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Abstract

Online social networking sites give observers a unique perspective on the
purposive communication and positioning of political elites as they interact
with each other and with non-elites. A novel dataset culled from the web
service Twitter of the connections and communications between political actors
gives us insight into the purposively expressed preferences and priorities of
politicians and the public at large.

Social network analysis and statistical scaling techniques show that a net-
work of political elites has a strong partisan structure, and further that there
is an ideological dimension to the choices made by members of the public as to
which political elites to attend to. The aggregation of many individual atten-
tion allocation decisions is shown to reveal a sophisticated level of ideological
discernment.

Dating from the work of Mayhew (1974) and Fenno (1978), Political Scientists
have recognized that much of politicians’ time and energy is spent communicating
with constituents. While politicians act as though they believe constituents are pay-
ing attention (Kingdon, 1967), there is at best only mixed support for this notion
(see Sniderman, 1993). It has become easier, however, for interested non-elites to
selectively attend to the behavior and communications of politicians, government
agencies, and media, just as the venues for selectively targeted messaging have ex-
panded.

Two of the more notable recent innovations in communication are the online
social network and the related, though separate, set of “microblogging” services.
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Prominent features found among many instances of both of these types of online
applications are the ability for users to post “status updates,” indicating what the
user is doing, how they are feeling, etc., and some functionality that allows users
make connections with others, as co-workers, friends, followers, or fans.

Such services are a goldmine for social scientists, as they offer a massive source
of data about users’ interests, perceptions, and behavior, as conveyed voluntarily
by users themselves in the messages they send and the updates they post. Addi-
tionally, there is substantial information encoded in the patterns of behavior and
connections between users. This paper focuses on the latter data source, as found
in the microblogging service Twitter1. Even without studying the content of online
political communication, there are interesting implications of the structure of such
communication.

Literature

Twitter

Still a relatively new phenomenon, microblogging, and specifically Twitter, have not
yet received much academic attention, especially from a Political Science perspective.
Java et al. (2009) offer a very thorough overview of the structure of the overall Twitter
network, as well as the nature of sub-community formation, and a classification of
user intentions and types (see also Krishnamurthy, Gill and Arlitt, 2008, for an earlier
analysis). Huberman, Romero and Wu (2008) find that, compared to the number of
accounts followed by a user, the number of other users with whom any individual
has significant interaction (they label these as “friends”) is very small.

As the use of Twitter has become more widespread, increasing attention is being
paid to the way the service is used by politicians. Some media outlets have examined
the relative influence of congressional Twitterers, using an online service called Klout
that purports to measure the “size and strength of a person’s sphere of influence on
Twitter”2. One media study (Sifry, 2009) identified Congressman Joe Wilson (R-
SC) as the most influential Congressman, shortly after his outburst during a speech
given by President Barack Obama in September, 2009. In the wake of his nearly
instantaneous rise to Internet fame, Wilson actually hired a “new-media strategist”
to handle his online communications, including the posting of status updates to
Twitter (Zimmerman and Wilkie, 2009). Despite its seeming popularity, not even

1http://twitter.com/
2http://klout.com/kscore/
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half of U.S. Representatives and Senators have Twitter accounts; many claim that
it isn’t the best way to communicate with constituents, or they are unsure of its
long-term viability as a medium (Beam, 2009).

Golbeck, Grimes and Rogers (2009) content-analyze 6,000 Tweets from the ac-
counts of members of Congress, and find that over 80% of all messages either link
to news articles or press releases, or present basic information about the Member’s
whereabouts, activities, or schedule. A Congressional Research Service study (Glass-
man, Straus and Shogan, 2009) of lawmakers’ use of Twitter during a two-week period
in 2009 finds that Republican Congressional Twitterers outnumbered their Demo-
cratic counterparts by roughly 2 : 1, and that members, as a whole, sent 85 Tweets
per day. This study also replicates the finding that the plurality of updates offer
links to news or press releases, while only 1.4% of all Tweets could be characterized
as replies to messages posted by others. Interestingly Glassman, Straus and Shogan,
find that the content of Member Tweets varies by whether Congress is in session or
on recess: unsurprisingly, members refer more frequently to their districts when on
recess.

Politics in the Structure of Online Connections

Twitter is certainly not the only outlet for online communications used by officials,
candidates, and the politically interested, and there is a growing literature devoted
to other such outlets, like campaign websites and political blogs.

There has been some study of the content of candidate campaign websites (Con-
ners, 2005; Trammell et al., 2006) and e-mail communication (Williams and Tram-
mell, 2005; Giammo, 2009). It has also been found that increased involvement and
higher incidence of linkages in online social networks like Facebook correlates with
election competitiveness, electoral support, and turnout (Williams and Gulati, 2007;
Martin and Schmeisser, 2009; Williams, 2009)

There are also some interesting findings about the nature of the network of po-
litical blogs, written by non-elites, or at least, non-politicians. It has been noted
that popular political bloggers are more likely to link to others who share a similar
ideological viewpoint (Adamic and Glance, 2005; Hargittai, Gallo and Kane, 2008,
in a special issue devoted entirely to “Blogs, Politics and Power”), and that blogs
are able to exert political influence by framing issues and being read by mainstream
journalists and other political elites (Farrell and Drezner, 2008, in the same issue).
There is even some recent evidence of partisan filtering of content from web sources,
suggesting that some “new media” outlets prioritize politics over newsworthiness
(Baum and Groeling, 2008).
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Political Network Connections

The literature on social network analysis of the U.S. Congress is varied and growing.
Fowler (2005, 2006b,a) uses co-sponsorship data to construct a network of ties among
lawmakers, identifying the most central and most “connected” legislators. He finds
that this measure of connectedness is predictive of success in passing amendments,
which is a common proxy for legislative influence.

Zhang et al. (2008) uses the same co-sponsorship data to identify community
structure in the House and Senate. Finding the maximum modularity derived by the
leading-eigenvector method, it is shown that this measure of modularity tracks with
estimates of partisan polarization, a finding supported using roll-call voting networks
by Waugh et al. (2009).

There have also been studies using committee (Porter et al., 2005) and caucus
membership (Victor and Ringe, 2009), finding a hierarchical and partisan structure
in the network, that supports conventionally held understandings of the social and
political organization of the Congress.

Even when looking outside of the institution itself, networks peripheral to Congress
evince a high degree of partisan structure. Grossmann and Dominguez (2009) find
that interest groups tend to cluster along partisan and issue lines during the campaign
(although less so with respect to behavior during the Congressional session). Koger
and Victor (2009), studying the campaign contributions of lobbyists, and Koger,
Masket and Noel (2009), looking at the network created by the transfer of mail-
ing list data, identify largely distinct ideological/partisan groupings, even amongst
groups outside of the directive of a formal party organization.

Jakulin et al. (2009) use patterns of similarity in roll-call voting among Senators
to identify sub-partisan blocs, each of which exhibit more uniform behavior than do
parties, as well as more influence.

Ideological Scaling

Ideological scaling is of interest to many Political Scientists, and has been thoroughly
explored within Congress (among many others, Poole and Rosenthal, 1997; Clinton,
Jackman and Rivers, 2004), and the Supreme Court (Martin and Quinn, 2002).

Some attention has recently been paid to ideology within state legislatures (Shor,
2008) and among the electorate (Bafumi and Herron, 2007; Shor, 2009), with the
intent of scaling all actors on a single ideological continuum. These studies have
generally found a high degree of bimodality/polarization among elites, with some
moderation amongst the public at large.
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This paper seeks to extend our knowledge of networks amongst elites, as well as
to generate insight into the ideological distribution of the public at large.

Theory and Implications

Twitter users are sending several related messages when they choose to Follow an-
other user. Not only are they are suggesting that the Followed individual is worth
paying attention to, but also, that they are the sort of person who would pay atten-
tion to such an individual.

People have limited time and attention, so attention is costly. Thus, people
must prioritize those sources to which they attend, presumably in a latent utility-
maximizing fashion. The specific reasons such choices are made are less important
than the fact that they are made, and that they vary by individual.

One likely reason to attend to an information source is that one agrees with
the position of that source, and is interested in sharing ideas or new information,
or hearing what a more authoritative figure has to say about that shared interest.
If the Followed entity is most saliently a part of the political sphere, we can expect
that many of their linkages are based on shared ideology, policy positions, or political
opinions. Users have a limited amount of attention to spend on their Twitter stream
consumption, and to the extent the utility of such consumption is a function of
consonance and agreement, they will choose to follow other users who have similar
points of view, which in the political realm is generally synonymous with ideology.3

Further, Following is a signal that the Followed is worthy of attention. Thus,
being listed as a Follower is a vote of confidence in another user, or a show of
support. To the extent that one user is opposed to the goals and ideals of another,
such a signifier of merit should not be granted. For this reason, we would expect
politically opposed entities to avoid Following each other, in order to avoid lending
credibility to an antagonistic cause.

As such, we might see evidence of ideological preferences even even amongst
a large population of potentially less-politically-sophisticated Twitter users. When
aggregated across an entire network, individual inconsistencies can be smoothed over,
and patterns of Following can reveal sophisticated behavior on the part of the group
as a whole.

3Other motivations certainly exist: a user may be “spying” on those with whom he or she
disagrees, perhaps in order to take better rhetorical positions in opposition. In such a case, Follower
ideology would be negatively associated with the ideology of the Followed.
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Hypotheses

In the political realm, one possible criterion for the allocation of attention is polit-
ical ideology. If it is the case that useful information about ideology is encoded in
the structure of network ties, we should be able to find evidence of behavior that
correlates with ideology/partisanship, using no information other than that which is
to be found in the network structure.

Hypothesis 1 The online network of political elites is distinctly partisan.

If this hypothesis is true, we should see evidence of significantly greater propensity
among political elites to attend to in-party colleagues versus cross-party. I offer
two tests of this hypothesis. The first uses known information about Lawmakers’
partisanship and compares the incidence of in-party Following ties to cross-party
ties; in-party ties should be substantially more likely. A second test uses a clustering
algorithm on node linkages to identify two groups within the network of Members
of Congress on Twitter. Assignment one cluster rather than the other should be, if
this theory is correct, a good predictor of member partisanship.

Hypothesis 2 The allocation of attention by non-elites reflects a partisan dimen-
sion.

If this is the case, we would expect user network connections to show a tendency
toward ties to elites exclusively of one party or the other, with relatively few indi-
viduals attending equally to elites of both parties. Thus, we would expect a negative
relationship between the counts of Democrats and Republicans being followed by
each individual.

Hypothesis 3 Attention allocation preferences reflect political ideology.

If this hypothesis is true, it should be possible to identify an ideological dimen-
sion to observations of non-elites’ Following choices. Evidence for this could be
found in the substantive nature of communication from opposite ends of such an
empirically-derived dimension; but more crucially, in the process of attempting to
explain variation in Following behavior, the political elites being Followed will them-
selves be scaled. Their arrangement on analogous dimensions should correlate with
commonly-accepted measures of ideology.

To verify this hypothesis, I employ three tests. The first serves as a non-statistical
check of the substantive differences between individuals located at the extremes of an
ideological dimension. If the content of their status updates and account biographies
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does not seem to differ in ideologically meaningful ways, it implies that the dimension
along which they are arrayed does not actually capture ideology.

A second test uses a cutline which optimally classifies a subset of Democratic and
Republican lawmakers in a two-dimensional space created by the scaling technique.
The test is whether this classification criterion correctly predicts partisanship at a
better-than-random rate.

A third, and possibly most exacting, test of whether or not an ideological dimen-
sion is recovered is to compare the scaling of Members with other commonly-accepted
continuous measures of political ideology, based on observed roll-call behavior. It
may not be surprising, given a partisan clustering of the network of political elites,
that it is possible to identify partisanship. A more difficult challenge is to show that
the Following behavior of non-elites is structured in such a way as to reflect a con-
tinuous liberal-moderate-conservative array of politicians; that is, civilians allocate
their attention according not just to partisan allegiances, but more specifically, to an
ideologically-coherent subset of legislators.

Analysis

With a list of Congressional Twitter account users compiled by TweetCongress4,
I used the Twitter application programming interface (API) to identify which of
the Congressional accounts were being Followed by other Congresspersons. This
generated a 133-member adjacency matrix, which can be seen as a directed graph in
Figure 1. As the graph indicates, Republicans outnumber Democrats by about 2:1
within the Twitter network.

Two major clusters are also evident. The first is a very distinct dense cluster of
Republican Twitter users, and the second is a less tightly-knit (due to fewer in-group
ties) grouping of Democrats. Our interest in ascertaining whether the Congressional
Twitter network is partisan leads us to consider the incidence of in-group and cross-
group ties among partisans (Table 1).

The vast majority of Republican ties are to other Republicans, and Democrats are
roughly twice as likely to Follow (or be Followed by) other Democrats. The Freeman’s
(1972) Segregation Index of this configuration is 0.59, and the log odds ratio of this
observed pattern of ties is 3.14, which is statistically significant at p < 0.001.

It is possible to refine this analysis by using fuzzy analysis clustering (Kaufman
and Rosseeuw, 1990) on the distance matrix computed from the adjacencies. This
algorithm returns probabilities that each observation fits into one of n clusters, where

4http://tweetcongress.org/, all data collected in October, 2009.
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Figure 1: Graph of the Congressional Twitter Following network, color-coded by party. Nodes
are scaled according to eigenvector centrality.
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Dem Rep
Dem 64 28
Rep 34 344

Table 1: Incidence of in-group and cross-group ties within the Congressional Twitter Following
network.

in this case, n = 2. These probabilities are plotted in Figure 2, by actual party
membership. The clustering works well for Democratic members, but there is greater
spread in the probabilities for Republicans fitting into a Republican cluster. The
graph in Figure 3 depicts the Congressional Twitter network, color-scaled according
to probability of fitting into the Democratic or Republican cluster. The coloration
closely resembles that seen in Figure 1, but many peripheral Republicans are seen
as unlikely to be part of their party’s dense central cluster. If we partition nodes
according to their most-likely cluster, we correctly classify 74.4% of members, which
is a 9% improvement over guessing the modal group for all nodes.

Cluster Assignment Probabilities, by Party
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Figure 2: Probability of assignment into partisan clusters.

Again with the Twitter API, I collected the IDs of all users who were listed as
Following any of the Congressional Twitterers. This list contains 117, 837 unique
users, each following an average of 2.2 Members of congress. Figure 4 depicts the
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Figure 3: Graph of the Congressional Twitter Following network, color-scaled by probability of
assignment to one of two clusters. Nodes are scaled according to eigenvector centrality.
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distribution of observed Follow ties from users at large and to Members of Congress.5

As can be seen in the graphic, most users are following just one or a small number
of politicians’ accounts, while the mean number of Followers per legislator is 3, 308.

Log of Followings and Followers
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Figure 4: Distribution of logged number of lawmakers Followed, and logged number of Followers
per Member.

It is of interest to compare the number of Republicans and Democrats followed
by a given user. If there is a partisan dimension to the decision to Follow or not
(rather than merely newsworthiness, name-recognition, or general interest in poli-
tics), we would expect a negative relationship between the count of Republicans and
Democrats followed by each user. Figure 5 plots the number of Democratic and
Republican member accounts followed by each user in the sample.

There are several interesting patterns here. First, there is a sizable subset of
Followers who converge on Following both parties in proportion commensurate with
the number of members from each party who have accounts. These individuals are
likely members of the media, or other political completists, with a high degree of
interest in the Congress as a whole.

The second pattern in evidence is seen along the axes of the graph, where there
are distinct groups of partisan Followers, who selectively attend only to elites of one
party or the other. Some of these are the mass majority of users following only a
single member, though others are choosing to follow more than a single account, but
only one party’s perspective.

Thus, it makes sense to account for these different types of users when trying
to understand the partisanship of the Twitter network at large. Table 2 shows the

5Note that the mass at the upper end of the Followers count graph is due to a ceiling on the
number of usernames per account accessible through the Twitter API.
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Figure 5: Number of Democratic and Republican member accounts followed, by user.

estimated relationship between increasing Followship of Democratic and Republican
Members, controlling for whether or not a user is a “Major Follower,” here defined as
those following more than 10 Congressional accounts, the 90th percentile of users and
above. The finding here is that at relatively low levels of interest in politics in general,
users are likely to exhibit a partisan bias in their Following choices, whereas more
politically-interested users are likely to follow both Republicans and Democrats.

Effect on Number of Republicans Followed
Estimate Std. Error t value Pr(>|t|)

(Intercept) 1.2249 0.0071 173.07 0.0000
Dems Followed -0.6745 0.0082 -82.02 0.0000

Major Follower × Dems Followed 0.7805 0.0081 96.22 0.0000

Table 2: Predicting the number of Republican Members Followed as a function of Democrats
followed, and user type.

To test for evidence of ideology, as distinct from simple partisanship, in the
structure of the Twitter network, I assess the person-to-group network formed by
the adjacency list of all non-politician users Following the set of Congressional Twit-
terers. To identify the underlying dimensionality of this network, I employ principal
component analysis (PCA)6, treating users as observations and Members of Congress

6Buntine and Jakulin (2004, 2005) develop a discrete multinomial version of probabilistic PCA,
but the present work uses classical PCA, per Jolliffe (2004, pg. 68).
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as binary measurements.
For the purposes of this analysis, the components of greatest interest are the first

two, the loadings on which can be seen in Figure 6. The graphic depicts the second
dimension arrayed along the X-axis, as it is the most clearly ideological component.

Using the scores estimated by the PCA for users who Follow politicians, we can
do a basic check of verisimilitude by reference to the accounts of some of the more
extreme users. At the lower extreme of the partisan dimension, we see one user
whose account bio reads, “Conservative, Sports, Coach, Politics, Teacher, Blogger,
Republican, Catholic, Religion, Baseball,” and another who proclaims “Liberals and
Rhinos must go! Save the USA; vote Conservative! Our countrys future is at stake!”
At the opposite extreme, we encounter a “Mom, wife, blogger, democrat, liberal,
progressive,” and “An American, a Democrat, a husband, a dog owner, a NY Yankees
and NY Giants fan, a Catholic and a proud graduate of SUNY Cortland.”7 These
substantive details certainly reinforce the notion that this component correlates with
ideology.

To further substantiate this claim, I perform linear discriminant analysis, using
the loadings on the first two components to predict the known partisanship of Mem-
bers. The cutline, displayed in Figure 6, correctly identifies partisanship in 94.9% of
cases. Clearly, there is substantial ideological information encoded in these first two
dimensions.

As a final test, I am interested in ascertaining whether or not the second principal
component correlates well with a widely-accepted measure of ideology in Congress,
Lewis and Poole’s Optimal Classification scalings (Lewis and Poole, 2000). Using
in-Chamber rank data for the 111th House and Senate8 as estimates of ideology, this
“true” measure correlates with Component 2 at 0.762. As shown in Table 3, infor-
mation about Members’ Party affiliation and second component loadings explains
81% of the variation in ideology as derived from roll-call voting.

As Table 3 and Figure 7 show, ideology is better explained for Republicans than
Democrats by the pattern of Twitter Followship, but significant information is en-
coded in the network, telling us more about ideology than does partisanship alone.

7http://twitter.com/MattSaliga, http://twitter.com/Goolsby2012,
http://twitter.com/angellivingston, and http://twitter.com/tkbva, respectively.

8From http://voteview.org/
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First Two Principal Components of the Followers Network
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Figure 6: Loadings on the first two principal components derived from the person-to-group Fol-
lowing network, scaled by number of Followers.
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Second PCA Component versus Optimal Classification Ranking
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Figure 7: Comparison of adjacency-matrix-derived scaling and optimal classification rankings.
Ideology is better explained by the Twitter Following network for Republicans than for Democrats.

15



Effect on In-Chamber Optimal Classification Percentile
Estimate Std. Error t value Pr(>|t|)

(Intercept) 0.7640 0.0251 30.48 0.0000
Party -0.5299 0.0610 -8.69 0.0000

Component 2 0.6534 0.2952 2.21 0.0300
Party × Component 2 -0.8026 0.4738 -1.69 0.0946

R2 = 0.8056

Table 3: Predicting optimal classification rankings with ideology as derived from the Twitter
Congressional Following network.

Conclusions

I have shown that the network of Congresspersons on Twitter is distinctly parti-
san, as are the choices made by the vast majority of Twitter users, those who we
would not characterize as highly-politically interested. Furthermore, I have shown
that using only the structure of the person-to-group network formed by individuals
Following political figures, it is possible to identify an ideological dimension latent
in the Following decision. In fact, information about the individuals following the
status updates of a given legislator offers better predictions about that legislators’
“true” ideology than does party alone. The implications of these findings are many,
as are the opportunities for extensions of this analysis.

The first implication, not explored here, but a direct extension of the methods
used above, is that any entity on Twitter can be arrayed along the same ideological
dimension. This may work in one of two ways: Additional entities, such as members
of the media or the executive branch, are included in the principal components
analysis, and used along with legislators in the scaling of civilians. Another method
may be to use the estimates of civilian placements on the ideological dimension
derived above to identify, for each entity of interest, a mean and variance of Follower
ideological placement.

The most interesting potential use for such an approach might be to place chal-
lengers for legislative office on the same scale as incumbent elected officials, or to
array, on the same scale, multiple entities from disparate bodies, such as across state
legislatures. Applications like these would take advantage of the fact that the Twitter
network connects a wide variety of potentially interesting actors. Currently, to scale
legislators from different chambers in a common space, “bridge actors” who have
served in more than one body are used–but this generally assumes that ideology is
fixed over time, which may not be a valid assumption, given changing constituencies.
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Additionally, some potentially interesting political elites, such as electoral challengers
who have not previously held office, cannot be scaled using techniques that rely on
roll-call votes. Networks such as the Twitter Following network would permit a
comparison of ideological extremism of these heretofore unquantifiable politicians,
allowing us to answer questions about, for example, whether polarization may be
caused by the success of ideologically extreme candidates in party primaries.

Just as easily, the Following patterns of those identified as liberal or conservative,
Democratic- or Republican-leaning, users could be contrasted–do these politically-
different groups attend to different media sources or Follow the status of different
celebrities? Are certain corporations more closely identifiable on Twitter with one
party than the other? Though we would not likely expect many Members of Congress
to publicly follow certain entities, with whose reputation an electorally-accountable
politician may not want to be associated, their proximate presence within the overall
network may allow us to make connections that they themselves would not explicitly
signal.

Another theoretically interesting use for this Twitter network data takes advan-
tage of the expressed pattern of diffusion of content within the network. Many
Twitter users “re-tweet” some of the more personally compelling or interesting sta-
tus messages of those they follow, and each such message is time-stamped. Tracing
the paths of these retweets would allow us a look at the diffusion of ideas and agen-
das amongst political elites, and from elites to their civilian followers. A directed
network of influence could be constructed, giving insight into a hierarchy of agenda
entrepreneurs and opinion leaders, and an interesting look at whether such com-
munication is top-down, bottom-up, or bi-directional between elected officials and
interested constituents.

These more dynamic questions do not even speak to the litany of more descrip-
tive aspects of the Twitter network, such as, What types of communication do we
see between politicians and constituents? What are the correlates of high levels of
Member-constituent interaction online? Does the content of communication change
meaningfully during the campaign? Why do Republican legislators so greatly out-
number their Democratic counterparts on Twitter?

One final conclusion suggested by this analysis is that while Twitter and sim-
ilar online social networks, may seem ephemeral and superficial, they are not un-
intelligent. Though online attention may be distributed in a multitude of idiosyn-
cratic ways, the collective decisions of a large number of even moderately-politically-
interested individuals reveal a sophisticated ideological discernment.
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