Horses for Courses’?: Comparing the value of survey and Twitter data as a

measure of issue salience and most important issue (MI1) in an election

Abstract

Debates about the value of social media versus survey data for measuring public opinion have
intensified as usage of the former has spread and increasing problems with the latter have
surfaced. To measure the salience of policy issues during an election campaign, surveys which
include MII or MIP questions are typically seen as the gold standard. However, in contrast to
the survey, social media data can provide a dynamic impression of the issues which gain and
lose attention over time. In this paper, we compare Twitter and survey data as issue salience
measures in the 2020 US presidential election campaign. We ask three questions: (1) To what
extent do these data produce similar findings about issue salience? (2) How does this
(dis)similarity affect our conclusions about what issues mattered? and (3) what do these
findings say about the value of these data for measuring issue salience? We find that while
there is some overlap in the range of salient issues identified by both data sets, the two sources
lead to different conclusions about the decisiveness of these issues. The survey data suggests
that the election outcome centered on the issues of healthcare, the economy and the coronavirus
pandemic and that issues like social security and immigration were also important. In contrast,
the latter two issues are not salient in the Twitter data. The Twitter data suggests that law and
order and education were more important, instead, and shows that postal voting became a
highly salient issue later in the campaign. Our evidence does not permit us to rule definitively
in favor of one data source over the other. Instead, we conclude that one should focus on the

relative value of each for measuring particular aspects of public opinion.



1 Introduction
During election campaigns discussion of current affairs and political news increases. While
many issues can feature on the public agenda and influence voters’ decisions, usually only a
few can be seen as ‘most important’ to determining how they vote. While the data used to
identify and track changes in these most important issues are typically derived from public
opinion surveys of (non-)representative weighted samples of the electorate, there are an
increasing number of studies that use social media data to measure the salience of issues on the
public agenda. Yet reviews of the literature show that compared to survey data, social media
data collected from social networks like Facebook, Twitter, and Instagram, is not necessarily
seen as suitable for measuring public opinion (Kwak and Cho, 2018). These debates typically
involve weighing up the merits of each as tools of inference and insight into public attitudes.
The survey is typically seen as the gold standard for measuring the salience of policy issues
during an election campaign, for they include tried and tested most-important-issue (MII) or
most-important-problem (MIP) questions. At the same time, Twitter, more recently known as
X, has become the most popular source of social media data for studying political
communication, as it enables researchers to collect a large volume of public data, previously
for free and now at a set fee.

In this paper, we argue that although social media data may not equal scientific survey
data on basic criteria of quality assurance (i.e., representativeness, non-response bias), a
comparison of their respective merits should focus more on specific aspects of public opinion.
We contend that for less positional and more salience-based indicators of voters’ political
outlooks social media, and particularly Twitter data, can provide equally valid and
complementary indicators of issue salience as existing survey measures.

To support our argument, and for our empirical analyses, we use public opinion survey

data and Twitter data obtained in the lead-up to the U.S. 2020 Presidential election. We seek



to answer three substantive research questions. First, to what extent do the findings from these
data sources produce similar findings about the issues that were most important to voters before
casting their ballot? In particular, how far did they correspond in terms of the order of issue
importance, and the relative weight or intensity attributed to them? Second, if differences are
observed, how does this affect the conclusions that can be drawn about the issues that mattered
for voters in this election? Finally, what do our findings say about the value of survey versus
Twitter data as a measure of issue salience among a national electorate?

In the process of answering these questions, we compare the two data sources and
reflect on the opportunities, challenges and limitations associated with the use of data from
Twitter/X for examining public opinion. We specifically compare the importance attributed to
17 policy issues, such as the economy, health care and the coronavirus pandemic, by a
nationally representative sample of survey respondents to the frequency with which these
issues are mentioned in a geo-located set of aggregate tweets. While the survey asks
respondents which issues matter to them and about the most-important-issue (MII) during the
election, the Twitter data gives an over-time indication of the salience of issues in the public
conversation. We discuss how the choice for either measure affects our interpretation of the
issues that the general public cares about.

The paper is structured as follows. In the next section, we briefly summarize existing
literature about the trade-offs of using survey and Twitter data to measure public opinion and
issue salience in particular. Thereafter, we describe the data and methods of analysis in further
detail: we explain how we create a dictionary of search terms to collect the Twitter data, how
we evaluate the relevance of the search terms in the dictionary, and how we compute an issue
salience measure for the Twitter data. Then, we present the results of our analysis in line with
the three research questions. Finally, we provide a summary of the findings and their

implications.



2 Survey Data versus Twitter Data for Measuring Issue Salience

There remains a significant debate over the validity and comparability of Twitter data to survey
data for measuring public opinion. While early studies suggest that similar inferences about
public opinion can be made with both types of data (e.g., O’Connor et al., 2010; Tumasjan et
al., 2010; DiGrazia et al., 2013), recent work suggests that the relationship between the two as
measures of the public conversation is weak (e.g., Conrad et al., 2019; Ferg, Conrad, &
Gagnon-Bartsch, 2021). When comparing these two data types to study public opinion and
issue salience in particular, the trade-offs of relying on either type of data need to be considered.

The survey is a tried and tested tool which provides demographic data and asks precise
questions to a representative sample of a population (Couper, 2013; Schober et al., 2016).
However, the survey is subject to total survey error, namely errors relating to the sample
obtained, coverage of a population, non-response and survey design (Groves, 2010; Biemer,
2010). These four types of error, and the fact that representative samples are difficult to obtain,
often requiring the help of incentives or survey organizations (e.g., Birnholtz et al., 2004;
Bosnjak & Tuten, 2003; Groves, 2011; Miller, 2017), can cause researchers to obtain biased
data about the opinions of a studied population. Additionally, the fact that the survey is
‘designed’ to include questions which measure views at a particular point in time and,
therefore, bears ‘designed data’ (Groves, 2011), causes respondents’ answers about salient
issues to be reflective of their concerns at the time of the survey (Zaller, 1992; Alvarez &
Brehm, 2002), and to be constrained and prompted by the question-and-answer options
provided (e.g., Schwarz, 1996).

In comparison, Twitter data is ‘organic’: it is automatically created by the internet as
an ecosystem (Groves 2011, p. 868), through network interaction and conversation (Murphy,
Hill & Dean, 2013). Among the range of social media platforms available, the affordances of

Twitter make Twitter data, specifically tweets, especially suitable for the study of public



opinion. Tweets are short messages that contain no more than 280 characters and appear in real
time on a public timeline. In this way, Twitter facilitates an instantaneous, publicly available
flow of information (Hermida, 2016). Vast amounts of tweets can be obtained at a low cost
through an API (e.g., Hillygus, 2011; Smith, 2013; Barberd & Rivero, 2015; Schober et al,
2016), making it possible to analyze the content of tweets as textual data. Researchers can use
this textual data to observe public attention (Jungherr et al., 2017; Pasek et al., 2020), and to
analyze how issues quickly (dis)appear in public conversation (Murphy et al., 2014; Klasnja et
al., 2015). In contrast to Twitter, which is used for receiving news and keeping up-to-date,
Facebook is mostly used for sharing personal content and maintaining social contact (Pelletier
et al., 2020). The architecture of Facebook with the ability to create and join groups and fan
pages also leads conversation to be more private. These affordances complicate a holistic study
of public conversation on this platform. Instead of Facebook and Twitter, Instagram is image-
driven and would require an approach to measuring issue salience that also considers the visual
information disseminated through images and intertextual content on these platforms
(Highfield & Leaver, 2016).

Due to considerations like these, Twitter data is both well-suited and accessible for
measuring issue salience. Yet, there are concerns with the quality of Twitter data for measuring
issue salience among a population. Firstly, tweets are public expressions and are not intended
to present public opinion (e.g., Schober et al., 2016; Pasek et al., 2020). Secondly, Twitter users
are not representative of the general population (e.g., Mislove et al., 2011; Couper, 2013).
Those who use Twitter are self-selected (Murphy et al, 2014), and in the US, compared to the
general public, Twitter users are younger and have a higher socio-economic status (Hargittai,
2020; Wojcik & Hughes, 2019), tend to be from the left and to support the Democratic party

(Pew, 2019; Wojcik & Hughes, 2019; Dinesh & Obadas, 2023).



Thus, unless alternative methodologies are implemented, such as network sampling or
weighting, researchers will obtain a nonrandom and nonrepresentative sample of Twitter data
(Baker et al., 2013). Whilst inferences drawn from Twitter data about the general public
therefore need to be treated cautiously (Barbera, 2016), Schober et al. (2016) argue that because
Twitter provides us with a summary of ‘broad conversation’, adequate population coverage is
potentially unnecessary for Twitter data to achieve ‘topic coverage’. There is, therefore, an
argument that Twitter data can provide an accurate insight into political issues that matter to
the public over time.

In this paper, we reflect on the performance of Twitter data for measuring issue salience
in comparison to a set of most-important-issue (MII) survey questions. The first question
typically asks participants to rank different issues based on their importance and then in a
follow-up question, they are asked to indicate which one they believe to be the most important,
to themselves and the country they live in (Dennison, 2019). MII or MIP questions, which ask
about the most important problem, are crucial to the public opinion survey as they provide
political scientists with key insights about election outcomes, and they indicate to the political
elite what policy issues need to be dealt with. However, there are concerns with how these
rank-based questions measure issue salience. First, as indicated by Wlezien (2015), participants
may interpret this question differently: for example, they may interpret the issue as important
to themselves, or society in general. Second, since public understanding of political issues is
not necessarily well-developed (e.g., Achen, 1975), these questions can capture non-opinion.
Third, voters’ opinions about issues fluctuate (Converse, 2006), which is why constant
measurement is required, but these questions do not allow us to capture issue salience over
time.

While we do not expect that social media data that reflects a public conversation can

tell us which specific issues individual users care most about equally well as the survey, we



argue that this data can be used to identify salient issues and that it largely overcomes the
problems associated with asking survey respondents about the issues that matter to them. Social
media data are unaffected by the formulation and interpretation of a question and do not ask
for knowledge or an opinion about an issue. Furthermore, web applications allow us to collect
data for a time period, observe issues (dis)appear and measure changes in the salience of issues.
Additionally, Mellon (2014) has demonstrated that internet usage data can be used specifically
as an alternative for MII/MIP questions. He finds that out of seven issues that rank high in
response to these questions in Gallup surveys between 2004 and 2010, the salience of the four
issues of immigration, macroeconomics, fuel prices and terrorism could also be measured using
Google Trends data, with a correlation greater than 0.8.

Taking this cue, we update and develop the work of Mellon to compare how Twitter
data and the MII question set posed in a public opinion survey perform as measures of issue
salience in the 2020 U.S. Presidential Election. We present an alternative method for
comparing MII/MIP survey questions to social media data than the one used by Stier et al.
(2018), who use Twitter data, open-ended responses to an MIP question, and joint modelling
for their analysis. For our empirical analysis, we use a unique ‘dual’ dataset of survey data that
contains a close-ended set of MII questions and Twitter data, which allows us to address some
of the debates about the suitability of survey versus Twitter data, i.e., designed versus organic
data, for generating measures of issue salience over a comparable period, before an election.
In the next section, we describe the data sets, our MIl measures and analyses used to compare

how the choice for either data set affects conclusions about issue salience.

3 Data and Methods

We use specially commissioned survey data and aggregate Twitter data obtained during the

2020 U.S. Presidential election campaign, both collected for the [redacted] project and focused



on a comparable set of issues. This allows a direct matching of issue salience among voters
before polling day. As our survey data, we used a pre-election web survey fielded by [redacted]
between September 16 and October 20, 2020, to a sample of their U.S. internet panel (aged
18+, N =5,379). The sample was adjusted to the national population of US adults (aged 18+)
using supplied weights. The 17 policy issues that we asked respondents about in the survey
include the economy, health care, immigration, abortion, terrorism, the federal budget deficit,
Medicare, the rights of the LGBTQ+ population, the environment, taxes, law and order, the
rights of racial and ethnic minorities, gun policy, social security, trade policy, drug use/opioid
addiction, and the coronavirus pandemic. To compare the survey data to Twitter data, we
employ a three-stage research strategy: create a dictionary of search terms to obtain the Twitter
data, evaluate the relevance of the search terms included in the dictionary, and compute an MlI

measure to study the salience of policy issues in the Twitter data.

3.1 Stage 1: Creating a dictionary

The survey was designed before the collection of the Twitter data. The Twitter data was
collected using a purpose-built issue dictionary of categories and search terms relevant to each
of the 17 survey issues. To lay the groundwork for our dictionary, we added search terms which
we associated with these issues, and which featured in American online resources about the
issues. Due to the specificity of some of these policy issues, and the need for multiple search
terms per issue category, in the Twitter data set, Medicare was included under ‘healthcare’,
federal budget deficit and taxes under ‘economy’, and gun policy under ‘law and order’. Thus,
the 17 survey issues were treated as 13 issues in the dictionary. At this early stage, eight extra
categories which could not be included in the survey due to the risk of respondent fatigue were

added to the dictionary: conspiracy, defense, education, energy costs, housing, international



issues, international security, and women’s rights.! Gradually, sub-categories were added to
those categories which have a large number of search terms. For example, ‘austerity’, ‘cost of
living” and ‘finance’ are some of the sub-categories for ‘economy’.

For our policy issues, several search terms in our dictionary constitute word stems that
automatically capture the mentions of variants of the terms. For example, ‘tax’ also captured
references to ‘tax cut’ and ‘tax bill’. To ensure that the mentions of search terms were from
U.S.-based Twitter users, we applied Twitter’s geocoding parameter to specify the geographic
center of the U.S. This allowed us to capture all tweets from devices with IP addresses within
a given radius. A user's location is determined internally by the Twitter API through its
Geotagging API. When no geocode was available in real-time, the location specified on users’
profiles was used to determine whether the user was US-based. No language filter was placed
on search terms, although most were English words.

The list of search terms included in the dictionary was updated and expanded weekly
using Twitter trends data. This data was retrieved using the Twitter REST API and collected
hourly, although the volume data indicating how often tweets containing the trending words
were posted during the period were produced every ten minutes. Many of these trends did not
appear to relate to the campaign, but to popular culture (e.g., musicians, games, releases) and
sports (e.g., football, basketball and baseball) instead. Table 1 shows the number of trending
terms which were identified per week as potentially relevant to the campaign, as well as the
top 5 of these trends (in terms of the volume of tweets in which the terms featured; See
Appendix 1 for a table that also includes information about the number of Twitter trends per
week).2 For example, based on these trends, on the 9" of October, ‘secret service’ was added

to the dictionary as a search term for ‘international security’.

! The risk of respondent fatigue did not apply to the Twitter data since it was observational aggregate data rather
than individually self-reported.

2 While the top 5 is shown in this table, all potentially campaign-relevant trending terms each week were
considered for addition to the dictionary. Even though no hashtags were included in the dictionary, the words
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Table 1: Twitter trends data
Week Dates in 2020 Number of The top 5 of these potentially relevant trends

potentially
relevant
trending
terms
1 3-80ct 118 Pence; #VPDebate; Covid; Secret Service; Kamala
2 10 - 16 Oct 119 Barrett; Columbus; Savannah Guthrie;
#National ComingOutDay; Russian
3 16 - 23 Oct 150 China; Trump; #Debates2020; Hunter; Joe Biden
4 23 - 30 Oct 208 Hunter; Supreme Court; Justice; COVID COVID
COVID; Barrett
5 300ct-6 Nov 339 Voting; counting; Biden; fraud; Trump
6 7-12 Nov 333 Kamala; President; Barr; Pfizer; Donald Trump
7 13 - 19 Nov 138 Antifa; Lindsey Graham; Proud Boys;
#MillionMAGAMarch; Chris Krebs
8 19 - 26 Nov 140 Flynn; Sidney Powell; Rudy; Kyle Rittenhouse;
Secretary of State
9 26 Nov - 3 Dec 138 #DiaperDon; Barr; Iran; Section 230; Defund the
Police
10 3-10 Dec 129 Swalwell; Hunter Biden; Supreme Court; Pfizer;
SCOTUS

An extra three issue categories were added to the dictionary as they became relevant
during the campaign: election integrity, postal voting, and privacy®. This brought the total
number of issues in the dictionary to 24, and the total number of search terms to 973.
After the campaign period, the dictionary was finalized and used to retrieve a sample of

tweets published between October 6 and November 10, 2020, using Twitter’s REST API.

3.2 Stage 2: Evaluating search term relevance
In the next stage, we evaluated our finalized dictionary. Due to the dynamic nature of the
election and because of the subjective manner in which the dictionary was put together, it is

impossible to determine the completeness of the dictionary. We therefore decided to focus on

that constituted the hashtags (e.g., ‘debates’ and ‘VPDebates’ from #VPDebates) were also considered as
potential search terms for the dictionary.

% Initially, the issue of ‘big tech’ was also included, but mentions of tech giants such as ‘Google’ and ‘Amazon’
considerably outnumbered mentions of all other issues, and a superficial look at the content of these tweets
showed that the majority of these tweets refer to the companies and the services they provide and less to
political debate.
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the extent to which we find relevant terms instead. To check the extent to which the search
terms included in the dictionary relate to the policy issues of interest, two exercises were
performed.

First, we assessed the relevancy of the key terms using GPT3. GPT3 is a large-scale
autoregressive transformer language model created by OpenAl that uses 175 billion parameters
and was trained using an unlabeled set of text data, including text from Wikipedia articles and
other websites (Floridi and Chiriatti, 2020). GPT3 can be used to efficiently annotate data,
though human annotation still tends to be more accurate (e.g., Ding et al., 2022). When we
input policy issues into this model and request relevant search terms, it returns a list of search
terms. Thus, using the API and an API key provided by Open Al in Python, we created a list
of our search terms for each policy issue and asked the simple query: “Are the following words
relevant to [policy issue]?”. GPT3 would then classify the words as relevant or irrelevant,
which we used to derive a relevancy percentage, indicating the percentage of words from the
dictionary which, according to the language model, were relevant to the policy issue. To
provide a baseline for our results, we first took a sample of random tweets. This sample was
collected in May and June of 2022 and contained tweets between September 7 and October 27,
2020. We constructed a frequency chart of the top 20, top 30, top 40, and top 50 nouns used in
these tweets and then used them to put the same question to GPT3 but instead of offering the
search terms for the categories we provided these highly frequent nouns from the random
sample. Tables showing the results can be found in Appendix 2, tables A-D. The overall
relevancy percentage of these frequent nouns to the policy issues ranges between 6.16% (for
the top 50) and 16.38% (for the top 30).* Based on this analysis we find that, overall, these
terms do not relate to the different issue categories. Table 2 shows the relevancy percentage for

the search terms in our dictionary, using the same method.

4 Random 20 = 14.17%; random 30 = 16.66%:; random 40 = 11.15%; random 50 = 6.00%
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Table 2: GPT3 results for determining the relevance of the terms included per policy
issue in the dictionary, using the search terms in the dictionary

Policy issue category Number  Number of words Relevancy

of GPT3 thought were  percentage

search related
terms

Abortion 20 13 65.00%
COVID-19 82 26 31.71%
Conspiracy 18 15 83.33%
Defense 29 23 79.31%
Drugs/Opioid crisis 25 20 80.00%
Economy 105 94 89.52%
Education 29 29 100.00%
Election integrity 97 44 45.36%
Energy costs 21 21 100.00%
Environment 31 28 90.32%
Healthcare 18 18 100.00%
Housing 7 7 100.00%
Immigration 16 16 100.00%
International issues 65 58 89.23%
International security 7 7 100.00%
LGBT rights 22 16 72.73%
Law and Order 133 102 76.69%
Postal voting 10 7 70.00%
Privacy 8 7 87.50%
Rights of racial and ethnic minorities 40 35 87.50%
Social security 13 11 84.62%
Terrorism 52 13 25.00%
Trade 9 9 100.00%
Women's rights 17 15 88.24%

We can see that, except for terrorism, which receives a relevancy percentage of 25%, for
most of the policy issues the majority of search terms are relevant.> Our results relating to
terrorism should therefore be interpreted with caution. However, we believe that the
relatively low relevancy percentages for election integrity and COVID-19 are related to the

novelty and specificity of the terms relating to these issues as well as the higher-than-average

°> Examples of search terms that GPT3 does not consider relevant to ‘terrorism’ are: ‘Vanilla ISIS’, ‘The Base’,
‘Cyber war’, “White nationalis’, ‘kukluxklan’, and a range of different spellings of ‘neo nazi’. Words which
GPT3 does consider relevant are: ‘ISIS’, ‘al shabaab’, ‘hizballah’, ‘Oklahoma bombing’, ‘boko haram’,
‘Terroris’, ‘ISIL’, jihad’, ‘hamas’, ‘Islamic State’, ‘taliban’, and ‘al quaida’.
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number of search terms that we included for these issues. It is worth bearing in mind that
GPT3 was launched in 2020 and was, therefore, trained on documents before the election. It
may, therefore, include fewer terms for COVID-19 which became a pandemic at the end of
2019. Many of the search terms for election integrity are also timely because they refer to
events that took place during the campaign, such as politicians and individuals involved in
the counting and processing of the votes, as well as requests to stop the vote count. The
overall relevancy percentage of the search terms for all policy issues, including terrorism,
COVID-19 and election integrity, is 81.1%.

In the second exercise, we still used GPT3, but as part of topic modelling and
specifically Latent Dirichlet Allocation (LDA) analysis, just as an alternative, naive approach
for evaluating our dictionary. We used scikit-learn, a machine-learning Python library, to
extract the top words per issue. Default stop words were removed from this process and we
additionally removed the words ‘https’, ‘amp’, ‘don’ and ‘just’. We were not interested in all
topics on Twitter at the time of the election, and here our aim was only to establish which top
search terms for our issues are already in the dictionary. Therefore, we used the existing
sample of tweets that we collected with our dictionary and search terms, rather than a random
sample of tweets, for the LDA analysis. Using LDA, we generated a list of the top words for
the tweets collected for each issue based on the dictionary search terms. Additionally, we
calculated the percentage to which these top words identified by LDA matched the search
terms in our dictionary, and we used the same GPT3 approach to calculate a relevancy
percentage for the top words returned by LDA (See Appendix 2, Table E, for a list of the top
words returned by LDA).

Treating our policy issues as separate topics, we find that according to LDA, overall,
29.6% of the search terms in our dictionary are top terms for these issues and, therefore, about

70% of the search terms are not needed to capture tweets about the issues. The top words
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returned by LDA often concern split compound words such as ‘health’, ‘care’ and ‘healthcare’
for the policy issue of healthcare, and ‘human’, ‘right’, and ‘human right’ for international
issues. Moreover, the LDA top words also include grammatical words, adjectives and verbs
such as ‘like’ and ‘people’, as well as multiple word forms such as ‘schools’ and ‘school’,
which we excluded from our dictionary based on redundancy and lack of a specific relation to
our policy issues. Were one to subjectively remove some of these top words from the topics
returned by LDA, the percentage of the LDA words that match with the dictionary search terms
would be higher.

Subjecting the LDA results to the GPT3 approach of calculating a relevancy percentage
of the search terms, we find that 46.5% of the LDA top terms are relevant to the policy issues,
which is lower than the 81.1% of our full dictionary with 973 search terms (See Appendix 3,
Table F for an overview of the LDA top terms and their relevancy). Based on these LDA results
as well as the GPT3-derived relevancy percentage, we are confident that, as a whole, our
existing dictionary is well-suited for identifying references to the policy issues of interest. We
applied this dictionary to obtain tweets from the Twitter API for the analyses in this paper in
August 2022. We found tweets for 871 of the 973 search terms and collected 1,153,909 tweets
in total for the period specified: October 3 until December 12, 2020. While collected using the
keywords in the dictionary, these tweets in aggregate constitute a random sample of the U.S.
Twitter conversation about 24 policy issues, including the 17 issues measured in the survey
before the US presidential election.® As such, the data provide an ideal basis for assessing
similarities and differences in the two approaches to measuring issue importance for voters

before the election.

® Whilst demographic weights can be estimated by linking Twitter users’ demographic characteristics to their
location and by using demographic information about people living in that area (Sloan et al. 2013), since we
have no specific location data, we cannot use this approach to compute weights.
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3.3 Stage 3: Computing the tweet rate measure

Next, we applied our dictionary which includes all terms to the sample of tweets to compute a
tweet rate. This tweet rate measure is used to determine the salience of issue search terms in
the collected tweets. Issue salience and MI1 were measured in the survey as a two-part question
in which respondents were first asked which of a range of 17 issues they considered important
in the election.” The issues listed were the economy, health care, immigration, abortion,
terrorism, the federal budget deficit, Medicare, the rights of the LGBTQ+ population, the
environment, taxes, law and order, the rights of racial and ethnic minorities, gun policy, social
security, trade policy, drug use/opioid addiction, and the coronavirus pandemic. Respondents
were then asked a follow-up question about which (if any) of the issues they had selected would
be most important in deciding their vote.

The Twitter measure of issue salience and M| is constructed as follows. A standardized
variable was calculated based on the rate of mentions of the top 5 and top 10 search terms in
tweets collected from the API in a given 24-hour period. Issue salience was then calculated as
the aggregated rate of mentions for an issue across the period covered by the survey. Given we
did not have access to the Twitter firehose i.e., the full population of Tweets sent in the period
of interest, and the cap imposed on developer account collection from the API, it was
impossible to use an absolute count of mentions of our terms. We, therefore, opted for a
measure that allowed us to standardize and compare the relative hourly and daily prominence
of search terms.

Specifically, in the first step tweets containing all search terms were collected up to a

maximum of 100 tweets per 24-hour time period. The allocation was typically filled within the

" MlI-question: “There are many important issues that the U.S. is facing today. As you think about the
Presidential election coming up in November which of the following issues will be important in deciding how
you will vote?”” Follow-up MIl-question: “And of the issues you have said are important for you, which do you
think was the **most important** for you in deciding your vote or were most important for you at the time of
the election if you didn’t vote?”
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first few hours of the search start timeline. The creation times of the first and last collected
Tweet for each term were used to calculate a Tweet rate for each term in Tweets per hour, using
the following simple equation:
MAX - MIN = DIFF /| COUNT = RATE

In this equation, ‘MAX’ refers to the time of the last collected tweet, ‘MIN’ to the time of the
first collected tweet, ‘DIFF’ to the difference between the two times as a number with one
decimal (indicating per hour), ‘COUNT’ to the number of tweets and ‘RATE’ to tweets per
hour. For example, if 100 tweets were collected for a search term within four hours, the tweet
rate for that search term would be 25. If this collection were to take 1 hour instead, the tweet
rate would be 100. Thus, the more time it took for Twitter to collect the 100 tweets for a search
term, the lower the tweet rate and the higher the tweet rate, the more popular the term.

In a second step, we allocated the rate of mentions for the search terms into the relevant
issue categories and then computed the average rate of mentions for each category daily
between October 6 and November 10. There was a significant amount of variance in the number
of terms used to measure each of the issues. For example, for housing, we included 7 terms and
for economy 131 terms. We, therefore, restricted the calculation to the top 10 averages for the
terms and the sake of robustness, we repeated this with the top 5. The average rate formed the
key measure of issue salience within our Twitter data on just these top 10 or top 5 terms. We
disregarded the lesser-used terms from our analysis (those out of the top 10). Table 3 shows
these top terms, with the top 5 terms italicized. The GPT3-derived relevancy scores of these

top 10 and top 5 terms can be found in Appendix 2, Tables G and H.
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Table 3: The top 5 and top 10 search terms per issue based on the tweet rate

1

10

11

12

13

14

15

16

17

18

19

20

21

Abortion

Conspiracy

COVID-19
Defense
Drugs/Opioid
crisis
Economy
Education
Election
integrity

Energy costs

Environment

Healthcare

Housing
Immigration

International
issues
International
security

Law and
Order

LGBT rights

Postal voting

Privacy

Minority
rights

Social
security

#ThanksPlannedParenthood; pro-life; Hyde Amendment, Pro Life;
Planned Parenthood; hotgirlsagainstabortion; Pro choice; prochoice;
prolife; Roe v wade

Qanon; Deep state; Kraken; Birther movement; Conspiracy theory
Anti vax; boogaloo; new world order; Obamagate; Release the
Kraken

Pandemic; Covid; Coronavirus; Vaccine; Stay safe; CDC; corona;
Fauci; lockdown; Pfizer

Military; Army; Navy; Veteran; Marine; #MakeltMeanMore; armed
forces; Pentagon; troops; USMC

Drugs; Marijuana; Purdue; Cocaine; FDA; Cannabis; McKinsey;
meth; MORE Act; Red Ribbon Week

Tax; Jobs; Businesses; SEC; Companies; Banks; securities and
exchange; small business; stock market; the economy

High school; College; Student; University; Education; Middle
school; professor; schools; student loan; teacher

Barr; Voter fraud; Recount; Treason; Coup; Dominion; election
fraud, Hammer; Monica Palmer; voter suppression

Price of electricity; Electric bill; Fuel price; Gas price; Electricity
bill; energy bill; energy cost; fuel bill; gas bill; price of gas

Climate change; Hydro power; Fracking; Flooding; Sustainable
energy; global warming; Green New Deal; NATO; overpopulation;
pollution;

Hospital; Healthcare; Health care; Medicare; Health insurance;
Affordable Care Act; HIPAA; Medicaid; Obamacare; Protect Our
Care

Housing; Mortgage; HUD; New build; New homes; House price;
property price

Immigration; Immigrant; Homeland security; visa; DACA; Border
wall, Build the wall; migrant; refugee; Trump wall

China; Russia; Putin; UN; Iran; Christine Fang; EU; Fang Fang;
Irag; Ukraine

CIA; National security; Secret Service; National intelligence; NSA;
Central intelligence; intelligence agency

Police; Jail; Prison; Criminal; Crime; Courts; FBI; fraud; SCOTUS;
supreme court

Coming out; Pride; Startcisshaming; TransDayofRemembrance;
LGBT; hatespeech; TDoR2020; TERF; TransAwarenessWeek;
Transgender Day of Remembrance

Absentee; USPS; Mail-in; DeJoy; Vote-by-mail; postal ballot; postal
inspector; postal vote; postal voting; VVoting by mail

Targeting; Privacy; Surveillance; GDPR; Encryption; CCPA; Data
protection; Monitoring software

Racist; Columbus; Racism; BLM; Black Lives Matter; George Floyd,;
IndigenousPeoplesDay; Native American; Walter Wallace;
WalterWallaceJr

Child benefit; Child support; 401k; Food stamps; Pension; benefit
cuts; state benefits; TANF; unemployment benefit; welfare program
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(Table 3 continued)

22 Terrorism Antifa; Proud boys; National security; KKK; Unite the right; far
right; ISIS; Kayla Mueller; ProudBoys; Taliban

23 Trade Trade; Trading; RCEP; NAFTA; Import; Export; federal trade
commission; FTC; TTIP

24 Women’s ERA; Sexist; Sexism; Gender equality; Harvey Weinstein; gender

rights discrimination; LatinaEqualPayDay; Metoo; sexual harassment;

womens rights

Note. Some issues have less than 10 search terms, so less than 10 terms may be listed in the above table.
For instance, the issue of privacy only has 8 terms in total, so no more than 8 top terms could be found
and likewise, for trade, there were no more than 9 terms in the dictionary.

4 Results

To compare the measures of issue salience and MII produced by the survey and the Twitter
data, we adopted two approaches. Our first approach concerns a direct comparison. It entails
truncating the Twitter data to cover the survey data collection, i.e., October 6 to October 20,
2020. We look at the daily rate of mentions of the issues and the rate of mentions across the
two weeks as a whole, considering the fluctuating nature of issue mentions and the average rate
of issue mentions. This average rate is based on the aggregate of the tweet rates of the 5 and
10 most-mentioned search terms of the sub-categories of each issue. By analyzing the rate of
issue mentions, we capture the aggregate issue conversation during this period, and we gain
insight into the most important issue. This first approach allows us to directly compare the
results of the most important issues from the survey to the salience of issues we observe in the
Twitter data.

We specifically compare the top 10 issues which survey respondents have indicated
matter to them to the tweet rate of the top 10 search terms and top 5 search terms of these
issues, for the 17 common issues, and also for the complete set of 24 issues in the dictionary.
The results are shown in Table 4 (See Appendix 3, Table A, for an extended table that also

shows the tweet rate for all 24 issues).
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Table 4: Comparing the top 10 issues that mattered to the survey respondents to the
ranking of these issues based on the average Tweet rate for the issues’ top search terms

Survey data Twitter data

Important Top 10 search terms Top 5 search terms
issues to the
respondents
Issue % Rank | Avg Rank Adjusted | Avg Rank  Adjusted
tweet | (just 17 Rank (all | tweet | (just17  rank (all
rate | survey 24issues) | rate | survey 24 issues)
p/h | issues) p/h | issues)
Healthcare 60.6 1 9.3 5 7 15.1 5 7
The economy 60.5 2 15.9 2 3 24.5 2 3
Covid pandemic | 57.0 3 14.3 4 5 22.1 3 4
Social security 49.2 4 0.9 12 23 1.1 13 23
Immigration 45.7 5 1.6 13 22 1.8 12 22
Medicare 43.1 6 - - - - - -
Taxes 42.4 7 - - - - - -
Gun policy 42.0 8 - - - - - -
Environment 41.2 9 2.1 11 19 3.5 10 16
Law and order 40.6 10 22.7 1 1 25.9 1 2

Note: Data from the pre-election survey, fielded September 16 — October 20, 2020. Sample weighted
for all US adults, N = 5,377. In the Twitter data set, Medicare is included under ‘Healthcare’, federal
budget deficit and taxes under ‘Economy’, and gun policy under ‘Law and Order’.

Here we can see that more than half of the survey respondents saw healthcare, the economy
and the coronavirus pandemic as important issues (60.6%, 60.5% and 57.0% respectively, N =
5,377). These are issues which also gained traction on Twitter at the time of the election
campaign, although healthcare to a somewhat lesser extent (ranked as the 7" most salient
issue). Interestingly, issues such as social security and immigration which respondents deemed
important, were not salient in the Twitter conversation, and are ranked as 22 and 23 out of the
24 total issues. More tweets in our sample contained references to law and order and education
instead (ranked 1 and 2 depending on whether we look at the top 10 or top 5 search terms).®

Whereas education was not one of the issues asked about in the survey, law and order was

8 Admittedly, the fact that ‘gun policy’ is included under ‘law and order’ in the Twitter data set could mean that
the tweet rate for ‘law and order’ is higher than it otherwise would have been. However, looking at our data set,
search terms relating to gun policy, such as ‘NRA’, ‘gun regulation’, and ‘2" amendment’ do not feature
regularly in the tweets we collected. We, therefore, believe the influence of ‘gun policy’ on the salience of ‘law
and order’ to be limited.
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important to 40.6% of the survey respondents. These results based on the first survey question
about issue salience, namely which issues matter, indicate that while some issues are salient in
both our data sets — the economy, the coronavirus pandemic and law and order — the two data
sets do lead to dissimilar observations about which issues were salient during the campaign.
Next, we compare the most-important-issue (MI1) results from the survey data to the Twitter
results, shown in Table 5. (See Appendix 3, Table B for an extended table that also shows the

tweet rate for all 24 issues).

Table 5: Comparing the top 10 most important issues to the survey respondents to the
ranking of these issues based on the average Tweet rate for the issues’ top search terms

Survey data Twitter data
Issue Most Top 10 search terms of the  Top 5 search terms of the
important issues issues
issue
% Ran | Avg | Rank Adjusted | Avg Rank  Adjusted
k | tweet | (just17 rank (all | tweet | (just17 rank (all
rate | survey 24 rate | survey 24 issues)
p/h | issues) issues) p/h | issues)
Covid pandemic | 22.9 1 13.6 4 5 22.1 3 4
The economy 18.4 2 15.9 2 3 24.5 2 3
Healthcare 12.6 3 9.3 5 7 15.1 5 7
Law and order 9.9 4 22.7 1 1 25.9 1 2
Environment 7.6 5) 2.1 11 19 3.5 10 16
Social security 7.0 6 0.9 12 23 1.1 13 23
Minority rights 5.8 7 14.3 3 4 21.6 4 5
Abortion 3.1 8 2.2 10 18 2.9 11 18
Immigration 2.9 9 1.6 12 22 1.8 12 22
Gun policy 2.2 10 - - - - - -

Note: Data from the pre-election survey, fielded September 16 — October 20, 2020. Sample weighted
for all US adults, N is reduced from 5,377 to 4,474 due to “don’t know” responses and instances
where this question was not asked. In the Twitter data set, Medicare is included under ‘Healthcare’,
federal budget deficit and taxes under ‘Economy’, and gun policy under ‘Law and Order’.

When the same survey respondents were asked to select the issue from this list that they deemed
the most important to their vote, the most influential issue was the coronavirus pandemic
(22.9%). Close behind, however, was the economy (18.4%) and then in third place healthcare
(12.6%). Based on the Twitter data, even though this data set does not include data at the level

of individual users, we would likewise identify the economy, law and order and the coronavirus
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pandemic as the most important issues. However, we would also include minority rights as a
highly salient issue. After all, this issue is ranked 4" for the top 10 terms and 5" for the top 5
terms based on the tweet rate, although it is only ranked 7 by the survey respondents. If we
were to rely just on the Twitter data to determine the most salient issue, then this would be
either ‘education’ or ‘law and order’, but were we to combine the results of the two data sets,
then the ‘economy’ is the top issue, as it is the second most important issue in the survey and
the third most salient issue in the Twitter data set. Thus, although both data sets provide some
similar top issues, based on our choice for either data set, we would draw different conclusions
about the most important issue during the campaign and the extent to which the issues were
salient.

Our second approach concerns extending the Twitter data to cover the period from
October 6 to November 10, 2020, to examine how issue salience developed day-by-day,
during and after the survey collection period and until the election itself. This is how we
examine MII using the Twitter data without restricting the period to make it possible to
directly compare the Twitter and survey results. This dynamic approach to studying issue
salience allows us to observe what issues affect individuals’ vote choice in the lead-up to
polling day, which is not possible with a standard pre-election survey.

Figure 1 shows our dynamic measure of issue salience and how the issues fluctuate
over time. Specifically, this is a visualization of the fluctuating salience of the top 5 issues for
the top 10 terms, and the top 5 issues for the top 5 terms. These are, in alphabetical order, the
coronavirus pandemic, the economy, education, law and order and minority rights. To
illustrate how new issues can gradually overtake dominant issues, in these graphs, two extra
issues are added to these top 5 issues: postal voting and election integrity.

Looking at the graphs in this figure, we can see that while attention to the issues of

education, law and order, and the economy on Twitter fluctuates, these are the most salient
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issues throughout the campaign. The issues of minority rights and the coronavirus pandemic
follow closely behind. We find that around 24 October 2020, about one and a half weeks
before election day, there was an increase in mentions of postal voting. When we consider the
top 10 terms of the top 10 issues, on October 27 postal voting is, albeit briefly, the tenth most
mentioned issue by overtaking the issue of defense, and when we consider both the top 10
and top 5 terms of the top 10 issues, postal voting overtakes defense as a top 10 issue on
November 2 (See Appendix 3, Tables C and D). This increased attention for postal voting
underlines that Twitter discussion is viral, fast-moving and reliant on trends, which can
dislodge the ‘core’ set of salient issues. Thus, compared to the survey, only Twitter allows us
to observe sudden spikes and drops in attention before an election. Based on this two-stage
analysis, we can conclude that Twitter can both offer insight into the validity and reliability
of survey data findings in terms of covering the key issues that voters care about, as well as a

dynamic impression of how interest in issues fluctuates.

Figure 1: Graphs showing the fluctuating mentions of the top 10 terms of the top 5
issues (top), and the top 5 terms of the top 5 issues (bottom), both with election integrity
and postal voting included, based on the dynamic issue salience measure
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(Figure 1 continued)
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5 Discussion

We sought to address three research questions. First, do the two data sources produce similar
results about issue salience? We have found some correspondence in the issues deemed
important by the survey respondents and Twitter users. For the survey respondents, the
economy, healthcare and the coronavirus pandemic were highly important issues, and the
pandemic was the most important issue. Similarly, the economy and the pandemic were
frequently mentioned in the tweets. However, whereas the survey respondents indicated that
social security and immigration also matter to them, this is not reflected in our Twitter data.
Regarding the most important issue, the Twitter data tells us that instead of the economy,
healthcare, and the coronavirus pandemic, the top issues identified by the survey respondents,
education and law and order were the most salient issues on the platform.

Thus, in response to our second research question, which asks how these different

results affect conclusions about issue salience, the two data sets provide different conclusions
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about which issues mattered during the campaign and which issues were particularly salient at
the time of data collection. Both data sets indeed confirm that the economy, law and order and
the coronavirus pandemic were decisive issues during the campaign, followed by healthcare
and minority rights as prominent secondary issues. However, based on the tweet rates, our
Twitter data tells us that the election evolved around highly ranked issues such as law and order
and education, and not at all around issues like social security and immigration. Instead, our
survey data paints a mixed picture where issues like these were, in fact, also decisive.

Finally, the third question asks us to reflect on the implications of our findings of the
value of the two data sources as measures of issue salience. We can conclude that, to some
extent, the data sets pick up comparable signals and preferences from the general public. As
such, they can help cross-corroborate findings. However, design decisions such as the number
and selection of issues included in survey questions about issue salience and, for Twitter data,
the choice in favor of and against the inclusion of search terms, can lead researchers to different
conclusions about the set of salient issues and the decisiveness of these issues. Determining
conclusively which data set provides the most accurate picture of the electorate’s reasoning is
not the purpose of this paper, nor is it possible, with the data presented here. It is possible,
however, to end with some reflections on the value and accuracy of each type of data for
measuring issue importance, based on the internal methodological logic of each approach.

Methodologically, it is of course indisputable that the survey data are inherently more
representative of the U.S. electorate and thus, by default, would offer the more ‘truthful’
indication of issue salience. More specifically, out of the two data sources, the survey is also
the only one that can determine which issue is the most important to an individual, and the
survey data makes a direct link between the issues and vote choice. Thus, the survey is by
default better designed to answer the follow-up MII question that asks about the most important

issue to an individual voter. That said, while Twitter data are less representative and much
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‘noisier’ in terms of permitting inference about the impact of issues on the election outcome, it
is less curated, and offers an inherently more ‘ground-up’ and dynamic guide to the issues
which voters were focusing on during the election. Unlike the survey, it can track changes in
public opinion. This allows us to identify salient issues which otherwise may have been missed,
and to corroborate the validity and reliability of the first MII survey question, which asks about
the important issues.

Since both data sources, therefore, have value for measuring issue salience, we question
whether it is sensible to approach these data as competing measures of issue salience, especially
since moves to blend ‘designed’ versus ‘organic’ data are becoming increasingly common as
they offer “promising outcomes and technical challenges” (Miller, 2017, 211). Instead of
evaluating the merits of these data sets, we should instead focus on the relative value of each

for measuring particular aspects of public opinion.
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