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Abstract

The rise of online communication and social media has created new ways for elected of-
ficials to communicate with their constituents, but also enabled the diffusion of polarizing
partisan rhetoric. How have members of Congress responded to these opportunities? We
introduce a new dataset of congressional communication spanning multiple platforms over
a fourteen year time period to answer this question. Using computational text analysis tools,
we classify messages on these platforms into purposive categories and scale the partisanship
of each message along a continuous dimension ranging from left to right. After validating our
measures, we produce two key findings. First, rhetoric by members of Congress has become
more partisan and more negative as social media usage has increased. Second, we identify
what we call the social media feedback mirage. Messages containing negativity, partisanship,
and position-taking receive greater positive feedback on social media, even though experi-
mental and observational evidence suggest voters disapprove of these types of messages. We
conclude by discussing the implications for the current state of political discourse.
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Introduction

Communication between lawmakers and constituents is a crucial component of representa-
tion. In the 1970s, scholars such as Mayhew (1974) and Fenno (1978) put a spotlight on con-
gressional communications, arguing that legislators strategically promote themselves to various
constituencies for electoral and other reasons. A key insight was that many of the specific mes-
sages representatives send can be classified as accomplishing one of a few basic tasks such as
promoting the legislator’s personal brand, claiming credit for legislative accomplishments, or
taking a stance on issues voters cared about.

Fifty years later, there has been both continuity and change in congressional communication.
Members today continue to advertise, claim credit, and take positions. But the way in which
they do so differs considerably from earlier decades. Unlike when Mayhew and Fenno were writ-
ing, the advent of online communication and social media mean that legislators can reach a vast
audience both inside and outside of their district boundaries near instantaneously (Gainous and
Wagner 2013; Russell 2021). These changes in the technological environment have been accom-
panied by changes in the political environment. Partisanship and polarization both inside and
outside of Congress have grown considerably (McCarty 2019), possibly leading to more negativ-
ity and incivility in congressional rhetoric (Ballard et al. 2022, 2023; Costa 2021; Kaslovsky and
Kistner 2024).

These developments have motivated a new wave of research investigating how legislators
use social media and other online forms of communication. Much of this research either focuses
on how legislators use new technology to accomplish the same core representational purposes as
before (e.g., Cormack 2016; McKee, Evans, and Clark 2022; Russell 2021) or evaluates the type of
language legislators use on these platforms, considering the extent to which political elites deploy
polarizing or partisan rhetoric on social media (e.g., Ballard et al. 2022, 2023; Yu, Wojcieszak, and

Casas 2024).



In this paper, we extend this research in two primary ways. First, we construct a multimodal
dataset of congressional communication that spans almost the entire time period that social media
has been widely used (2009 to 2022). The dataset includes over 5 million tweets, 2.5 million
Facebook posts, and 184,000 email newsletters. Unlike data used in most existing research, the
longitudinal nature of the data enables us to study how messaging by legislators has evolved as
online communication and social media usage have become more common.

Second, we use computational textual analysis tools to classify both the representational pur-
pose and partisan language within each tweet, permitting an evaluation of congressional com-
munication strategies in aggregate rather than isolation. A set of supervised machine learning
models are used to classify each tweet into six different categories based on the intended purpose
of each message. Though not exhaustive, these categories allow for the classification of 74% of all
tweets and Facebook posts and 77% of newsletter sentences. Similarly, a textual scaling model is
used to place each message on a partisan spectrum from extremely Democratic to moderate to ex-
tremely Republican based on the language used. This dataset of consistently classified and scaled
messages across members and legislative session offers a major resource for those studying con-
gressional behavior, political communication, representation, and polarization, which we demon-
strate via applications involving the evolution of partisan language in Congressional rhetoric and
public approval of varying communication strategies.

The paper proceeds as follows. First, we discuss existing research on congressional communi-
cation, with a focus on recent research covering online communication. Second, we describe our
data collection procedure as well as our classification and scaling methodologies. In this section
we discuss a variety of ways we validate our measures, showing that they align with existing
measures in expected ways. Next, we use our data to demonstrate applications made possible by
our new data, evaluating how the public - both social media users and constituents — respond to
the communication strategies members of Congress adopt. We then take advantage of the longi-

tudinal nature of our data to explore trends in extreme and negative partisan rhetoric over time.



Finally, we conclude with some ideas for further research avenues to explore with the new data.

Congressional Rhetoric and Online Communication

Effective representation requires a dynamic, deliberative relationship between an elected offi-
cial and those they represent in office (Burke 1774; Mansbridge 2003; Pitkin 1967). Representatives
have to properly understand the interests of different constituency groups and disseminate in-
formation, while constituents must understand what their officials do while in office and where
they stand on issues to ensure electoral accountability.

The literature on congressional representation has long recognized that members play an
active and strategic role in communicating this sort of information for various purposes, partic-
ularly electoral success (Fenno 1978; Mayhew 1974; Yiannakis 1982). For instance, Fenno (1978)
emphasizes how political representatives shape their public image to align with crucial district el-
ements, crafting a distinct “homestyle” to cultivate the trust of their constituents. Mayhew (1974)
highlights three activities in particular that members do to enhance their re-election chances:
position-taking (establishing stances on political issues); credit-claiming (taking responsibility
for work done to pass legislation and secure resources for their districts); and advertising (bol-
stering name recognition, highlighting appearances at events and mentions in the media). More
recent work confirms that members of Congress continue to use similar messaging strategies in
modern times (Grimmer 2013; Russell 2021).

But while the underlying purposes of communication may seem similar, the means of com-
munication have changed dramatically. In the contemporary era, the rise of the internet and
social media has transformed communication, allowing representatives to reach a wider audi-
ence than ever before. Members of Congress are no longer dependent on a “franking” privilege
to directly reach those they represent, and even lowly rank-and-file legislators now have an abil-

ity to broadcast views far beyond the boundaries of their districts. Moreover, messages no longer



have to pass through newspaper reporters or television anchors before reaching the public (Gain-
ous and Wagner 2013; Russell 2021). The internet and social media allow representatives to reach
constituents in a direct and unmediated way:.

Researchers have begun studying how political elites use these new forms of media, although
the field is still nascent. As recently as 2017, scholars were referring to online tools of campaign
communication - “smartphones, Facebook, blogs, and the like” as “niche communication(s)”
(Frankel and Hillygus 2017). Still, considerable progress has been made in understanding how
these tools are used. We view these works as creating at least two major strands of research.

One of these major strands focuses on explaining what factors shape differential usage of
social media, both in terms of the volume of social media usage as well as which types of messages
(e.g., position-taking versus credit claiming) members choose to prioritize (Evans and Clark 2016;
Evans, Cordova, and Sipole 2014; Hemphill, Russell, and Schopke-Gonzalez 2021; Jungherr 2014;
Russell 20184, 2021; Scherpereel, Wohlgemuth, and Lievens 2018; Smith and Russell 2022; Straus
et al. 2016; Tillery 2021). This work typically considers the political, institutional, demographic,
sociological, and other variables that lead politicians to communicate in different ways.

One representative finding from this subset of the literature is the centrality of electoral in-
centives in driving member behavior. For example, members who represent districts that clearly
favor their party are more likely to engage in position-taking, while those who represent dis-
tricts with a greater number of opposing partisans tend to avoid the potential for disagreement
and opt employ a strategy more focused on credit claiming (Russell 2021). This is illustrated more
specifically by McKee, Evans, and Clark (2022), who find that those who were in safe partisans
districts were more likely to discuss the 2019 scandal involving then-President Trump’s phone
call to Ukranian President Zelensky than those in more potentially competitive seats. While find-
ings such as these demonstrate the electoral connection still exists in the social media age, they
also reinforce important differences, such as (in the case of the Ukrainian phone call scandal) the

speed at which members of Congress can jump into an unfolding public conversation.



A second major strand of research focuses on how rhetoric has evolved in response not just
to the rise of social media, but also to the growing political polarization in American society.
While many have studied the polarizing effects of social media usage on the mass public (for
a review, see Tucker et al. 2018), others have focused more specifically on how political elites
use social media in polarizing ways, via the language they use and how they discuss political
issues online. Research on congressional rhetoric has considered the extent to which lawmakers
deploy polarizing or extreme rhetoric (Ballard et al. 2023; Cowburn and Saltzer 2024; Kaslovsky
and Kistner 2024), negative partisan attacks (Russell 2018b; Yu, Wojcieszak, and Casas 2024),
and uncivil language (Ballard et al. 2022). Once again, a common theme in this work is the
importance of electoral incentives in shaping member behaviors. Both social media users and
donors (categories with some overlap) have been found to reward this type of language with
engagement and dollars, respectively (Ballard et al. 2023; Yu, Wojcieszak, and Casas 2024).

While this research has improved our understanding of how representatives communicate,
most of this work has been hamstrung by four key limitations. The first limitation, common
to almost all of the above cited research, is a focus on short time periods, typically one or two
legislative sessions.! Due in part to the difficulties in collecting and cleaning communication data,
most research uses at most, a few years of data, which can lead to inferential issues. For instance,
some studies using data from a single session (e.g., Hemphill, Russell, and Schopke-Gonzalez
2021; Yu, Wojcieszak, and Casas 2024) find communication differences between Democrats and
Republicans, which is attributed to one party being in the majority and the other in the minority.
But Democrats and Republicans differ from each other in many ways (Grossmann and Hopkins
2016), making it impossible to separate partisan differences from majoritarian differences when
studying just a single session’s worth of data.

Besides avoiding problems such as these, longer time spans are desirable for another reason.

It’s unclear whether congressional communication has stayed largely constant or evolved as so-

!Ballard et. al. (2022; 2023) are an exception, studying tweets spanning a period from 2009 to 2020.



cial media usage and technology has changed. Particularly given the speed of developments in
online communication, a major concern is the temporal validity (Munger 2023) of findings in this
area. Assessing how stable conclusions are over longer periods of time requires data covering
longer periods of time.

A second issue with most existing research is examining communication on a single platform
alone. The audiences members speak to when posting on a social media platform like Twitter/X
— where messages are seen by a heterogeneous mix of political enthusiasts, journalists, interest
group members, fellow politicians, and more — look very different from the recipients of email
newsletters, which are targeted more directly towards constituents.> Recently published research
demonstrates that these different audiences matter. Members vary in terms of how much they
post on Facebook versus Twitter/X (Blum, Cormack, and Shoub 2023). Furthermore, the par-
tisanship of member speech varies by venue, and some members appear more partisan when
measured using communication in one form versus another (Green et al. 2024). Other hypothe-
ses researchers are interested in testing may be platform-specific, and demonstrating similarities
or differences across platforms can provide deeper insight.

A third issue is that research has largely studied either the representational content or the
partisan tone of congressional speech. While the concepts are distinct, they are not mutually
exclusive. Position-taking is often inherently partisan and elites frequently use partisan rhetoric
and one or more representational strategies in the same message. Being able to analyze both
content and tone simultaneously allows researchers to more precisely isolate what component
of messaging is having the effects they find, without worrying about confounding the impact of
one dimension for the other. For these reasons, having readily accessible and easily compara-
ble measures of both concepts (representational purpose and partisanship) enables more robust

scholarship than possible when studying either in isolation.

20n that latter point, offices sometimes require individuals sign up for e-newsletters using a zip code, to confirm
constituency residency.



The fourth issue is that the current system, where research teams individually download,
clean, and prepare different versions of similar datasets is inherently wasteful, and slows the
pace of scientific progress. Having a central repository of easily accessible, ready to use data
allows researchers to spend their time developing and testing theories of political communication,
not repeating time-consuming data work that has been done many times over. To build on this
point, having a single commonly-used dataset ensures that similar cleaning and sample inclusion
decisions have been made. Idiosyncratic data processing decisions — that may not be immediately
obvious to readers — can be eliminated as possible explanations when differing results emerge,
making comparison of results more transparent.

For these reasons, the study of communication and representation stands to benefit enor-
mously from a single publicly available dataset with multimodal and longitudinal data, classified
by representational purpose and scaled according to the partisan positioning expressed via the

message. Below, we describe how we are constructing just such a dataset.

Measuring Partisanship and Representation

To address these limitations and advance future research, we have created the Scaled and
Classified Congressional Communication (SCCC) dataset, a new multimodal dataset spanning the
years 2009 to 2022. The dataset includes posts on the two most-used social media platforms by
members of Congress, Twitter/X and Facebook, as well as email newsletters, a common form of
communication members use to address (primarily) constituents. In addition to the texts of these
communications, we possess auxiliary variables such as Twitter/X engagement metrics (likes,
retweets, etc.), as well as our partisanship and representation measurement variables.

Our measurement schemata is shown below in Figure 1, along with example messages that
correspond to each category or scale position. The representational categories come directly from

Mayhew (1974), although these or similar categories have been studied frequently by others (e.g.,



Grimmer 2013; Russell 2021; Yiannakis 1982). These categories are Advertising (“any effort to
disseminate one’s name among constituents in such a fashion as to create a favorable image"),
Credit Claiming (“generat[ing] a belief...that one is personally responsible for causing the gov-
ernment, or some unit thereof, to do something that the actor...considers desirable"), and Position
Taking (“a judgmental statement on anything likely to be of interest to political actors"). We fur-
ther subdivide the credit claiming category to encompass two different forms of credit claiming,
Credit Claiming for Constituency Work (a message taking responsibility for particularized benefits
provided to constituents, the district, or the state) and Credit Claiming for Policy Work (a message
taking responsibility for non-constituency-specific policy accomplishments).

The partisanship categories mirror those studied by Russell (2018b); specifically, we identify
both Negative Partisanship (an attack on the policies and politicians of the opposing party) and
Bipartisanship (advocating the value of bipartisan collaboration) in messages.®> In addition, we
scale the Partisan Orientation of each message on a scale than ranges from -1 (most Democrat-
leaning) to 0 (nonpartisan) to 1 (most Republican-leaning).

The categories are neither mutually exclusive nor collectively exhaustive. A single tweet
could, for instance, advertise (“As the representative for TX-23, ”...), position-take (“securing the
border is one of my top priorities”), credit claim (“This is why I'm sponsoring legislation...”), and
make a negative partisan attack (“The Biden border crisis must be stopped!”). It can also be none
of the above, wishing (for example) followers a Merry Christmas or Happy Holidays.

In the following subsections, we describe our data collection, classification, and scaling method-

ology.

SRussell (2018b) also studies a third partisanship category, Positive Partisanship, messages that “signal favoritism or
support for one’s own party [or one’s] party’s candidates” (p. 703). We omit this category in our measurement for
two reasons. First, the percent of messages that were positive partisan (as classified by our research assistants in
the manually classified sample) was quite low, lower than other categories. Second, the accuracy of our supervised
machine learning classifications was considerably lower for this category than all others, likely due to the small
sample size.



FIGURE 1: CLASSIFICATION AND SCALING SCHEMATA WITH ExAMPLE TEXT

Representational Measures

Credit

Advertising Claiming

Policy
Work

Constituency
Work

Position Taking

"l am a proud cosponsor
of HR7, the Paycheck
Fairness Act, to help
close the gender wage
gap and fortify existing
non-discrimination laws."

"Are you signed up for my
weekly e-newsletter? If not,
click here to subscribe:
https://gallagher.house.gov/
contact/newsletter”

"RELEASE: Arkansas
Delegation Announces
$2.7 Million in FAA Grants
for Airport
Improvements."

"As housing costs
continue to rise, too
many families struggle
to pay rent. We need to
do more to
#MakeRentAffordable."

Partisanship Measures

Negative
Partisan

Partisanship
(Continuous)

Moderate

[?

"Republicans have created a
health care crisis by passing

“I'm honored to
continue fighting

"By focusing on middle

More taxes, more class and rewarding

debt, and more trouble! corporations that keep abortion bans in states for all of our
_@POTUS, t_he jobs in the US, we can get across the country. Every neighborhoods,
#BidenBudget |s"bad bipartisan tax reform that person should be able to block by block, in
for America. everyone can support.” access reproductive health Congress."

care."

"Biden’s immigration
strategy harms our border
communities and
incentivizes illegal
immigration which will
continue to overwhelm
our immigration system."

Note: The figure displays the six separate classification categories and the continuous partisanship dimension our
data contain. The top half of the figure displays the representation categories (Advertising, Credit Claiming for Policy
Work, Credit Claiming for Constituency Work, and Position Taking), while the bottom half shows the partisanship
categories (Negative Partisanship, Bipartisanship) and the continuous partisan dimension (Partisan Score). Example
tweets classified into each category, as well as three tweets located at different points of the Partisan Score dimension,

are shown to illustrate typical messages.
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Data Collection

Our data come from two primary sources. For tweets and Facebook posts, data were down-
loaded from the platforms themselves (in the case of Facebook and Twitter/X). For newsletters,
data come from the publicly available www.DCInbox.com repository of email newsletters col-
lected and cleaned by Cormack (2017). For newsletters, the data are available dating back to
2010; in the case of Twitter/X and Facebook, the data are available dating back to 2009. The
dataset currently spans through 2022, although we aim to make periodic future updates of the
dataset to broaden the timespan and enable study of contemporary congressional communica-
tion.

Table 1 displays the total number of tweets, Facebook posts, and email newsletters we possess,
listed by biennial legislative session. As the table shows, online communication has increased
considerable in volume. Comparing the 112th session of Congress (2011-2012), the first session
for which we have complete data, to the 117th session of Congress (2021-2022), the number of
tweets and Facebook posts shared by members of Congress each approximately tripled. The
number of newsletters grew more modestly, increasing by approximately 35%. In total, the data

consist of 7,827,972 unique communications from 1,025 US senators and representatives.

Classification Procedure

To classify messages into the six binary categories displayed in Figure 1, we used a combina-
tion of manual classification by trained research assistants combined with algorithmic, supervised
machine machine learning. We began by classifying a stratified random sample of tweets posted
by members of Congress across the time span, stratified to ensure an equal number of tweets for
each chamber-year combination. 3,500 of these tweets were read separately by three members of

the research team, who then made a binary decision for each category. In all categories the Krip-

4Our Twitter/X and Facebook data includes official, campaign, and personal account publicly associated with mem-
bers of Congress.

10


www.DCInbox.com

TABLE 1: ONLINE COMMUNICATION BY MEMBERS OF CONGRESS (2009 - 2022)

Medium Session Years Percent Using # (Median Member) # (Total)
Tweets 111 2009-2010 - - 71,155
112 2011-2012 81.8 462.0 362,948
113 2013-2014 89.4 826.5 604,771
114 2015-2016 91.2 1065.0 713,981
115 2017-2018 99.3 1306.5 975,185
116 2019-2020 99.3 1741.0 1,266,550
117 2021-2022 98.0 1683.0 1,139,215
Facebook Posts 111 2009-2010 - - 51,023
112 2011-2012 69.7 204.5 164,254
113 2013-2014 81.0 276.0 204,511
114 2015-2016 87.3 533.0 343,100
115 2017-2018 91.0 747.0 474,591
116 2019-2020 95.4 930.5 623,920
117 2021-2022 97.1 1088.5 702,340
Newsletters 111 2009-2010 - - 8,085
112 2011-2012 89.0 27.0 21,711
113 2013-2014 90.5 27.0 22,416
114 2015-2016 92.6 30.0 23,962
115 2017-2018 91.9 33.0 24,849
116 2019-2020 92.4 43.0 30,558
117 2021-2022 88.5 39.0 29,417

Note: The table displays the usage of tweets, Facebook posts, and email newsletters by members of Congress in our
dataset. Percent Using and Number by Median Member are excluded for the 111th session, for which data spanning
the full session do not exist.
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pendorf’s alpha was 0.90 or higher and the pairwise agreement rate was 0.98 or higher, indicating
high levels of intercoder reliability. An additional 31,500 tweets were read and classified by a re-
searcher.” Doing so resulted in a dataset of 35,000 manually classified tweets. After withholding
2,500 tweets for out-of-sample validation data, the remaining tweets were used as training data
for a variety of supervised classification algorithms. Random forest models implemented using
the ranger package in R produced the best balanced accuracy, the metric we used to select a
classification algorithm.®

Out-of-sample classification performance metrics (accuracy, balanced accuracy, and F1 score)
for each category of tweets are displayed in Table 2. The balanced accuracy for each category
of tweets ranged from 0.76 to 0.89, values indicating satisfactory performance. Following the
successful training of algorithms using the classified tweet data, our research team proceeded to
classify an addition 2,500 sentence bigrams from a stratified random sample of Facebook posts
and 2,500 sentence bigrams from a stratified random sample of email newsletters. The supervised
classification algorithms trained from the tweet data were then applied to these unseen sentence
bigrams to compare results. Classifier performance on these other communication media was
lower than it was for the tweet data, but still within acceptable accuracy ranges, with balanced
accuracy scores ranging from 0.64 to 0.83 depending on the category. For comparison’s sake, the
bottom of Table 2 displays the accuracy, balanced accuracy, and F1 score (as reported) for six
recently published research articles classifying social media messages by members of Congress
(Ballard et al. 2022, 2023; Yu, Wojcieszak, and Casas 2024), U.S. state legislators (Butler, Kousser,

and Oklobdzija 2023; Payson et al. 2022), or both (Fowler et al. 2021).

>In addition to the tweets read by authors and research assistants, Annelise Russell contributed approximately 20,000
manually classified tweets from her research (Russell (2018a,b, 2021)).

®One feature of our classification procedure worth noting is that rather than assign a classification (e.g., advertising
or not) based on a probability threshold of 0.50, as is typical, we instead chose a classification threshold for each
category so that the number of expected false positives equaled the number of false negatives in the training data.
Doing so ensures that, when the classification model is applied to the entire set of tweets or newsletter sentences for
a given member, the false positives and false negatives cancel each other out, producing a close approximation to
the true number of tweets or newsletter sentences in any given category. Results from the withheld out-of-sample
validation data confirm that the number of false positives and false negatives closely offset for each category.

12



TABLE 2: CLASSIFICATION ACCURACY METRICS, OUR SUPERVISED MODELS AND COMPARISONS

Out-of-Sample Accuracy Metrics

Message Type Category Accuracy Balanced Accuracy F1 Score
Tweets Advertising 0.83 0.80 0.72
Credit Claiming (Constituency) 0.90 0.76 0.59
Credit Claiming (Policy) 0.95 0.82 0.67
Position Taking 0.78 0.77 0.82
Bipartisanship 0.99 0.89 0.75
Negative Partisanship 0.93 0.82 0.70
Range: 0.78-0.99 0.76 - 0.89  0.59 - 0.82
Facebook Sentences Advertising 0.86 0.76 0.62
Credit Claiming (Constituency) 0.85 0.65 0.42
Credit Claiming (Policy) 0.91 0.75 0.59
Position Taking 0.78 0.80 0.79
Bipartisanship 0.98 0.83 0.75
Negative Partisanship 0.90 0.74 0.62
Range: 0.78 - 0.98 0.65-0.83 0.42-0.79
Newsletter Sentences Advertising 0.85 0.66 0.46
Credit Claiming (Constituency) 0.78 0.69 0.51
Credit Claiming (Policy) 0.86 0.79 0.66
Position Taking 0.70 0.75 0.72
Bipartisanship 0.96 0.75 0.63
Negative Partisanship 0.88 0.64 0.43
Range: 0.70 - 0.96 0.64-0.79 0.43-0.72

Comparisons From Other Published Work
Article Accuracy Balanced Accuracy F1 Score
Fowler et. al. (2021) 0.80 - 0.99 0.50 - 0.95 -
Payson et. al. (2022) 0.55-0.59 - 0.35-092
Ballard et. al. (2022) 0.63 - 0.97 - 0.64-0.97
Ballard et. al. (2023) - - 0.75-0.94
Butler et. al. (2023) 0.20 - 0.99 - -
Yu et. al. (2024) 0.66 - 0.74 0.67-0.85 0.50-0.77
All:  0.20 - 0.99 0.50 -0.95 0.35-0.97

Note: The top portion of the table displays the accuracy, balanced accuracy, and F1 score (out-of-sample) for each
of the six representational categories for both the tweet and newsletter sentence data. The bottom portion of the
table displays the equivalent metrics reported in recently published research articles using supervised classification
techniques to classify social media messages by legislators, to give context for classifier performance.

As an additional validation for our classifications, in the Supplemental Materials we compare

the communication styles members use to members’ legislative styles, as introduced by Bernhard,
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Sewell, and Sulkin (2017) and discussed further in Bernhard and Sulkin (2018). These authors use
a cluster analysis approach applied to behavioral data of Congressional actions (bill introduc-
tions and cosponsorships, party-line voting frequency, quantity of district offices and staff, etc.)
to categorize members of the U.S. House into five distinct groupings: District Advocates, Policy
Specialists, Party Builders, Party Soldiers, and Ambitious Entrepreneurs. While their data only
extend until 2008, 1,079 members in our data served at least one session in the Bernhard and
Sulkin data. For each of those members, we examine what percent of their tweets (Figure A.1)
and Facebook posts (Figure A.2) fall into the different categories. As can be seen in the figures,
there are clear differences in communication by members with different legislative styles. For
example, District Advocates have high levels of credit claiming relative to other members, par-
ticularly credit claiming for constituency work. Similarly, Party Soldiers have the lowest levels

of bipartisanship in their communications.

Scaling Procedure

To scale speech as more or less partisan, we adopt a similar methodological approach to
Kaslovsky and Kistner (2024). We define speech as partisan on the basis of how strongly it identi-
fies the party of the speaker. Extreme partisan speech is that used almost exclusively by members
of one or the other party, while moderate speech is used by both. For instance, an individual who
uses terms such as “border crisis” when discussing immigration is likely to be a Republican, while
the utterance of “pathway to citizenship” means the speaker is likely to be a Democrat. Rhetoric is
partisan if a speaker’s language is dominated by terms used primarily by one party or the other.’

To capture this definition of partisanship, we apply a class affinity scaling model (Perry and

Benoit 2017) to the words contained in the tweets, Facebook posts, and newsletters. While simi-

7Our approach can more precisely be described as measuring the partisanship of speech as opposed to ideology,

given that partisan speech may encompass not just the discussion of policy issues, as in the examples above, but
also non-policy topics, such as individual politicians (e.g., “crooked Hillary”). In practice, there is considerable
overlap between the ideology and partisanship of speech.
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lar in some respects to supervised text classification, this method is better described as a scaling
procedure because it models speakers as having a continuous “affinity” towards classes (e.g., par-
ties) rather than simply belonging to a binary class or not. In this model, affinity towards party
(partisanship) is parameterized as 7, € [0, 1], the probability that for any given token of speech
W; the underlying orientation of the speaker is U; = r, or Republican. The probability that the
speaker’s underlying orientation is Democratic (U; = d) for a given token of speech is thus 1 -7,
The orientation of a speaker for each token i = 1,---, n determines the probability of a specific

word w being used:
Pr(W; =w) =m,Pr(W; = w|U; =r)+ (1 —n,)Pr(W; = w|U; = d).

The partisanship for any given tweet, Facebook post, or newsletter is the expected proportion
of time the underlying orientation is r versus d, which can be calculated as 7, = [E{% T U= r}.
For interpretability sake, we rescale the resulting probability so it ranges from -1 (most Democrat-
leaning) to 1 (most Republican-leaning), calculated as 27, — 1. This rescaling we refer to as the
Text Partisanship Score. This measure can be folded, i.e., |27, — 1| € [0,1], so that higher values
indicate more extreme partisan rhetoric regardless of the speaker’s party. This measure we refer
to as the Text Partisan Extremity Score.

To validate this scaling, we aggregate to the member level by taking the average Text Partisan-
ship Score across all texts (tweets, Facebook posts, and newsletters) in our dataset. These aggre-
gated member-level Text Partisanship scores are then compared to two separate, commonly-used
measures of Congressional ideology. Figure 2 compares a member’s tweet or newsletter parti-
sanship to the member’s DW-NOMINATE score (Poole and Rosenthal 2000), which are estimated
using roll call voting, and the member’s campaign finance (CF) score (Bonica 2014), which are es-

timated using campaign contributions to the member.? While we view partisanship and ideology

8SDW-NOMINATE score data is publicly available at www.voteview.com, while CFscores can be downloaded as
www.data.stanford.edu/dime
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as distinct conceptually, empirically the two are closely related. More ideologically extreme con-
servatives and liberals typically speak in more partisan ways, and vice-versa. DW-NOMINATE
scores and CFscores thus each provide useful benchmarks for our text partisanship scores, rep-

resenting two important domains (roll call voting and campaign finance) of American politics.

FIGURE 2: CoMPARING TEXT PARTISANSHIP SCORES TO IDEOLOGY MEASURES
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Note: The figure displays the relationship between a member’s average text partisanship score to the member’s first
dimension DW-NOMINATE score (on the left) or CFscore (on the right). Democrats are denoted with blue squares,
Republicans with red circles. Within-party regression lines are displayed.

As Figure 2 shows, the average Text Partisanship Scores for members correlate with the
member’s ideology regardless of the ideology measure examined. This is true both in aggre-
gate and within-party. The within-party correlation between text partisanship scores and DW-
NOMINATE scores is 0.501 for Republicans, and 0.201 for Democrats. The within-party cor-

relation between text partisanship scores and CF scores is 0.303 for Republicans, and 0.339 for

Democrats.” These results indicate that the partisanship contained within the text of members’

For comparison, the within-party correlation between DW-NOMINATE scores and CF scores is 0.577 for Republi-
cans and 0.197 for Democrats. These within-party correlations are also similar to those of other ideology measures
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tweets and newsletters is clearly related to both the way a member votes and whom a member

raises money from, but distinct from each.

The Evolution of Online Congressional Communication

How has congressional rhetoric evolved in the age of social media? Our data, which span
back to almost the beginning of widespread social media usage, are well equipped to answer this
question.!?

We first explore how partisanship in congressional rhetoric has evolved across time. Existing
research has clearly demonstrated that polarization, measured via roll call voting patterns and in
other ways, has been increasing in Congress during this time period.!! Do we see an analagous
increase in partisan rhetoric?

To evaluate this question, we plot the average Partisan Extremity Score by calendar day for
all three communication media and each of the two major political parties across our entire time
period. A smoothed GAM regression line is fit to each of the the time series, to flexibly capture
changes across the period. The resulting plots are shown in Figure 3.

As can be seen in Figure 3, partisanship in Congressional rhetoric has grown steadily over
this time period across all three forms of communication, but particularly on Facebook and Twit-
ter. In 2009, the difference between the language used by Republicans and Democrats on social
media was relatively small. The regression fit estimates that the average Text Partisanship Score
of tweets (Facebook posts) by Democrats was approximately 0 (-0.01), compared to 0.25 (0.27)
for Republicans, approximately a 12.5 percentage point gap in predictive difference. In contrast,

by the end of 2022 the difference in the average tweet (Facebook post) Partisanship Score was

commonly used in political science research (Tausanovitch and Warshaw 2017). These within-party correlations
are also similar to those obtained by Green et. al. (2024), who estimate the partisanship of newsletter and tweets
and compare to DW-NOMINATE scores for House members during the 116th session of Congress.

10Both Facebook and Twitter first became available for public usage in 2006.

UFor a summary of this research, see McCarty (2019).
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FIGURE 3: TRENDS IN PARTISAN RHETORIC (2009 - 2022)
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Note: The figure displays the average Text Partisanship Score for tweets, Facebook posts, and newsletters each
day from the beginning of 2009 to the end of 2022 (newsletter data begins in 2010). Trends shown separately for
Democrats (blue) and Republicans (red). Dark lines indicate smoothed GAM regression lines of best fit. Dashed
vertical line shows the beginning of the COVID-19 pandemic (February 2020).
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0.73 (0.74), a 36.5 (37) percentage point gap. The change in partisanship in newsletters is more
modest for each party, though again Democrats appear to be growing more partisan than Repub-
licans.'? In all cases the trend is gradual, with the sole exception of a Democratic shift towards
the beginning of the COVID-19 pandemic.!?

One noteworthy feature of this polarization in congressional rhetoric is that the growth in
partisanship is driven almost entirely by Democrats. Across all three media the change in Text
Partisanship Scores is at least 8 times as large for Democrats as it is for Republicans. From one
perspective, this asymmetric polarization is surprising, given that (for a longer period of time than
we have data here), roll call voting polarization in Congress appeared to be larger for Republicans
than Democrats (McCarty 2019). On the other hand, the DW-NOMINATE scaling procedure has
been criticized in recent years as failing to capture “ends-against-the-middle" voting dynamics
that have become more common (Duck-Mayr and Montgomery 2023). Additionally, ideal point
scaling of state legislators shows Democrats moving farther to the left than Republicans have
moved towards the right during the time period studied here, supporting the idea that the 2010s
was a decade of increasing liberalism among Democratic office-holders (Shor and McCarty 2022).

In addition to studying changes in the average partisanship of rhetoric by members of Congress,
we can also evaluate change in the purpose of communications, decomposed into the six cate-
gories described above. Figure 4 shows how the frequency of these communication types has
evolved over time, displayed as simple linear trends aggregated across tweets, Facebook posts,

and newsletters, for ease of visualization. As can be seen in the Figure, the two largest changes

12While the change in partisan divergence is more pronounced on social media, both the starting and ending mag-
nitude of the difference between Democrats and Republicans is larger for newsletters. This is partially an artifact
of the longer document lengths for newsletters, which make predicting partisanship an easier task than in shorter
tweets or Facebook posts. When the unit of analysis is changed to sentence bigrams from newsletters instead
(a length of test approximately equal to the typical tweet or Facebook post), there is less partisan difference in
newsletters.

BDuring this period of time members of both parties devoted a considerable portion of their communication to
discussing the threat of the pandemic. After a few months this changed, so that only Democrats discussed the
pandemic in these terms. The scaling model associates this language with Democrats, which makes Republicans
look more moderate for a brief period.
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FIGURE 4: TRENDS IN COMMUNICATION PURPOSE (2010 - 2022)
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Note: The figure displays linear trends in the average percent of congressional communication (aggregating tweets,

Facebook posts, and newsletters) classified into each of the six classification categories for both of the two major
parties between 2010 and 2022.

are an increase in Position Taking and Negative Partisanship over the thirteen year time period.

For Democrats, Position Taking is observed in approximately two-thirds (66.6%) of communi-
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cations by the end of 2022, compared to 46% of communications at the beginning of 2010. For
Republicans, Position Taking grows from approximately 47% of communications to 60%, a smaller
but still considerable change. Negative Partisanship over doubles for Democrats, growing from
9% to 19%, while for Republicans, Negative Partisan messages grow from making up 14% of all
messages to 25%. Most other communication categories grow as well during this time period,
albeit more modestly. The sole exception is advertising, which becomes less common.

To summarize, the partisanship scalings and message classifications both tell a consistent
message. In the years since social media has emerged and become ubiquitous both among the
public as well as elected officeholders, online communication has become more partisan and more
negative in tone. Attributing causality to these trends is beyond the scope of this paper, though
the data we introduce may help in this task. Despite this, in the following section we explore
one potential mechanism that may be contributing to these dynamics, a mechanism we term the

social media feedback mirage.

The Social Media Feedback Mirage

One advantage of our new dataset is that we can analyze the relationship between rhetorical
content — the partisanship and purpose, as measured via scaling and classification — and public
response at the level of an individual message. Fortunately, social media data is well-equipped for
such an analysis, as data on posts and tweets include metrics measuring the amount of positive
engagement each message receives, in the form of likes, shares, retweets, etc.

We first use our data to compare the amount of positive engagement each tweet receives de-
pending on the content of the tweet.!* To accomplish this, we estimate a series of OLS regression
models where the unit of observation is an individual tweet. For each tweet, we include six binary

variables for whether the tweet is classified into each of our categories, as well as the continu-

14We have yet to analyze the relationship between positive engagement and message content on Facebook, although
this is a next step for the project.
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ous (0 to 1) Tweet Partisan Extremity Score. The dependent variable is the number of likes or
retweets (logged to address right-skew). Because we have many observations per member, here
we include member fixed effects rather than including control variables. As a consequence, coef-
ficients can be interpreted as the difference in expected likes or retweets relative to the average
tweet by a member that is not extreme and does not credit claim, advertise, position-take, etc. We
also include legislative session fixed effects, to account for changes in engagement and messaging
across time.

The full set of results are displayed in tabular form in Table B.1 in the Supplemental Materials,
but here we present the results graphically. As can be seen in Figure 5, there are clear differences
in positive engagement across message types. The most striking pattern is the high levels of en-
gagement negative partisanship receive. Negative partisan attacks on social media are associated
with a 76% increase in likes and an 87% increase in retweets, almost doubling the positive engage-
ment a typical tweet by a member of Congress usually merits. Position Taking tweets also receive
considerably more retweets (38%) and likes (20%) than the typical tweet. Finally, more extreme
partisan tweets receive significantly more retweets, but not likes. On the other hand, Advertising
tweets receive significantly fewer likes (-19%) and retweets (-13%) than the member’s average.
Credit Claiming for Constituent Work also results in significantly less positive engagement.

Does this difference in message reception by social media users matter? On the one hand,
reelection-focused members should care most about how communication styles shape the views
of voters in their districts and states. On the other hand, social media sites like Twitter provide
instantaneous feedback on message reception to legislators and their staffs in a way that they
do not receive from other forms of communication or other audiences. There exists potential
for legislators to mistake approval on social media with broader approval, which may lead leg-
islators to engage in more such rhetoric. While the evidence at this point is only suggestive, it
is noteworthy that the messaging types that have increased in frequency the most during the

era of growing social media usage — position taking, negative partisanship, and extreme partisan
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FIGURE 5: MESSAGE CONTENT AND TWITTER ENGAGEMENT
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Note: The figure displays OLS coefficient estimates and 95% confidence intervals from the full model results shown
in Table B.1. Coefficient estimates are transformed (exp(f3) — 1) to percent differences for interpretability. Indepen-
dent variables, shown on the y-axis, include tweet style and partisanship. All models include member fixed effects,
meaning the coefficient represents the number of likes or retweets relative to a member’s average. Standard errors
are clustered by member.

rhetoric, as shown in Figures 3 and 4 — are the exact types of messages that receive the most
positive engagement on social media.
If social media users approve of partisan, negative, and position-taking messages, do voters?

Two forms of evidence suggest the answer is no. First, experimental studies (Costa 2021; Simas
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et al. 2025) conducted using nationally representative samples of Americans have compared how
citizens react to negative partisan attacks relative to other types of messaging. These studies
show that survey respondents report lower satisfaction with and intention to vote for legislators
who use negative partisanship in their messaging. Simas et. al. also examine how position-taking
messages compare to advertising and credit claiming messages. Unlike what we observe in the
social media engagement metrics, they do not find significant differences between responses to
credit claiming and position-taking messages (although both types of messaging are preferred on
average to advertising messages).

One potential critique of this work is that it does not take into account the preferences of
members’ constituents. Even if national voters do not approve of partisan rhetoric, perhaps res-
idents living in a member’s district or state do. To evaluate this possibility, we take advantage of
constituency approval ratings contained in the Cooperative Election Study (CES) surveys.!®> The
CES samples respondents from across the United States but identifies each respondent’s Congres-
sional district. The surveys ask each respondent how much they approve of their representative
and two senators on a four-point scale ranging from Strongly Approve to Strongly Disapprove.

For each member in each legislative session between the from the 113th session of Congress
onwards, we evaluate whether differences in communication style are associated with higher or
lower approval rating. Specifically, we use a series of multivariate OLS regressions to examine
whether the number of tweets or Facebook posts (logged to address right-skew), the average Text
Partisan Extremity Score, or the percent of messages in each of the six categories for each of the
two communication forms predict how approving constituents are of their representatives. A
variety of control variables and fixed effects are included to account for other factors that may
affect both approval rating and member communication.!® We control for the partisanship of a

member’s district or state (measured using presidential vote share), the member’s seniority within

BDate are publicly available at www.cces.gov.harvard.edu/

18All control variables come from updates to Volden and Wiseman (2014; 2018), and can be downloaded at
https://thelawmakers.org/data-download.
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the chamber, whether the member is a party leader, whether they are a committee chair, whether
the member is a woman, whether the member is black, and whether the member is Hispanic. We
include party-session fixed effects, which address any across-time fluctuations in approval for
Democrats and Republicans, and also account for differences in approval between members in
the majority versus the minority. Finally, we include state fixed effects, to account for differences
in average approval rating by state.!” Standard errors are clustered by individual members, to
account for non-independence of errors when the same members is in the dataset for multiple
sessions.

A table with the full set of results for these regression models can be found in Table B.2 in
the Supplemental Materials. The results of interest are displayed in Figure 6. Separate models
are estimated using a member’s average approval rating among all respondents (mean = 2.9, SD
= 0.3), independents (mean = 2.7, SD = 0.4) and same party respondents (mean = 3.3, SD = 0.2),
as members may in particular care about the opinions of these latter two groups, given their
importance in the general election and primary election respectively.

Figure 6 reveals several key points. First, members who tweet more have lower approval
ratings among their constituents, on average, a finding that is consistent regardless of whether
one considers all constituents, just independents, or just same-party constituents. In contrast,
there is no significant relationship between posting on Facebook and approval ratings.

Second, members who use more extreme rhetoric on Facebook receive lower approval ratings
from constituents writ large and independents in particular. The coefficient on extreme rhetoric in
tweets is also negative, though not statistically significant. Even among same-party constituents,
there is no significant increase in approval ratings associated with more extreme rhetoric.

Finally, if we consider how often members send messages of the various representational

and partisanship categories we measure, the strongest (positive) relationship we observe is that

17We do not include member fixed effects. While including these would strengthen our ability to draw causal infer-
ences, because of the small number of sessions per member, these estimates would be very imprecise, potentially
producing misleading results.
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FIGURE 6: COMMUNICATION STYLE AND CONSTITUENT APPROVAL
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Note: The figure displays OLS coefficient estimates and 95% confidence intervals from the full model results shown in
Table B.2. The dependent variable is the average CES approval rating (for all respondents, independent respondents,
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members who claim credit for policy work have the highest constituent approval, among all three
types of constituents. In contrast position taking and bipartisanship have negative associations
with approval ratings. Members who use negative partisanship do not have higher approval rat-
ings among constituents writ large, although there is a small positive relationship with approval
ratings among same party members.

This evidence, combined with the experimental work cited above, makes clear that there
are meaningful differences between what types of messaging social media users value versus
what types of messaging voters value. Posts on social media that feature negative partisanship,
position-taking, and extreme rhetoric receive high levels of positive engagement from users on
the side, feedback that legislators and staff receive near instantaneously. In contrast, the typical
citizen and the typical constituent respond most positively to other types of messaging, such
as credit claiming. While ultimately re-election motivated legislators may care most about how
the median voter responds to messaging, they receive signals of this sort far less frequently and
directly than the signals they receive on social media.

This potentially misleading discrepancy we identify here we term the social media feedback
mirage. If legislators and their staff respond to the feedback they receive to messaging on social

media, social media has the potential to amplify content that ultimately alienates broader voters.

Conclusion

In this paper, we introduce a new dataset of online congressional communication: the Scaled
and Classified Congressional Communication (SCCC) dataset. Our dataset has three features that
allow it to answer more questions than ever before. First, the data span 14 years, nearly the entire
era of social media usage by political elites. Second, the data are multi-modal, including two of the
largest social media sites and email newsletters. Third, we have measures of both representation

and partisanship, enabling researchers to consider how both important characteristics of political
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communication affect key political outcomes, such as how voters view members of Congress.

The analyses in this paper, while only an initial demonstration of the possibilities our data
unlock, produce important findings. Two in particular stand out. First, there is a clear difference
in the rhetoric constituents approve of versus the rhetoric social media users reward. While
constituents report higher approval of members who talk more about their accomplishments in
office and lower approval for members who use partisan rhetoric, on Twitter/X this pattern is
reversed. More partisan rhetoric, and in particular negative partisan rhetoric, receives the most
likes and retweets. Second, and potentially related to the first finding, over time members have
been using more partisan and more negative rhetoric, in newsletters but especially on Twitter/X.
These findings warrant more research, particularly to determine if partisan and negative rhetoric
by politicians on social media leads to more of the same by the mass public.

Several other possible research avenues using our data stand out as particularly promising.
This includes a more detailed examination of how Congressional communication changes over
the election cycle (e.g., how do members communicate before and after primary elections?), or
how the messaging a member sends evolves over the course of their career (e.g. do styles change
as members advance within the party?). Our hope is that this data can be a boon to researchers in
the field working on topics of political communication, congressional representation, and rhetoric
more broadly.

And while we highlight the fact that we offer data on both style and partisanship, the partisan-
ship ratings alone can provide yet another tool for those researching such topics as polarization,
candidate positioning, and the congruence between members of Congress and those they rep-
resent. The two widely-used measures of legislative positioning we draw on above are derived
from legislative voting and fundraising. Though the public has access to records of both, the
majority of individuals lack knowledge about their representatives’ activities in these areas. Our
ratings, in contrast, are derived from highly visible and easily accessible communications that

are crafted to portray a legislator as they want to be seen. So when used in combination with
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these other types of measures, our partisan scaling has the potential to offer a more complete
picture of a legislators’ preferences and speak to questions of whether those preferences appear
relatively consistent when approximated from these different sources. Because while the nature
of politics and political communication has changed drastically in the past half century, the fact
remains that “if there is to be congruence between the policy preferences of the represented and
the policy decisions of the representatives, however, two-way communication between them is
a prerequisite” (Fenno 1978, p. 241). Thus, we are offering one more resource for the continuing

and evolving study of representation in the U.S.
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FIGURE A.1: DIFFERENCES IN TWITTER RHETORIC BY LEGISLATIVE STYLE
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Note: The figure displays the average percent of a member’s tweets classified as each of the six categories for the
five legislative styles as measured by Bernhard and Sulkin (2018). Error bars display the 95% confidence interval for
each point estimate.
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FIGURE A.2: DIFFERENCES IN FACEBOOK RHETORIC BY LEGISLATIVE STYLE
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Note: The figure displays the average percent of a member’s Facebook posts classified as each of the six categories for
the five legislative styles as measured by Bernhard and Sulkin (2018). Error bars display the 95% confidence interval
for each point estimate.
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B Full Tables of OLS Regression Results

TABLE B.1: FurLL TABLE oF ESTIMATES FOR FIGURE 5

Dependent Variable
# Likes # Retweets
Advertising Tweet -0.207** -0.141**
(0.009) (0.008)
Credit Claiming (Constituency) Tweet  -0.117 -0.138**
(0.040) (0.013)
Policy Claiming (Constituency) Tweet ~ -0.011 -0.054**
(0.012) (0.007)
Position Taking Tweet 0.186™* 0.322**
(0.005) (0.009)
Negative Partisanship Tweet 0.566™" 0.626™"
(0.045) (0.042)
Bipartisanship Tweet -0.003 -0.029
(0.024) (0.016)
Tweet Extremity Score -0.022 0.057*
(0.016) (0.017)
Member FEs Y Y
Session FEs Y Y
Num.Obs. 3,292,184 3,292,184
R2 Adj. 0.475 0.473

Table displays coefficient from OLS models.
Standard errors clustered by member shown in parentheses. *p<0.05; **p<0.01
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TABLE B.2: FurLL TABLE OF ESTIMATES FOR FIGURE 6

DV: Average Approval Rating

All Respondents Independents Same Party
(1) ) ®3) (4) (5) (6)
Total Number -0.066** -0.007 -0.077** -0.011 -0.028** 0.016
0.009)  (0.010)  (0.014)  (0.015)  (0.008)  (0.008)
Average Extremity Score -0.172 -0.343** -0.060 -0.448™ 0.106 0.023
(0.109)  (0.097)  (0.150)  (0.139)  (0.094)  (0.089)
Pct. Advertising -0.001 0.000 -0.001 -0.001 0.000 0.001*
(0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Pct. Credit Claiming (Constituency) 0.002 0.005™* 0.001 0.006™* -0.001 0.001
0.001)  (0.001)  (0.002)  (0.002)  (0.001)  (0.001)
Pct. Credit Claiming (Policy) 0.006™* 0.008* 0.011** 0.010** 0.004* 0.006**
(0.002)  (0.002)  (0.003)  (0.002)  (0.002)  (0.001)
Pct. Position Taking -0.005** -0.005** -0.009** -0.008** -0.003** -0.004**
(0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Pct. Negative Partisanship 0.001 0.001 0.002 0.003* 0.004** 0.005**
(0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Pct. Bipartisanship -0.010" -0.015™* -0.013* -0.018* -0.016™* -0.013**
(0.004)  (0.002)  (0.005)  (0.003)  (0.004)  (0.002)
District Dem. Pres. Voteshare 0.100 0.019 0.219 0.107 -0.163* -0.156"
0.093)  (0.090)  (0.132)  (0.131)  (0.075)  (0.077)
District Partisan Favorability 0.991** 1.035™* 0.580™* 0.665™* 0.204™* 0.170*
(0.088)  (0.086)  (0.126)  (0.127)  (0.071)  (0.076)
Woman -0.012 -0.022 -0.043 -0.043 0.029* 0.022
(0.017)  (0.017)  (0.025)  (0.026)  (0.014)  (0.014)
AfricanAmerican -0.023 -0.026 0.007 0.002 -0.003 0.006
0.027)  (0.025)  (0.042)  (0.041)  (0.021)  (0.021)
Hispanic -0.039 -0.063* -0.052 -0.089* -0.076™* -0.078™*
(0.032)  (0.032)  (0.043)  (0.044)  (0.026)  (0.026)
Party Leader -0.048 -0.077* -0.097* -0.123** 0.002 -0.023
0.031)  (0.033)  (0.043)  (0.046)  (0.026)  (0.028)
Committee Chair -0.113**  -0.134** -0.155** -0.174** -0.060" -0.073**
(0.024)  (0.025)  (0.034)  (0.037)  (0.023)  (0.025)
Data Twitter Facebook Twitter Facebook Twitter Facebook
Party-Session FEs Y Y Y Y Y Y
State FEs Y Y Y Y Y Y
Seniority FEs Y Y Y Y Y Y
Num.Obs. 2432 2245 2431 2245 2432 2245
R2 Adj. 0.477 0.490 0.305 0.306 0.253 0.267

Table displays coefficient from OLS models. Standard errors clustered by member shown in
parentheses. *p<0.05; **p<0.01
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