of messages that these contacts send. To this end, it,
1. Creates contact table fields for, and calculates values for, lumped pronoun metrics

and lumped word counts metrics with databasegaad math statements
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C.

d.

Average contact LIWC rate, weighted by message
Contact LIWC rate, for all contact messages
Average message word count, weighted by message

Total word count of all contact messages

2. Groups contacts by the number of messages that #weydent and calculates, for

each of these groups, average, minimum, and maximum LIWC rates and word

counts

3. Top-codes groups of contacts who have sent more than 20 messages

4. Plots lumped contact group LIWC rates calculated in step five of this procedure

aganst the number of messages contacts all sent in each group

5. Calculates Pearson correlations between the lumped contact group LIWC rates

and the number of messages contacts all sent in each group

Finally, this study compares the resulting relationshipscanetlations between group

average LIWC rates and the number of messages groups of contacts send.

3.3.1.2.Lumping Text Metrics: Details and Rationale

This study lumps pronoun and word count text metrics by groups of contacts for contacts

who have all sent the samamber of messages. It first averages text metrics in 491,027

personal messages for each of the 194,409 contacts who have sent at least one personal

message. Second, this study groups these contacts by the total number of messages that

they have sent. tbp-codes contacts who have sent more than 20 messages into a single

group. In this second grouping, taretrics are once again averaged, this time by

contact. Topcoding contacts mitigates problems of high pronoun rate variability in small
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groups of cordcts when calculating averages, viewing plots, and calculating correlations
described in Section 3.3.1.

Top-coding contacts to test all three hypotheses in objective one, and explore
membership in objective two, consists of grouping contacts who havesemthan 21
messages into a single group and calculating lumped message and text messages for
them. Results reported in Section 4.1.2.3 show the importance-obdipg contacts.

Table3.3.1 compares this method to two other methods. Instead of observing
relationships between groups of contacts (Column C), this study could have observed
relationships for either the series of personal messages (Column A) or the series of

contacts who sent personal messages (Column B).

Table 3.3.1 Three Methods to Relate Text Metrics to the Number of Messages that Contacts
Send

Method A. Message Based B. Contact Based C. Group Based
Series Length and 491,027 Messages 194,409 Contacts 21 Groups of
Unit Contacts
Predictor Fields Pronoun rate, word count Contact-lumped Group-lumped
pronoun rate pronoun rate
Engagement Total number of messages sent  Total number of Total number of
Variable by related contacts messages sent messages sent

The messagbased method describedTiable3.3.1 would entail creating a message

table field for, and assigning values to each message record for, the total number of
messages sent by each message6sstuwcoudor i de
compare personal message text metrics (pronoun rate and word counts) to the total

number of messages sent by personal message authors for each of the 491,027 personal
messages. This messaggsed method is problematic in addressing Hypotl@sesof

Objective One. Objective One is interested in the linguistic styles of individual contacts
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and this messageased method does not equally consider the linguistic styles of
individual contacts. Instead, it equally considers the linguistic styleslvidual
messagedMoreover, this messadmsed method considers very short messages and very
long messages be equally reflective of individual contact linguistic styles, while longer
messages are in fact better indicators of linguistic styles.

The conactbased method describedTiable3.3.1 addresses the problems of the
messag#ased method by computing average text metrics per contact. Using this
method, this stugdcan compare lumped text metrics for each of the 194,409 contacts to
the total number of messages that they have sent. The quantity of contacts and potentially
high ranges of pronoun rates in this method, however, could yield hard to read, densely
covered plots of average linguistic scores for each contact vs. the number of messages
each contact has sent. (Section 5.2 further explores this case.) Thédgsedpmethod
that this study used, describedTiable3.3.1, addresses the problems with the contact
based method by summarizing text metrics for each group of contacts with average text
metrics. Trends are easier to identify in plots of 21 group pronoun rates thlatsiof
194,409 individual contact pronoun rates. (Section 5.2, along with membership data,
explores trends for ungrouped contacts.)
3.3.1.3.Short Example for Calculating Average Pronoun Rates for Groups
In a hypothetical sample of two contacts, for the categbal personal pronouns, if the
first contact sent five messages, two personal and three pstiyilermessages, with the
two personal messages having 3% and 5% rates of personal pronouns, that first contact
has an average personal pronoun rate of #i#feelsecond contact also sent five

messages, but all personal, and with the rates of personal pronouns of 4%, 5%, 6%, 7%,
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and 8%, that contact has an average personal pronoun rate of 6%. Given these are the
only two contacts in this short example, an egknfigure of group pronoun rates would
show a single point at 5% personal pronouns (ordinate) for contacts who have sent five
messages (abscissa): ( (3% +5%) /2 + (4% + 5% + 6% + 7% + 8%) /5) / 2 = 5%.
Averaging message metrics weighted by contaasyeach contact an equal influence
over a contact group average regardless of the number of messages that they send. An
unweighted average across all messages, alternatively, gives contacts who send more
personal messages more influence on the averagauriteighted average of all
messages in this example would be influenced more by the second contact, who sent five
personal messages, than the first contact, who sent two messages. The unweighted
average of 3%, 5%, 4%, 5%, 6%, 7%, and 8% is 5.4%. Whgautiweighted average
can summarize messages of a group of contacts, it does not directly address the objective
of this research to study individual contacts. Cortegighted averages, conversely, both
directly describe contacts and can be compared tesatuiterature that also do so.
These contaetveighted averages also soften the effects of outlying contacts who may
send a high ratio of personal messages to other messages, with an unusually high or low
percentage of words in a particular category.
3.3.1.4.Hypothesis One Method Development: Spreadsheet LimitationsCading,

and Software
This study initially used Excel spreadsheet pivot tables to pilot the processes of grouping
contacts by the total number of messages sent, and plotting LIWC group average rat
against this metric. This worked, but slowly, and due to software constraints, only for the

set of personal messages (vs. all messages) and only for summarizing a partial number of
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LIWC scores per database sheet. Results from this precursory anatysesishe

per sonal pronouns fAweodo and fiyouo were rela
sent, but did not account for all messages (NOTCORP messages) sent. This spreadsheet
process required creating new pivot tables for each pronoun metric to aveadspret

software and memory limits. (Rendering computation results as spreadsheet views is
slower and requires more memory than storing values in a database result objects.) In
addition to looking at personal pronouns, average LIWC dimensions were pigiiedt

the groups of contacts who have sent the same number of messages. These plots showed
a potenti al negative relationship between
and the number of messages sent by contacts. Although no other trenftsuweye

spreadsheet plots revealed some high ranges of text metrics for groups of contacts who
sent high numbers of messages. The spreadsheets showed the number of contacts in
groups of contacts who sent high numbers of messages are low, and this thepiogd

coding methods that this study ultimately used.

To more efficiently test Hypothesis One, to check the initial spreadsheet
observations, and to begin exploration into the correlations between the number of
messages contacts sent and all LIWC dinmrssithis study used Anaconda, a collection
of data science Python packages. It used Spyder to create a Python script to rapidly plot
LIWC dimensions against groups of contacts who have sent the same number of
messages. This script relied on Pandas, aathatlysis library, and Matplotlib, a plotting
library. Next, this study used Orange3 to review summaries of these data in several ways:
Orange3 automated initiating Python scripts and SQL queries. Orange3 filtered results by

group size; specifically, beferthis study ultimately tepoded groups of contacts who
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sent more than 20 messages, it used Orange3 to filter our groups of contacts with small
numbers of contacts in them. Orange3 plotted correlations and calculated correlation
coefficients for each LIW@imension and for each group of contacts who have sent the
same number of messages to their policymakers. Orange3 tabulated the correlation
coefficients for every group average LIWC dimension and the number of messages sent
by each group. Both the graptreated in Spyder with Pandas and Matplotlib, and the
graphs created in Oranage3, confirmed the preliminary results from the spreadsheet
analysis for personal messages only, and for the larger sets of NOTCORP messages. The
following chapter reports result¥his study used the same tools that were used to test
Hypothesis One test Hypothesis Two and Hypothesis Three. Section 3.5 lists all tools and
their website addresses.
3.3.2. Hypothesis Two: Personal Messages
The originally proposed procedures festing Hypothesis Two prescribed
1. Calculating, for each contact who sent at least one personal message
a. The number personal messages that they sent
b. The ratio of the number of personal messages that they sent to the number
of messages that they sent thatmid have a personal message attached to
them
2. Plotting the number of messages sent by each contact against the two potential
predictor metrics calculated in step one
This procedure produced plots that hinted at relationships, but revising the procedure to
average the number of personal messages sent and average the ratio of personal messages

sent for groups of contacts who have sent the same number of messages, with the same
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groups used to test Hypothesis One, revealed a clearer picture. Following final
procedures to test Hypothesis Two, this study
1. For each contact, calculates
a. The number of personal messages sent by the contact
b. The number of total messages sent by the contact
c. The rate of personal messages sent by the contact
(the ratio of the two previous Icalations)
2. For groups of contacts who have sent the same number of messages, calculates
a. The average number of personal messages sent for all group contacts
b. The average rate of personal messages sent for all group contacts
3. Plots the twogroup metrics caldated in step two, above, against the number of
messages sent by contacts in each group
4. Compares the average rate plots with consideration to the number of contacts in
each group
3.3.3. Hypothesis Three: Message Length
To test Hypothesis Three, the relationghgtween the length of each message and the
number of messages sent, this study uses the same groups used for testing hypotheses one
and two. This study
1. Uses word count as a measure of message length
2. Plots average word counts for groups of contacts agamstumber of messages
sent by contacts in each group (both variables calculated during the test for

Hypothesis One)
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3. Compares average word count points in the plot created in step two with
consideration to the number of contacts in each group of contaothave sent
the same number of messages

3.3.4. Example Objective One Calculations

Given example message and contact taflabl€3.25 andTable3.26), derived from
source message tabl@sable3.23 andTable3.24) at the end of Section 3.2, methods to
test Hypothesis One for the example data, with nectaping, for the count of all
pronouns (a single, example LIWC dimension), yield the example messdg®ntact
tables,Table3.32 andTable3.33. Table3.3.2 shows the field for the count of all
pronouns for example calculation purposes only. Thefiotitious study database does
not contain this field, but it can be backlculated from the wrd count field and the

LIWC pronoun rate field.
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Table 3.3.2 Example Message Table with Pronoun Rate and Word Count Fields
The rows for Lisander Snodgrass are highlighted to emphasize the calculation of lumped metric

rates.
LIWC
Pronoun
Count of Al Word Rate
Source  Pronouns Count (% Example
ID Message Type CID Table (pronouns) (words) pronouns) Name
Thank you .
2 50% Lisander
1 for your Personal 1 1 4
support (you, your) (2/14) Snodgrass
2 NULL NOTCORP 2 1 NULL NULL NULL Bowser
LeMans
3 NULL NOTCORP 1 1 NULL NULL NULL LIS
Snodgrass
We are
affected 1 16.66% Guybrush
4 pythis  rersomal 3 1 (we) 6 (1/6) Gilbert
issue
Save the 0% Lisander
9 whales! ——— = 2 v 5 (0/3) Snodgrass
Whale
0,
6 | love Personal 4 2 1 3 33.33% Lover
whales! ()] (1/3) G
ene
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Table 3.3.3 Example Contact Table with Lumped LIWC and Word Count Fields
The row for Lisander Snodgrass is highlighted to emphasize the calculation of lumped metric
rates.

(%] =
> g8 g - g
2 8 x g @ S 5
0 o =
) ()] c 0 c =
= 3 g2 3 g 2 3 0
g 2 & s 3 5 o 5
g 5 2 o a9 = o z
Q n = o © 8 o Q o 5 0 °
2 o 9] = = o)) Q
@© [ < o [a)) > ; S =3
o o 9 £ 85 T = & >3 g
2 5 5§ 5 s g < o T @ £
o s 2 & s 2 z8 Z 2= i
e 3.5= (47+ Lisander
1 3 1 2 1 avg(50%, 28.57%" avg(4, NULL Snodarass
NULL, 0%) NULL, 3) +3) 9
2 1 1 0 1 NULL NULL NULL NULL  Bowser LeMans
3 1 0 1 1 16.66% 16.66% 6 6 G(lglgreur?h
4 1 0 1 O 33.33% 33.33% 3 3 thzl;'ir']-gver

*Li sander Snodgrassodds average pronoun rate for
equal to the sum of all pronouns that Lisander used divided by the sum of all messages words

that he wrote, calculated for this example as (2+NULL+0) / (4+NULL+3) = 2/7 = 28.57%, or, as
calculated in the non-fictitious study database with total word counts and pronoun rates, as (4

words * 50% pronouns / word + NULL + 3 words * 0% pronouns / word) / (4 words + NULL + 3
words) = (4*0.5 + 3*0.0) /(3+4) = 2/7 = 28.57%.

56



Table3.3.4 show the four contacts froffable3.3.3 lumped into groups of contacts who
have sent the same total number of messages. Notice the null values are ignored in
average functions, effectively summarizing the group average pronoun rates and group
average word count rates for contacts who havemabnal messages (Guybrush

Gilbert and Whale Lover Gene).

Table 3.3.4 Example Contact Groups

Number of Group Average Group Average
Messages Pronoun Rate for Word Count for
Sent by Personal Contacts who have Contacts who have
Group Group Size Each Message Sent at Least one Sent at Least on
ID (Contacts) Contact Rate Personal Message Personal Message
. (Jl t 3 66.66% - 35=
us 0
Lisander) 2/3 avg(4, NULL, 3)
3 25%
> (Bowser, 1 66.66% avg(NULL 4.5
Guybrush, (0+1+1)/3 16.66%,33.33%) avg(NULL,6,3)
and Gene)

In this example, for Hypothesis Orniggble3.34 reveals that there is no difference

between the number of messages sent by contacts who have sent at least one personal
message and the rate that these contacts use pronouns; the singtextunssnt three
messages (Lisander) used pronouns at the same rate as the two contacts who have sent
one personal messages (Guybrush, and Gene): 25%. For Hypothesis Two, there is also no
difference between the personal message rate of the single cbigaontleér Snodgrass)

who sent three messages (2/3 personal) and the three other contacts who sent one
message each (2/3 personal). Finally for Hypothesis Three, groups of contacts who only

sent one message in this example sent them with one word, on alengge than the

Agroupo of one contact35=H)at sent three mes
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3.4. Objective Two Methods: Membership Exploration

Objective Two explores relationships between message and text metrics with a second
measure of engagement, membership. Methodsresults of these explorations are

written together, in the Chapter 5. Objective Two begins by reviewing relationships
between membership and the message and text metrics used in testing objective one
hypotheses (Section 5.1.1). Next, for ungroupedaist Objective Two calculates
correlations between the use of LIWC dimension words and (a) membership, (b) the
number of messages that contacts have sent, and (c) the number of personal messages
that contacts have sent (Section 5.1.2). Finally, it repagt®bership rates for contacts
grouped by conditions defined by terms used to search for personal stories (Section 5.3),
writing complexity defined by the Flesch reading ease test (Section 5.4), sentiment
defined by the VADER sentiment classifier (Secttoh), popular words among all

personal messages in this study (Section 5.6), and words in all LIWC Dimensions
(Section 5.7).

AppendixB, AppendixC, and AppendixD support reproducing procedures and
building on these methods. Appendixdescribes and listglySQL search queries and
regular expressions used by this study in attempts to find personal stories in messages.
AppendixC reports methods and results of validating VADER for advocacy messages.
AppendixD suggests methods for validating the classifypegsonal stories in messages.
3.5. Tools
Table3.5.1 lists the analysis tools, development environments, and Python libraries that
this study uses to develop databases, code methods, analyze data, and visualize data.

Table3.5.2 lists software platforms and node (https://nodejs.org/en/) packages that this
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study uses to collect data during the validation of VADER with human reviewers,
described in Appendi€. These platforms and packages may also be used in future work
to prototype advocacy servicdable3.5.3 lists the programming languages that this

study uses to accomph these tasks.

Table 3.5.1 Analysis Tools, Development Environments, and Python Libraries

Tool Website Address
Analysis Tools and Development Environments

Anaconda https://www.anaconda.com
Atom https://atom.io/
Excel https://products.office.com/en-us/excel

Google Sheets

Linguistic Inquiry and Word Count (LIWC)

https://lwww.google.com/sheets
http://liwc.net/

MySQL Workbench https://www.mysgl.com/products/workbench/
Orange3 https://orange.biolab.si/

SPSS https://www.ibm.com/products/spss-statistics
Spyder https://www.spyder-ide.org/

VS Code https://code.visualstudio.com/

Python 3 Libraries

Matplotlib https://matplotlib.org/

NLTK https://www.nltk.org/

NumPy https://numpy.org/

Pandas https://pandas.pydata.org/

PyMySQL https://github.com/PyMySQL/PyMySQL
Scipy https://www.scipy.org/

Seaborn https://seaborn.pydata.org/

SQLAIchemy https://www.sglalchemy.org/

textstat https://github.com/shivam5992/textstat

Python Core Libraries

sys https://docs.python.org/3/library/sys.html

0s https://docs.python.org/3/library/os.html
datetime https://docs.python.org/3/library/datetime.html
difflib docs.python.org/2/library/difflib.html
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Table 3.5.2 Platforms and Node Packages for Validating VADER Sentiment and
Prototyping Services

Tool Website Address
Platform

Apache https://www.apache.org/
Debian https://www.debian.org/
WordPress https://wordpress.org/

Node Packages

create-react-app https://www.npmjs.com/package/create-react-app
flesch https://www.npmjs.com/package/flesch
flesch-kincaid https://www.npmjs.com/package/flesch-kincaid
gender-detection https://www.npmjs.com/package/gender-detection

react https://www.npmijs.com/package/react

sentence-splitter https://www.npmjs.com/package/sentence-splitter

syllable https://www.npmjs.com/package/syllable
vader-sentiment https://www.npmjs.com/package/vader-sentiment

wordcount https://www.npmjs.com/package/wordcount

Table 3.5.3 Study Programming Languages
Tool Website Address

ECMAScript 6 https://www.ecma-international.org

MySQL 8 https://www.mysgl.com/

PHP 8 https://www.php.net/

Python 3 https://www.python.org/

SCSS 1.24 https://sass-lang.com/
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CHAPTER 4. RESULTS FOR OBJECTIVE ONE: NUMBER OF MESSAGES

Results from testing Hypothesis One show tkkitionships exist between the number of
messages contacts have sent their policymakers and the average use of all pronouns
(negative relationship), the average use of-frgr son pl ur al Aweo pron
relationship), and the average use of tiirée r s on si ngul ar Ayouo pro
relationship) (Section 4.1). Hypothesis Two test results show that the average rate of
personal messages to general messages for groups of contacts who have sent more than
one message is higher than the averageafgbersonal messages for the group of
contacts who only sent a single message (Section 4.2). Hypothesis Three test results show
that most groups of contacts send the same number of messages (Section 4.3). The
following three sections of this chapter repese findings along with intermediary
calculation results that inspire Objective Two explorations (Chapter 5). Each section
contains plots of predictor variables (LIWC rates, personal messages rates, and average
message length) along ordinate axestaechumber of messages that contacts have sent
along abscissa axes.
4.1. Hypothesis One: Relationships Between Pronouns and the Number of

Messages that Contacts Send
4.1.1. Hypothesis One Test Results
LIWC reports word counts of (1) all pronouns (2) all personal proso(3) firstperson
singular Al 0 pronouns -pergoniplor dl 6fiweo §f
secondper son fAyouo pprearnsoounn ss,i n(géu)l atrhifirsehe/ he o p
person plural At hey 0 pr oonuonusn s(,e .agn.d fi(i8t), oa IAlt

Table4.11 andFigure4.1.1 throughFigure4.17 summarize the relationships between
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the use of each of these categories of pronouns and groups of contacts who have sent the
same number of messages (personal orwike). Each figure plots the use of pronouns
as a percentage of words used in personal messages (LIWC score), averaged per contact,
and then averaged per group of contacts who have sent the same number of messages
(personal or otherwise). See Sectionf8r3example calculations.

Table4.11 labels correlations strong foPR [0.7,1], moderate for R [0.3,0.7),
and weak for RN [0.2,0.3). For the three LIWC dimensions of all pronouns, all personal
pronouns, andshe/hé pronouns, the linedogarithmic relationships listed ifiable
4.11 andplotted inFigure4.11, Figure4.12, andFigure4.16, compensate for a
positive bias in the linear relationship for large groups of contacts that have sent small

numbers of messages (one, two, and three messages).
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Table 4.1.1 Relationships Between Group Average Pronoun Use Rates and The Number of
Messages Sent by Contacts

Correlation Range (%)
Pronoun
LIWC Use Rate
Dimension R2 (%) Min Max Summary
1 Al 0.77 -0.18 In 13.6 14.4 A strong, negative, linear-log
Pronouns [Messages] correlation with a small (0.8%)
+14.1 range exists
2 Personal 0.51 -0.107 In 8.5 9.1 A moderate, negative, linear-log
Pronouns [Messages] correlation with a small (0.6%)
+8.9 range exists
3 1 0.03 2.3e-3 14 1.8 No obvious correlation exists. The
[Messages] rate offirsttper son si ng
+1.53 pronouns decreases for the bulk
of the contacts sending between
one and four messages from
1.7% to 1.5%, and then increases
slowly to 1.6% for the smaller
groups of contacts sending more
messages
4 We 0.87 -0.0311 4.0 3.3 A very strong, negative, linear
[Messages] correlation with a small (0.7)
+4.05 range exists
5 You 0.70 0.016 2.2 2.8 A moderately strong, positive,
[Messages] linear correlation with a small
+2.26 (0.6) range exists
6 She/He 0.29 -0.02341In 0.3 0.5 Over all messages, a weak,
[Messages] negative, linear-log correlation
+0.371 exists. The rate decreases from
0.5% to 0.3% from one to five
messages before remaining at
0.3% for all numbers of messages
(except at 18 messages, where
the rate returns briefly to 0.4%).
7 They Not calculated; 0.6 0.7 The rate remains close to
close to constant constant between a very small
0.6% to 0.7% range
8 Impersonal 0.55 -0.0118 4.9 5.3 A moderate, negative, correlation
Pronouns [Messages] with a very small (0.4%) range
+ 0.553 exists
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0.371. The LIWC rate decreases from 0.5 to 0.3 from one to five messages before remaining at

0.3 for the remaining numbers of messages (except at 18 messages, where the rate returns

briefly to 0.4).
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Group Average Use of "They" Pronouns (%)

@ Group Average Use of "They" Pronouns X Group Size
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Figure4.1.7Gr oup Average Use of ATheyd Pronouns
The rate remains constant between 0.6% and 0.7%

Group Average Use of Impersonal Pronouns (%)
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4.1.2. Additional Observations and Calculation Checks for Hypothesis One
Chapter 6 discusses the results of testing Hypothesis One reported in the previous section
(Section 4.1.1). This section reports results of additional observations, calculation checks,
and \ariations of the test for Hypothesis One. It includes the following sections:
1. Use of Pronouns: Contact Averages vs. Message Averages vs. Other Corpuses
This section compares the average pronoun use rates in the study data calculated
in two different waysdver all messages, weighted message author, and equally
and over all messages). It then compares these rates to rates in literature.
2. Minimum, Average, and Maximum Pronoun Rates for Groups and Contacts
This section discusses testing the use of minimumageeand maximum
pronoun rates for (a) groups of contacts and for (b) messages that contacts have
sent to describe groups of contacts.
3. Group Sizes
This section shows the importance of-tiling contacts who sent more than 20
messages into a single group.
4. Sensitivity of Word Counton Firdder son Pl ur al (AWeo0o) Pron
relationships hold true or vary for contacts who write longer messages?
This section shows the effect of limiting study message data to increasingly
longer messages (from a minimwf 0 words to a minimum of 100 words in
steps of 10 words) on relationships bet

number of messages that contacts have sent.
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5. FirstPer son Pl ur al AWed Group Averages Wei
This section comparesgeighting individual messages that contacts write equally
to weighting these messages by message length.
6. Li miting AOQuro Time Period
This section shows the effects on the r
and the number of messages tt@ttacts have sent in the two cases of (a)
limiting study message data to the four months for which NOTCORP data was
collected and (b) analyzing only personal messages by removing all NOTCORP
messages and custom messages from the study data.
4.1.2.1.Contact Averags vs. Message Averages and Other Corpuses
The results to Hypothesis One are found by calculating the LIWC group average rates for
contacts who have written at least one personal message. (See detailed methods in
Section 3.3.1.Table4.12 andFigure4.1.9 compare the overall, average, personal
message LIWC pronoun rates weighted bigtaot Table4.1.2 column two) against
overall, unweighted, average, personal message fabke@.1.2 column three). Both of
these rates are calculated irrespective of the groups of contacts who sent the same number
of messages that were used to test Hypothesis One, and the overall unweighted, average,
message rates are calculatedspective of contacts. The two overall rates are similar.
Table4.12 andFigure4.1.9 also compares these overall, average rates against
average rates supplied in AThe Devel opment
(Pennebaker et al. 2015) for Twitter messages and thd graan of six other text
categories: blogs, expressive writing, novels, natural speech, the New York Times, and

Twitter. Table4.12 andFigure4.1.9 report Twitter messages outside the grand mean of
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all six LIWC text categories to emphasize the comparison between advocacy messages
and Twitter messages. Among the six LIWC text caiegoif witter messages most
closely resemble personal advocacy messages in length. In fact, nonprofit organizations
often encourageonstituentgo share their advocacy messages on Twitter.
Comparing study text to the other text categoiiedle4.12 andFigure4.19
show, first, that contact average pronoun rates are similar to geessarage pronoun
rates. Second, in comparison to general writers of Twitter messages and general writers
of text in the six LIWC text categories, e
and more fiweo pronouns. Th eatestoathose faulden/ s h e 0
the Twitter messages, and less than those found in the six LIWC text categories.
Results from the test of Hypothesis One
among all LIWC pronoun dimensions, has the strongest correlatiothgithumber of
messages that contacts have sent. While th
message is low (3.9%), comparing the use of this dimension to its use in the six other
LIWC text categories iffable4.1.2, its rate of use is more than four times each of the
values found in blogs (0.91%), expressive writing (0.81%), novels (0.61%), natural
speech (87%), the New York Times (38%), and on Tw{@ef4%). The percentage is
closer to that of positive and negative emotional words, which range from 2.1 t0 5.5
percent in these same LIWC categories, have much larger LIWC dimension dictionaries
(620 for positive emotions and 720 for negative emotioms) aae frequently used in
sentiment analysis studies such as Kouloumpis (2011), for Twitter messages, H Wang
(2012, 2012), for presidenti al candi dat es o

environmental policy news coverage.
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Table 4.1.2 Pronoun Rate Comparison

This table lists average pronoun rates for study data calculated in two different ways and for
Twitter messages and six text categories of reported by Pennebaker et al. (2015): blogs,
expressive writing, novels, natural speech, NY Times, and Twitter

Average Pronoun Rate (%)

Study Data Pennebaker et al. (2015)
Contact
LIWC Pronoun Message LIWC Twitter  Average of Six LIWC Dictionary Size
Category Average Messages Messages Text Categories (words)
All 14.12 13.85 13.62 15.22 143.00
Personal 8.92 8.72 9.02 9.95 93.00
I 1.62 1.48 4.75 4.99 24.00
We 3.92 3.83 0.74 0.72 12.00
You 2.30 2.39 2.41 1.70 30.00
She/He 0.42 0.36 0.64 1.88 17.00
They 0.66 0.66 0.47 0.66 11.00
Impersonal 5.19 5.12 4.60 5.26 59.00
B Contacts’ Message Averages Messages [ LIWC Twitter Messages
B Average of Six LIWC Writing Categories
20.00
T 1500
Py
3]
14
c
3 10.00
5
T
(]
&
§ 5.00
<
0.00

All Personal | We You She/He They Impersonal

LIWC Category

Figure 4.1.9 Plot of Table 4.1.2. Comparing the Use of Pronouns in Personal Message Data
with the Use of Pronouns in LIWC Twitter and General Data Sets

4.1.2.2.Minimums, Averages, and Maximums for Groups and Contacts
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This study calculated additional series of LIWC values, not reported above, while

calculating group averages of contact averages. It calculated minimums and maximums

for both groups and contacts, yielding a total of 9 series (including the averagefseries)

each of the LIWC pronoun dimensions. Group minimums were the least practical metric,

as the minimum use of each dimension was, as expected, zero for this case. A single
message that does not contain a word in a particular LIWC dimension makes the

minimum zero for its author and its authoros
very useful. They contain regular ratio values for the minimum, average, and maximum

rates (e.g. 100%, 50%, 66%) of contacts. For example, a single contact sesidglg a
messagevi t h 50% pronouns (e.g. fAlove youo) mioc
their group (50%). Finally, group minimums of contact average rates and group

maximums for contact average rates were calculated. These two series show minimums

and maximumspproaching upper and lower average contact rates. These rates express

the distributions minimum and maximum contact rafégure4.110andFigure4.111

show, as examples, the group maximum and group average rate series. While less

pertinent to answering the research questions than the group averages of the contact
averages, the gup minimum and maximum diverging lineskigure4.111 confirm

what is expected that rate ranges are greater for contacts who send more messages.
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Figure 4.1.10 Average Use of Pronouns (%) vs. Messages Sent Expressed by Group

Maximums of (a) Contact Minimums, (b) Contact Averages, and (c) Contact Maximums

Values are regular numerical ratios (e.g. 50%, 66.66%)
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The group averages of contact minimums and maximums express the range of pronoun usage
for each group of contacts who have sent the same number of messages.
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4.1.2.3.Group Sizes
Contacts have sent between one and 238 personal messages. For the group of contacts
who have sent exactly one message, 78,334 out of 442,079 (18%) of these contacts wrote
a personal message. The group that sent the highest number of personal messages, in
comparison, is not a group at allof itds a
which were personal messagegjure4.1.12 andFigure4.1.13, in comparisono top
codedFigure4.14, show the effect of group size (number of contacts) on the LIWC
group average calculations forfagte r son pl ur al (Aweod) pronoun
messages sent by each contact in each group increases along the abscissa, the group size
(right axis) deceases. On a seflug plot, Figure4.1.13 shows that this decrease is
exponential until the group size starts to dip below 1,000 contacts, at which point it starts
decreaing more rapidly. As group size decreases, the variability of LIWC group means
increase, and overall relationships become visually less apparent.

Figure4.114 shows tls effect of decreasing group size on all LIWC pronoun
attributes. Outliers ifrigure4.114 are more common for groups where group size is
small. For example, the exine outlier visible in the upper right Bfgure4.114 for the
Agroupo that sent 147 messages per contact
actuallyasingle ont act. This contact has written, [
you for your consideration. o Compared to o
extremely high percentage of Ayouo words (
rate forall messages shown irable4.1.2 (2.39%) and for the group average rates shown
in Figure4.15 (ranging from 2.2% to 2.6%). This message uses no other pronouns. The

Agroup of oneodo sending 140 tot al messages
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messages, but only two of them weresp@ald and the two that he or she sent were

comprised of random characters |

k e

fasdl k

might have been using them to express an emotion or an exclamation, it is impossible to

tell for sure.) To avoid smallrgup problems, like these two, this study-tmmled groups

of contacts (19,017 of them; 2.75%) who sent more than 20 messages. Tduditap

resulted in a minimum group size of 1,371 contacts for the group of contact that each sent

a total of 20 messagdsigure4.1.15 shows that tojcoding the results in this manner

accounts for most contacts (671,614/690,631; 97.25%) and messages (70% general

messages; 71% personaéssages) in the groups of contacts who sent 20 or less

messages. (Winsorizing or eliminating values would produce similar effects in explaining

correlation variations.)
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Compare to Figure 4.1.4, this figure does not top-code contacts who sent more than 20
messages into a single group. This shows
size decreases.
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Compared to Figure 4.1.12, the log scale for g
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Figure 4.1.14 Group Average Use of all LIWC Pronouns Dimensions (%) (left axis) And
Group Size (right log axis) vs. Messages Sent.

This plot shows the variability all LIWC pronoun attributes increases as group size (contacts)
decrease.
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Figure 4.1.15 Number of All Messages and Number of Personal Messages (left axis) and
Group Size (right axis) vs. Messages Sent

4.1.2.4.Sensitivity of Word Counton Firster son Pl ur al ( Rreaneum) Pr on
RelationshipsHold True orVary for Contacts whaMrite LongerMessages?

Although a clear, strong negative relationship exists between the number of messages

that contacts send aficst-p e r son pl ur al ?=0.87glablep.L1pFigaras n s, R

4.14),thepact i c al use of fAwed pronouns to predi

single message is |Iimited by (a) the | ow p

and (b) by the low regular word count for a personal messBiggese4.1.5 shows the

frequency distribution of word count is positively skewed with an average of 29 words

per message and a mode of 11 words per message.
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Figure 4.1.16 Positively Skewed Distribution of Word Count
Average = 29 Words; Mode = 11 Words

While many studies do review linguistic attributes that are used in low frequencies (like
the studies referenced in Section 4.1.2.1), detenmitiie difference of using 3% or 4%
of MAweod p simglepersana massageagiven word count, is unrealistic.

These observations inspire a message length (word count) sensitivity analysis on
the relationship between d$sagevthapcontantoserm.s an d
This analysis should answer the question: Is it easier to predict the number of messages
t hat contacts send from the use of fAwed pr
messages? Repeating the toéespr coonfourhse areltahtd
of messages sent in Hypothesis One, and limiting the group size in this test for contacts
who write messages with a minimum average word count in the range of zero to 100
shows, at first, that the correlation decreases with wandtcé weaker, but still strong
correlation (R=0.74) exists at a 20 word minimum limit. A moderate correlation exists

(R?=0.52) for a 30 word minimum limit. Results are showitable4.1.3 andFigure
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4.1.17. The decreasing correlation may be due to decreasing group size (also tabulated in
Table4.13; less contacts send longer messages), but the wavering tail correlation
increase shown iRigure4.1.6 may be due to word count. Future work could investigate

these relationships further.

Table 4.1.3 Effects of Limiting Data by Minimum Word Count (WC) on the Correlation
Between the Use of First-Per son Pl ur al iweo Pronouns and Groups
Sent the Same Number of Messages.

Minimum WC R? Group Size (Contacts)

0 0.87 690,631
10 0.85 248,552
20 0.74 162,666
30 0.52 123,411
40 0.35 100,210
50 0.25 84,574
60 0.20 73,736
70 0.15 65,559
80 0.23 59,500
90 0.35 54,752
100 0.09 50,892
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Figure 4.1.17 Effects of Limiting Data by Minimum Word Count (WC) on the Correlation
Between the Use of First-Per son Pl ur al fiwed Pronouns and Groups
Sent the Same Number of Messages.
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4125 FirstPer son Pl ur al AWeo0O Group Averages Wei
Objective One methods describe two procedures to pnopoun rates for groups in
Section 3.3.1. The first procedure calculates average contact LIWC rates, weighted
equally messages (step 4a in Section 3.3.1). Results reported in Section 4.4.1 at the
beginning of this chapter follows this procedure. The se@oacedure (step 4b in
Section 3.3.1) calculates contact LIWC rates for all contact messages. This is equivalent
to weighting messages by message length in the calculation of each contact rate, or
concatenating the personal messages that each indivahtattwrote, and calculating
an overall, single, contact LIWC score.

In weighting messages equally to calculate average contact pronoun use rates,
short messages could lead to contact rates that misrepresent the linguistic styles of their
authors expressgdan any long messages also written by them. For example, a contact who
sends one very short message, Al | ove you,
di mensi on. I f that same contact sends a | o
10%, followingthe procedure in step 4a in section 3.1, the test for Hypothesis One would
give the contact an overall 5% rate (0%+10
words, but with word count averages instead of contact averages, yields results similar to

thea i gi nal results. Results f Figuedt7hi s fiweo
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Results are similar
where R? = 0.895, shown in Figure 4.1.4.
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As described in the data section, messages that were not customized and were not

Wei ght ed

Pronou
wei gh

personalized (NOTCORP) were only available between July 1, 2018 through October 31,

2018 (four months), while personal mages and customized messages were available

between July 1, 2017 and October 10, 2018 (16 months). This difference in periods

presented two main options for testing the three initial hypotheses: (1) using all data to

calculate the number of messages aedatlerage linguistic rates for each contact, and

(2) constraining the data to the limited set of four months. A third, intermediate option, is

to (3) remove the NOTCORP data. The advantage of the first option is that it considers a

longer history for eachontact and therefore a larger sample of messages. The

disadvantage of the first option is that it increases the variability of the average number of
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messages sent per contact when contacts are individually more or less active before and
after July 1, 201.7The advantage of the first optiorthe longer time period and greater
number of messages used to describe a cantaot also be considered a disadvantage.
Advertising companies like Google, for example, place less value on older data. In fact,
Googleeven allows users to have their data usage purged automatically after three or
eighteen months (Google 20I9but no less. The second option could be, therefore,
considered advantageous in that only linguistic rates calculated from recent months
would beconsidered. (A future temporal analysis could test the sensitivity of time ranges
on relationships, provided new data.) The third option, like the first option, considers the
longer 16month time period, but it eliminates the NOTCORP data, and its limited
timeframe, completely. This third option still considers messages without personal
messaged the customized messages for which linguistic scores were not computed for.
While the results chapter reports findings from selecting the first option as the
primary method of conducting the study, results from testing the second and third option
were similar Figure4.1.19 demonstrates the effect of limiting the study time period on
thetestoffirspper son pl ur al Awed pronouns as a pre
the number of contacts in each group has been reduced, a strong, negative, linear
correlation remains (R= 0.827).Figure4.1.20 shows the third analysis optién
eliminating the NOTCORP data. It yields a correlation 8£m®.717. These figures
indicate that consideringokh the petitiorstyle messages, and the messages that contacts
choose not to customize, alongside the messages that they do customize, strengthen

observed correlations.
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4.2. Hypothesis Two: Relationships Between Personal Messages and the Number

of Messages that Contacts Send
Figure4.21 shows results from the methods to test Hypothesis Two for groups of
contacts who sent the same number of messages. The average personal message rate
increases from 18% to 24% to 26% betweeayupgs of contacts who sent one, two, and
three messages. The rate stays at 26% personal messages before slowly decreasing to a
minimum of 15% for contacts who sent 35 messages. It then increases to rates
approaching 50% for small groups of contacts who adoit of messages (>40).

Given the group size discussion in the results for the test of Hypothesis One
(section 4.1.2.3), most contacts who have sent two or more messages are more likely to
have sent personal messages at a higher rate than contactstvnsiegle message.
Additionally, the small number of contacts who sent many messages (>40), sent personal
messages at an increasing r&igure4.2.2 shows a simpleplot of the average number
of personal messages sent instead of the rate.

Contacts who write more messages also send personal messages at a higher rate.
Inversely, and directly answering the research question, contacts who send personal
messages at hightes also send more messages. For the bulk of the contacts (671,614
among 690,631; 97%) sending under 20 messages: groups of contacts who send
messages at the average rate of 18%, send only send one message. The group of contacts
sending two to twenty megges, send them at an average rate of 25%.

A final, simpler way to understand the relationship between the use of personal
messages and the use of all messages is by reviewing the plot of the total number of each

of these categories of messages as shoWwigure4.115, above, and isolated Figure
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4.2.3, below. The figure shows thatio of personal messages to all messages increasing
as the number of messages that contacts send increases from one message to two

messages.
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Figure 4.2.1 Average Personal Message Rate vs. Messages Sent per Contact
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Figure 4.2.3 Number of All Messages and Number of Personal Messages for Groups of
Contacts Who Have Sent the Same Number of Messages from One to Twenty

4.3. Hypothesis Three: Relationships Between Message Length and the Number

of Messages that Contacts Send
Figure4.3.1 shows that, on average, most contacts write messages one word longer (28 to
29 words) when they write more than a single message. The number of messages then
begins to drop by a slight 1/10 of a word per message with a moderatgtstre
correlation (R=0.694). The average message length for the group sending more than one
message, however, is 29 words, and the average message length for all messages is also
29 words. In summary, groups of contacts who send only one message sesigvidyy
shorter messages (1 word). (Interestingly, as shown in Chapter 5 explorations, most
contacts who send more messages are also more likely to contribute membership dues to

the organization.)
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Trendline: R?2 = 0.694 for [Word Count] = -0.01 [Messages] + 29.3
After two messages, contacts who sent more messages, sent slightly shorter messages.
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CHAPTER 5. RESULTS FOR OBJECTIVE TWO:

MEMBERSH IP EXPLORATION

This chapter both details methods and reports relationships between message and text
metrics with a second measure of engagement, membership. It labels contacts as
members if they have paid any amount of membership dues totbairization within
the past year of any message that they have sent, or have been designated as a lifetime
member by their organization for a large contribution during or before the study period. It
refers to the percentage of members in different grofipentacts as a membership rate
for that group.

The first section of this chapter, Section 5.1, reports relationship between membership
and the message and text metrics used in testing Objective One hypotheses:

1. Number of messages and personal messagesqi$é.1.1)

2. Use of pronouns (Section 5.1.2)

3. Message length (Section 5.1.3)
Next, Section 5.2 reports correlations between the use of LIWC dimension words and
membership for ungrouped contacts. It also reports correlations between the use of LIWC
dimensionwords and the measure of engagement from Objective One, the number of
messages that contacts send, as well as the number of personal messages that contacts
sendi but for individual, ungrouped contacts vs. the groups of contacts.

Section 5.3 through Sech 5.7, finally, reports membership rates for contacts

grouped by conditions defined by the following text metrics:

1. Terms used to search for personal stories (Section 5.3)

2. Writing complexity defined by the Flesch reading ease test (Section 5.4)
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3. Sentimentdefined by the VADER sentiment classifier (Section 5.5)

4. Popular words among all personal messages in this study (Section 5.6)

5. Words in all LIWC Dimensions (Section 5.7)
Among the 690,631 total contacts who have sent any type or number of messages, 90,698
are members (13% membership rate), 194,409 have authored personal messages (28%),
and 52,323 are members who have sent personal messages (7.6%). Compared to the
overall 13% membership rate (90,698/690,631), the membership rate for those sending
personal mesages is 27% (52,323/194,409). Section 5.3 through Section 5.7 compares
conditional membership rates to alternative conditions and these baseline membership
rates (13% and 27%).

Contacts labeled as members in this study gave a minimum of $15/year. Most
contacts gave suggested amounts, or more. For referéabke4.3.1 shows minimum,
suggested, and maximum membership rates for large, promineftd$&i nonprofit
environmental organizations that actively host online advocacy systems to send petitions
and letters to policymakers. The average, regular, annual membershipton®ne
donation rate for these organizations is $52/person/year. Study data did not corak from

these organizations.
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Table 4.3.1 Membership Rates for Large, National Environmental Nonprofit Organizations
with Online Petition or Letter-Writing Campaigns.

Data comes from organization websites, ProPublica (2019) and the Internal Revenue Service
(2019) for 501c3 and 501c4 organizations. Organization form 990 revenue comes from several
sources, including, but not exclusively from membership dues. Study data did not come from all
of these organizations.

Monthly Annual or One Time

© ie]

L Q

(%] [

S S

£ 2 3 £ 2 8 Form990

Advocacy Organization = « = = o Revenue (M)
Earthjustice $35 - $1,000 $35 $30 $1,000 $80
Environmental Defense Fund ~ $15 $25 $75 $35 $50 $1,000 $211
Greenpeace $15 $25 $55 $30 $50  $120 $17
National Audubon Society $20 $50  $500 $20 $50  $500 $134
National Wildlife Federation $8 $50 $50 30 50 1000 $83
Natural Resources Defense
Fund $15 $20 $100 $35 $50 $200 $182
Nature Conservancy $15 $100 $10,000 $15 $100 $10,000  $1,185
Sierra Club $15 $20 $85 $25 $39 $75 $141
Wildlife Conservation Society  $10 $20  $100 $25 $50  $500 $279
World Wildlife Fund (WWF) $10 $15 $50 $25 $50 $5,000 $257
Average $16 $36  $1,202 $28 $52  $1,940 $257

5.1. Exploration One: Membership as a Measure of Organizational Engagement

This section reports test results of relating three types of predictor metrics to membership.
These three types of predictor metrics are similar to the three types of predictor metrics in
the three initl hypotheses in Objective One; they are: the number of messages and the
number of personal messages a contact has sent (Section 5.1.1), pronoun use (Section
5.1.2), and message length (Section 5.1.3).

5.1.1. Membership and The Number of Messages Sent

This exploration begins by testing relationships between the number of messages that
contacts have sent, the measure of engagement of Objective One, to membership, the

measure of engagement of Objective Twigure5.11 shows positive relationships
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between the number of messages that contacts have sent as a predictor of membership.
Similar toFigure4.113andFigure4.114in Section 4.1.2.Figure5.11a showshe

effects of groups of contacts with low numbers of contacts, who have sent high numbers
of messages, on the variability of membership rates. As the number of messages that
groups send increases, group size rapidly decreases to one or two contaces, and th
variability of membership rates increases. For example, the average size of groups of
contacts sending 100 or messages is equal to two. This example explains the points that
could form a horizontal line at the 50% membership rakégare5.1.1a. Connected,

other points irFigure5.1.1a would form other horizontal lines at otheguar

membership rates for small groups of contacts (e.g. 0%, 25%, 33%, 66%, 75%, and 100%
membership rates). As addressed in the results for Hypothesi&iQme5.1.1b top

codes groups of contacts sending more than 20 messages into a group of 19,017 contacts.
(See Section 3.3.1.2 for a description of how this studyctales contacts and Section

4.1.2.3 forthe importance of tepoding contacts who have all sent high numbers of

messages, over 20.)
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Sent More than 20 Messages

Figure 5.1.1 Membership Rate (%) vs. Number of Messages Sent

Membership rates range from 7%, for the group of contacts who sent one message, to
37%, for the groups of contacts who sent 13, 15, 16, 17, and 21+ messages. Membership
rates are percentages of members for groups of contacts.
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Figure5.12 flips looking at average membership rates as a function of groups of contacts
who sent the same number of messages, to looking at the average number of messages
sent as a function of membership. The figure shows a total of four grotys of
averages. The first two groups show that members send more messages-than non
members. They send, on average, 3.753 more messages-(8.698 = 3.753; a 139.4%
increase) and 1.478 more personal messages (10957 = 1.478; a 285.9% increase).
Thesecond two groups iRigure5.12 represent contacts who have sent at least
one personal message. These groups are int
personal messages in these groups permit this study to péeiktramalysis on them.
These two groups show, in general, similar results to the first two groups: members send
messages at higher rates than-n@mbers. Specifically, for contacts who have sent at
least one personal message, average overall messagaawdase by 3.061 messages
(7.938-4.877 = 3.061; a 62.76% increase) and personal message rates increase by 1.277
(3.459- 2.182 = 1.277; a 58.52% increase). Comparing the first two groups to the second
two groups, for each group, contacts who have aeleaist one personal message are also

more likely to send more messages overall.
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Figure 5.1.2 Average Number of Messages and Personal Messages Sent Per Contact
Organized by Conditions of Membership and Whether a Contact has Sent a Personal
Message

5.1.2. Membership and LIWC Pronoun Rates

Figure5.13s hows t hat most contacts use no or | o
individual Ai , 0 Awe, 0 Ayou, 0 Ashe/ heo and
membership rates equal to tigktly lower than the baseline membership rate for all

contacts who write personal messages (27%). The contacts who use pronouns from each
individual Ai , 0 Awe, 0 Ayou, 0 Ashe/ heo and
respective membership ratefs25%, 23%, 25%, 27%, and 26%. The contacts who use
pronouns from each individual ni, 0 Awe, 0 f
between 1% and 2% have much higher respective membership rates of 36%, 35%, 36%,
31%, and 35%, but much fewer cartiause pronouns in these dimensions at rates higher

t han 1 %. For the contacts that do use pron
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Ayou, 0 Ashe/ heo and HFguklBshowsamegatven di mens.i
relationship between these pronouns and membership.

Member ship rates are al/|l | ower for cont
pronouns from the all pronoun, all personal pronoun, and impersonal promoemseins
(19%, 20%, and 22%) compared to the membership ratesfor, 6 fAwe, 06 Ayou, O
and At heyo di me rrigured.h3sdoes Motskoiv tlearmtrerald betyween
membership and the use of all pronouns and all personal pronouns for pronoun use rates
greater than 1%. These observations illustrate the penddtcategoy relationships
between pronoun dimensions in LIWC (20 &8 dshow that contacts do not use all types

of pronouns in all messages.

3 Given message time stamps, these plots could inspire future tests of relationships between
membership, pronoun diversity, and chamgperspectives of authors. See Pennebaker (2011) for a
discussion of the importance of analyzing changing perspectives in text.
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5.1.3. Membership and Message Length

Figure5.14 shows that for average word count bins, membership rates quickly increase
from 17% to 30% as average word counts for individual contacts increase between 1 to

40 words long. Then, membershgias begin to slowly decrease with increasing average
word counts and decreasing numbers of contacts. The contacts who sent messages with
average word counts less than or equal to 40 account for ntbstoointactsvho sent

personal messages (79%; 152,812 of 194,409 contacts). The contacts who have sent
messages with an average word count greater than 40 words have an average membership
rate of 28%, which is close to the baseline membership rate for all contacts who write
personal messages (27%).

The membership rate for the group of contacts that includes contacts who sent
messages with an average word count equal to the mode word count of all personal
messages (13 words) is 26%, which is close to the baseline membership rate for all
contacts who writ@ersonal messages (27%). The membership rate for the group of
contacts that includes contacts who sent messages with an average word count equal to
the average word count of all personal messages (29 words) is 30%, which is only
slightly higher than the Isaline membership rate (27%).

Overall, membership rates (left axis) and the positively skewed distribution of
word count (right axis) show that for most contacts, average word counts between one
and the overall average word count (29) are better predadtonembership rate
differences than higher average word counts are. For exafnglee5.14 groups
contacts who write messages 25 words shorter than the averaggen@ss25 = 4

words) with contacts that have a 17% membership rate {B30% =-13%; a strong
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difference). AlternativelylFigure5.14 groups contacts who write magges 25 words
longer than the average message ( 29 + 25 = 54 words) with contacts that have a 29%

membership rate (29%30% =-1%; a slight difference).
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Figure 5.1.4 Membership Rate vs. Average Word Count
Contacts are grouped into bins by their individual average message word counts.
Membership rates are percentages of members for groups of contacts.

5.2. Exploration Two: Ungrouped Correlations

While the results from Hypothesis One show correlations between pronoun usage and the
average number of messages tiraups of contactsend, correlations between pronoun
usage and the number (not average) of messagaadhadual contacts send apprdac

zero for all contacts. This makes sense: groups of thousands of contacts sending tens of
thousands of messages reveal more information than single contacts sending a few
messaged the bulk of the data. By limiting the test of individual correlationsitoe

prolific writers (as identified by minimum word counts and minimum numbers of
messages sent), correlations begin to appear. In summary, it is easier to distinguish
correlations among contacts who write longer and more messagee5.2.1 shows

these correlations for contacts sending a minimum number of personal messages equal to
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1, 2, 10, 15, and 20 (rows of plots) with minimum word counts of 0, 25, and 75 (@lum

of plots). Pronoun dimension correlations are plotted alongside other LIWC dimensions
described in LIWC 2018. Notice that, while practically nonexistent, when the data are

|l ess restricted, the correlation coefficie
respectively negative and positive as seen in the group test results of Hypothesis One. As

the minimum number of messages per contact increases, and the minimum average word
count per contact increases, the trend becomes slightly reversed: For examg@e;, the v

small groups of prolific writers (e.g. the 77 contacts who wrote an average of 75 words

per messagé three times the average among at least 15 messagedive times the
average) tend to use fiweo words somewhat m

slightly less often (R=0.16) for greater numbers of messages.
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Figure 5.2.1 Continued. Relationships (R) between Individual Contact Linguistic Score
Averages and Engagement (Messages, Personal Messages, and Membership) for Minimum
Average Word Counts i avg(pm) i of 0, 25, 50, and 75.
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R for pm>=10 & avg(wc)>=50

R for pm>=10 & avg(wc)>=75

Contacts: = 8323 Contacts: = 4313 Contacts: = 869 Contacts:
MNumber of Messages 03
Number of Personal Messages
Ever Membership Active 0.001
Average WC 0033 agors ao11 2016 ao1e 2047 0045 a8 0035
Average Analytic 2018 a1z 0064 0.0089 20086 agea 0028 2012 a1 0.0041 2.0071 a1z 02
Average Clout 0042 0025 2013 2023 Q0014 2031 o084 2017 2011 o8z Q051 2020
Average Authentic 0029 0056 00088 004 0073 0037 0061 -0.069 oo18 0049 0032 0013
Average Tone 2041 2022 aoss 2081 2048 w1z 0088 2.081 att
AverageWPS 00031 Q0017 0038 Q041 0023 20067 aoe 004 o018
Average Sixltr otz a1z aos1 Q034 aos aoe8 Qo021 Q0036 a1z a1 0055 -0
Average Dic 0042 0047 aoos 2054 2,057 20084 0054 0.8 2028 2017 2072
Average function 2025 0044 00030 2031 0054 0044 0018 2012 0065 2000 D057 2.081
Average pronoun 2,007 0042 D033 2024 2081 0048 o018 202 0048 2026 2018 202
Average ppron aoos 003 203 201 0038 .03 0.0085 2028 0,084 noze 0022 00054 -00
Average i o1z 025 003 00064 2045 005 0032 203 2.0088 0.0035 D038 013
Average we 0.08 2044 0008 2043 2021 20033 0085 2034 aoz4 wozz 0.00013 008
Average you 008 o027 0038 0088 2025 0045 aoo7e 2032 0065 2030 02 2011
Average shehe 0038 a0zz 0056 0045 o087 Q048 2048 2087 000025 00075 20085
Average they ~ 0.00089 a1z a0 aoz8 0081 agee agss 0.053 022 -0
Average ipron 2023 2028 2011 2028 203 2028 Q015 Qo04e Q0088 2001 D.067 2046
Average posemo 00074 000094 ooog -0.026 0037 o7 0038 -0.068 0043 0079 an a048
Average negemo o016 Qo025 0.085 016 o016 a1 Q033 Qo023 011 0033 0035 012
Average female aoz3 a01s 200033 ao0m4 2.0024 ago0ar Qo014 2018 2.0023 2041 D058 a4z a2
Averags mals 0027 Qo017 008 a0a3 008 2084 0068 Q054 a1 2013 00033 002
Average swear o2z ao1e Dpa2 00081 o092 .08 0051 2041 om 024 0074
Average netspeak ao1s aote 003 0084 ozt 2.038 0045 aos6 agor7 a8
Average AllPunc aoie 0024 0044 0018 0028 0.061 a0t 0084 031 Q04 Q080 s
& & & &
jf "'5? & ff ‘é}i $ jg ‘é}i & jf{ ‘é}‘y &
& $ § §
(c) Contacts sending at leasttenper sonal messages (pm O 10)
R for pm>=15 & avg(wc)>=0 R for pm==15 & avglwc)>=25 R for pm>=15 & avglwc)>=50 R for pm>=15 & avglwc)>=75
Contacts: = 4149 Contacts: = 2205 Contacts: = 445 Contacts: =77
03

Number of Messages
Number of Personal Messages

Ever Membership Active
Average WC
Average Analytic 2025 0008 agen 0082 ag051 aoss 0023 2024 a1z
Average Clout 0082 0015 0007 00035 o018 .03 a0z 00022 Q017
Average Authentic 2042 058 20018 2082 2.080 036 0.085 2073 2.0024
Average Tone nmz Q00016 012 0021 oozs NG 01 o1 0096
fverage WPS aote Qo023 0045 aora 0056 LLEE)
Average Sixitr  0.0084 ao01a 00sa Q042 o 0042 0.0037 att
Average Dic 0056 0057 00038 2068 0.07 0.066 2036 p020
Average function 003 agor 2081 0.084 0027 ooz .08
Average pronoun 00032 0024 D038 2020 0054 Qo018 0023 2073
Average ppron anz3 .0062 0.033 0.0020 0033 Q033 ao0s4 D074
Averagei 00038 002 0014 aore 2035 2013 noo0e3 003
Average we 0064 0037 00073 2031 2011 Q025 Q044 0045
fverage you aoes ao0zs D027 00020 2,046 2018 2082 2075
Average shehe aoze az1 0085 06 oz 027 aos7 2049
Averagethey  0.0015 ao1 0052 Q027 0042 oz NG oo
fwerage ipron 1082 2034 2017 2048 0048 202 a2z 2021
Average posemo 015 o017 0078 0026 2023 0047 2088 a0ze
Average negemo 00092 2.0048 2078 00062 a0t 0056 a04a 2078
Average female 00087 a017 Q0011 a0a1 aost 0083 0.0084 0017
Mverage male a0z aote 2083 aose 0084 211 LLE aoes 007
Average swear o016 00035 0.087 ao11 ooozs  [EEERIN 0044 0025 012
Average netspeak 0016 0015 0027 0037 004z 003 a1z [NEENN oo
Average AllPunc aoz3 azs 0.055 aaos aoce7 0.058 aoe7 Q024 007

Va4

Contact s

VA A A A

sending at |l east three

(d)

personal

Figure 5.2.1 Continued. Relationships (R) between Individual Contact Linguistic Score
Averages and Engagement (Messages, Personal Messages, and Membership) for Minimum
Average Word Counts i avg(pm) i of 0, 25, 50, and 75.
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R for pm>=20 & avg(wc)>=0 R for pm=>=20 & avg(wc)>=25 R for pm>=20 & avg(wc)>=50 R for pm>=20 & avg{wc)>=75
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Figure 5.2.1 Continued. Relationships (R) between Individual Contact Linguistic Score
Averages and Engagement (Messages, Personal Messages, and Membership) for Minimum
Average Word Counts i avg(pm) i of 0, 25, 50, and 75.
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5.3. Exploration Three: Personal Stories
As described in the introduction, research bodies and practitioners encourage nonprofits
to look for personal stories among personal messages (Karpf@odgressional
Management Foundation 2017, Social Change Agency 2017a, 2017b, Long 2018) to
create Agroundbreakingo (Social Change Age
researchers have shown that contacts who share stories about how they have been
affected by campaign issues have a greater potential to contribute to nonprofits as
participants and organizers. In fact, an original proposal for this dissertation considered
training a naive Bayes classifier to attempt to identify personal stories for advocacy
campaigns. While a machine learning classification model could be developed in the
future, work on Objective Two begins by using k#yase searches to identify messages
with personal stories. It then tests whether specific phrases are related to mgmbershi
This exploration developed phrases from a collection of words already used by an
employee of one nonprofit advocacy organization to look for personal stories. This

employee noticed that the following phrases help identify personal stories faetmir

1. Asa
2. lama
3. llive

4. In my state/district
5. My family

6. My husband

7. My wife

8. My children
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While some lettewriting campaigns may elicit many personal stories of lived
experiences, permitting organizationsoé | eg
campaigns do not, and sets of small numbers of identified stories lead to statistically
insignificant findings about membership even if those stories may be practically applied.
Categorical chsquared tests comparing small groups of contacts who haveessomal
stories to those who have not sent personal stories, on the basis of membership, yield
high, insignificant, pvalues.

To address this problem of small groups matching conditions, inspired by LIWC
pronoun dictionarieand work byGordonet al. 009, wholooks for stories in longer
passages of texhe studycasts a net to catch personal stories by expanding the original
list of personal story phrases (above) to include subject pronoun variationpdfsen,
secondperson, thireberson, singular pl ural ; e. g. #Al 0 and Aweo
present, future) and endings (e.g. Aedo an
variations (e.g. child vs. children), and limited consideration to imperfect tense (e.g. was
vs. had) and some associatediee phrases (e.g. have been living, had lived, go to, going
to).

It tests for the presence of phrases (a) starting a message, (a) anywhere, and (c) at
the beginning of sentences and prepositions, qualified by patterns of punctuation and
spaces. Searchirigr phrases at the beginning of a message automatically finds messages
that begin with sentences that begin with
find messages that contain | ater sentences
pipd i ne. As a scientisté. o Searching anywher

the number of results. Qualifying messages actually limits the number of search results

108



returned by queries, but i n manyncFarses, al

exampl e, an unrestricted search for fAas ao

with a word ending in Aaso and a following

department has already assdeptaeld Ot t®ont @aninrsa

matching phrase. A regular expression to search for this particular unintended result

( My SQL ex p-rlasg[azil]on ffrleda urns 7,588 similar me

messages do not tell personal stories like those found by the more complex pattern

mathi ng for fias ao at the beginning of sent

A(([:punct:][:space:](As a))| (~"As a))|[:spa

shown in the pattern of this example, expressions in this study were matched against

fiel ds with a case insensitive collation to

witnessing the dissemination of African Elephants from my family home village over the

|l ast 20 years, as an African, |l hope that
Reading messages resulting from the initial queries reveals most regular

expressions describing these phrases do, indeed, reveal what an advocacy organization

mi ght <call Adbeusonat sBéoeseanily dAlived ex

Social Chang Agency 2017a). Many resulting messages independently convey other

meanings, such as volition to act and thre

politician | can and switch my party affiliation if Bears Ears National Monument is

reducedbyeen one square footo; family support,
thiso; specific occupation, e. g. Al am a ¢
|l ogging. The Giant Sequoias are too i mport
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undergradvho with student loans. | try my best every single month to save energy in
every waypossiblé . 0
Contacts describing battles with asthma near sources of pollution convey personal
stories. A search for sentencesresblsguchhni ng
as,
| 6ve had asthma my whole I|ife. I grew u
me. | want a world where my grandchildren can breathe easy,
and
| live along the interstate outside this operation. My family and friends are getting
sick with asthma and are being forced to exercise indoors since fracking began.
Methane and VOCs need to be regulated in every way possible
These messages have subjectively fAmoreodo pe
guer i esdafuogrhtiiemydo and @Al have: o
My child and | have asthma. Do your job. Protect our air!
and
| have asthma and need clean air to breathe.
While this review exposes varying degrees of personal stories and intents of messages
found with different expression patterrihis exploration did not rank messages by
degrees of personal story. This work might be better suited for a machine learning in the
future. This exploration does, however, evaluate several categories of searches and,
additionally, tests LIWC dimensiorad the most popular words used in messages. It
reports findings for searching for personal stories with references to family, gender,

residence, education, activism, volunteering, voting, spending, suffering, and swear
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words. AppendiB lists the SQL quées and regular expressions used by this study to
conduct these searches.

5.3.1. Personal Stories and Family

The study began exploration with a search recommended by a nonprofit organization to

test for the presence of fAmy famességatofind o i

-

personal stories. The search found some personal shorieg more interestingly,
successfully identified high membership rafesble5.3.1. showsthat authors who have
begun their messages with Amy wifed or Amy
ALI KE o6my husband%bdo) have al most doubl e t
(49% vs. 27%). A chsquare test shows the relationship is significafikX1,
n=194,409) = 154, p < 0.0Table5.32 shows the calculation of expected values for this
statistic. Authors who have used these terms anywhere in their messages (n=1,219, e.g.
"%my husband%") have a 45% membership rate compare@166 membership rate for
those that do not (also p<0.01). Limiting this test to the group of contacts who have sent
longerthan average messages has little effect on the test results: The number of results
decreases to 438 contacts and the membershimcagases by one percent, to 56%
producing a 23% increase over the 27% membership rate of the alternative results (p <
0.01).

Table5.3.3 shows results for variatis for husband and wife queries tested
independently along with other family conditions. Thesduiared tests for second
personandthihp er son husband and wife search condi
wi fe, 0 have | ow e n o uhgathheicpoatuesiexceedhlatheir gr oup s

relationships therefore are not significafdble5.3.3 also shows that groups of contacts
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who begin messages with search ternespde their lower group sizes, generally have
one or two percent higher membership rates compared to contacts who use the search
terms anywhere in their messages. Further, the groups of contacts matching alternative
conditions have membership rates cltsthe general membership rate of contacts
sending personal messages (27% to two significant figures).

Contacts who discuss children have the highest numbers of matching contacts and
significant 36% and 37% membership levels compared to the average 27B&nsieim
rat e. Queries that find these contacts mat
to singul ar fEduned.3d ghowsthese enentbersngies. .

In summary, contacts who discuss their family members are more likely to be
members, and contacts discuss their children more than their spouses. An expansion
study could test membership against references to grandchildren and other types of

family members and friends not tested here: sons, daughters, mothers, fathers, etc.
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Table 5.3.1 Husband and Wife Personal Story Observation Contingency Table and

Calculations

A Apersonal s tthsrtabléis definaddy the casa whiera a contact has written a

message beginning with ffyEln=dHMAPE=d®, po<r0.0fi my wi fe. o X

Did not begin
Beganamessage message w
wi t h fAmy husbando
Observed or fAmy v wif e 0 Sum Total Proportion
Member 299 52,024 52,323 0.269
(52,323/194,409)
Not a Member 309 141,777 142,086 0.731
(142,086/194,409)
Sum 608 193,801 194,409 1
Membership Rate 49% 27% 27%
(100%*299/608) (100%*52,024 (100%
/193,801) *52,323
1194,409)

Table 5.3.2 Husband and Wife Personal Story Expected Values Contingency Table and
Calculations

Along with observations from Table 5.3.2, this table shows expected values and sub-calculations
to calculate the chi-squared statistic and the chi-squared test p-value. These two tables serve as
examples for additional chi-squared tests in Chapter 5.

Did not begin
Beganamessage message w
wi th Amy husbando
Expected or fAmy v wifeo
Member 164 52,157
(608*0.269) (194,409*0.269)
Not a Member 444 141,642
(608*0.731) (194,409*0.731)
Sum 608 193,801
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Table 5.3.3 Membership Rates (m), Sizes (contacts, n), and Chi-Squared Test P-Values for
Family Conditions (true, ¢, and not true, ~c)

?
£ S
condition term < < E & E E o
starts with my family 586 193,823 38% 27% 12% 11% 0.00
contains my family 2,258 192,151 38% 27% 11% 11% 0.00
phrase starts with  my family 873 193,536 37% 27% 11% 11% 0.00
starts with our family 155 194,254 40% 27% 13% 13% 0.00
contains our family 1,496 192,913 36% 27% 9% 9% 0.00
phrase starts with  our family 219 194,190 39% 27% 12% 12% 0.00
starts with my child 166 194,243 38% 27% 11% 11% 0.00
contains my child 2,060 192,349 37% 27% 10% 10% 0.00
phrase starts with  my child 337 194,072 38% 27% 11% 11% 0.00
starts with our child 578 193,831 38% 27% 11% 11% 0.00
contains our child 14,005 180,404 36% 26% 10% 9% 0.00
phrase starts with  our child 1,579 192,830 36% 27% 9% 9% 0.00
starts with my husband 384 194,025 47% 27% 21% 20% 0.00
contains my husband 811 193,598 41% 27% 15% 15% 0.00
phrase starts with  my husband 528 193,881 45% 27% 18% 18% 0.00
starts with my wife 224 194,185 52% 27% 25% 25% 0.00
contains my wife 410 193,999 51% 27% 24% 24% 0.00
phrase starts with my wife 273 194,136 52% 27% 26% 25% 0.00
starts with my wife or my husband 608 193,801 49% 27% 22% 22% 0.00
contains my wife or my husband 1,219 193,190 45% 27% 18% 18% 0.00
contains your wife or your husband 62 194,347 24% 27% -3% -3% 0.63
contains his wife or her husband 53 194,356 26% 27% 0% 0% 0.93
B nic B nic
50% 14,005 15,000
40%
< 10,000
£ 30% .
2 )
; <
2 £
5 20% £
o o
% 5000 8
=

10%

0%

our family my child

ourchild  my husband

Term a Contact Has Used

Figure 5.3.1 Family Words and Membership
37% membership rate for 20,001 total contacts
Membership rates are percentages of members for groups of contacts.
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5.3.2. Selfldentification Predictors for Personal Stories and Membership

As describing onebds husband or wife may be

money spent on membershikgure5.31, above), categorizing on:
personal, and results from the search for
more than just the stories of #fAlived exper

20173 that this exploration set out to look for. Results of these types of searches answer
guestions that advertising companies and banks traditionally asked consumers to judge
consumer income and make credit determinations. Without taking a survey, soeng writ
identify their own family membership, gender, occupations, affiliations, and education,
writing Al am a mom, 06 Al am a doctor, o dl

am a Ma r Yableb4shaws membership rates for these types of queries.

5.3.2.1.General SeHdentification

For generatelf-identificationconditions,Table5.34 shows that contacts who identify

themselves have aboawerage membership rates. Contacts who use begin phrases with

fas ao are the most relevant, w27%hatemember s
Figure5.3.2 highlights contacts identifying themselves in fpstson have-6% higher

membership rates than those identifying themselves in seeradn. $e Appendi8,

personal story reference Table 1 for regular expressions used to identify these conditions.
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Table 5.3.4 Self-ldentification and Membership

?
€ £
o ¢ e ¢ S
condition term < < = = = £ e
starts with As a 6,266 188,143 40% 26% 14% 13% 0.00
contains As a 23,230 171,179 37% 26% 11% 10% 0.00
phrase starts with  As a 6,749 187,660 40% 26% 13% 13% 0.00
starts with lam a 3,338 191,071 38% 27% 12% 11% 0.00
contains I am a 5,692 188,717 38% 27% 11% 11% 0.00
phrase starts with 1am a 2,323 192,086 38% 27% 12% 11% 0.00
starts with We are 3,110 191,299 35% 27% 8% 8% 0.00
contains We are 13,271 181,138 34% 26% 8% 7% 0.00
phrase starts with  We are 6,754 187,655 33% 27% 7% 6% 0.00
starts with Wearea 591 193,818 36% 27% 9% 9% 0.00
contains Wearea 2,598 191,811 37% 27% 10% 10% 0.00
phrase starts with Wearea 250 194,159 32% 27% 5% 5% 0.09
B mic B nlc
50% 10,000
40%
7,500
E
E’ 30% <
& £
o 5,000 a
= 3
= 20% c
- S
L]
= 2,500
10%
0% 0
Asa lama We are We are a
Term a Contact Has Used
Figure 5.3.2 Self-ldentification and Membership
This plot shows data from Table 5.3.4f or fAphrase starts witho conditi

37% membership rate for 15,779 total contacts (15,779 = 6,749 + 3,338 + 5,692, where all 2,323
i we aMeenbessliip ratds are percemtagesaof n

messages

cont ai

ni

members for groups of contacts.

ng
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5.3.2.2.Gender Selfdentification

For genderfigure5.3.3 shows small numbers of contacts identify with male terms (56)

and female terms (150). The low difference between the observed and expected
membership rateger females along with the low number of contacts yields a more
modestly significant chsquared test-galue of 0.05 compared to the malegue, 0.01.
Contacts who state their gender have higher than average membership rates (45% males
and 34% femaleshut not many contacts do so (150 + 56 = 256). See Appéndix

personal story reference Table 2 for the regular expressions used to find contacts who

identify themselves as male or female.

B nic B nic
50% 500
40% 400
30%

300

20% 200

Membership Rate (m|c)
Contacts (n|c)

10% 100

0%

male terms (p <.01) female terms (p = .05)

Term a Contact Has Used

Figure 5.3.3 Self Gender Identification and Membership
Membership rates are percentages of members for groups of contacts.
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5.3.2.3.Residence Seltlentification
For self-identificationof residencyTable5.35 shows higher than average membership

rates, up to 41%, for contacts stating they live in a place in thg&rsbn, with a good

number of results for phr aseifsl tlhiavte oc o(nlt, a7 8n4
contain Al Iive ino (1,465) and start with
not detected enough to call membership rate differences significant. The last row of the

table tests a more complex condition for several identéifit i ons of Al i vi ngo
expression, @AREGEXPm|wil]wilbe|wasphave| haveebedn|)(goo | a m
to|] going| going tol|)) (I i-peesdnisingularpatgeyns , 6 wh
described in the introduction of thikapter, successfully increasing the number of

matching results while limited false positive detection rdtegire5.3.4. plots data in

Table5.35f or fAphrase starts witho conditions ar

person singular identification of living. See AppenBixpersonal story reference Table 3

for regular expressns used to find contacts who identify themselves as living in a place.

Table 5.3.5 Residence and Membership

?
condition Term = = E E E E o
contains I live 2,819 191,590 39% 27% 12% 12% 0.00
phrase starts with I live 1,784 192,625 39% 27% 12% 12% 0.00
contains I live in 1,465 192,944 41% 27% 14% 14% 0.00
phrase starts with I live in 1,131 193,278 40% 27% 13% 13% 0.00
contains We live 1,445 192,964 32% 27% 5% 5% 0.00
phrase starts with We live 359 194,050 36% 27% 10% 10% 0.00
contains We live in 639 193,770 34% 27% 7% 7% 0.00
phrase starts with We live in 206 194,203 39% 27% 12% 12% 0.00
contains We call home 100 194,309 31% 27% 4% 4% 0.36
phrase starts with We call home 2 194,407 0% 27% 27% 27% 0.39
First-Person Singular
complex Live/Lived/Living 3,178 191,231 39% 27% 12% 12% 0.00
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50% 5,000
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Membership Rate (m|c)
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10% 1,000

0%

Ilive Ilivein We live We livein  First person living

Term a Contact Has Used

Figure 5.3.4 Residence and Membership

This plot shows data from Table 5.3.5f or fiphrase starts witho condition
39% membership rate for 3,737 total contacts

Membership rates are percentages of members for groups of contacts.

5.3.2.4.Family Role Selfdentification

Contacts identifying themselves as spouses, parents, grandparents, children, siblings,
aunts, and wuncles, identified with several
am|\N'm|l was|l hae been|l will be) (a|an|the) {FE+

| ) (grandma| grandmot her | grandpal|] grandfather
conditional group sizes. All cfiquared test-palues for these searches are relatively

high compared to other tests in this exatam, with the exception of the test &elf
identificationas a fAson, daughter, chil d, or kid. o
with a 44% membership rate 1% 34 for k=1 and n=216; p < 0.01). See Apperilix

personal story reference Table 2 fegular expressions used to identify these conditions.
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5.3.2.5.Education Selfdentification

The test for contacts identifying themselves as students, graduates, or téatbwensl

with the MySQL expr &m|lswiasi have béeREMH BeX @|the) (1| a m|
([a-z]+ |)(college|student|phd|mas®master of|doctor
of|graduate|professor|ta|teacher|highschool|elementary school|presciscbtppithigher
educat i ond| yiekl sndyd93 cebujtspa membership rate of 28%, only one

percent greater thahe average, and a efguared test-palue of 0.74 indicating an

insignificant relationship. Alternatively contacts who identify themselves as teachers, not
through decl aration such as Al amo and Al 6
variations® At each, 06 return a higher membership
results (185 contacts). The edfuared test-galue for the verb test is significant{

12 for k=1 and n=185; p < 0.01). See Apper8ijpersonal story reference Tables 2 and

3 for regular expressions used to identify these conditions.

5.3.2.6.Working and Occupation Sdtentification

Table5.3.6 show results from looking for contacts who explicitgme themselves with

specific words in a similar way that family roles were identified, above. It also shows

results for identifying contacts through verb use, in a similar way that teachers were
identified with Ateacho vienrgbsi,n afbiosvted aAnl d hf
generally find contacts working in professional fields, this analysis is in no way

comprehensive. The occupation taxonomy from the Bureau of Labor Statistics could

greatly improve this exploration in future work

(https://www.bls.gov/oes/current/oes_stru.nt®ee AppendiB, personal story

reference Tables 2 and 3 for regular expressions used to identify these conditions.
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Combined with a taxonomy of occupations, work andupation searches could
aid organizations in immediately organizing lett@iting campaign participants. For
example, a chatbot interacting with a person whoedestribes themselves in a message,
Al 6m a hydrol ogi st at énsapesprogransioMMontgomery e X p a
County, o0 could ask that person whether the
aut horés message with other scientistsoé me
positive reply, the bot could then ask if the persmuild like to join an online group of
concerned scientists who have written to support the Rainscapes program, or flag the

person for a followup call with a legal action team looking for testimony.
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Table 5.3.6 Work, Occupation, and Membership

7
=3 £
) ? o L o o
identification root-term c c = = = = e
self *ist, doctor, nurse 386 194,023 41% 27% 14% 14% 0.00
self *ist 345 194,064 41% 27% 14% 14% 0.00
self *tor 85 194,324 47% 27% 20% 20% 0.00
self *or 749 193,660 39% 27% 12% 12% 0.00
self *er 2,076 192,333 39% 27% 13% 12% 0.00
self doctor, nurse 61 194,348 49% 27% 22% 22% 0.00
self lawyer, judge 7 194,402 29% 27% 2% 2% 0.92
self engineer 34 194,375 26% 27% 0% 0% 0.95
verb work 898 193,511 38% 27% 11% 11% 0.00
verb program 6 194,403 67% 27% 40% 40% 0.03
verb analyz 3 194,406 0% 27% -27% -27% 0.29
B mic B nlc
50% 5,000
49%
47%
40% 4,000
41% 41% N !
39% 9% 38%
E 30% 3000
2 2,076 -
o &
2 20% 2000 &
% 749 898 “
10% 1,000
= 386 345
85 61

0%

*jst,
doctor,
nurse

*ist *tor

*or *er

Term a Contact Has Used

Figure 5.3.5 Work, Occupation, and Membership
Membership rates are percentages of members for groups of contacts.
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5.3.2.7. Activism, Volunteering, Voting, and Spending-8khtification

In addition to the key phrases that identify personal stories listed at the beginning of this
exploration section, nonprofit organizations are interested in voters and contributors to
causes. Reading through search results for personal stories reveatheevitipast

activism in addition to personal stori@@able5.3.7 shows membership rates for contacts

who have used verbs Avoluntee@rffoi dihto,i &, &n d

with firstper son singul ar Al o0 words, tested with
Ateaching, 6 explained above. Results show
modestly significant ywalues. Even though contacts disciss pendi ngo i n hi gh

numbers then contacts discuss fAvolunteerin
metrics reveal much higher, and significant membership rates (52% and 44%). See
AppendixB, personal story reference Table 3 for regular expressgmtsto identify

these conditions.

Table 5.3.7 Activism Verbs Used in the First-Person

?

B =
root term(s) < < £ £ £ £ e
volunteer 66 194,343 52% 27% 25% 25% 0.00
join 63 194,346 44% 27% 18% 18% 0.00
protect, guard, save, saving, fight, fought 217 194,192 35.02% 26.90% 8.12% 8.11% 0.01
spend 114 194,295 32% 27% 5% 5% 0.26
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5.3.2.8.0utdoor Appreciation Seltientification

Advocacy organizations like The Audubon Society, the Sierra Club, and other
organizations give their members access to outdoor program and events with
membershipTable5.3.8 shows that a limited search for outdoor verbs shows campers,
hikers, and walkers have significantly higher levels of membership than the average
despite their moderately low regular expression matching rates. See ApBendix

personal story referendeable 3 for regular expressions used to identify these conditions.

Table 5.3.8 Outdoor Verbs
49% membership rate for 682 total contacts

7

€ €
root term(s) < < £ £ £ £ e
camp 54 194,355 44% 27% 18% 18% 0.00
hike, hiking 218 194,191 54% 27% 27% 27% 0.00
trek 1 194,408 0% 27% -27% -27% 0.54
climb 8 194,401 63% 27% 36% 36% 0.02
ski 4 194,405 25% 27% -2% -2% 0.93
hunt, fish 25 194,384 32% 27% 5% 5% 0.57
bike, biking, cycl 6 194,403 50% 27% 23% 23% 0.20
hike, hiking, walk 325 194,084 48% 27% 21% 21% 0.00
swim, swam 19 194,390 47% 27% 20% 20% 0.04
ride, riding, rode 22 194,387 41% 27% 14% 14% 0.14

5.3.2.9.Suffering Seltdentification

Words of suffering surfaced in reading through personal stories identified by the previous

searches. They uncover | ived experiences t
Stem verbs, including Asuffer, &edeapriibw,edd ki
Al ost, 0 Al ose, 06 Aendur, 6 and Al wil/l go th

p-values greater than 0.01 (mostly insignificant). The test for the presence of base
Asuffero verbs has the gr eahesedests(88t chi ng n
contacts) with 34% membership rate (a small 7% above the average). The test for

Aenduro yields only five contacts, but thr
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p=0.10). See Appendig, personal story reference Table 3 for regularesgions used

to identify these conditions.

5.3.2.10. Swear Words

While phrases derived from searches of personal stories find higher membership rates,
swear words find lower membership rates. Looking purely for the presence of three four
letter swear words, alongith the presence of any swear word reported by the LIWC
Afswear o di mension, reveals contacts who
Table5.3.9 shows the results. The 260 contacts who begin messages with the first swear
word have very low membership rates (11%). Individual swear word conditions yield
chi-square test resultyalues lower than 0.01, and all exhibit membership rates lower
than thos found by the LIWC swear word test (23%). See AppeBdpersonal story

reference Table 4 for regular expressions used to identify these conditions.

Table 5.3.9 Swear Words and Membership

7

Condition Term < < = = = = o

Starts with F Swear Word 260 194,149 11% 27% -16% -16% 0.00
Contains F Swear Word 946 193,463 15% 27% -12% -12% 0.00
Starts with D Swear Word 30 194,379 20% 27% -7% -7% 0.39
Contains D Swear Word 925 193,484 26% 27% -1% -1%  0.37
Starts with S Swear Word 8 194,401 25% 27% -2% -2% 0.90
Contains S Swear Word 728 193,681 20% 27% -7% -7% 0.00
Contains a LIWC Swear Word 8667 185,742 23% 27% -4% -4%  0.00

AppendixB describes all personal story queries and includes a referealtéhaf

database LIKE and REGEX conditions that this chapter uses.
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5.4. Exploration Four: Flesch Reading Ease
Exploration Four tests if members that write more words per sentence angyftadies
per word, according to the Flesch reading ease score (20618836 * words/sentences
- 84.6 * syllables/words), have significantly different membership levels than the 27%
average membership rate for contacts who sent personal messagesoisdes
minimum Figure5.4.1 andFigure5.4.2), averageKRigure5.4.3 andFigure5.4.4), and
maximum Figure5.4.5 andFigure5.4.6) Flesch scores per contact. The tests of
minimum Flesch reading ease scores highlight the most difficuéad messages that
each contact has written. The tedtsnaximum Flesch reading scores highlight the
opposited the simplesto-read messages that contacts have written. The tests of
minimum scores show significant differences in membership rates. The tests of maximum
scores show no differences.

Figure5.4.1 (membership rate) arfeigure5.4.2 (conditional group size) show
that membership rates increase with minimum Flesch ease of reading scores from a
below average membership rate of 16% (minimum Flesch score > 100; 4th grade and
lower reading level; <10% below the overall average score of 27%) to an above average
score of 37% (minimum Flesch score O 30;
the overall average score of 27%). All categoricalsthiared tests for these minimum

Flesch score conditions havevalues of less than 0.001; they are significant.
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Figure 5.4.1 Membership Rates for Groups of Contacts with Minimum Flesch Reading Ease
Scores
Membership rates are percentages of members for groups of contacts.
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Figure 5.4.2 Group Size (Number of Contacts) for Groups of Contacts with Minimum
Flesch Reading Ease Scores
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Figure5.4.3 (membership rate) arfelgure5.4.4 (conditional group size) show that the
membership rates increase with average Flesch ease of reading scores from a below
average membership rate of 17.2% (average Flesch score > 100; 4thrgtdoer ease

of reading |l evel) to a slightly above aver
50; college reading level). All categorical edfjuared tests for average Flesch score

conditions have jalues of less than 0.01 except for the vdstre the score is greater

than 70 and less than or equal to 80 (7th grade reading level)-Vidheepfor that test is

0.01. All tests, therefore, are significant, and contacts who write text at the two lowest

reading levels (highest scores) have diffeemnin membership rates from their

alternative conditions 6fL0.36% and7.70%.
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Figure 5.4.3 Membership Rates for Groups of Contacts with Average Flesch Reading Ease
Scores
Membership rates are percentages of members for groups of contacts.
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Figure 5.4.4 Group Size (Number of Contacts) for Groups of Contacts with Average Flesch
Reading Ease Scores

129



Figure5.4.5 (membership rate) arfeigure5.4.6 (conditional group size) show that the
maximum membership rates betwegroups of contacts defined by their maximum

Flesch scores (the simplest messages that contacts have written) are almost
indistinguishable from each other, and very close to the average total membership rate for
contacts who sent personal messages: 27#thmeship. Categorical clsiquared tests for

Fl esch score conditional scores of >100,
and O 50, and OvalésoffD.80; @10,106% 02,016, .08, 0573,

0.16 and respective membership miféerences from opposite conditions of 1.22%,

0.47%, 0.10%-0.52%,-0.34%,-0.63%, 0.10%50.60%. Differences are, therefore, small

or insignificantd and most of the time both for this test.
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Figure 5.4.5 Membership Rates for Groups of Contacts with Maximum Flesch Reading
Ease Scores
Membership rates are percentages of members for groups of contacts.
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Figure 5.4.6 Group Size (Number of Contacts) for Groups of Contacts with Average Flesch
Reading Ease Scores
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In summary, minimum score Flesch tests are more revealing than maximum score Flesch
tests. They expose the most diffictdtread (high grade level) passages thsihgle

contact has ever written. Those scores impact membership. Maximum scores, and

therefore average scores to a lesser extent, are less revealing. If a contact writes two
messages and one is short and sweet (easy to understand), but the other is twmmplex
compl ex message can tell an organization m

membership dues than the simple message.
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5.5. Exploration Five: Sentiment

The compilation of all LIWC scores revealed, by accident, relationships between
membership and ssar words, positive words, and negative words in long messages and
for contacts who sent many messages. This exploration checks for relationships between
membership and sentiment. It calculates VADER sentiment scores for each message, and
then calculatesumped average, minimum, and maximum scores for each person. It then
calculates membership rates for VADER sentiment scores below the rang®.65]0,

and above the range of [0,0.95] where scores bédddb are considered negative and

scores above 0.0%eaconsidered positive (Hutto and Gilbert 2014

https://github.com/cjhutto/vaderSentiment#abthescoringd. Results are shown for the

minimum, average, and maximum lumpedrss per contact iRigure5.5.1, Figure
5.5.2, andFigure5.5.3. Figure5.5.4 compares the results in a single plot.

In chi-square tests for twby-two contingency tables of members and-hon
members for each VADER condition tested;gtues were all less than 0.01 except when
the average compound VADER score was less than or equal to 0.6, 0.65, 0.7, 0.8, and
0.95 and theninimum VADER score was greater than 0.95. For maximum compound
VADER scores, group sizes ranged from 651 to 147,540 as shdwiguire5.5.5. Figure
5.5.6 shows the difference between the membership rates for maximum compound

VADER score conditions and their alternatives conditions.
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Membership rates are percentages of members for groups of contacts.
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Figure 5.5.2 Membership Rates for Contact Average VADER Scores
Membership rates are percentages of members for groups of contacts.
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Figure 5.5.3 Membership Rates for Contact Average VADER Scores
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Membership rates are percentages of members for groups of contacts.
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Figure 5.5.4 Membership Rates for VADER Scores (Average, Min, and Max)
Membership rates are percentages of members for groups of contacts.
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Table5.5.1 compares members and Aorembers for average compound VADER scores.
It shows that average membership rate for contacts who write messages with positive
sentiment is close to the average mersihigrrate overall. The membership rate for
contacts who write with increasingly negative average sentiment (lower compound
sentiment scores), howeveecreaseslable5.5.2 shows messages from six contacts,
selected at random, for positive and negative average scores (within 0.1 of the negative

and positive sentiment ratings equat@®0,-0.5,-0.05, 0.05, 0.50, and 0.80).

Table 5.5.1 Membership Rates and Group Sizes for Contacts Grouped by VADER
Sentiment Scores

Average VADER

Compound Score Group Size Membership Rate
00.05 109,765 30%
0 0.10 104,939 30%
O 0.50 53,700 28%
O 0.80 18,525 26%
0-0.05 61,999 22%
0-0.10 57,830 22%
0-0.50 26,399 18%
0-0.80 74,444 17%
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Table 5.5.2 Example Messages with Positive and Negative Sentiment

Contact Average VADER
Compound Score Messages

A 0.889 Message 1/1: | will be going green and buying clean
energy for my family this year. Please don't pollute our
environment further than you have. Be smart, and
invest in our future, not wall-street.

(Member)

B 0.516 Message 1/2: Our world should not be sacrificed for
higher profits for the fossil fuel industry. L et 6s
Virginia's people first! Our children's future can't be for
sale - for any amount of money!

Message 2/2: Do the correct thing! Forests are
irreplaceable. North American forests are one of those
forests. These lands need to be protected for all
humanity.

(Non-Member)

C 0.05 Message 1/1: Close down businesses like Monsanto
who are helping to destroy our land.
(Non-Member)

D -0.06 Message 1/1: Any nonrenewable project here would
be fool hardy when we know about the emissions that
would be released.

(Non-Member)

E -0.54 Message 1/1: Fracking is hazardous and dangerous to
the water we drink and the air we breathe. Gas is no
longer a sustainable option. We must switch to wind
power and safe energy sources or we will suffer great
these bad choices!

(Non-Member)
F -0.80 Message 1/2: You've f***ed up our world with your

dishonesty and greed

Message 2/3: When will it stop? It is tragic that life,
plants, animals, seabirds, and the source of life to
millions of global citizens are vanishing. We are done
with your greed in enacting this destructive legislation.
Please start caring.

(Non-Member; words censored for this table)
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5.6. Exploration Six: Top Words
A purely exploratory test shows the 50 most popular words among all messages,
scrubbed for stop words (NLTK) and American Standard Code for Information
Interchange (ASCII) punctuation characters, have greater than average menmb&ship
ranging from 29% to 40%, with an average membership rate of 30%. These rates are
comparable to some of the best rates found from ‘radi@nally searching for terms
related to personal stories in Exploration Three, above. The words detect caniact gr
sizes satisfying their conditions of between 16,215 and 61,594 contacts. With high group
sizes, chisquare testpalues are all lower than 0.01 for each test (significdiifle
5.6.1 shows results from testing the top 50 words on membership rates.

Looking individually at the top 5,000 messed words, the highest membership
rate, for searches returning more than 1,000 results and significant chi squared test p

vaues greater than 0.01 is 50% for both t

he

word) and Aefficiencyodo (868th most popul ar

alternative membership rates for these conditions (m|~c) are both equal to the average
membership rate (27%). Conversely, the lowest significant (p<0.01, n>1,000)
membership rate is 17%, for contacts who
Interestingly, the four letter swear words and other negative words appear alongside this
term.

Finally, note that an early miscalculation revealed thespaling for the word
Adonét 6o as fAdont o without an a-pverager ophe
membership rate of 19% €% 28 for k=1 and n=869; p < 0.01). Future work might study

misspellel words as a negative predictor of engagement.
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Table 5.6.1 Popular Words and Membership

T
1S S

Term = = 1S S 1S S a

please 61,594 132,815 33% 24% 9% 6% 0.00
people 35,540 158,869 33% 26% 7% 6% 0.00
need 42,658 151,751 33% 25% 8% 6% 0.00
protect 47,671 146,738 35% 24% 11% 8% 0.00
clean 34,123 160,286 36% 25% 11% 9% 0.00
us 96,674 97,735 31% 23% 8% 4% 0.00
stop 31,377 163,032 30% 26% 3% 3% 0.00
don't 29,748 164,661 32% 26% 7% 6% 0.00
future 31,986 162,423 36% 25% 10% 9% 0.00
environment 38,524 155,885 36% 25% 11% 9% 0.00
energy 25,979 168,430 37% 25% 12% 10% 0.00
planet 23,449 170,960 31% 26% 5% 5% 0.00
water 26,025 168,384 34% 26% 9% 7% 0.00
oil 23,057 171,352 37% 26% 11% 10% 0.00
thank 24,754 169,655 37% 25% 12% 10% 0.00
air 24,813 169,596 37% 25% 12% 11% 0.00
would 22,253 172,156 35% 26% 9% 8% 0.00
trump 21,345 173,064 29% 27% 2% 2% 0.00
right 25,732 168,677 34% 26% 8% 7% 0.00
children 25,370 169,039 36% 26% 10% 9% 0.00
want 23,091 171,318 34% 26% 8% 7% 0.00
must 19,557 174,852 36% 26% 10% 9% 0.00
country 21,164 173,245 34% 26% 8% % 0.00
public 23,580 170,829 38% 25% 13% 11% 0.00
lands 20,700 173,709 39% 26% 13% 12% 0.00
health 24,041 170,368 39% 25% 14% 12% 0.00
make 23,925 170,484 35% 26% 9% 8% 0.00
time 22,309 172,100 36% 26% 10% 9% 0.00
money 17,087 177,322 32% 26% 6% 5% 0.00
world 18,485 175,924 33% 26% 7% 6% 0.00
keep 20,832 173,577 35% 26% 10% 9% 0.00
one 52,777 141,632 31% 25% 6% 4% 0.00
earth 16,042 178,367 31% 27% 4% 4% 0.00
national 17,270 177,139 40% 26% 14% 13% 0.00
land 33,693 160,716 35% 25% 10% 9% 0.00
generations 17,183 177,226 36% 26% 10% 9% 0.00
like 16,511 177,898 34% 26% 7% % 0.00
drilling 15,391 179,018 37% 26% 11% 10% 0.00
life 26,682 167,727 33% 26% 7% 6% 0.00
take 21,673 172,736 33% 26% 7% 6% 0.00
climate 14,845 179,564 39% 26% 13% 12% 0.00
many 15,687 178,722 36% 26% 10% 9% 0.00
get 21,532 172,877 33% 26% 7% 6% 0.00
know 17,732 176,677 35% 26% 9% 8% 0.00
wildlife 13,146 181,263 34% 26% 8% 7% 0.00
change 16,311 178,098 38% 26% 12% 11% 0.00
thing 33,600 160,809 32% 26% 6% 5% 0.00
think 16,596 177,813 34% 26% 8% 7% 0.00
american 20,656 173,753 36% 26% 10% 9% 0.00
care 16,215 178,194 33% 26% 6% 6% 0.00
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5.7. Exploration Seven: LIWC Scores and Membership

This exploration reviews relationships between membership and LIWC scores for
pronouns and other LIWC dimensions.

5.7.1. Pronoun Exceedance Tests

Exceedance tests identify contacts who have ever writtegsaage with a score

exceeding (i.e. above) a threshold. Alternative tests identify contacts who have never
written a message that has exceeded a threshold. Contacts, however, can send more than
one message, so alternative exceedance tests are not theessaonexceedance tests.

They may hint at results to them with increasing thresholds and linguistic consistency
between messages written by the same contactedMoeedance tests identify contacts

who have ever written a message not exceeding (i.e. baltwgshold. For example, a

contact who writes two messages with scores of one and three satisfies an exceedance test
for a threshold of two; three is greater than two. Because they satisfy the exceedance test,
they do not satisfy the alternative exceasatest: They have not never sent messages

with scores above two. They satisfy, however, theexaeedance test; one is less than

two. As the threshold increases, in this case to four, alternative exceedance-and non
exceedance test results match; onetarek are both less than four.

5.7.2. Pronoun Exceedance Test Results

Membership rates shown kigure5.7.1 change in small amounts as LIWC pronoun

score exceedance thresholdcrease from 0% to 10%. Membership rate ranges equal

0%, 1%, 2%, 2%, 1%, 3%, 5%, 3%, and 2% for respective pronoun, personal pronoun,

Al , 0 Awe, 0 Ayou, 0 Ashe/ he, 0 0 Mbambgrship and i

rates change the most (5% from 29%6t2 3 %) as fAshe/ hed rates i
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membership rates for she/he pronoun conditions, however, are insignificant in

comparison to alternative conditions due to the low use of the she/he pronouns. Chi

squared tests comparing observed and expected vdlgesups of members satisfying

minimum LIWC score exceedance conditions yielgfues less than 0.01 (significant)

except for tests of membership for fAhe/ she

member ship rates for 0heWsank>t0%mrealnoun r ate

significant, but catch low numbers of members (2% to 4% of all message writers).

Overall, membership rate differences are small compared to those found in prior analysis.
The alternative exceedance tests showkignre5.7.2 shows the presence of any

pronoun (from the pronoun LIWC dimension) is more revealing than the use of any

particular pronoun (e.g. fr onparingrFigurenl 0 di me

5.7.1 to Figure5.7.2, membership rates are higher for groups who have ever exceeded

thresholds and (b) memlséip rates drop from 28% to 19% for those who have not used

any pronouns at all. The naxceedance test (not shown) is not able to show this drop;

contacts that send messages with no pronouns (pronoun rate = 0) still send messages.

Membership rate rangdgke those shown in the exceedance tests, are all small for

component pronoun tests. They approach the average personal message membership rate

of 27% as test conditions identify increasing numbers of contacts that never send

messages with scores abover@asing thresholds. Word count tests show similar results

to rate testsHigure5.7.3 andFigure5.7.4). They highlight the effects of less frequently

used pronouns (e.g. they).
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Figure 5.7.1 Membership Rates for Exceedance Conditions
Membership rates change in small amounts.
Membership rates are percentages of members for groups of contacts.
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Figure 5.7.2 Membership Rates for Alternative Exceedance Conditions
Membership rates are percentages of members for groups of contacts.
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Figure 5.7.3 Membership Rates for Minimum LIWC Scores
Membership rates are percentages of members for groups of contacts.
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Figure 5.7.4 Membership Rates for Alternative Minimum LIWC Scores (Maximums)
Membership rates are percentages of members for groups of contacts.
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5.7.3. Other Notable LIWC Dimensions: Swear Words, Punctuation, Nonfluencies,

Family, and Friends
Among membership tests for each LIWC dimension, timytest for swear words, as
shown in exploration three, yields a belawerage membership rate (23%). The
membership rate for contacts who do not use swear words equals the average
membership rate for contacts who write personal messages (27%).

The presace of five LIWC dimensions yield membership rates 10% or greater
than the average rate. Contacts who use no
etc.), parentheses, dashes, semicolons, and colons have respective membership rates of
37%, 37%, 37%37%, and 39%. The tests for the alternative conditions yield slightly
below averagand average membership rates (26%, 26%, 25%, 27%, and 27%,
respectively). Contacts who use the more common punctuation (periods, commas,
guestion marks, and exclamation marks) all have abweeage membership rates, but
only by a 2 to 5% increase (3% a&ge increase). The test for quotes yields a 36%
membership rate. Members use more punctuation thameaonbers.

LIWC categorizes swear words and nonfluencies as informal speech dimensions.
There are three more categories in the informal speech grouthegnshow moderate to
high membership rates: netspeak (e.g. btw, lol; 31%, n=6286), assent words (agree, OK,
yes; 34%, n=8,222), and filler words (e.g. Imean, youknow; 35%, n=740).

Finally, supporting results found in looking for personal stories withljami
phrases, two dimensions among the LIWC socialmolsesses have 35% membership
rates: family (e.g. husband, daughter; 27,185 matches) and friends (e.g. buddy, neighbor;

11,334 matches). Compared to the combined test foipkrston references to speci
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family membersKigure4.3.1; 37% membership for 20,001 contacts), the LIWC family
test returns more contacts, slightly lower membership rates, and fewer persoes! st
In a random sample of ten messages that include LIWC family words, three of the
messages are personal stories and seven are not. All of the personal stories contain family
words prefixed the possessive fise r son pl ur al pronoun, fmy:o
1. The base ofhe Berryessa Snow Mountains was my home for many years and |
want this monument preserved fay childrenand grandchildren. Itis a
majesti@ .
2. Myfamilyused to swim and fish along the Ana
3. My husbanand | are bothempleyd by wind energy provide
The regular expression search for fipsrson pronouns followed by family words is
more specific than the identification of LIWC family words, but it would not miss any of
the stories found by the LIWC search in the randample of ten messages. Three of the
messages in this sample do not contain stories (false positives). The regular expression
would correctly classify them as not stories. The three messages contain references to (1)
Abi g brother, 0 d 2()3)infoyt chuerr cehairltchr,edn &anbut dc

experiences.
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CHAPTER 6. DISCUSSION

6.1. Objective One Discussion: Messages per Contact as a Measure of

Organizational Engagement
6.1.1. Pronouns and Messages per Person
Consistent with prior studies (e.g. Penneb@r7, pp 63, 118; Lenard 2016), small
differences (<1%) in the use of pronouns yield significant findings. Results show that
groups of contacts who send personal messages with lower rates of pronouns overall,
lower rates of personal pronouns overall, lovedes of firstp er son pl ur al Awe 0
pronouns, and moderately greater rates of
(Table4.11) . The decr easi nthecleaestindiiduafiproeacun wor ds i
predictor of increasing numbers of messages that groups of contacts $eri§R).
This could indicate contacts with positive, personal association (Pennebaker 2011) with
their state or counitnmaykneriea. g. 0 iosienad ofuewe 1y . |
A sentiment test on all messages moderately supports this theory. Messages with a high
use words fAwed words exhibit a higher degr
0.21 VADER compound sentiment) than messagest h a | ow rate of Awe
Aweo wor ds; copoOngsentindeBE R

While clear relationships exist between the central tendencies of LIWC pronoun
rates forgroupsof contacts, they cannot be used to predict the number of messages that
mostindividual contacts will send based on their first message. The observations and
calculation checks made in the report of results for testing Hypothesis One (Section
4.1.2) shows this is true for averaging rates in different ways and for different sets of

messages. Further, Section 5.2 shows Hypothesis One cannot be accepted for individual
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contacts, ungrouped, because most contacts do not send enough long messages. Like

most social media posts, personally authored advocacy messages afeigin@rt (

4.1.16). Unlike social media posts, many contacts write just one or two through systems
controlled by a specific organization. This study looked briefly at these two prgdertie

length and quantity in calculating the correlation between the use of-pestson plural

AweoO pronouns and t he numblabled. b3fandmgusees ages t
4.1.17 show that the number of contacts sending messages is more important than the

length of their messages in establishing correlations. (Future worktestiifithis

relationship holds true for other LIWC dimensions.) In simpler terms, ranges of three to
four percent usage of fAweo of pronouns, 13
to 3% usage of Ayouod words aofapesomall | consi
messages is 29 words, and the mode length is 11 weigig€4.1.16). Four percent of

11 is zero whole words.

6.1.2. The Pronouns of Environmental Advocacy

Given the relevance of groups of messages compared to individual messages, a

comparison between the biggest group of messages in thisdstatlymessaged with

summaries of other corpuses of text provided by the LIWC manual defines a language of
environmeral advocacy. The other corpuses include tweets, blog posts, essays, news
articles, and novel s. Environment al acti vi
compared to 4.99%) and fAwed words at much
than authors alext among the other corpus@&sgure4.19). They use similar rates of

fishe/ hed words as those found in tweets, w

passages of text. Like a parent talking to
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of Awed words i ndi c aritesto tieem policymakenntomia a | actiwv
seeminglyhigher social status (Pennebaker 2011, pp. 174). Supporting this theory, nine

out of ten randomly selected messages that
as the word Ayou, 0 a spadilmec yannla kyeoru,. 0o rl na st hte
must avoid being the country responsible for unleashing the beast of climate change by
monstrous policies that only benefit big o
refers first to the U.S. and then directlyth@ message recipient who, assumedly, can

enact Amonstrous policiesd or not. The | ow
words that all environmental advocates use do not indicate anything about social status,

but may help explain the less clear trefiok these pronouns identified in the test of

Hypothesis One.

Finally, the overall high use of Aweodo w
either (a) there are more male contacts (Pennebaker 2011), or (b) female activists use a
typi cal | y pofiticahvecahulary af gesonal pronoudsalso more typical of
the language of modern female politici@hswhen writing policymakers (Jones 2017).
Interestingly, two out of three contacts are female, supporting the latter of these two
theories. Future wé could investigate what this means for the two engagement factors
given males have higher overall membership rates (37%) compared to females (29%).

6.1.3. Personal Messages Rates and Word Counts
Hypothesis Two test results show that both the number of persesahges and the
number of all messages decrease for groups of contacts sending increasingly large

numbers of messages per contact. The number of messages sent also increases from 1 to

10 (the bulk of the data) as the avereafe of personal messages irases from 20% to
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25% (left side ofigure4.21). As the number of messages sent continues to increase, the
rate decreases to 15% at the group that sent 40 messapfterasteadily increases to
50% for groups of contacts who sent 90 messages (left skigwk4.21).

In summary, groups of contacts who send personal messagéssabfr18% (one
personal message for every five messages) are less likely to send a second message.
Groups of contacts who do send more than one message usually send them with a
personal message rate of 25% (one personal message for every four seatyrdines,
however, will be smaller than the groups with lower personal messageHigia® (

4.2.3). Advocacy organizations and policymakers evaluating an initial wlnessages
from a specific group, therefore, can expect both continued action (a second message)
and higher rates of personal messages if this initial wave of messages has a personal
message rate of 25% or more.

Advocacy campaign managers who value greaterbers of personal messages
to look for personal stories in, and building relationships with contacts who send more of
them, therefore, should not be discouraged by an overall lower number of messages in the
response from a specific campaign comparesinilar campaigns if the rate of personal
messages returned from the campaign is high (25% vs. 18%). Results emphasize the
importance of asking contacts to write personal messages, if not to help amplify their
voices and identify personal stories, to astehelp predict future engagement.

Hypothesis Three test results show that while the number of messages sent
roughly increases with slightly decreasing word counts for groups of contacts (29 to 26
words; K = 0.69; data tojgoded at 30+ messages), corgaending more than one

message send them at the overall average word count of 29 words compared to 28 words
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for those who send a single message. This difference is small and insignificant for low
numbers of messages. For large numbers of messagesbi¢ walsier to discern one in
five personal messages from one in four personal messages as shown above in
comparison to discerning 28 words per message to 29 words per message.-Wuasdone
difference could also easily be affected the language of a speaifipaign. Message
analysts should not, therefore, use this metric to predict the number of messages a group
may send in the future without testing the metric across high rates of similar campaigns.
6.2. Objective Two Discussion: Exploring Membership, Personabtories,

Sentiment, and Writing Simplicity
The results from the three initial hypotheses inspired an exploration into membership as a
measure of organizational engagement. Results show that the number of messages
written, the use of pronouns, the idemtiion of personal stories, sentiment, writing
simplicity, the use of swear words, the use of punctuation, the use of popular words, and
potentially the use of misspelled words can all help organizations identify membership
rates. If the 90,698 contactgegorized as members pay an average of $52/year,
campaigns receive $5.7M/year. If all 690,631 contacts paid this amount, campaigns
would receive $35,912,812, more than double the budget of Greenpeace, the smallest
environmental advocacy organization listed'able4.3.1.

The membership rate for all contacts is 13%. The membership rate for contacts
sending personal messages is 27%. As described in the introduction to Objective One,
this study describes 5%, 10%nd 15% membership rate differences from the average

27% rate, as moderate, strong, and very strong differences, respectively. Tests show:
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1. Membership rates increase with message rates.
Relating the two rates of engagement (messages and membership) rshgmbe
rates more than double, from 16% to 35% for groups sending one to ten messages,
before leveling off. Groups sending 20 or more messages have an average
membership rate of 37%.
2. Membership rates increase with average word count.
Membership rates increa from 17% to 30% for the contacts who sent messages
between one and 40 words long, before leveling off. Contacts who have sent
messages with an average word count greater than 40 words have an average
membership rate of 28%.
3. Membership rates increase itertain words and phrases.
Regular expression searches for personal stories with pronouns, verb variations,
and LIWC scores return some stories of lived experiences, but they also identify
authors in other ways. Membership rates increase withpinstan pronouns and
a. References to wives, e.g. fAmy wifeo
b. References to family members, overall (37%; 2,001 contacts)
c. ldentification with phrases that beg
Al am a, o0 (38%; 3, 33, CDODhtacmntsaydc tisWe ¢
are ao (32%; 2,323 contacts).
d Selfi denti fication with the male gende
contacts)
e. Selfi denti fication with the female gen

150 contacts)
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f. Selfidentification of residence e. g. Al | iveéo (39

%: 3

g. Sel-i denti fication as a family member,

216 contacts)

h. Selfi denti fi cation as a teacher with v

contacts), but not with tittes(eld. 6 m a scl®mool teacher

i. Selfi denti fication with nisto rol es, I

contacts) and fAero roles, | ike Acarp

j.  Volunteering verbs (52% membership rate; but only 66 matches; p < .01)
k. Outdoor activity verbs,e. .l have hi kedo (49 %;

5. Membership rates decreased with the use of swear words.

Membership rates did not significantly increase or decrease for most words
describing suffering, but they significantly and very strongly decreased for
members usigp swear words, as low as 11% for 260 contacts beginning their
messages with a word beginning with
using that word in their message. Membership rates for the group of contacts
using any LIWC swear word (swear rate >d@creased to 23%.

6. Membership rates increase with writing graeeel (i.e. message complexity).
Membership rates steadily increase from 16% (4th grade level) to 37% (college
graduate) with decreasing minimuflesch ease of reading scores (21% range).

7. Membership rates increase with sentiment.

Maximum compound VADER scores describe the most positive message a
contact has sent. They are good indicator of memberBlgpre5.5.3; 12% to

38%). Minimum and average VADER scores are less descriptive. Contacts with
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negative maximum VADER scores-(<05) have an average membership rate of
18%. Contacts with positive scores (>0.05) have 33% membership rates (15%
range).

8. Membership rates increase with populartoo pi ¢ wor ds | i ke fief f|
Agreenhoused and decrease with negative
Among the top 5,000 subject words used in messages, the two words (a tie) used
by at least 1,000 contacts with the highest levetaehbership (50%) are
Aefficiencyo and Agreenhouse. 0 The word
| owest membership | evel (17%; n=1,692)
words not tested earlier with similarly low membership rates.

9. Membership ras increase with the presence of any pronoun compared to no
pronouns.

Contacts who do not use pronouns at all have low membership rates (19%). For
contacts who do you use them, individual pronouns rate increases reflect only
small changes in membershipest

10.Membership rates increases with the use of nonfluencies (37%) and less used
punctuation (38% for colons).

11.The membership rate is | ow for contacts

Results sketch a picture of a stereotypical member: An outdoomytpeth a job and
spouse that talks about their children. They write for an educated audience and use
positive, issuaelated words in sentences delineated with punctuation. They do not
complain about impeachment or use swear words, but may informatié/wvamfluencies

into their messages.
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For one analyst, identifying personal stories in advocacy messages will help their
organi zation fAbe better set up to recogni z
getting,and which have the best value for continued/c r eas ed engagement .
used regular expressions inspired by keywords that campaign managers use. It used first
person phrases and looked for references to family, home, suffering, and personal
interests. Matches showed that what makesapersanad r y fAper sonal 0 and
subjective and a framework that could categorize and measure story attributes in short
advocacy messages could be helpful. In conducting these searches, matches also revealed
information about contacts that an advocagaaization or policy office might collect in
a survey. Contacts reveal personal interests, professions, and family information in there
stories. SeHwritten levels of education were only found in small numbers, but the
writing complexity score and founatoupations may hint at these levels.

6.3. Limitations and Two Database Gotchas

This study found that compared to predictors of membership investigated in the
exploration (Objective Two), pronoun predictors for the number of messages a contact
sends has limited practical application for the initial problem that inspired this research
0 rapid response to a new contact with limited information. The length of most
messages are too short to be studied individually with pronouns only. Additionally, this
study (a) was not segmented by location or topic, (b) did not have access to a complete
contact demographics, but it could have used state as a proxy indicator, (c) did not have
exact location data so it did not address an originally proposed objective to test

engagement and personal stories with the proximity to sources of pollution, andi (d)
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not have access to political affiliation for any contacts. Future work and case studies
could address these limitations.

There are two database problems that all data analysts should watch out for and
were found in this study: (1) Some raw databaseftid some campaigns were
alphanumeric casgensitive strings. In creating a contact table, a new auto increment
primary key may be created to avoid this problem. This study used-aarasve field
collation to address the problem. (2) Data from déif¢rorganizations and different for
different campaigns used different character encodings. A few points of data had quotes
replaced by questions marks. After correction, LIWC analysis trends became slightly

more definite.
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CHAPTER 7. CONCLUSIONS AND FUTURE WORK

7.1.  Text Analysis for Online Advocacy Organizations

We stand now where two roads diverge. B

familiar poem, they are not equally fair. The road we have long been traveling is

deceptively easy, a smooth superhighway on whighregress with great speed,

but at its end lies disaster. The other fork of the réathe one less traveled by

0 offers our last, our only chance to reach a destination that assures the

preservation of the earth.

0 Rachael Carson, Silent Spring, 1962

Mymressage is that weoll be watching you.

here. | should be back in school on the other side of the ocean. Yet you all come to

us young people for hope. How dare you. You have stolen my dreams and my

childhood with your em words. Yet | am one of the lucky ones. People are

suffering.

0 Greta ThunberdJnited Nations Climate Action Summit, 2019
Carson paints a picture and provides efficacy to her readers to think and make decisions
0 readers without the internet apdlicymakers without fax machines. Thunberg is
direct and angry, speaking like a hero in the golden age of distraction. VADER sentiment
scores rate their respective quotes negat¥@) and more negatived(4) and Flesch
scores rate them readable to @tade students (Flesch score of 77) anddoadelevel
students (Flesch score of 98).

Jones (2017), Lenard (2016), and Penneb
highuseoffirsper son pl ural inclusive fAwed0 words r
Amasculine, 0 authoritative linguistic styl
adopt. They would say Thunbergds high use

sentence), and especially her higlh use of

focused an@ware ofthe suffeling of her generatian
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These researchers have shown that the words and public speeches of leaders,
candidates, and officials who people elect to represent their families and vote for their
c hi | dutues,raie svell studied, and a joy to Braa and read about. Philosophers,
bloggers, and reporters study how these leaders speak to their constitueatshaoither
andarchive their words as history. What can researchers now learn about theh&obrds
activists speak back to power? How wilganizations use this knowledge to empathize,

ally, or manage them?

This dissertation was inspired by the successful development of an online advocacy

system created for a small nonprofit organization in Maryland in the early 2000s. It

helped the group dhith-based and uniehacked organizers win living wage and
healthcare | egislation by filling state | e
properly addressed via a Gifasedzip codematching system. As petitions do, it also
helped the organ&t i on recruit members and gr ow. A Sl
of activism turned from influencing policymakers to disengaging them (Miler 2014,

Social Change Agency, 2017a, Congressional Management Foundation 2017) and the
term fAsl ac k tedassushmibp Monoaoy in 2009. White, at this time, decried

the Aideology of marketingd in activism as
advocacy organizations listen to Karpf (2017, 2018), resolutely looking for the potential

of analyzing and\/B testing everything. Results from this research show that

environmental advocacy organizations should solicit and analyze personal messages from
their constituents to both limit slacktivisin that is, limit disengaging policymakers with

impersonal mesg@sd and bolster their understanding of their contacts. In soliciting
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personally written messages, in combination with services like Communicating with
Congress (CWC, 2017), advocacy organizations can help keep policymakers from being
inundated with forretters. In analyzing personal messages, organizations can exploit
and improve on the metrics reviewed in this study.

At minimum, organizations need to continue giving individuals the option of
writing a personal message in online advocacy campaigimeyifare not already doing
so, by starting they can begin to predict
Results show that the membership rate for those sengiiegganal message this
studydés data is 27%, c o mppaatedat thdsesendihgeanyo v er a
type of message, personal or otherwise: more than double. Results also show that groups
of most contacts who write personal messages at rates of higher than 18% (one in five),
also send more than one message. Simply askiraptbcounting personal messages can
help organizations establish baseline engagement predictions without any text analysis.
Additionally, given that impersonal messages can disengage policymakers and bury the
personal messages, organizations should alposstading impersonal letters along with
personal ones, or flag them in a whgtsystems like CWC can recognize them as
petitions. Without a system like CWC that mitigates the risk of losing personal messages
among others, organizations should hdetlver signatures in batches or at strategic
times to avoid disengagement with policy makers.

Once advocacy organizations are collecting personal messages, they should
analyze their text to help them further predict the number of messages that groups of
consttuents will send and future payments for membership. Results from this study show

analysts and algorithms can use text in two situations: (a) in analyzing and engaging large
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groups of individuals, and (b) in response to a contact immediately after theegdraha
message (i.e. the chatbot predicament). Results show that, in analyzing groups of
contacts, low pronoun rates overall and lowfpse r son pl ur al Aweo pror
indicate a group will be more likely to send more messages. For either anakmipg g
of contacts or rapidly responding to a single contact online, the results also show that
organizations should be able to more readily ask for membership contributions from
contacts who have sent increasing numbers of messages and word counts iagpaoach
threshold. The threshold for this study was 30 wérdsne word above the average. It
may vary between organizations and campaigns.

From within the text, to further identify potential members, advocacy
organizations should look for messages wrifterhigher reading levels (low reading
ease scores), and use of positive sentimealfieferencesreferences to family and
friends, punctuation, and informal speech aside from swear words. Organizations and
campaigns are unigue, so campaign managendd pilot the relevant engagement
factors discussed above for their own data in order to reveal other trends. They may begin
doing this by identifying and testing popular words. Message reviewers may use regular
expressions or future machine learning gledo help them identify personal stories, but
these methods should not replace timely, human review of messages. Text metrics are not
perfect,and they can be misused.
7.2.  Test Analysis for Policymakers, Service Providers, and Stakeholder

Managers
In the same way that online advocacy organizations learn from electoral campaigns, but

should not mimic them (Karpf 2017), policymakers should conduct the analysis
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recommended above for advocacy organizations but adjust them to fit their situations.
Giventerm limits in public offices, policymakers may not start their terms with large
histories of constituent engagement. With smaller databases, they will not be able to run
the pronoun use tests to anticipate future message frequencies.

As policymakers buildheir CRM databases, they will also find themselves in the
unique situation where they are receiving messages couriered by several advocacy
organizations about a single policy or project. In this case, they will be able to use text
metrics to spot and jg@ power differences between organizations. For advocacy
organizations, Karpf (2018) emphasizes that data, in general, needs to be delivered in
ways that decision makers can interact with. This is equally true for policymakers. To
support policy makers aratlvocacy organizations alike, online advocacy service
providers (e.g. CWC) need to build text metrics into their reports.

Stakeholder management researchers, Kahn et al. 2017, have developed
psychological attributes that they recommend civil and enviratethproject managers
to look for in managing stakeholders: motivation and concern, expectation and
perception, and attitude and behavior. These researchers share best practices for

managing supportive, indifferent, and adversarial stakeholders (Kahr2éi ). In

summarizingPetrt anadads website, tQGanadadstithicdh lpy

-wi mowimol i cyo of Ainnovative and diver se
Afair, et hical and pr of es s coodarpdtakehgidersim a c h |
al | its projects and operations inside and

originally shared by Petr@anada, of how this fossil fuel company put a local fishing

community at ease during exploration of drilling sitesloffre of the Caribbean islands
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of Trinidad and Tobago. The company conducted courses for the fishers on how they
could |l earn new Asurvival technigueso and
the offshore exploration. At the courses, they gave aefégctors and GPS devices.

They also installed Afish aggregating devi
The researchers also show how P€emada paid for First Nation social programs, like a
daycare facility, before mining their land in EdMcMurray, Canada. Future studies

could investigate if psychological attributes described by these researchers could be
identified through text analysis of constituent messages. If so, in promoting
environmentally sustainable technologies or not, polidgrsacould share findings with

civil and environmental project managers, and they, together, could judge the power of
influence that the stakeholders have over their projects and researchers could test the
management frameworks introduced by Kahn et alekample, stakeholder managers

and policymakers working with (or for) companies like P€emada, who implement
education programs, hazard mitigation infrastructure, and social services to ensure safety
and public acceptance of their projects, could befiem analyzing advocacy messages.
Opposition letters to offshore drilling and mining in communities written with relatively

high rates of pronouns, high writing grade levels, and high numbers of personal stories
about Amyo or 0o ulrese managers plan emcreasedtothed h el p
community engagement budgets. If messages come from more than one environmental
advocacy organization, text analyses could further aid stakeholder managers to determine
which groups have the highest numbers of ¢hggthg members and could best fund

putting the personal stories they are collecting into community forums, legal testimony,

and advertisements.
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7.3.  Future Work
7.3.1. Engagement Framework and Investigating Relationships of Messages and

Time Use Profiles
Future workshould consider past research to develop a social cognitive theory to
describe what a regular dupaying member is, what a person with a lived experience is,
and what a volunteer & three roles that describe people that environmental advocacy
organizatbns seek to engage. To start, it could use an online implementation of
Arnstiendés Al adder of <citizen participatio
could use the Bureau of Labor Statistics (BLS) American Time Use Survey (2019) data
to determinea dimension for volunteering.

It should then see if relationships between text analysis metrics found in this study
and additional data, like more granular membership contribution data and constituent
event participation histories, can help explain tHesdefined by the theory. A
multivariate model could help predict how well contacts fit into these three roles. Given
BLS data, for example, occupations reported by contacts in messages could help rate a
contact along dimensions for volunteering and gjwiithout asking contacts questions
directly; BLS reports unemployed people volunteer twice as much (0.44 hrs/day) as
employed people (0.21 hrs/day). Flesch scores, if tied to education and income, could
help place a contact along a dimension for giving.

This theorybased approach of making educated guesses of engagement predictors
and then piloting them contrasts machi@arning approaches and the approach
employed by Exploration Six in this study. Without any social or behavaqoabri

observationsor heory (or f@Abias, 0 depending on how
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are to specific situations), Exploration Six brutally tests thousands of the most popular
words in this study in an attempt to find words that contacts use with minimum
frequencies inidative of high and low membership rates. Model development should use
both theoretical and exploratory approaches. Machine learning and unbiased exploration
might confirm theories, or it may inspire additional theories and tests. Exploration Six

and Expleoation Seven in this study, for example, confirmed the relationships between
negative words and membership studied in Exploration Three, exposed the relationships
between nonfluencies and punctuation with membership, and inspired the review of all
informalword dimensions categorized by LIWC.

732.Doing What You Love or Marginalizing AL
In the development of any engagement model, as described above, advocacy
organizations should be wary of focusing on any one measure of engagement at the
expense of dters. During the November 2019 Virginia state elections;pastisan Get

Out The Vote (GOTV) canvassers working with Virginians Organized for Interfaith
Community Engagement (VOICE) were rewarded with more smiles, more residents
willing to take publicityphotos, fewer slammed doors, and fewer guard dogs, when
canvassing in more affluent neighborhoods where more people were excited to vote or
could be encouraged to register (pers. exper. 2019). Nall (2018) explores these behaviors,
investigating situationg/here orfoot canvassers stay in the neighborhoods where they
receive positive responses and where they have smaller social distances from residence
(e.g. language). In response to these perceived successes, canvassers could inadvertently
marginalize the @ople that are directly affected by issues that their organizations are

addressing. Canvassers may miss testimony, miss the opportunities to ally with people
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directly affected by issues, and miss opportunities to expand their campaign with new
leaders. VOCE mitigated these pitfalls by pairing canvassers from different backgrounds

and targeting districts with low voter turnouts. Future work could investigate if similar
probl ems are present in online advocacy ca
presst s one challenge to our way of describi
show higher rates of membership contributions from contacts who write at higher grade
levels with positive sentiments. Future work should investigate if targeting thesetgontac

in particular, hides testimony from potential future campaign leaders personally affected

by campaign issues.

7.3.3. Improving Online Advocacy Services

An early proposal for this dissertation described testing ways to improve online advocacy
services insteadf proposing to study constituent messages passed through them. It

focused on testing methods to lower transaction costs for constituents to take action

online and keep them engaged. The problems identified in the original proposal did not
disappear:

Citizens need effective ways to regularly engage in policy decisions that
impact them whether these decisions shape civil and environmental projects, or
other projects. Research shows that both social media and online advocacy
software services, public andipate, have simplified and increased access to
policymakers in the last two decades, but the efficacy for, sustainability of, and
timeliness of interactions that they provoke needs improvement (Bimber 2001,
Boulianne 2009, Karpf 2010, Kenski 2010, BakKeP. et al. 2011, Kim et al.

2017). Even with the new ease of access to policymakers that online tools give
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citizens, i1itdés hard for citizens to sta
time their actions. Adsera et al. 2003 and Castells 2007 ghatwmany citizens
are disenfranchised with this process and that they feel powerless to corrupt
governments. policymakers in corporations and in government have access to
advisory boards and cabinets to research different issues and propose issue
specift solutions at key times. Average citizens do not have these teams. They, by
default, only have their elected representatives.

Without time for their own research and without their own igvadter
experts to advise them, many citizens become disengathepolicies that affect
them and do not followp with their representatives, trust them (Castells 2007),
vote (File 2015, U.S. Elections Project 2016, Pew 2017, U.S. Census Bureau
2018), or even know who their lawmakers are. Lawmakers, in turn, areitedf o
touch with their constituents®é position
and representative or not), research (peer reviewed or not), advisors (at least they
can have them official or not), and biases (Broockman and Ryan 2016,
Broockmarand Skovron 2017, Butler and Broockman 2011, Haynes et al. 2011,
2011, 2012, Tversky and Kahneman 1973, 1974, Kahneman 2011). They have
also long been susceptible to special interest lobbying and campaign
contributions (Snyder 1990, Claessens et al. 2008jther, spikes of
communication on popularized issues leave policy offices unprepared to
summarize and respond to public comments and questions. Citizens, similarly,
become fatigued with the effort and timeliness necessary to respond to proposed

policyrevisions.
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Researchers and policy campaign managers from public, academic,
community, and nonprofit organizations strive to limit this disengagement. They
know that political participation and perceptions of democracy reinforce each
other (Oni et al. 2017and that, along with money, continuous and timely contact
can persuade policymakers (Miler 2014), even with temjolaten letters and
petitions as part of a larger lobbying plan (Karpf 2010). Campaign managers, in
particular, rely on software services educate and enlist citizens to engage
policymakers, often elected, on issues that affect the citizens. They are always
looking for ways to provokiimelyand sustained action and improvements to the

status quo in advocacy services could directly betiedin.

While this dissertation, the study of relationships between constituent messages and
organizational engagement, does not directly address these problems, findings may
support the development of new services that do. This effort may continue lasvauiol

to the results of this dissertation.
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APPENDIX A. STATES AND TERRITORIES

The 2,199,624 messages in this study were sent from campaigns that targeted

environmental advocacy issues in either (a) all U.S. states and territories, (b) no state or
territory, or (c) an individual state or territory. The following is a list of each of these

location targets and, in parentheses, the number of messages generated from these
targetdés associated campaigns, softeastd from
number of messages. Note: messages were sent from campaigns targeted at all 50 states

except Kansas, North Dakota, and South Dakota.

All (1,193,389) TN (2,470) PR (367)
None (877,493) MA (2,235) MS (348)
MN (21,948) UT (1,815) AL (299)
CA (10,006) IN (1,712) DE (219)
VA (9,626) WY (1,709) DC (205)
PA (8,593) WV (1,554) NH (188)
OH (8,445) NM (1,490) MT (187)
WA (8,411) TX (1,312) NE (165)
NC (7,203) MO (898) VT (165)
CO (6, 259) OK (801) ME (87)
NY (5,483) WI (777) SC (70)
MI (3,965) NV (770) IA (66)
AZ (3,526) KY (729) NJ (62)
FL (3,511) GA (596) HI (11)
MD (3,433) LA (472) RI (7)

IL (2,859) CT (450) ND (1)
OR (2,851) ID (386)
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APPENDIX B. PERSONAL STORY QUERIES

Exploration three explains how attempts to find lived experiences, as defined by Sandhu
(2017), in messages began with text search
Amy husband, 0 Aimy wife, 0 and dAmy .Aalhil dren.
searches are case insensitive. For background, please see the MySQL 8.0 reference

manual, especially documentation on searches and regular expressions:

https://d&.mysql.com/doc/refman/8.0/en/regexp.html#operator_regex

B.1. Simple MySQL Searches for Personal Stories
Basic MySQL searches that identify terms anywhere in a message take the form of,
1 SELECT * FROM table WHERE message LI KE fA%Term

Where the following words replace fiTer mo:

As a

lam a

We are

We are a

I live

I live in

We live

We live in
We call home
10. My family
11. My husband

CoNooUA~ONE

12. My wife
13. My child
14. My husband
15. My wife

Some of these searches can return unintended results when lookpegstamal stories.

For example, the first search for @&as ao c
adready. 0o Removing the first percentage sig
this case, the modified search looks for the term at thmhi@g of a sentence. For

example:

i SELECT * FROM table @ WHEREmessage LI KE ATer m%o

169


https://dev.mysql.com/doc/refman/8.0/en/regexp.html#operator_regex

The modified searches for terms at the beginning for messages eliminate unintended
results |like the "has already"” result for
terms that begin sentences and phrases in the middle of messages. While this study still
uses and reports results from these modified queries, to find terms that begin sentences
and phrases in the middle of messages, this study uses regular expressonsl Pe

Story Reference Table 1, at the end of this appendix, includes a complete list of these
basic MySQL search conditions.

B.2. Regular Expression Searches for Personal Stories

Simple searches returned some unintended results, like the "has alreadyThesult.

following regular expressions to find the simple search terms at the start of messages,

sentences, and prepositions eliminate problems like these.

(([:punct:][:space:](As a))|("As a))[:space:]

((:punct:][: space :](I am a))|("l am a))[:space:]
((punct  :][:space:](We are))|(“We are))[:space:]
(([:punct:][:space:](We are a))|(*We are a))[:space:]
((:punct:][:space:](l live))|(M live))[:space:]
(([:punct:][:space:](l live in))|(" live in))[:space:]
(([:punct:][:space:](We live))|(“"We live))[:space:]
((:punct][:space:](We live in))|("We live in))[:space:]
((:punct:][:space:](We call home))|(“"We call home))[:space:]
10. ((:punct:][:space:](My family))|(“My family))[:space:]

11. (([:punct:][:space:](Our family))|(*My family))[:space:]

12. (([:pun  ct:][:space:](My Child))|(*My Child))[:space:]

13. (([:punct:][:space:](Our Child))|(*My Child))[:space:]

14. ((:punct][:space:](My husband))|(*My husband))[:space:]
15. ((:punct:][:space:](My wife))|(*My wife))[:space:]

CoNoOR~WNE

Personal Story Reference Table 1, at theadrillis appendix, includes a complete list of

these basic MySQL search conditions. As an example of a complete MySQL search using
one of the patterns above, the search for
preposition looks like this:

i SELECT * FR OM table WHERE message
1 REGEXP '(([:punct:][:space:](l am a))|("l am a))([:space:])’
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B.3. Self-ldentification with Nouns

Y

The search for ffas ao and Al am ao return

themselves with specific terms. They identify themselvdselmging to groups such as

gender categories, family roles (e.g. Afat
categories (e.g. fAcarpentero), and contact
The foll owing regul aamoaoe xsperarscsh otno eixnpcalnuddse tv
Aldm a, 06 Al have been a, o0 and Aol will be
i R]EGEXP‘(I am|l  \'m|l was]|l have been|l will be) (alan|the) [a -

z]+'

Suffixes to this pattern narrow results to specific labels that contacts call themselves and
also acount for a single, optional label modifier &+ |). For example, the following
regular expression identify selescriptions of male and female family roles:

1 REGEXP '(lam|l  \'m|l was|l have been|l will be) (a]an|the)
([a -z]+
[)(male|boy|man|guy|husband |father|dad|papalgrandpalgrandfathe
rlgranddad|son|brother|uncle)([:alpha:]|[:space:])'

i REGEXP '(Iam|l  \'m|l was|l have been|l will be) (a]an|the)
([a -z]+
|)(female|girl|lady|wife|mother|mom|mama]momma|grandmajgrandmo
ther|grandmom|daughter|sister|aunt)([:al pha:]|[:space:])'

Personal Story Reference Table 2, at the end of this appendix, includes a complete list of
patterns that identify setfescriptions of family role, gender, some occupations (e.g.
Adoctor, 0 Acarpent erMaylarmend .pl aces of | i vin
B.4. Activity Self-Identification with Verbs

Seltidentificationcan also be found in verbs. While above searches expect sentence

objects to suffix them, past, present, and future tense verbs can also identify specific task

and occupation specifieerbs. This study uses the following expression to search for a

generic verb action:
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1 REGEXP '(I( went| went to] am| \ 'm| will] will be| was| have|
have been)( go to| going| going tol))'

Notice the |l ack of the pi ghesggndri¢tverpacaoht er t h
expression that more specific queries use
modi fiers (e.gqg. A will o) optional. Without
modifiers are necessary. A more sophisticated program coultifydeerbs with a
dictionary to improve this generic query. It would identify any verb followed by the word
Al . O

Personal Story Reference Table 3, at the end of this appendix, includes a complete
list of patterns that identify, with verbs, more specibatent related tself
identification job identification, outdoor activities, suffering, pain, and experience. For

example, the following expressions were used to search for people who camp and hike:

1 REGEXP '(I( went| went to| am| \ 'm]| will| will be| was| have|
have been|)( go to| going| going to|)) camp’
1 REGEXP '(I( went| went to] am| \ 'm| will] will be| was| have|

have been|)( go to| going| going tol)) (hike|hiking)'

B.5. Swear Words

This study looked for three swear words at the beginning and anywhere imcesnand
compared membership rates of contacts who have used those words to those using any of
the LIWC swear words with the following MySQL query parts (words censured with
A**0) :

"Message’ LIKE 'f**k%%'
"Message” LIKE '%%f**k%%'
"Message” LIKE 'd*n%%'
"Message’ LIKE '%%d**n%%'
"Message” LIKE 's**t%%'
"Message” LIKE '"%%s**t%%'
“swear” >0

=A =4 a4 =8 -4 -4 -4

The patterns are listed in Personal Story Reference Table 4.
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B.6. Finding Members With Matching Messages
The following MySQL query, defined in Python, describes how thidyssearched for
contacts who used messages matching the searches and expressions described above, in

the variable Asearch conditionodo bel ow

command =
SELECT COUNT(*) as 'Contacts'
FROM (
SELECT DISTINCT CID
FROM messages
WHERE

)AS a
LEFT JOIN contacts b
ON a.CID =b.CID

WHERE b. ever member™ = ""'+str(membership)+"";
Where fimessageso is a table of personal me
Acontactso is a tabl efield that cootains ethet e or zeno,d i me

determining if a contact has ever been a member within a year of one of their messages in

the study period. This query is in the loop

for membership in [0,1]
For the calculation of membership rates for conditiomsaternative conditions.
B.7. Personal Story Search Reference Tables

The following tables provide a reference of all of the MySQL LIKE and REGEX

condition patterns that Exploration Three uses to search for personal stories.

=

Basic MySQL searches for personairgts

N

. FirstPerson Singular Seltlentification with Nouns
3. FirstPerson Singular Selfientification with Verbs

4. Swear Words
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B.8. Personal Story Reference Table 1. Basic MySQL Searches for Personal

Stories (LIKE and REGEX)
Not e: The wo itk offihis aestiorcréfer o basi¢ worels and phrases
developed from those that one nonprofit advocacy organization uses to manually, ad hoc

search for personal stories in advocacy messages.

Condition Term MySQL Pattern

Message contains As a LI KE fi%Acs a

Message starts with  As a LI KE AAs a%o

Phrase starts with As a REGEX A(([:punct:][:space:
a))[:space:]o

Message contains lam a LI KE A%l am a%o0

Message starts with  |am a LI KE Al am a %o

Phrase starts with lam a REGEXA ( ([ : punct:][:space:](
am a))[:space:] 0

Message contains We are LI KE f%We ar e %0

Message starts with  We are LI KE fiWe ar e %o

Phrase starts with We are REGEX A(([:punct:][:space:
are))[:space:] o

Message contains We are a LIKE i %We ar e a%o0

Message starts with  We are a LI KE fiWe are a%o

Phrase starts with We are a REGEX A(([:punct:][:space:
are))[:space:]0

Message contains I live LI KE A%l | ive%o

Message starts with | live LI KE Al I ive%o

Phrase starts with | live REGEX A(([:punct:][:space:
l'ive))[:space: ] 60

Message contains I live in LI KE A%l |ive in%o

Message starts with | live in LI KE Al Iive i n%o

Phrase starts with I live in REGEX A(([:punct:][:space:
im)|(™ live in))[:space:]0

Message contains We live LI KE fi%We | ive%o
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Message starts with

Phrase starts with

Message contains
Message starts with

Phrase starts with

Message contains

Message starts with

Phrase starts with

Message contains
Message starts with

Phrase starts with

Message contains
Message starts with

Phrase starts with

Message contains

Message starts with

Phrase starts with

Message contains

Message starts with

Phrase starts with

Message contains

Message starts with

We live

We live

We live in
We live in
We live in
We call
home

We call
home

We call
home

My family
My family

My family

Our family
Our family

Our family

My child or
my children

My child or
my children

My child or
my children

Our child or
our children

Our child or
our children

Our child or
our children
My husband

My husband

LI KE AWe | ive%o

REGEX A(([:punct:][:space
l'ive))| (~We Iive))[:space
LI KE A%We | ive in%o

LI KE AWe | ive i n%o

REGEX A(([:punct:][:space:
in))| (~"We live in))[:space
LI KE A%We call home %0

LI KE AWe call home %0
REGEX A(([:punct:][:space:
home) )| (~"We call home) ) [ : s
LI KE A%My family %o

LI KE AMy family %o

REGEX A(([:punct: W[ :space:
family))| (~"My family))[:sp
LI KE A%OQOur family%o0

LI KE AOQur family%o

REGEX A(([:punct:][:space:
family))| (~"Our family))][:s
LI KE A%My chil d%o

LI KE AMy chil d%o

REGEXP '(([:punct:][:space:](My
child))|(*"My
child))(ren])([:punct:]|[:space:])

LI KE A%Our chil d%o

LI KE AQur chil d%o

REGEXP '(([:punct:][:space:](Our
child))|(“Our
child))(ren|)([:punct:]|[:space:])
LI KE A%My husband%o0

LI KE AMy husband%o0
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words endi
Words endi
Words endi
Words endi
Words endi

Doctors and nurses

Lawyers and judges

Note: Additional terms
i ke
expand this search

fifattor

n (alanjthe) ([a

n REGEXP '(I am|l

(alan|the) ([a

n REGEXP '(I am|l

(alan|the) ([a

& REGEXP '(I am|l

(alan|the) ([a

n REGEXP '(I am|l

(alan|the) ([a

REGEXP '(I am|l
(alan|the) ([a

REGEXP ‘(I am|l
(alan|the) ([a

Phrase starts with My husband REGEX A ( ([ :punct:][:space:
husband))| ("My husband)) [
Message contains My wife LI KE A%My chil d%o
Message starts with My wife LI KE AiMy chil d%o
Phrase starts with My wife REGEX A(([:punct:][:space:
husband))| ("My husband))|[:
B.9. Personal Story Reference Table 2. FirsPerson Singular SeHidentification
with Nouns
Condition MySQL Pattern
Male ‘(I am|l \ 'm|l was]|l have been|l will be) (aJan]|the)
(la -z]+
|)(male|boy|man|guy|husband|father|dad|papalgrandpa
I
grandfather|granddad|son|brother|uncle)([:alpha:]|[
:space:])’
Female REGEXP '(Ilam|l  \'m|l was|l have been|l will be)
(alan|the) ([a - z]+
|)(female| girl|lady|wife|mother|mom|mamajmommaj|gran
dma|
grandmother|grandmom|daughter|sister|aunt)([:alpha:
lll:space:])'
Doctors, nurses, and REGEXP ‘(I am|l  \'m|l was|l have been|l will be)

-z+ |)([a - z]+ist|doctor|nurse)'

\ 'm|l was|l have been|l will be)
-zt )([a - zZ]Hist)

\ 'm|l was|l have been|l will be)
-z]+|)([a - z]+tor)y

\ 'm|l was|l have been|l will be)
-z]+ )(a - Zz]tor)

\ 'm|l was|l have been|l will be)
-z]+ )(a - zZ]ter)

\ 'm|l was|l have been|l will be)
- Z]+ |)(doctor|nurse)'

\ 'm|l was|l have beenl|l will be)
- Z]+ |)(lawyer]|judge)'
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Engineer REGEXP '(am|l  \'m|l was|l have been|l will be)

(alan]|the) ([a - Z]+ |)engineer’

Husband or wife REGEXP '(am|l  \'m|l was|l have been|l will be)
(alan]the) ([a - Z]+ |)(husband|wife)'

Mother or father REGEXP '(am|l  \'m|l was|l have been|l will be)
(alan]the) ([a -Z]+
|)(mother|fatherimom|dad|mama|papa)’

Grandmother or REGEXP '(am|l  \'m|l was|l have been|l will be)

grandfather (alan|the) ([a - 7]+

[)(grandmalgrandmother|grandpalgrandfather)’
Note: The word
Afgrandparen
expand this search

Child REGEXP '(lam|l  \' m]|l was|l have been|l will be)
(alanjthe) ([a - Z]+ |)(son|daughter|child|kid)'

Sister or brother REGEXP ‘(I am|l  \'m|l was|l have been|l will be)
(alan]the) ([a - ]+ |)(sister|brother)’

Uncle or aunt REGEXP ‘(I am|l  \'m|l was|l have beenl|l will be)
(alan]the) ([a - Z]+ |)(uncle]aunt)’

Educator REGEXP '(Iam|l  \'m|l was|l have been|| will be)
(alan|the) ([a - z]+

(college, student, phd, [)(college|student|phd|master \ 's|master of|doctor

mat er &s, ma oOflgraduate|professor|talteacher|highschoollelement

doctor or, graduate, ary school|preschool|pre - schoollhigher

professor, ta, teacher, ~education|research)’

high school,

elementary school,
preschool, pre-school,
higher education,
research)

B.10. Personal Story Reference Table 3. FirsPerson Singular SeHldentification

with Verbs
Condition MySQL Pattern
Generic first-person REGEXP '(I( went| went to] am| \ 'm| will|] will be|
singular actions was| have| have been)( go to| going| going to|))'

Self/Job Identification

Mary REGEXP '(I( went| went to| am|\ 'm| will] will be|
was| have| have been|)( go to| going| going to|))
(married|mary)'
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Teach REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to|))
(teach|taught)'

Vote REGEXP '(I( went| went to| am|\ 'm| will] will be|
was| have| have been|)( go to| going| going to[))
(vote|voting)'

Work REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to[))
work'

Live REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to|))
(live]living)'

Program REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to[))
program'

Analyze REGEXP '(I( went| went to|] am| \ 'm| will| will be|
was| have| hav e been|)( go to| going| going to|))
analyz'

Volunteer REGEXP '(I( went| went to|] am| \ 'm| will] will be|
was| have| have been|)( go to| going| going to|))
volunteer'

Join REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going tol))
join’

Protect, guard, save, REGEXP '(I( went| went to] am| \ 'm| will| will be|

fight was| once was| used to| \ 'm used to| have| have

been|)( go to| going| going to|))
(protect|guard|save|saving|fight|fought)’

Spend REGEXP '(I( went| went tolam| \ 'm]| will| will be|
was| have| have been|)( go to| going| going to[))
spend’

Outdoor Activities

Camp REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to[))
camp'

Hike REGEXP '(I( went| went to| am|\ 'm| will] will be|
was| have| have been|)( go to| going| going to[))
(hike]hiking)'

Trek REGEXP '(I( went| went to|] am| \ 'm| will|] will be|
was| have| have been|)( go to| going| going to[))
trek'
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Climb

Ski

Hunt, fish

Bike, cylce

Hike, walk

Sim

Ride

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to|))

climb’

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to[))

ski'

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to|))
(hunt|fish)'

REGEXP '(I( went| went to] am| \ 'm| will| will be|

was| have| have been|)( go to| going| going to|))
(bike|biking|cycl)'

REGEXP '(I( went| went to|] am| \ 'm| will| will be|
was| have| have been| )( go to| going| going to[))
(hike]hiking|walk)'

REGEXP '(I( went| went to|] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to|))
(swim|swam)'

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going tol))
(ride|riding|rode)'

Suffering, pain, and experience

Suffer

Deprive

Die

Hurt

Curse

Break

Lose

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to|))

suffer'

REGEXP '(I( went| went to] am| \ 'm| will| will be|

was| have| have been])( go to| going| going to|))
depriv'

REGEXP '(I( went| went to|] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to[))
(die|dying)'

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to | going| going tol))
hurt'

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to|))

curs'

REGEXP '(I( went| went to|] am| \ 'm| will|] will be|

was| have| have been|)( go to| going| going to[))
(broke|br  eak)'

REGEXP '(I( went| went to] am| \ 'm| will|] will be|
was| have| have been|)( go to| going| going to|))
(lost|lose)’
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Endure

Bleed

Go through

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to|))
endur'

REGEXP '(I( went| went to] am| \ 'm| will| will be|
was| have| have been|)( go to| going| going to[))
(bleed|bled)’

REGEXP 'l went through|l go through|l \ 'm going
through|l will go through'

B.11. Personal Story Reference Table 4. Swear Words

Words ae censored in this table witisterisk

Condition Swear word MySQL Pattern

Message contains F**k "Message LI KE f%F*
Message starts with F**k "Message LIKE AF**
Message contains D**n "Message’ LI KE f%D*
Message starts with D**n "Message LI KE AD**
Message contains S**t "Message LI KE A%S*
Message starts with S**t "Message” LIKE AS**t¢
Message contains Any swear word in ‘swear” >0

the LIWC swear
dictionary dimension
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APPENDIX C. VALIDATION OF VADER FOR ENVIRONMENTAL

ADVOCACY MESSAGES SENT TO POLICYMAKERS

C.1. Validation Summary and Introduction to Precision, Recall, and FScore

Measures
The VADER analysis for rating the sentiment of environmental advocacy messages
addressed to policymakers was validated bymaring VADER ratings to corresponding
human ratings of 400 randomly selected personal messages from 491,027 in the
database.

Validation of VADER begins with a single human reviewer. It employs the same
9-point Likert scale that Hutto and Gilbert (2014euin their validation of VADER for
social media words: extremely negative, very negative, moderately negative, slightly
negative, neutral, slightly positive, moderately positive, very positive, and extremely
positive. It also asks the reviewers to ratessages in a way that reduced variations
between reviewer scores for Hutto and Gilbert, by asking them to rate messages in a way
they believe others would rate messages. While Hutto and Gilbert-smywded
reviewers and screened them with an English lagguest, this study selected an
Englishspeakingeviewer with a college degree.

VADER identifies messages as either negative, neutral, and positive. It identifies
messages in these categories with a 56% match rate with the human reviewer, where a
matchrate is the percentage of messages that VADER and the human reviewer rate the
same.

Precision, recall, and F1 scores explain the ability of a classification model to

correctly identify truth (in this case, judged by a human reviewer) in more detail than an
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overall match rate. For reference, precision is the number of correct classifications of
items that a machine makes in that category dividealltifie classifications of items that

the machine makes in that categdRecall is the number of correct cldissitions of

items that the machine makes in the category divideallliems in the categorywhether
classified by the machine or not (Kent et al. 1955). If the primary goal of an application is
to correctly classify a small number of items, and ava@irect classifications, a high
degree of precision is more desirable than a high degree of recall. If the primary goal of
an application is to correctly classify as many items as possible, and incorrectly
classifying items is not important, a high degoéeecall is more important than a high
degree of precision. The F1 score is the harmonic mean of recall and precision: F1 =
2/(1/Recall + 1/Precision). The F1 score equally weights recall and precision, irrespective
of the importance of one over the ath@recision, recall, and the F1 scores are measures
typically used to validate machine models. Hutto and Gilbert use them in during the
development of VADER (2014) and Ding uses them in assessing the effectiveness of
customized sentiment analyzers (2018).

In this validation, VADER identifies messages with a moderate 0.51 negative
sentiment F1 score, a low 0.13 neutral sentiment F1 score, and a moderately high 0.66
positive sentiment F1 score. It finds negative messages with a high precision of 0.71 but a
moderately low recall of 0.47. It finds positive messages with moderate precision of 0.57
and a moderately high recall rate of 0.66. It finds neutral messages with low precision
and recall rates of 0.13 and 0.14. While VADER poorly identifies neutral messae
human reviewer only rated 11% of messages as neutral. They rated 49% of messages

positive and 41% of messages negative.
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C.2. Validation with a Single Human Reviewer

Validation of VADER with a single human reviewer begins by assessing the accuracy of
VAD ER by comparing VADER sentiment ratings and human sentiment ratings in a
contingency table (Table 1) for the sample of 400 random messages described above. The
table directly reports the human reviewer responses toikket scale as human ratings.

For VADER ratings, the table reports a classification of VADER compound sentiment
scores {1 to 1) into negative, neutral, and positive categories as recommended by Hutto
and Gilbert (2014) and described in Chapter 2. VADER compound scores less than or
eqgual to-0.05 indicate negative sentiment, VADER compound scores greater than or
eqgual to 0.05indicate positive sentiment, and other VADER compound indicate neutral
sentiment. The match rate for each VADER category (negative, neutral, positive) is equal
to the imber of VADER ratings in a category that match human ratings, all divided by
the total number of VADER ratings in that category. For example, the match rate for
negative VADER ratings is equal to the count of all negative VADER ratings that match
the huma ratings for the four negatitgkert scale categories (extremely negative, very
negative, moderately negative, and slightly negative) divided by the total number of
negative VADER ratings: (18 + 27 + 23 + 23)/129 = 0.71. This negative VADER match
rate slows that 71% of the negative ratings that VADER makes also match negative
human ratings. This is high compared to the 0.57 positive VADER match rate, and very

high compared to the 0.13 neutral VADER match tatkese match rates are measures

4VADER neutral sentiment ratings match the human reviewer neutral sentiment ratings with low
rates when categorizing messagsseutral when their compound VADER scores are in the recommended
neutral range, betweef.05 and 0.05 (Hutto and Gilbert 2014). Increasing this neutral range, increases the
neutral match rate. The neutral match rate, similarly, increases if messagdsyrétie human reviewer as
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of VADER precision. While VADER matches negative ratings more precisely than
positive ratings, the human match rates shown in the last column of Table 1 indicate that
VADER identifies positive humarated messages at a higher rate than it identifies
negativehumanrated messages.

In other words, given just two messages identified by VADER, one negative and
one positive, because VADER is more precise in identifying negative messages, the one
negative message is more likely to be rated negative by the humeweethan the one
positive message is likely to be rated positive by the human reviewer. Alternatively,
given all 400 VADER ratings, VADER identifies more of the positive hurzaead
messages than it identifies the negative hunased messages. It does Bowever, with
a greater likelihood of producing false posits@ntiment ratings compared to false

negativesentiment ratings (vs. the human reviewer).

Aislightly positiveo and fislightly negativeo are con
rates, because they are categorized as such in relatively narrow boundaries, are also more susceptible to

positive or negtive bias by either VADER or the human reviewer in comparison to negative sentiment and

positive sentiment rating match rates. For example, as shown in Table 4, the human reviewer rated 19

messages as slightly negative and VADER rated them as neutral.
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Table 1. VADER and Human Sentiment for 400 Advocacy Messages

VADER Rating

Human Rating Negative Neutral Positive Total Human Match Rate
Extremely Negative 18 1 5 24 0.75
Very Negative 27 9 7 43 0.63
Moderately Negative 23 8 22 53 0.43
Slightly Negative 23 15 36 74 0.31
Neutral 11 6 26 43 0.14
Slightly Positive 14 4 37 55 0.67
Moderately Positive 4 2 34 40 0.85
Very Positive 4 1 29 34 0.85
Extremely Positive 5 1 28 34 0.82
Total 129 47 224 400

VADER Match Rate

(Precision) 0.71 0.13 0.57

Table 2 lumps the scores shown in table one into a three by three confusion matrix in the
same way that the VADER match rates are calculated in Tabledtegorizing all

positive human ratings as positive, all negative human ratings as negative, agukthle n
ratings as neutral. For example, there are 91 messages that VADER and humans rated
negative (18 + 27 + 23 + 23). The last column of table three contains VADER recall

rates. These rates confirm observations of Table 1 that VADER identifies moreegposit
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humanrated messages than negative humzded messages, but with relatively greater

false positive (type one) errors.

Table 2. VADER and Human Sentiment Rating Confusion Matrix for 400 Advocacy Messages
VADER Rating

Human Rating Negative Neutral

Positive Total Recall

Negative 91 33 70 194 0.47
Neutral 11 6 26 43 0.14
Positive 27 8 128 163 079
Total 129 a7 224 %
Precision 0.71 0.13 0.57

Table 3 summarizes the overall match rate, precision, recall, and F1 sconegjdiive,

neutral, and positive VADER ratings compared to the human ratings.

Table 3. Precision and Recall for VADER Sentiment Ratings

VADER Rating Precision Recall F1

Negative 0.71 0.47 0.56
Neutral 0.13 0.14 0.13
Positive 0.57 0.79 0.66

The overall match rate with an individual human reviewer is 56%.
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While Hutto and Gilbert (2014) recommend categorizing sentences into three ordinal
categories with the VADER compound score(a®5 and 0.05 thresholds, as calculated

above, and whil&ikert scale questions are also ordinal, Table 4 reveals a level di mat
exists when in a confusion matrix with nine equally spaced bins for VADER ratings

subjectively associated with the nine human ratings.

Table 4. Precision and Recall for VADER Sentiment Ratings

Subjective VADER Rating

Human
Rating -4 -3 -2 -1 0 1 2 3 4 Total Recall

-4 4 7 4 2 2 1 3 1 0 24 0.17
-3 3 10 6 6 11 2 1 0 4 43 0.23
-2 4 6 6 3 13 2 7 6 6 53 0.11
-1 4 8 7 3 19 5 11 10 7 74 0.4
0 1 2 6 2 8 5 7 8 4 43 0.19
1 1 6 2 5 5 6 10 14 6 55 0.11
2 1 0 1 1 4 4 8 11 10 40 0.20
3 1 1 1 1 1 1 9 11 8 34 0.32
4 0 1 3 0 2 4 5 6 13 34 0.38

Total 19 41 36 23 65 30 61 67 58 400

Precision 0.21 0.24 0.17 0.13 0.12 0.20 0.13 0.16 0.22
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The subjective VADER scores in Table-4 {o 4) are determined by the function:

IF( VADER>=0.7777, 4,
IF( VADER>=0.5555, 3,
IF( VADER>=0.3333, 2,
IF(VADER>=.1111, 1,
IF( VADER>= -0.1111, O,
IF( VADER> -0.3333, -1,
IF( VADER> - 0.5555, -2,
IF(VADER> -0.7777, -3,-4)

C.3. Validation with a Multiple Human Reviewers

Table 5 shows match rates between VADER a
rating the same 400 messages and using thelsiere scale survey described for the

single reviewer (x4) above. It also shows the match rates between VADER and the six

revi ewer 6s average ratings rounded to the

Table 5. VADER Sentiment Match Rates and Correlations

Reviewer

x1 X2 x3 x4 x5 X6 round(avg(x))

VADER Match Rate 45% 56% 51% 56% 58%  55% 57%

The round(avg(x)) variable is the list of average reviewer sentiment
scores from -4 to 4, rounded to the nearest integer.

While VADER ratings match those of the average group ratings at slightly higher rates
than the ratings of most individual reviewers, reviewer scomsldlonly be lumped
together if their ratings are consi stent
and factor analysis to check if reviewer scores are consistent with each other. Assuming

an integer ratio scale for human reviewers frdno 4corresponding to extremely
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negative to extremely positive ratings, as assumed in Table 4 for compound VADER
scores, Chronbachés alpha of 0.90 for the
are fairly consistent in their ratings and it is not unreabte to take their average rating,

rounded to the nearest integer, as a better measure of human judgement than using just

one reviewer. In the calculation of Chronb
six, the sum of the variances of each @&thr evi ewer 6s scores i s eql
variance of all of the sums of the scores for each question is equal to 100.14. The sum of
the variances of each of the revieweroés sc
variance of all of the sums oftsec or es f or each question. Cho
1) (1- 24.83/100.14) = 0.90. Factor analysis, furthermore, shows most of the variables

have similar factor loading (x1=0.68, x2=0.87, x3=0.87, x4=0.84, x5=0.88, x6=0.81).

Table six compares the precis and recall rates from table three for a single reviewer to

those of the group of reviewers. Values are similar. The overall accuracy increases to

57%. Finally, compared to Table 4, for a single reviewer, Table 7 shows precision and

recall rates for theumped group score.

Table 6. Precision and Recall for VADER Sentiment Ratings
Against an Individual Reviewer and Against a Group of Reviewers

VADER Rating Precision Recall F1
Individual Negative 0.71 0.47 0.56
Group Negative 0.65 0.53 0.58
Neutral Negative 0.13 0.14 0.13
Group Negative 0.17 0.12 0.14
Individual Positive 0.57 0.79 0.66
Group Positive 0.61 0.79 0.69

The overall match rate with an individual human reviewer is 56%.
The match rate with a group of six human reviewers is 57%.
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Table 7. Precision and Recall for VADER Sentiment Ratings

Group Subjective VADER Rating
Human
Rating -4 -3 -2 -1 0 1 2 3 4  Total Recall

-4 2 1 4 2 0 0 1 1 0 11 0.18
-3 4 11 4 1 6 0 3 0 2 31 0.35
-2 4 13 4 6 12 2 2 4 6 53 0.08
-1 4 5 8 4 16 8 9 6 4 64 0.06
0 4 5 9 3 11 3 14 11 7 67 0.16
1 1 6 5 6 16 14 17 24 14 103 0.14
2 0 0 1 1 3 2 11 16 11 45 0.24
3 0 0 1 0 1 1 4 5 13 25 0.20
4 0 0 0 0 0 0 0 0 1 1 1.00

Total 19 41 36 23 65 30 61 67 58 400

Precision 0.11 0.27 0.11 0.17 0.17 0.47 0.18 0.07 0.02

C.4. Validation Conclusion and Recommendation

In conclusion, the human validation of VADER shows that Section 5.5 of this study
reasonably reports that relationshigggween membership rates and VADER scares
descriptive of relationshigsetween membership rates and sentim&iiihough neutral

sentment rating match rates are low between humans and VADER in this validation,
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neutral match rates increase with increasing neutral ranges as shown in Table 4 and
Table7.

In comparison to sentiment language classifiers reviewed and customized by Ding
(2018, and validated for twitter messages about public infrastructure projects, VADER
performs well for this study. Ding reports a 20% accuracy rate for the Aylien Text API
classifier (Aylien 2019), a 50% accuracy rate for the SentiStrength classifier (Tiretlwal
al. 2012), and a 68% accuracy rate for a customized classifier based on a sentiment
|l exi con devel oped by Hu et al. (2014) and
are comparable to the 56% and 57% match rates identified in the human valdatio
VADER senti ment for advocacy messages repo
results (Section 5.5, Chapter 6) that sentiment classification can help identify
membership rates of authors of advocacy messages, future work should be done to
invesigate the ability of other classifiers to identify sentiment in advocacy messages.

Al so, given Dingdbs success in customizing
work should investigate the ability of customizing the dictionary of lexizsed

classifierdike VADER for finding sentiment in advocacy messages. For example, in a

review of falsely classified messages used to validate VADER in this study, changing a

mi sspell ed word in one message from At henk

increased the overall VADER match rate.
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APPENDIX D. DEFINING AND VALIDATING A MODEL FOR

CLASSIFICATION OF PERSONAL STORIES

As reported in Section 5.3, this dissertation did not develop and validate a model to find
personal stories in messages because (a) it did not set out to do so and (b) results from
searches for personal stories revealed other, related content in mesabges t

indicative of high and low membership rates. This dissertation prioritized reporting these
results to achieve objective two over further developing a model to identify personal
stories. Future work could be conducted to develop a personal stesifielanodel.

Such a model could identify #Alived experie
well as and related content (e.g. family references) found by this dissertation in the search
for lived experiencedt should also consider research fromr@m et al(2009) who
classifiedfor personal stories in longer passages of s appendix suggests ways to
validate a model in the future.

The validation of the classification of messages as personal stories by a model
depends on the number of degtive factors that a model classifies messages into, and
these factorsé scales of measurement. This
define what a personal story is, and what supporting and useful, related factors should be
reported by a modelassifying messages as such. In the most basic case, (a) given a
random sample of 400 messages, (b) given a single reviewer, and (c) given a model that
classifies messages containing Alived expe
apersonfanmiii ar with Sandhuds work should ideal!/l
400 messages contains a personal story or not. Then, this study should describe the

accuracy of the model with (a) the model 6s

192



predsion, (c) recall, and (d) F1 scores. This section details these recommendations and
considers more complex cases for validating multiple factors with multiple reviewers.

Research (Sandhu 2017) and campaign development guides from the Social
Change Agency2017a, 2017b) show advocacy organizations benefit from enlisting
individuals who have lived experiences affected by campaign issues into organizer and
leadership positions of campaigns. In comparison to online-fietters and petitions,
which go unseenybpolicymakers (Miler 2014), leadership and rhetoric from those with
lived experiences build trust between advocacy organizations, policymakers, and the
public. The Congressional Management Foundation (2017) shows that, more generally,
U.S. congressionaépresentatives say that individualized letters from constituents help
them take positions on issues. (Chapter 1 and Chapter 2 describe further the state of
congressional communication.) For reference, as described in Section 3.2, this
dissertation labels essages originally authored by users of online advocacy systems as
personal messages. It labels personal messages that contain descriptions and references of
lived experiences as personal stories.

This study searches for personal stories with regular ssipires (Objective Two).
In doing so, it exposes the subjective nature of the definition of what a lived experience
is. It also finds that messages, whether describing experiences of how campaign issues
directly affect authors, or simply describing an adthoccupation or family status, are
related to membership rates. For example, the following messages could all indicate

di fferent classifications and degrees of
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1. I plan on moving to Flint, Michigan, but am worried about wat@rtamination
2. My uncle died of black lung disease when | was five. Please phase out these coal
mines in the next 10 years and provide assistance for those working in the
industry to make the occupation transitions
3. As a proud Marylander, | support your pogjal to make our city a safe place for
climate refugees
4. | worry about climate change every day
5. Idrive a car and | support stronger fuel emission standards
6. My wife and | donét want our <children p
the new DowntowSilver Spring update plans
Sandhu (2017) defines |ived experiences as
soci al i ssue, or combination of issues, ha
messages describe past experiences, some describe wabgirtdguture experiences,
some describe experiences of family members, some express common experiences, and
some simply express family associations. Each message may be subjectively classified as
a lived experience.
Before validating classification moddldeterministic or probabilistic) of personal
stories, therefore, more specific criteria of what a personal story is needs to be developed
and incorporated into these models. From an applied point of view, supplementing the
importance of lived experiencesth exploration results from this study, advocacy
organizations and policymakers may benefit from identification ofcselfs c r i bed Adi r
per sonal i mpacto statements, that -Sandhu d

described occupations, plaagdiving, family roles, family relationships, and outdoor
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activities. Both models and human judges may classify these factbikeshscales, like
VADER classifies sentiment, or Boolean and null categories (present, not present, and
undetermined).

The most general model, with the least number of classification factors, is the
model that classifies a message describing or not describing lived experiences as defined
by Sandhu (2017). It reports a singd®olean classification factor for every message.
The next most general model adds an undetermined category to this single classification
factor. The next most general model reports this single classification factor on an ordinal
scale, and the next most general model reports it on a ratio scale. &ftadtitional
classification factors, such as those suggested above (occupation, places of living, family
role, etc.), with different scales measurement, define more complex models.

To validate the most general modéehe one with a singlBoolean classication
factor based on the definition of a lived experieneéth only a single human judge of
truth and a sample of 400 random messages, this study suggests building on lessons
|l earned from this studyds vali dygests on of VA

1. Seeking a college educated, Englsgieaking expert welicquainted with
Sandhuds definition and research on 1|iv
messages as meeting or failing to meet
2. Presenting the reviewsrith an online survey that
a. Shows messages one at a time and requires human interaction between

messages
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b. Asks the reviewer to rate messages as they think other experts might rate
messages to increase reviewer consistency, as it did for Hutto and Gilbert
(2014)
c. Shows the reviewer their progress and rewards the reviewer with positive
thank you messages as they complete the survey
d Shows Sandhudés definition of what a
guestion
3. Ensuring the reviewer has an environment whenrg digeee that they can focus
on the survey; if they say the online f
should be printed
In the case that multiple experts are able to review messages, validation design work
should begin by consulting with at least @xpert to construct example vignettes of
what a lived experience is and what it is not in order to ground reviewer understanding of
what a lived experience is and increase reviewer rating consistency. An odd number of
reviewers should review messages, single expert should be available to break ties.
Reviewer consistency should be evaluated with factor analysis or a statistic such as
Greatest Lower Bound (GLB) or Kud&ichardson Formula 20 (KRO). If reviewer
consistency is low, validation will reqeifurther investigation to understand why and
possibly eliminate bad reviewers.
In the more complex cases, where reviewers are asked to report ordinal and ratio
judgements for one or more metrics, this s
factor aralysis to check the consistency of reviewers, as this study does for checking the

consistency of reviewers judging message sentiment. In these cases, where reviewers are
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asked to check messages for multiple factors, questions can be grouped by mesgsage or b
factor. Grouping questions by factor would require the user to read each message
multiple times (equal to the number of factors) and increase the time and effort required
by reviewers to complete the review. Grouping questions by message, alternatively,
would allow reviewers to keep a message in thlearttermmemory and then answer
guestions about each factor in it. In this second case, the survey could present factor
guestions all at once, on a single screen, in sets, or individually for each guBEsison
study recommends presenting questions by message, and presenting no more than seven
factor questions about a message on a single screen at a time. If factor questions could be
confused with each other, the survey should present them on the saenenstie
distinctions between them highlighted.

After reviewer data has been collected, classifier validation can employ the same
match rate, precision, recall, and F1 scores used by this study in validating VADER
sentiment ratings to access model accurkicthe more complex model situations, these

scores should be calculated for each message factor that the model and humans classify.
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GLOSSARY

Action Center. A trade name for an online advocacy service. See advocacy service

Advocacy Campaigrn effort, generally centrally managed by an advocacy
organization, to support a specific issue. In this study, advocacy campaigns refer
to online campaigns in which advocacy organization contacts and market targets
are asked to send gains and personal messages to their policymakers

Advocacy Organization. An organization that educates the public and lobbies
policymakers to support projects and policies. Advocacy Organizations discussed
in this dissertation are all nonprofit, membepsbased organizations which
collect annual membership dues and contributions to support environmentally
sustainable policies and projects. Advocacy Organizations discussed in this
dissertation all use online advocacy services among other methods to achieve
their goals

Advocacy Service Provider. A software vendor that develops and provides advocacy
services to advocacy organizations

Advocacy Service. A software service used by advocacy organizations to both recruit
members and enable contacts to conveniemwiie their policymakers

Campaign Manager. A staff member or volunteer managing an advocacy campaign. This
dissertation often refers to campaign managers as campaign organizers

Campaign Organizer. See campaign manager

Contact. A person with a relationshigoan advocacy organization. Note: new contacts do
not necessarily have information about them stored in an organizational contact

relationship management database
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Flesch Ease of Reading Test. A popular test that scores text on how easy it is to read by
people with different levels of education. The Flesch score is a function of
syllables, words, and sentences in text. See Flesch (1948)

Linguistic Inquiry and Word Count (LIWC). A software package that counts words in
text matching collections of words. Se&VC (2018)

Linguistic Inquiry and Word Count (LIWC) Dimension. A labeled collection of words in
the LIWC software package. E.g. pronouns, function words, positive emotions,
etc.

Linguistic Inquiry and Word Count (LIWC) Score. A LIWC tastsult that desibes a
text specimen. LIWC reports all word count rates as percentages matching a
LIWC dimension (e.g. all pronouns). LIWC reports word count as the number of
words in text, not a percentage

Message. Any message sent to a policymaker through an onlineaaghsystem,
including form letters, custom messages, and personal messages

Messages, Custom. Prewritten advocacy messages, edited and customized by contacts
using online advocacy services

Message, Not Custom And Not Personal (NOTCORP). Messages thatpeaifecally
not been customized nor individually authored by contacts

Message, Personal. Individually authored text sent to a policymaker. Contacts compose
personal messages into blank text area fields on websites and in messenger
application entry field

Message, Personal Story. A message that

also used to describe messages found
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Policymaker. A primary target of online advocacy campaigns, many times being state and
nationalelected officials or appointees that can vote or influence project and
policy decisions

Valence Aware Dictionary for sEntiment Reasoning (VADER). A-hdsed model that
measures sentiment in text, specifically created for short soeidia messages.
SeeHutto et al. (2014) and related code at

https://github.com/cjhutto/vaderSentiment#abthescoring

200


https://github.com/cjhutto/vaderSentiment#about-the-scoring

REFERENCES

AddUp (2019). AddUp. Retrieved frohitps://addup.sierraclub.orgdccessed March

2019.
Adsera, A., Boix, C., & Payne, M. (2003). Are You Being Served? Political
Accountability and Quality of Governmerithe Jairnal of Law, Economics, and

Organization, 1@2), 445 490.https://doi.org/10.1093/jleo/ewg017

Aylien (2019). Text Analysis API. Retrieved fromiips://aylien.com/texapil. Accessed

December 2019.

Bhagat, V. (2005). Online advocacy: How the Internet is transforming the way nonprofits
reach, motivate, and retain supporters. In Hart, T., Greenfield,ahill.Johnston,
M.W. (Eds.),Nonprofit Internet Strategig®p. 119134). Hoboken, NJ: John
Wiley, 2005. ISBN: 0471691887.

Bimber, B (2001). Information and Political Engagement in America: The Search for
Effects of Information Technology at the Individuahel.Political Research

Quarterly, 541), 5367. https://doi.org/10.1177/106591290105400103

Bird, S., Klein, E., & oper, E. (2019)Natural Language Processing with Pythion
Analyzing Text withne Natural Language ToolkiRetrieved from

http://www.nltk.org/book/ Accessed February 2019.

Boulianne, S. (2009). Does Internet Use Affect Engagement? A-Meilysis of
ResearchPolitical Communication, 2@), 193-211.

https://doi.org/10.1080/10584600902854363

Broockman, D. E., & Ryan, T. J. (2016). Preaching to the Choir: Americans Prefer
Communicating to Copartisan Elected Officigdsnerican Journal bPolitical

Science, 601093 1107 .https://doi.org/10.1111/ajps.12228

201


https://addup.sierraclub.org/
https://doi.org/10.1093/jleo/ewg017
https://aylien.com/text-api/
https://doi.org/10.1177/106591290105400103
http://www.nltk.org/book/
https://doi.org/10.1080/10584600902854363
http://doi.org/10.1111/ajps.12228

Broockman, D. E., & Skovron, C. (2017). Bias in Perceptions of Public Opinion Among
American Political EliteskForthcoming in AmericaRolitical Science Review

https://doi.org/10.2139/ssrn.2930362

Bureau of Labor Statistics (2015). Volunteers by selected characteristics, September
2015.Economic News ReleadRetrieved from

https://www.bls.gov/news.release/volun.t01.h&ecessed December 2019.

Bureau of Labor Statistics (2019). American Time Use Survey. Retrieved from

https//www.bls.gov/tus/charts.htnAccessed November 2019.

Butler, D. M. & Broockman, D. E. (2011). Do Politicians Racially Discriminate Against
Constituents? A Field Experiment on State Legislatdnserican Journal of

Political Science, 58), 463477.https://doi.org/10.1111/].1540

5907.2011.00515.x

Carpenter, D. (2016). Recruitment by Petition: American Antislavery, French
Protestantism, English SuppressiBerspectives on Politics, (88), 700723.

https://doi.org/10.1017/s1537592716001134

Claessens, S., Feijend, E. and Laevenac, L (2008). Political connections and preferential
access to finance: The role of campaign contributidmstnal of Financial

Economics, 8), 554580.https://doi.org/10.1016/].jfineco.2006.11.003

Congressional Management Foundation, The (2017). CiGaariric Advocacy: The
Untapped Power of Gitituent Engagement. Retrieved from

http://www.congressfoundation.org/citizeentricadvocacy?201 ~download

Accessed October 2018.

202


http://doi.org/10.2139/ssrn.2930362
https://www.bls.gov/news.release/volun.t01.htm
https://www.bls.gov/tus/charts.htm
http://doi.org/10.1111/j.1540-5907.2011.00515.x
http://doi.org/10.1111/j.1540-5907.2011.00515.x
http://doi.org/10.1111/j.1540-5907.2011.00515.x
https://doi.org/10.1016/j.jfineco.2006.11.003
http://www.congressfoundation.org/citizen-centric-advocacy-2017-download

Cruickshank, P., Smith, C., andl@mann, N. (2010). Signing arpetition as a transition
from lurking to participation (Vol. 2010). Presented at the Electronic Government
and Electronic Participation Conference, Lausanne, Switzerland. Retrieved from

https://www.researchgate.net/publication/261830621 Signing-an_e

petition_as_a_transition_from_lurking_to_participatidecessed January 2017.

Ding, Q (2018)Using Social Media to Evaluate Public Acceptance of Infrastructure
Projects(Doctoral dissertation). University of Maryland. Retrieved from Digital
Repository at University of Maryland (DRUM), 2019.

https://doi.org/10.13016/M27M0437D

Facebook (2019). Bu#in NLP Facebook for Developerfetrieved from

https://developers.facebook.com/docs/magerplatform/builtin-nlp#entities

Accessed November 2019.
File, T. (2015). Who Votes? Congressional Elections and the American Electorate: 1978
2014.United States CensuReport P2&b77. Retrieved from

https://www.census.goV/library/publications/2015/demofp2®@.html Accessed

February 2018
Flesch R. (1948). A new readability yardstidkurnal of Applied Psychology, &),

221i 233. https://doi.org/10.1037/h0057532

Giving Tuesday (2019). Giving Tuesday Retrieved from

https://www.qgivingtuesday.org/abowiccessed December 2019.

Google (2019). Activity Controls. Retrievéam

https://myaccount.google.com/activitycontro?dgcessed October 2019

203


https://www.researchgate.net/publication/261830621_Signing_an_e-petition_as_a_transition_from_lurking_to_participation
https://www.researchgate.net/publication/261830621_Signing_an_e-petition_as_a_transition_from_lurking_to_participation
https://doi.org/10.13016/M27M0437D
https://developers.facebook.com/docs/messenger-platform/built-in-nlp#entities
https://www.census.gov/library/publications/2015/demo/p20-577.html
https://doi.org/10.1037%2Fh0057532
https://www.givingtuesday.org/about
https://myaccount.google.com/activitycontrols

Gordon, A. & Swanson, R. (2009). Identifying Personal Stories in Millions of Weblog
Entries. Presented at the Third International Conference on Weblogs and Social
Media, Data Challenge Workshofan Jose, CA, May 20, 2009. Retrieved from

http://people.ict.usc.edu/~gordon/publications/ICWSNIBCW.PDFE Accessed

October 2018.

Haynes, A. S., Derrick, G. E., Chapman, S., Redman, S., Hall, W. D., Gillespie, J., &
Sturk, H. (2011). Fnm 6 our wor |l ddé to the oO6real worl
behaviour of policyinfluential Australian public health researche&scial
Science & Medicine, {2), 10471055.

https://doi.org/10L016/].socscimed.2011.02.004

Haynes, A. S., Derrick, G. E., Redman, S., Hall, W. D., Gillespie, J. A., Chapman, S., &
Sturk, H. (2012). Identifying Trustworthy Experts: How Do Policymakers Find
and Access Public Health Researchers Worth Consulting al®aoditing With?

PLoS ONE, @). https://doi.org/10.1371/journal.pone.0032665

Haynes, A. S., Gillespie, J. A., Derrick, G. E., Hall, W. D., Redman, S., Chapman, S., &
Sturk, H. (2011). Galvanizer&uides, Champions, and Shields: The Many Ways
That Policymakers Use Public Health Researchiibank Quarterly, 8%4),

564-598.https://doi.org/10.1111/].1468009.2011.00643.x

Hu, M., & Liu, B. (2004). Mining and summarizing customer review®1oceedings of
the tenth ACM SIGKDD international conference on Knowledge discovery and
data mining(pp. 168 177).

Hutto, C.J. and Gilbert, E.E. (2014). VADER: A Parsimonious faleed Model for

Sentiment Analysis of Social Media Text. Presented at the Eighth International

204


http://people.ict.usc.edu/~gordon/publications/ICWSM09-DCW.PDF
https://doi.org/10.1016/j.socscimed.2011.02.004
https://doi.org/10.1371/journal.pone.0032665
https://doi.org/10.1111/j.1468-0009.2011.00643.x

Conference on Weblogs and Social Media (ICW$4), Ann Arbor, MI, June
2014.
Internal Revenue Service (2019). SOI Tax St&tkarities & Other TasExempt

Organizations Statists. Retrieved fromhttps://www.irs.gov/statistics/sdax-

statsannualextractof-tax-exemptorganizatiorfinanciatdata Accessed May

2018.
Jacobs, M. (2016). High pressure for low emissions: How civil society created the Paris

climate agreemenduncture, 22314323. https://doi.org/10.1111/].2050

5876.2016.00881.x

Jones, JJ. (2017)Talk "Like a Man™: Feminine Style in the Pursuit of Political Power
(Doctoral dissertation). Irvine, CA: UC Irvine.

Kahn, A.Z., Skibniewski, M., & Cable, J.H. (2017). Understanding Project Stakeholder
Psychology: The Path to Effective Stakatel Management and Engagement.

PM World Journal, MiIX). Retrieved fromhttps://pmverldlibrary.net/wp

content/uploads/2017/09/pmwiaep201 KhanSkibniewskiCable

understandingrojectstakeholdepyschologysecondedition2.pdf Accessed

May 2018.
Kahn, A.Z., Skibniewski, M., & Cable, J.H. (2019). The Project Stakeholder
Management anBngagement Strategy Spectrum: An Empirical Exploratfdn.

World Journal, VII(II). Retrieved fromhttps://pmworldlibrary.net/wp

content/uploads/2019/04/pmwi@pr2019Khan-SkibniewskiCableProject-

StakeholdeManagementtrateqySpectrum.pdfAccessed November 2019.

205


https://www.irs.gov/statistics/soi-tax-stats-annual-extract-of-tax-exempt-organization-financial-data
https://www.irs.gov/statistics/soi-tax-stats-annual-extract-of-tax-exempt-organization-financial-data
https://doi.org/10.1111/j.2050-5876.2016.00881.x
https://doi.org/10.1111/j.2050-5876.2016.00881.x
https://pmworldlibrary.net/wp-content/uploads/2017/09/pmwj62-Sep2017-Khan-Skibniewski-Cable-understanding-project-stakeholder-pyschology-second-edition2.pdf
https://pmworldlibrary.net/wp-content/uploads/2017/09/pmwj62-Sep2017-Khan-Skibniewski-Cable-understanding-project-stakeholder-pyschology-second-edition2.pdf
https://pmworldlibrary.net/wp-content/uploads/2017/09/pmwj62-Sep2017-Khan-Skibniewski-Cable-understanding-project-stakeholder-pyschology-second-edition2.pdf
https://pmworldlibrary.net/wp-content/uploads/2019/04/pmwj80-Apr2019-Khan-Skibniewski-Cable-Project-Stakeholder-Management-Strategy-Spectrum.pdf
https://pmworldlibrary.net/wp-content/uploads/2019/04/pmwj80-Apr2019-Khan-Skibniewski-Cable-Project-Stakeholder-Management-Strategy-Spectrum.pdf
https://pmworldlibrary.net/wp-content/uploads/2019/04/pmwj80-Apr2019-Khan-Skibniewski-Cable-Project-Stakeholder-Management-Strategy-Spectrum.pdf

Kahneman, D (2011)Yhinking Fast and SlowNew York: Farrar, Straus and Giroux.
ISBN: 0374533555.
Karpf, D (2006). In Shift From Sponsored Petitions to Crowdfunding, Change.org

Changps EverythingCivicist Retrieved fromhttps://civichall.org/civicist/irshift-

from-sponsoregbetitionsto-crowdfundingchangeorg-changessverything/

Accessed March, 2018.
Karpf, D (2010). Online Political Mobilization from the Advocacy Group's Perspective:
Looking Beyond ClicktivismPolicy & Internet, 2 7-41.

https://doiorg/10.2202/1944£866.1098

Karpf, D (2016) Analytic Activism: Digital Listening and the New Political Strategy
New York: Oxford University Press. ISBN: 9780190266134.
Karpf, D. (2018). Analytic Activism and Its LimitationSocial Media + Society

https://doi.org/10.1177/2056305117750718

Kenski, K. (2010). Connections Between Internet Use and Political Efficacy, Knowledge,
and ParticipationJournal of Broadcasting & Electronic Media, &), 173192.

https://doi.org/10.1207/s15506878jobem5002 1

Kent, A., Berry, M. M., Luehrs Jr., F. U., and Perry, J. W. (1955). Machine literature
searching VIII. Operational criteria for designing inforioatretrieval systems.

American Documentation(8), 93.https://doi.org/10.1002/asi.5090060209

Kim, Y., Russo, S., and Amn4, E. (2017). The longitudinal relation between online and
offline political participation among youth at two different developmental stages.

New Media & Society 18), 889917.https://doi.org/10.1177/1461444815624181

206


https://civichall.org/civicist/in-shift-from-sponsored-petitions-to-crowdfunding-change-org-changes-everything/
https://civichall.org/civicist/in-shift-from-sponsored-petitions-to-crowdfunding-change-org-changes-everything/
http://doi.org/10.2202/1944-2866.1098
https://doi.org/10.1177/2056305117750718
https://doi.org/10.1207/s15506878jobem5002_1
https://doi.org/10.1002/asi.5090060209
https://doi.org/10.1177/1461444815624181

Krippendorff, K (2018) Content Analysis: An Introductido Its MethodologySAGE
Publications. ISBN: 9781506395661.

Li, L., Bensi, M., Cui, C., Baech-er, B., &
sourcing for rapid damage assessment following suddsat natural hazard
events. o0 Unpubl i s tyeofdMawiand, Cdlege Pagk.t |, Uni ver

LIWC (2018). LIWC | Linguistic Inquiry and Word Count. Retrieved from

http://liwc.wpengine.com/Accessed 2018.

Long, S (2018). Personal Message Research and Presentation ProjesalProp
Unpublished manuscript, Sierra Club, Washington, DC.

McHaney, R., Tako, A. & Robinson, S. (2018). Using LIWC to choose simulation
approaches: A feasibility stud®ecision Support Systems, {2018) 112.

https://doi.org/10.1016/].dss.2018.04.002

Miler, K (2014).Constituency Representation in Congrddew York: Cambridge
University Press, 2014. ISBN: 1107677009.
Morozov, E. (2009). The Brave New World of Slacktividfroreign Policy May 19,

2009. Retrieved fronhttps://foreignpolicy.com/2009/05/19/deavenewworld-

of-slacktivism/ Accessed November, 2019.

MoveOn (2019) A Short History of MoveOn. Retréal fromhttps://front.moveon.orgfa

shorthistory/ Accessed November 2019.
Nonprofits Source (2019) The Ultimate List Of Charitable Giving Statistics For 2018.

Retrieved fromhttps://nonprofitssource.com/onlhugving-statistics/#Online

Accessed November 2019.

207


http://liwc.wpengine.com/
https://doi.org/10.1016/j.dss.2018.04.002
https://foreignpolicy.com/2009/05/19/the-brave-new-world-of-slacktivism/
https://foreignpolicy.com/2009/05/19/the-brave-new-world-of-slacktivism/
https://front.moveon.org/a-short-history/
https://front.moveon.org/a-short-history/
https://nonprofitssource.com/online-giving-statistics/#Online

Oni, AA., Oni, S. Mbarika, V., & Ayoa, C.K. (2017). Empirical study of user acceptance
of online political participation: Integrating Civic Voluntarism Model and Theory
of Reasoned ActiorGovernment Information Quarterly, @) 317#328.

https://doi.org/10.1016/j.giq.2017.02.003

OpenGov Foundation (2018). From Voicemails to Votes: A huossmered
investigation by The OpenGov Foundation into the systems, tools, constraints,
and people who drive constituent engagement in Congress. Retrieved from

https://v2v.opengovfoundation.orgXccessed November 2018.

Parry, J.A., Smith, D. A., & Henry, S. (2011). The Impact of Petition Signing on Voter

Turnout.Political Behavior, 341), 117136.https://doi.org/10.1007/s1114¥ 1-

91611
Pennebaker, J. W. (201T)he secret life of pronouns: What our words say about us
New York: Bloomsbury Press.
Pennebaker, J.W., Boyd, R.L., Jordan, K., & Blackburn, K. (2015). The development and
propertes of LIWC2015. Austin, TX: University of Texas at Austin. Retrieved
from

https://repositories.lib.utexas.edu/bitstream/handle/2152/31333/LIWC2ah§ L

uageManual.pdfAccessed October 2019.

Pew Charitable Trusts (2017). Why Are Millions of Citizens Not Registered to Vote?

Retrieved fromhttp://www.pewtrusts.org/en/researahd-analysis/issue

briefs/2017/06/whyaremillions-of-citizensnotreqgistereeto-vote Accessed

February 2018.

208


https://doi.org/10.1016/j.giq.2017.02.003
https://v2v.opengovfoundation.org/
http://doi.org/10.1007/s11109-011-9161-1
http://doi.org/10.1007/s11109-011-9161-1
https://repositories.lib.utexas.edu/bitstream/handle/2152/31333/LIWC2015_LanguageManual.pdf
https://repositories.lib.utexas.edu/bitstream/handle/2152/31333/LIWC2015_LanguageManual.pdf
http://www.pewtrusts.org/en/research-and-analysis/issue-briefs/2017/06/why-are-millions-of-citizens-not-registered-to-vote
http://www.pewtrusts.org/en/research-and-analysis/issue-briefs/2017/06/why-are-millions-of-citizens-not-registered-to-vote

Pew Research (2019). Internet/Broadband Fact Sheet. Retrieved from

https://www.pewresearch.org/internet/fstteet/internebroadband/Accessed

November 2019.
ProPublica (2019). Nonprofit Explorer. Retrieved from

https://projects.propublica.org/nonprofité&ccessed November 2019.

Putorti, J (2019). Yes, Resistbot Is Effective. Retrieved fintims://resistbot.news/yes

resistbotiis-effective8el4e72a5edAccessed November 2019.

Resistbot (2018). Resistbot. Retrieved friotips://resist.bot/Accessed November 2018.

Ruijuan, Y. (2010). The interpersonal metafunction analysis of B&dxka ma 6 s vi ct or
speechEnglish Language Teaching(23, 146 151.

Sandhu, B (2017) The value of lived experience in social change: the need for leadership
and organizational development in the social sector. Clore Social Leadership

Program; 2017. Retrievdtbm http://thelivedexperience.orgAccessed October

2019.
Schulz, K. (2017). What Calling Congress A
Re s p o ns e Ameérican @hroniates, The New YorkBfarch 6, 207 Issue.

Retrieved fromhttp://www.newyorker.com/magazine/2017/03/06/wballing-

congressachievesAccessed May 25, 2018.

Snow, D., Rochford, E., Worden, S., &B f or d, R. (1986). AFr ame
Mi cromobilizati on, a noheridho Soeiotogicat Revwesv,r t 1 C i

51(4), 464481.https://doi.org/D.2307/2095581

209


https://www.pewresearch.org/internet/fact-sheet/internet-broadband/
https://projects.propublica.org/nonprofits/
https://resistbot.news/yes-resistbot-is-effective-8e14e72a5ed9
https://resistbot.news/yes-resistbot-is-effective-8e14e72a5ed9
https://resist.bot/
http://thelivedexperience.org/
http://www.newyorker.com/magazine/2017/03/06/what-calling-congress-achieves
http://www.newyorker.com/magazine/2017/03/06/what-calling-congress-achieves
https://doi.org/1
https://doi.org/10.2307/2095581

Snyder, J. M. (1990). Campaign Contributions as Investments: The U.S. House of
Representatives, 198(M86.Journal of Political Economy, $8), 11951227.

https://doi.org/10.1086/261731

Social Change Agency, €(2017a). Lost Voices: Digital Campaigning and the Voices

of Lived Experience. Retrieved fronitps://thesocialchangeagency.org/wp

content/uploads/2@I03/full-lost-voicesreport.pdf Accessed October 2018.

Social Change Agency, The (2017b) A toolkit to help interrogate digital campaigning

practices. Retrieved fromitps://thesocialchangeagency.org/wp

content/uploads/2018/03/framewenkoklet.pdf Accessed October 2018.

Sokolowski, S. W. (1996). Show Me the Way to the next Worthy Deed: Towards a
Microstructural Theory of Volunteering and Givingpluntas: International
Journal of Voluntary and Nonprofit Organization@Y, 259278.

www.|stor.org/stable/27927522Accessed November 2019.

Suarez, D.F. (2009). Nonprofit Advocacy and Civic Engagement on the Internet.
Administration & Society 4B), 267289.

https://doiorg/10.1177/0095399709332297

Thelwall, M., Buckley, K., & Paltoglou, G. (2012). Sentiment strength detection for the
social webJournal of the American Society for Information Science and
Technology, 6Q), 163 173.

Tversky, A. & Kahmeman, D. (1973) Avability: A Heuristic for Judging Frequency
and ProbabilityCognitive Psychology, 207232. Retrieved from

https://msu.edu/~ema/803/CRIDM/2/TverskyKahneman73.pdAccessed

Decenber 2017.

210


https://doi.org/10.1086/261731
https://thesocialchangeagency.org/wp-content/uploads/2018/03/full-lost-voices-report.pdf
https://thesocialchangeagency.org/wp-content/uploads/2018/03/full-lost-voices-report.pdf
https://thesocialchangeagency.org/wp-content/uploads/2018/03/framework-booklet.pdf
https://thesocialchangeagency.org/wp-content/uploads/2018/03/framework-booklet.pdf
http://www.jstor.org/stable/27927522
https://doi.org/10.1177/0095399709332297
https://msu.edu/~ema/803/Ch11-JDM/2/TverskyKahneman73.pdf

Tversky, A. & Kahmeman, D. (1974) Judgment under Uncertainty: Heuristics and
BiasesScience, 188157), 11241131. Retrieved from

http://psiexp.ss.uci.edu/reseb/teaching/Tversky Kahneman_1974.pdf

Accessed December 2017
U.S. Census Bureau (2018). Voting and Registration Data. Retrieved from

https://www.census.gov/topics/pubkecton/oting/data.html Accessed February

2018.
U.S. Elections Project (2016). Voter Turn Out. Retrieved from

http://www.electproject.org/home/votarrnout/votesturnoutdata Accessed

February 2018.
U.S. House of Representatives (2017). Communicating with Congress (CWC). Retrieved

from https://www.house.gov/doirbusinesswith-the-house/communicating

with-congresscwe. Accessed May 2019.

WealthEngine (2019). WealthEngine. Retrieved fidips://www.wealthengine.com/
Accessed March 2019.

White, M. (2010). Clicktivism is ruining leftist activisfthe GuardiarAugust 12, 2010.
Retrieved from

https://www.theguardian.com/commentisfree/@@Lig/12/clicktivismruining-

leftist-activism Accessed November, 2019.

211


http://psiexp.ss.uci.edu/research/teaching/Tversky_Kahneman_1974.pdf
https://www.census.gov/topics/public-sector/voting/data.html
http://www.electproject.org/home/voter-turnout/voter-turnout-data
https://www.house.gov/doing-business-with-the-house/communicating-with-congress-cwc
https://www.house.gov/doing-business-with-the-house/communicating-with-congress-cwc
https://www.wealthengine.com/
https://www.theguardian.com/commentisfree/2010/aug/12/clicktivism-ruining-leftist-activism
https://www.theguardian.com/commentisfree/2010/aug/12/clicktivism-ruining-leftist-activism

