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Abstract
This study integrates network and content analyses to examine valence-based homophily 
on Twitter or the tendency for individuals to interact with those expressing similar 
valence. During the 2012 federal election cycle, we collected Twitter conversations 
about 10 controversial political topics and mapped their network ties. Using network 
analysis, we discovered clusters—subgroups of highly self-connected users—and coded 
messages in each cluster for their expressed positive-to-negative emotional valence, 
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level of support or opposition, and political leaning. We found that valence-based 
homophily successfully explained the selection of user interactions on Twitter, in terms 
of expressed emotional valence in their tweets or support versus criticism to an issue. 
It also finds conservative voices to be associated with negatively valenced clusters 
and vice versa. This study expands the theory of homophily beyond its traditional 
conceptualization and provides a new understanding of political-issue interactions in a 
social media context.
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Social media spaces are becoming increasingly popular for several forms of political com-
munication, such as partisan debates or praise for a candidate (Raine, 2012; Raine et al., 
2012). The prevalence of political talk in these networked spaces has been gauged, and 
others have looked at the reasons users engage in these conversations (Jones et al., 2002; 
Joyce and Kraut, 2006). However, from content to social context, patterns of connections 
and disconnections in Twitter political talk remain understudied by network analyses and 
political talk scholarship. Furthermore, studies in this vein have not looked at how these 
brief political messages are phrased with respect to their emotional valence. Recognizing 
the growing literature that documents the important role emotions play in political conver-
sations (Baek et al., 2012; Yu et al., 2008), this study draws from the theory of homophily 
as a basis for the selection of peers for political talk on Twitter and extends that theoretical 
concept to include emotional valence as a criterion for selection.

The theory of homophily asserts that relationships between similar individuals occur 
more frequently than those among dissimilar people (McPherson et al., 2001). Among 
many other contexts, homophily was found to describe political conversations (Huckfeldt 
and Sprague, 1995) and online political discussions on Twitter (Himelboim, Smith and 
Shneiderman, 2013). Despite the documented role emotions play in persuasive political 
communication, the phenomenon of homophily based on emotional valence expressed in 
political discussions has remained theoretically and empirically understudied.

This study’s contribution is threefold. First, it bridges an existing gap in the homophily 
literature, which has so far essentially ignored the role of emotions in peer-selection. 
Second, it identifies the affective social environment in which political decision-making 
may occur. Third, it introduces a novel methodology for examining emotions in political 
communication on Twitter. This research integrates network and content analyses to iden-
tify affective homophily in Twitter activity related to 10 salient 2012 US election issues.

Emotions and political communicaiton

Dimensions of emotional response

While emotional valence has consistently been conceptualized as the single most “domi-
nant” dimension of emotion (Fishbein and Ajzen, 1975; Morris, 2012), discrete emotions 
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are differentiated on two other dimensions, together referred to as the “emotional triad” 
(Percy, 2012): subjective feeling (emotional valence), physiological arousal, and motor 
expression. These three dimensions have been repeatedly observed, often in the context 
of dimensions of emotional responses to persuasion, with somewhat different labels, 
such as Holbrook and Batra’s (1987) “pleasure, arousal, and dominance.” In his review 
of theories of emotion and affect in marketing communications, Morris (2012) recog-
nized these dimensions as representing emotional facets of connotative or subjective 
meaning: “evaluative, activity, and potency” (Osgood et al., 1957).

Emotional valence—positive and negative affect—has consistently emerged as two 
dominant categorizations of emotional response (Diener et al., 1985; Russell, 1983) and 
is considered here as a primary indicator of affective responses. Affect is often seen as a 
summary judgment stored in memory and is typically defined as a valence “tag,” which 
is typically positive or negative (Fiske and Pavelchak, 1986). Bargh et al. (1992) argued 
that prior emotional tagging of stimuli can elicit the emotional cue as an evaluation on 
even subliminal presentation of those stimuli. Marcus (1991) suggested that evaluations 
arising from emotional processes can, in turn, influence emotional expression, thoughts, 
decisions, and political behaviors in ways that are distinct from cognitively based pro-
cesses. Ladd and Lenz (2008) showed that emotions reflect an evaluative judgment, such 
as likes and dislikes that are independent from attention and habit.

Dillard and Seo (2013) argued that positively valenced emotions result when informa-
tion is considered both relevant and goal-congruent, while negatively valenced emotions 
are generated by relevant but goal-incongruent information. These assessments are not 
necessarily mutually exclusive. Thus, summary evaluative judgments are often treated as 
a simple singular mutually exclusive valence assessment, such as positive or negative, 
like or dislike (McGraw et al., 1991). Others posit conceptual independence between 
positive and negative feelings, allowing for emotional responses of “mixed” valence 
(Dillard and Seo, 2013). A valence-based approach to emotions focuses on the effects of 
positive, negative, and mixed feeling states.

However, Percy’s (2012) dimensions included physiological arousal and motor 
expression, not just emotional valence. In this article, we posit that the fact of participa-
tion in an online network establishes a particular issue as relevant (or sufficiently arous-
ing) to motivate a valenced response. We, therefore, view expressed support or opposition 
to a political issue as indicative of the “motor expression” dimension (perhaps captured 
by the terms approach–avoidance, dominance–resistance, aggressive–assertive, and 
offense–defense). Thus, while we focus on variations in emotional valence across online 
networks, we do not ignore the other two dimensions of the “emotional triad” in our 
hypotheses and research questions. We will now explore these dimensions in the context 
of political communication.

Emotional valence in political communication

It has long been argued by political and social scientists that politics is the expression of 
personal emotions (Lasswell, 1930). Emotional valence has been shown to be meaning-
ful in understanding political communication. Emotional appeals are perceived as deal-
ing with highly polarized attributes or topics (Fishbein and Ajzen, 1975). Gunther and 
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Thorson (1992) found messages bearing more positive emotion to be more persuasive. 
Tinkham and Weaver Lariscy (1994) found that negative content is more memorable and 
more complex than a positive message. Baek et al. (2012) found that online conversa-
tions possess more negative than positive emotions, while others found positive emo-
tions to dominate political conversations (Yu et  al., 2008) and messages posted by 
political candidates in Europe (Tumasjan et al., 2010). The affective component of atti-
tudes has predictive power in matters of interest to political science, such as voting 
(Kenney and Rice 1988; Rahn et al., 1990).

The expression of opposition and support is also central to political expression. 
News coverage of political issues, including elections, is often framed by the media in 
terms of support and opposition (Kleinnijenhuis et  al., 2007). The viewpoint that 
expression of support is “positively valenced” and criticisms or opposition is “nega-
tively valenced” for political actors or issues has been widely supported (Beck et al., 
2002; Kahn and Kenney, 2002; Kepplinger et  al., 1991). Yet, we suggest that these 
relationships do in fact tag two distinct dimensions of emotion, as we view expressed 
support or opposition to a political issue as indicative of the “motor expression” dimen-
sion, distinct from the valence dimension. The extent to which they are “oblique” or 
even positively correlated remains open. We, therefore, suggest that the expression of 
opposition and support may provide another layer of understanding to our focus on 
emotional valence or “affect” in political discussions.

Social media activity is based on interpersonal interactions. However, little schol-
arly research exists about the relational value of emotional political messages in the 
user-generated content of social media. The specific language of these tweets and 
updates is often figurative, which can make interactions more relatable according to 
Reyes et al. (2012). This can enhance the social interaction, the context of this con-
tent, especially when an online discussion revolves around ideological or issue-based 
subjects. The theory of homophily provides the much needed relational theoretical 
context.

Homophily

Homophily is a theory that asserts that “a contact between similar people occurs at a 
higher rate than among dissimilar people” (McPherson et al., 2001: 416). It captures a 
key characteristic of naturally occurring social networks and depicts a mechanism 
through which “distance in terms of social characteristics translates into network dis-
tance” (McPherson et al., 2001: 416). Put simply, homophily suggests that similar indi-
viduals will be socially closer to one another than dissimilar people.

Homophily has been documented in the literature for almost a century. Early studies 
showed homophily based on demographic characteristics such as age, sex, race, and 
education (Bott, 1928; Loomis, 1946) and psychological characteristics such as intelli-
gence, attitudes, and aspirations (Almack, 1922; Richardson, 1940). Studies show that 
homophily characterizes the selection of peers across a range of relationships, such as 
marriage (Kalmijn, 1998), friendship (Verbrugge, 1977), and mere contact (Wellman, 
1996). Finally, homophily was also found in political behavior and beliefs (Huckfeldt 
and Sprague, 1995; Knoke, 1990).
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Homophily in social media spaces

The literature suggests that homophily often characterizes computer-mediated social 
interactions. Adamic and Glance (2005) found political bloggers preferred sending 
hyperlinks to blogs with similar political orientation. Examining the political interaction 
on Twitter around major topics of the 2010 Midterm Elections, Himelboim et al. (2013) 
found that Twitter users preferred interacting with users with similar political views. 
Skopek et al. (2011) examined an online dating platform and found education, primarily 
among women, to be the dominant dimension of homophily. In a study on Myspace, 
Thelwall (2009) found support for homophily based on ethnicity, religion, age, country, 
marital status, attitude toward children, sexual orientation, and reasons for joining 
Myspace. Aral et al. (2009), who examined an instant messaging network, found that 
homophily—namely, shared backgrounds and tastes between friends—explained almost 
half of the perceived behavioral contagion. La Fond and Neville (2010) have also found 
evidence of homophily on Facebook.

The affective component in homophily is understudied, but not neglected. Thelwall 
(2010) found a weak association between the level of emotions given and received on the 
social network site Myspace—this indicates homophily for both positive and negative 
sentiments. Twitter identified Subjective Well-Being to be assortative across the Twitter 
social network. This study, then, found support for happiness-based homophily.

This study, nonetheless, identifies message valence as an attribute lacking in the lit-
erature about homophily in political communication. It posits the possibility that feeling 
consistency of valence—that is, affect-based homophily—might characterize online 
communication networks. In other words, we suggest here that similarities in expressed 
valence can explain the patterns of political interaction on social media. Suggestive of 
this phenomenon are findings that mood similarity between message and receiver is 
positively related to more central (but biased) information processing (Fazio, 1995). One 
must not overlook the seminal work of Festinger (1957) and Heider (1946, 1958) that 
suggested a motive of consistency among affective relationships (both personal and 
interpersonal): between thought and feeling, thought and behavior, and feeling and 
behavior. Within this framework, it seems viable that there is a firm basis for positing 
emotional homophily in online communication networks.

Twitter as a social network: a conceptual framework

Broadly speaking, a social network is a structure created by social actors, such as indi-
viduals and organizations, when links are formed among them. Social network literature 
suggests focusing on relational ties among social entities and on patterns and implica-
tions of these relationships (Wasserman and Faust, 1999). On Twitter, social networks 
are formed between users and their relationships through following, a form of subscrip-
tion to other’s Twitter messages, mentions, and replies.

A social networks theoretical framework—and subsequently, network analysis—is, 
therefore, a viable approach to the study of homophily. As discussed earlier, homophily 
leads to short network distance among similar groups of individuals (McPherson et al., 
2001). Social networks capture social interactions and provide a conceptual framework 
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for understanding homophily in terms of the grouping of similar others. We, therefore, 
suggest a network cluster as a core concept for the study of homophily in social media. 
Clusters refer to subgroups in a network in which nodes are substantially more connected 
to one another than to nodes outside that subgroup, leading to a shorter distance among 
users within the same cluster (Carrington et al., 2005). This allows us to examine whether 
valence-based homophily can explain Twitter political interactions. Individuals in a clus-
ter are expected to be more similar to one another in terms of expressed valence than to 
those outside their cluster. If valence expressed in tweets in a given cluster is not similar, 
that contradicts valence-based homophily and subsequently the following hypotheses. 
The first research hypothesis is as follows:

H1. � Emotional valence expressed by messages within a given network cluster will 
be associated primarily with one part of the emotional valence spectrum (i.e. 
positive, negative, or neutral affect).

McPherson et al. (2001) suggest that homogeneity of a network on some characteris-
tic is a source or outcome of social processes. In an attempt to go beyond simply demon-
strating affective similarities among self-selected groups of individuals, we question 
whether valence is topic-dependent. Specifically, it has been documented that some top-
ics are more likely than others to evoke political polarity in online discussions (Himelboim 
et al., 2013). We therefore ask the following question:

R1. � Is the emotional valence of the network clusters (positive, negative, or neutral/
mixed) associated with topic of discussion?

Political conversations, as discussed earlier, are often heated and emotional (Baek 
et al., 2012; Tumasjan et al., 2010; Yu et al., 2008). Political attitudes can, therefore, 
provide context for valence-based homophily. Clusters of users, expressing similar 
valence, may also be associated primarily with a certain political attitude. Considering 
that political behavior and attitude-based homophily have long been documented 
(Adamic and Glance, 2005; Huckfeldt and Sprague, 1995; Knoke, 1990), the second 
hypothesis is as follows:

H2. � The emotional valence of the message clusters will be associated with the extent 
to which messages in the cluster express a position on the political ideological 
spectrum (i.e. conservative to liberal).

Indeed, if network clusters show distinct affective valences, it would be unclear 
whether support or opposition to an issue would be equivalent to a positive or negative 
response to it. For example, in a discussion about abortion, users may express pro-choice 
or pro-life positions. Each of these could be coded as positively valenced emotions, yet 
they express diametrically opposed policy positions (pro-life as opposition to abortion 
rights and pro-choice as support of these rights). Percy (2012) notes a similar, but more 
mundane, example of a toothpaste brand that claims to “whiten teeth,” which he notes is 
actually “… a benefit claim reflective of a negative motivation such as problem removal” 
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(p. 75). In order to better understand valence-based homophily, then, the following ques-
tion examines at some depth the valence characteristics of the major network clusters 
(positive, negative, and neutral) as a predictor of their expressed issue opposition or 
support.

R2. � Is the emotional valence of the message clusters related to the extent to which 
messages in the cluster express support or opposition to the discussed issue?

Method

Data

Twitter usernames, user statistics (e.g. profile description and URL, number of follow-
ers), their topic-related tweets, and the relationships among these users (follow, mention, 
and reply) were captured for key election issues. Based on the New York Times’ taxon-
omy of the top issues for the 2012 elections (economy, world, health, social issues, and 
the planet), the researchers identified specific topics for each main issue (e.g. immigra-
tion as an attribute to the overarching social issues category). The issues were the follow-
ing: Bin Laden, economy, energy, gay marriage, health, immigration, Medicare/Medicaid, 
oil/gas, women, and abortion. Data were collected using NodeXL’s Twitter Search 
importer (Hansen et al., 2010), which identifies the most recent Twitter users who con-
versed about each topic (up to 1500 users per data collection). To ensure the relevance of 
the tweets for each dataset for the elections, we composed the Boolean search strings that 
were used to collect the data, so it requests users who posted messages about a topic (e.g. 
women) together with at least one election-specific keyword: Romney, Obama, vote, 
elections, or campaign. Each data collection (i.e. each topic) was carried out in the same 
way, requesting users who posted tweets using at least one of the election-specific key-
words AND a topic keyword. Data were collected weekly for 7 weeks on each Tuesday 
evening for each of the topics during the time period immediately leading up to the elec-
tion (starting on Tuesday, 25 September 2012). The last dataset was collected on Monday, 
5 November 2012, so that data also came before Election Day. A total of 70 datasets were 
collected.

Measurements

Network analysis.  Using NodeXL, the network was created by users who follow, men-
tion, and reply to one another; each dataset was mapped. We identified clusters of rela-
tively more connected groups of users in the topic-networks using the 
Clauset–Newman–Moore algorithm (Clauset et  al., 2004), which is included in the 
NodeXL software. We selected this algorithm for its ability to analyze large network 
datasets and efficiently find subgroups. This algorithm uses edge betweenness as a 
metric to identify the boundaries of communities. Each user, then, is classified into the 
best fit group (cluster), in terms of the interconnectivity among users. The major clus-
ters were identified by ordering clusters by size in descending order. The clusters 
identified using the algorithm above were generally very small, typically leaving very 
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few large ones. If no clear drop in cluster size was identified, the top three clusters 
were selected, as in the majority of datasets a drop in size was recorded after the top 
three clusters. See Figure 1 for illustration of network clusters.

In total, 232 nontrivial clusters were identified. These interactive nodes became the 
unit of analysis for our further investigation of the relevance of emotion (valence) as a 
basis for defining taxonomy of Twitter networks. Each tweet was also judged by coders 
with respect to a number of mood states applying those identified by Lorr and Wunderlich 
(1988), each possessing an identifiable valence (positive, neutral, and negative), as 
described in detail in the next paragraph. Then, for each of the 232 first-order networks, 
the proportions of positive, neutral, and negative tweets were calculated. These  
proportions were summarized and encoded into a transformed dataset to indicate three 
proportionate characterizations of each network cluster. Similar data transformations 
designed to correspond to the network (rather than the tweet) as the unit of analysis were 
made for other content-coded variables, including issue position and political ideology. 
These later-transformed variables were relevant in developing profiles of valence-based 

Figure 1.  Network clusters (an example from the 9-25 Gay Marriage topic-network).
The election-related conversation about gay marriage on Twitter produces four major clusters, as this 
figure shows. Each user appears as a node in the figure (sphere, diamond, square, or triangle, depending on 
the cluster). Two users are connected to one another if they interact, by ways of following, mentioning, or 
replying to one another. Users in each cluster expressed primarily one side of the emotional spectrum (i.e. 
positive or negative emotion). The heavy links run across the two negative clusters (top-left and bottom-
right). Although more than one cluster included users who primarily tweeted negative content, these two 
clusters were still strongly connected.
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network clusters. Finally, each network cluster was characterized by the proportion of 
messages that corresponded to the emotional states and political ideology in question.

Content analysis.  This study applied a Berelson-type quantitative content analysis to 
assess only manifest content, which followed the variable definitions from a specific 
codebook and required extensive training among coders to ensure reliability. Although 
clusters are the primary unit of analysis for this study, the individual content in each 
tweet within the cluster was thought to provide a greater context to understanding emo-
tion. In addition to the cluster units examined in network analysis, this study also 
employed a traditional content analysis of each of the items within each cluster. In par-
ticular, the tweets and user data associated with those tweets were content analyzed from 
232 main clusters. Given the sheer cumulative quantity of tweets in the analysis across 
all 232 main clusters, random sampling was applied to identify 15% of tweets and asso-
ciated content (Twitter user data) within each of the 10 issue attributes (e.g. immigration, 
unemployment). This proportion of analyzed content is in accordance with Kaid and 
Wadsworths’ (1989) assertion that only 15–20% of content need be content analyzed 
before results become repetitious and effort efficiency declines. A total of 12,814 items 
were identified for content analysis, which included 7090 tweets from 5724 users.

The content analysis portion included two sections: content analysis of the tweet 
itself and analysis of the Twitter user who posted the tweets in the clusters. For both 
portions, only manifest content was coded (Berelson, 1952), and coders were 
instructed to not infer meaning beyond what was present in the tweet. A team— 
consisting of six coders—underwent extensive training on the coding process and the 
codebook. Coding differences were reconciled throughout the coding process to 
ensure accuracy. Cohen’s Kappa was used to compute inter-coder reliability and was 
found to be acceptable at .87.

Coding categories for the tweet messages examined what was said and how it was 
said. Each message was reviewed for the following categories: Tweet type such as RT 
(whether the message is a re-tweet) or MT (whether the message was noted by the 
poster to be a modified tweet), ideology of tweet (liberal, moderate or no ideology, 
conservative, or unable to determine), and support (oppositional, supportive, mix, or 
doesn’t take sides/NA) in tweets. Valence in each tweet was also coded (tone as being 
positive, negative, or neutral) for each of the five top issues (economy, world, health, 
social issues, and planet). Strict definitions were written for each coding category and 
item within to ensure coder consistency during the process. Although some have found 
success in computer-assisted sentiment analysis in social media (Thelwall et al., 2012), 
given that these units in this study were human coded for topic and emotion, this was 
the case for sentiment as well.

For coding user data, information from the user’s self-provided Twitter profile was 
coded. Here, coders reviewed the self-posted “biography” or description text the user 
provided about himself or herself. It should be noted that the researchers understood 
through a pilot test of the cluster datasets that tweets may be posted by organizations 
and may not always be posted by a single person. As such, the coding scheme was 
developed to allow for differentiation between single users or organizational user 
profiles. Coding categories for the user-level data were as follows: type (person, 
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politician/political campaign, media organization, other organization, or unable to 
determine), political ideology (Democrat, Republican, Independent, or not specified), 
and gender (male, female, organization, or unable to determine). Berelson’s (1952) 
approach of only examining manifest content was adhered to here as well, and it was 
not uncommon for users to communicate these variables very openly (e.g. 
LextasticMe’s profile proclaimed “Lots of kids, SAHM, liberal DEM, other stuff, not 
debating jack w you. Go ‘Noles” or LaTicaChica’s profile which said “Hispanic 
Conservative, Republican, Christian, Mom of two awesome daughters, wife and 
teacher”). When coders did not have enough information to make a correct determina-
tion about type, ideology, or gender, the coder was instructed to select the “unable to 
determine” option. Adhering to the Berelson (1952) approach to content analysis, 
only manifest content was considered.

K-Means cluster analysis.  For addressing the hypotheses and the research question, our 
232 network clusters were examined as the unit of analysis for the purpose of further 
grouping them into emotional valence categories and also for validating and profiling 
those dimensions. In order to prepare them as broader units of analysis, each network 
cluster was encoded with respect to the portion of tweets that was emotionally positive, 
negative, or neutral in valence; oppositional and supportive with respect to topic; as well 
as its topical distribution. Then, using this initial set of network clusters as units of analy-
sis, a nonhierarchical cluster analysis procedure (K-Means analysis, using SPSS) exam-
ined both a two- and three-cluster solution, employing the emotional valence distributions 
as criteria for deriving the clusters. While the two-cluster solution was acceptable, the 
three-cluster solution was considered the most appropriate because (1) it produced more 
precise classification results in the validation procedure and (2) it was considered the 
most theoretically meaningful, based on the fact that three proportional categories of 
emotional valence (positive, neutral, or negative) for each network served as the input 
variables.

After examining the effective separation of the three clusters and interpreting their 
meaning, a multiple discriminate analysis was conducted as a validation procedure to 
predict the overall goodness of fit of the three-cluster solution. These procedures enabled 
assessment of H1. Then (in order to answer RQ1, H2, and RQ2), several criterion valid-
ity analyses of the three-cluster solution were conducted. These analyses resulted in fur-
ther explication of the cluster profile, thus completing all stages of the clustering 
procedure (Hair et al., 1998).

It should be noted that the term “cluster” is used by two different statistical procedures 
here, which can be confusing for the reader. In network analysis, the Clauset–Newman–
Moore algorithm was used to identify network clusters, a subgroup of Twitter users that 
are densely interconnected to one another. Using the network clusters as the unit of 
analysis, a very different statistical procedure, K-Means cluster analysis, was applied to 
identify clusters of network clusters, based on the emotions used in the tweets in each 
network cluster. For clarity in reporting the findings, this research uses the term network 
clusters to describe the units of analysis resulted by the network analysis; the term clus-
ter analysis here is used when referring to the K-Means cluster analysis, and the resulted 
clusters are referred to as clusters.
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Findings

A total of 70 datasets created 70 topic-Twitter networks. A sample of 15% of tweets and 
15% of users were coded. Of the total 7557 users that were coded, 75.3% were individual 
users, 5.0% were organizations, 2.8% were media organization, 1.1% were politicians or 
users associated with the political campaign, and the rest were coded as “other.” More 
than 1 in 10 (12.3%) users in the sample self-described themselves as democrats or liber-
als, 18.1% as republicans or conservatives, 1.7% as independent, and the rest were not 
specific regarding their political orientation. Almost a fifth (17.7%) of the users in the 
sample were male, 20.7 were female, and the rest did not indicate their gender.

The initial Twitter network clusters were originally assembled according to the Clauset–
Newman–Moore algorithm, which included 10 topics as well as other cognitive and typing 
characteristics. This first-order network clustering procedure produced 232 nontrivial com-
munication networks, which were clearly differentiated by topic. It can be somewhat con-
fusing that the term “cluster” is used by the two different analyses. A network cluster is 
identified through a network cluster analysis, which becomes the unit of analysis here. A 
K-Means cluster analysis is used to allow patterns of emotions expressed in clusters to pre-
sent themselves. To increase clarity, then, “network cluster” is used in this section to describe 
the densely interconnected subgroups of twitter users, while “cluster” (as in “three-cluster 
solution,” for instance) is used to report K-Means cluster analysis–related results.

H1.  Emotional valence expressed by messages within a given network cluster will 
be associated primarily with one part of the emotional valence spectrum (i.e. positive, 
negative, or neutral affect).

Findings supported H1. Since a cluster defines the social boundaries of users’ self-
selection of peers, a network cluster was used as the unit of analysis. A K-Means cluster 
analysis resulted in a parsimonious cluster solution consisting of three emotional Twitter 
network clusters. Next, a discriminant analysis was calculated in which the clustering 
variables (negative, neutral, and positive emotion/valence) were used to predict member-
ship in the three network clusters. The three-cluster solution produced an extremely 
accurate prediction of actual valence membership: 95.7% of originally grouped cases 
were correctly classified. A classification of these results is shown in Table 1.

Further insight into the classification of Clusters 1, 2, and 3 as neutral, negative, 
and positive, respectively, is revealed in Table 2, which looks at mean valence scores 
for each of the three network clusters. These means are actually mean proportion 
(percentages) values of coded valence values attributed to each tweet within a com-
munication network. The distribution of mean valence values across network clusters 
indicates clearly that Cluster 1 is dominated by tweets of neutral valence, Cluster 2 
has predominantly negative valence, and Cluster 3 is dominated by positive valence 
among Twitter networks.

The results of the three-cluster solution indicate that the three-cluster centers differ 
from each other significantly (p < .001). The descriptive statistics also give clear insight 
into the meaning of each cluster: Cluster 1 consists of Twitter networks of predominantly 
neutral valence, while Clusters 2 and 3 are, respectively, negative and positive.
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The results of the cluster analysis indicate that the three-cluster solution pro-
duces a taxonomy of network clusters that clearly differentiate among those with 
neutral valence, negative valence, and positive valence, thus supporting H1, which 
predicted that messages expressed in a given cluster are associated with a position 
on the emotional spectrum. The presence of a “neutral” cluster suggests that not all 
Twitter networks are positively or negatively valenced, although all are still appro-
priately characterized as occupying a position on the emotional continuum (see 
Table 3).

R1. � Is the emotional valence of the network clusters (positive, negative, or neutral) 
predictive of the way message topics are distributed across them?

Table 2.  Network cluster taxonomy based on valence: interpretation of three-cluster solution.

Clustering variables (mean % valence values)

Cluster 
number

Neutral Negative Positive Size

1 51.62 12.23 12.43 47
2 14.58 80.73 17.46 144
3 8.27 7.05 70.11 41

Significance testing of differences between cluster centers

Variable Mean square df F value Significance Partial Eta 
square

Neutral 2.902 2 73.816 .000 .392
Negative 11.480 2 394.801 .000 .775
Positive 6.652 2 406.121 .000 .780

df: degree of freedom.

Table 1.  Classification table from discriminant analysis: valence distribution of tweets in 
network as predictors of network cluster membership.

Predicted group membershipa

  Neutral Negative Positive Total

Actual 
count

Neutral 37 8 2 47
Negative 0 144 0 144
Positive 0 0 41 41

Actual % Neutral 78.7 17.0 4.3 100.0
Negative 0 100.0 0 100.0
Positive 0 0 100.0 100.0

aOf the original grouped cases, 95.7% were correctly classified.
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Three second-order clusters based on emotion (valence) emerged, as described ear-
lier, representing not only a parsimonious set of networks (neutral, negative, and positive 
valence) but also a set of clusters that vary in content over 10 topical areas. It is relevant, 
then, to ask whether or not topical areas are spread evenly or disproportionately across 
the valence categories. In order to answer this final exploratory research question, a con-
tingency table of valence by topic was calculated and showed significant patterns of 
association (χ2 = 62.984, degree of freedom [df] = 18, p < .001). Each topical area consti-
tuted about 10% of the total number of networks, representing raw numbers of networks 
ranging from 18 to 24. One topic, Osama bin Laden, exhibited disproportionately high 
neutral valence, and several others (Medicare, immigration) exhibited both higher posi-
tive and negative valence than neutral. Gay issues showed disproportionately high pro-
portions of positive-valence networks and disproportionately low proportions that were 
negative valence. Other topics (the economy, health, oil/gas, and women’s issues) were 
proportionately represented within each of the valence categories. Thus, valence of net-
work clusters varies by topic in a way that may confound or moderate some of the find-
ings reported above regarding criterion validity. Further investigations of valence-based 
clusters within separate topical areas could further the extent to which our results are 
generalizable.

H2. � The emotional valence of the message clusters will be associated with the extent 
to which messages in the cluster express a position on the political ideological 
spectrum (i.e. conservative to liberal).

Table 3 provides data that support H2, which predicted that the valence of the network 
clusters would predict their political ideology. As can be seen, positive-valence network 
clusters are predominantly liberal. Negative-valence networks are statistically more 

Table 3.  Criterion validity of three-cluster solution: valenced network cluster membership as 
a determinant of cluster profile characteristics.

Clustering profile

  Neutral 
(mean %)

Negative 
(mean %)

Positive 
(mean %)

F value Significance

Issue position  
  Opposition 26.02 68.82 53.01 77.419 .000
  Support 16.33 10.04 53.79 73.852 .000
  Mixed 4.59 3.82 7.15 1.757 ns
  Neither 27.53 17.29 10.61 7.736 .001
Political ideology  
  Liberal 24.49 25.76 67.25 25.923 .000
  Conservative 14.44 29.64 7.42 11.548 .000
  Unclear 31.04 39.66 19.62 5.470 .005
  None expressed 6.63 4.90 5.70 .360 ns

ns: not significant.
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conservative in their political ideology, but to a much lesser extent. Those that are unclear 
ideologically are concentrated in the neutral or negative cluster of networks. The absence 
of ideological content is spread equally across the emotional spectrum.

R2. � Is the emotional valence of the message clusters related to the extent to which 
messages in the cluster express support or opposition to the discussed issue?

Using valence as a basis for clustering network clusters, results reported in Table 3 
suggest that opposition or support issue positions expressed in the Twitter networks are 
meaningfully predicted by their membership in a cluster of a particular valence. As the 
data clearly show, oppositional issue positions are primarily found in the negative-
valence cluster, while supportive issue positions are concentrated in the positive-valence 
cluster. Mixed (or conflicted) issue positions occur evenly across clusters of different 
valence. Finally, network clusters that express neither opposition nor support issue posi-
tions (do not express a position) are predominantly found within the neutral/mixed emo-
tional cluster. An exploratory analysis of these relationships considered whether or not 
controlling for political ideology (examined directly in H2) as a covariate would reduce 
or eliminate the observed relationships between emotional valence and political support/
opposition. Ideology was not found to be an explanatory antecedent variable. In fact, 
political ideology helped explain extraneous variance in the issue support/opposition 
variables, making the observed statistical relationships somewhat “stronger.” This find-
ing is consistent with the notion that the distinct dimensions of emotion (valence, arousal, 
and motivational) nevertheless form an oblique, rather than an orthogonal, spatial, or 
dimensional structure.

Discussion

This study builds on the theory of homophily and successfully explains patterns of 
interactions among users for political conversation, based on commonality in expressed 
emotions. Twitter users preferred to interact with others, with whom they share mes-
sage valence (positive, negative, or neutral) and the supportive nature of messages 
(support, opposition, or neither). We next discuss the contribution of these findings to 
the theory of homophily and the literature about the role of emotions in political  
communication. Conclusions are then offered with a discussion of the methodological 
contribution of this study.

Almost a decade of research about homophily indicates that individuals interact with 
others who are similar to them in terms of attitudes, values, religion, activities, and some 
socio-demographic characteristics (McPherson et al., 2001). This study makes a theoreti-
cal contribution to the rich body of knowledge by adding an affective dimension. Garrett 
(2009) describes selective exposure to news sources that reinforces one’s political opin-
ions as “echo chambers.” Our findings indicate the formation of “affective echo cham-
bers,” where users interact with “like-minded” others, exposing themselves primarily to 
messages with similar valence—positive, natural, or negative.

The emergence of homogeneous affective echo chambers indicates an individual 
desire for consistency among affective relationships, as Festinger (1957) and Heider 
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(1946, 1958) posited more than half a century ago. Self-exposure to like-minded indi-
viduals and information sources has led scholars to worry that such fragmented interac-
tions would lead to divided groups that are increasingly homogeneous (Sunstein, 2006; 
Van Alstyne and Brynjolfsson, 1996). This study adds to the illustrations of the role of 
emotions in the formation of political attitudes. These findings may raise a concern that 
online political conversations reinforce one’s political opinion indirectly through its 
affective response to a given issue. Findings also indicate that network clusters  
(hereby, clusters) with an overall oppositional tone were associated more with negative-
valence clusters, while supportive clusters overlapped more often with positive-valence 
clusters.

This study also contributes to the growing literature about the relation between emo-
tions and political ideology. Network clusters where liberal ideology characterized the 
posted content were primarily positive in valence. Clusters with conservative-leaning 
content, in contrast, were more likely to overlap with the negative-valence clusters. The 
outcome of the elections reinforced this relationship between political ideology and pre-
election emotions. Interestingly, clusters characterized by politically unidentified mes-
sages overlapped primarily with the negative and neutral clusters. This may be an 
indication of the discomfort associated with uncertain political leanings.

In terms of methodological contribution, the current research uses a cluster—self-
selected subgroups of users who interact with one another—as a unit of analysis. As 
Twitter users often re-tweet messages from others, users in a cluster are likely to be 
exposed to not only those they selected to be exposed to directly but also others they may 
be exposed to indirectly. The proposed methodology then allows researchers to expand 
the study of homophily beyond direct social interactions. Furthermore, a network analy-
sis of large social media data, like the one used in this study, holds advantages over other 
methods, such as surveys, as this examines actual self-selection of social peers, rather 
than self-reports.

Limitations

This study holds several limitations. First, researchers are limited to interactions through 
a single social media space. Interacting face-to-face, individuals may be more inclined to 
interact with others who express different emotions. This limitation can be addressed by 
employing different methods, such as surveys and focus groups. Furthermore, valence-
based approaches face one obvious shortcoming: they fail to specify whether different, 
discrete emotions of the same valence differentially influence judgments and choices. In 
the context of this study, it would be helpful to know whether homophily explains inter-
actions based on more specific emotions, such as fear and anger. Finally, the political 
ecology in the time of data collections may have affected the results. A future study may 
examine whether these findings change during other election cycles.

Conclusion

This study contributes to the growing interest in two key areas of political communica-
tion: role of emotions and the use of social media. Expanding the theory of homophily to 
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include valence, findings offer novel insights for understanding the process underlying 
peer-selection in political communication in online spaces.

Acknowledgements

The authors wish to thank Caroline Freeman and Andrew Barnhart for their assistance with this 
project.

Funding

This research received no specific grant from any funding agency in the public, commercial, or 
not-for-profit sectors.

References

Adamic L and Glance N (2005) The political blogosphere and the 2004 U.S. election: divided they 
blog. Available at: http://www2.scedu.unibo.it/roversi/SocioNet/AdamicGlanceBlogWWW.
pdf

Almack JC (1922) The influence of intelligence on the selection of associates. School and Society 
16: 529–530.

Aral S, Muchnik L and Sundararajan A (2009) Distinguishing influence-based contagion from 
homophily-driven diffusion in dynamic networks. Proceedings of the National Academy of 
Sciences of the United States of America 106(51): 21544–21549.

Baek YM, Wojcieszak M and Delli Carpini M (2012) Online versus face-to-face deliberation: 
Who? Why? What? With what effects? New Media & Society 14: 363–383.

Bargh JA, Chaiken S, Govender R, et al. (1992) The generality of the automatic attitude activation 
effect. Journal of Personality and Social Psychology 62: 893–912.

Beck PA, Dalton RJ, Greene S, et al. (2002) The social calculus of voting: interpersonal, media, 
and organizational influence on presidential choice. American Political Science Review 96: 
37–73.

Berelson B (1952) Content Analysis in Communication Research. New York: Free Press.
Bott H (1928) Observation of play activities in a nursery school. Genetic Psychology Monographs 

4: 44–88.
Carrington PJ, Scott J and Wasserman S (2005) Models and Methods in Social Network Analysis. 

New York: Cambridge University Press.
Clauset A, Newman MEJ and Moore C (2004) Finding community structure in very large net-

works. Physical Review E 70: 066111.
Diener E, Larsen RJ, Levine S, et al. (1985) Intensity and frequency: dimensions underlying posi-

tive and negative affect. Journal of Personality and Social Psychology 48: 1253–1265.
Dillard JP and Seo K (2013) Affect and persuasion. In: Dillard JP and Shen L (eds) The Sage 

Handbook of Persuasion. 2nd ed. Thousand Oaks, CA: SAGE, pp. 150–166.
Fazio RH (1995) Attitudes as object-evaluation associations, determinants, consequences, and 

correlates of attitude accessibility. In: Petty RE and Kronsnick JA (eds) Attitude Strength: 
Antecedents and Consequences. Mahwah, NJ: Lawrence Erlbaum Associates, pp. 247–
282.

Festinger LA (1957) Theory of Cognitive Dissonance. Evanston, IL: Row, Peterson.
Fishbein M and Ajzen I (1975) Attitude, Belief, Intention and Behavior: An Introduction to Theory 

and Research. Reading MA: Addison-Wesley.
Fiske ST and Pavelchak M (1986) Category-based versus piecemeal-based affective responses: 

developments in schema-triggered affect. In: Sorrentino R and Higgins E (eds) The Handbook 

 at SAN DIEGO STATE UNIV LIBRARY on February 4, 2015nms.sagepub.comDownloaded from 

http://www2.scedu.unibo.it/roversi/SocioNet/AdamicGlanceBlogWWW.pdf
http://www2.scedu.unibo.it/roversi/SocioNet/AdamicGlanceBlogWWW.pdf
http://nms.sagepub.com/


Himelboim et al.	 17

of Motivation and Cognition: Foundations of Social Behavior. New York: Guilford Press, pp. 
167–203.

Garrett RK (2009) Politically motivated reinforcement seeking: reframing the selective exposure 
debate. Journal of Communication 59(4): 676–699.

Gunther AC and Thorson E (1992) Perceived persuasive effects of commercials and public ser-
vice announcements: the third-person effect in new domains. Communication Research 19: 
574–596.

Hair JF, Anderson RE, Tatham RL, et al. (1998) Multivariate Data Analysis. 5th ed. Upper Saddle 
River, NJ: Prentice Hall, pp. 467–518.

Hansen D, Shneiderman B and Smith MA (2010) Analyzing Social Media Networks with NodeXL. 
Burlington, MA: Elsevier Science.

Heider F (1946) Attitudes and cognitive organization. Journal of Psychology 21: 107–112.
Heider F (1958) The Psychology of Interpersonal Relations. New York: John Wiley & Sons.
Himelboim I, Smith M and Shneiderman B (2013) Tweeting apart: applying networks analysis to 

explore selective exposure on Twitter. Communication Methods and Measures 7(3): 169–197.
Holbrook MB and Batra R (1987) Assessing the role of emotions as mediators of consumer 

responses to advertising. Journal of Consumer Research 14: 404–420.
Huckfeldt RR and Sprague J (1995) Citizens, Politics, and Social Communication: Information 

and Influence in an Election Campaign. New York: Cambridge University Press.
Jones Q, Ravid G and Rafaeli S (2002) An empirical exploration of mass interaction systems 

dynamics: individual information overload and Usenet discourse. In: Proceedings of the 35th 
annual Hawaii international conference on system sciences, Big Island, HI, 7–10 January 
2002, pp. 1050–1059. New York: IEEE.

Joyce E and Kraut R (2006) Predicting continued participation in newsgroups. Journal of 
Computer: Mediated Communication 11(3): 723–747.

Kahn KF and Kenney PJ (2002) The slant of the news: how editorial statements influence cam-
paign coverage and citizen’s views of candidates. American Political Science Review 96: 
381–394.

Kaid LL and Wadsworth AJ (1989) Content analysis. In: Emmert P and Barker L (eds) Measurement 
of Communication Behavior. New York: Longman, pp. 197–217.

Kalmijn M (1998) Intermarriage and homogamy: causes, patterns, trends. Annual Review of 
Sociology 24: 395–421.

Kenney PJ and Rice TW (1988) Presidential prenomination preferences and candidate evaluations. 
American Political Science Review 82(4): 1309–1319.

Kepplinger HM, Brosius HB and Staab JF (1991) Instrumental actualization: a theory of mediated 
conflicts. European Journal of Communication 6: 263–290.

Kleinnijenhuis J, van Hoof AMJ, Oegema D, et al. (2007) A test of rivaling approaches to explain 
news effects: news on issue positions of parties, real-world developments, support and criti-
cism, and success and failure. Journal of Communication 57: 366–384.

Knoke D (1990) Networks of political-action: toward theory construction. Social Forces 68(4): 
1041–1063.

Ladd JM and Lenz GS (2008) Reassessing the role of anxiety in vote choice. Political Psychology 
29: 275–296.

La Fond T and Neville J (2010) Randomization tests for distinguishing social influence and homo-
phily effects. In: Proceedings of the 19th international conference on World Wide Web, 
Raleigh, NC, 26–30 April 2010, pp. 601–610. New York: ACM.

Lasswell H (1930) Psychopathology and Politics. Chicago, IL: University of Chicago Press.
Loomis CP (1946) Political and occupational cleavages in a Hanoverian village, Germany: a soci-

ometric study. Sociometry 9(4): 316–333.

 at SAN DIEGO STATE UNIV LIBRARY on February 4, 2015nms.sagepub.comDownloaded from 

http://nms.sagepub.com/


18	 new media & society ﻿

Lorr M and Wunderlich RA (1988) A semantic differential mood scale. Journal of Clinical 
Psychology 44: 33–35.

McGraw KM, Pinney N and Neumann D (1991) Memory for political actors: contrasting the use of 
semantic and evaluative organizational strategies. Political Behavior 13: 165–189.

McPherson M, Smith-Lovin L and Cook JM (2001) Birds of a feather: homophily in social net-
works. Annual Review of Sociology 27: 415–444.

Marcus GE (1991) Emotions and politics: hot cognitions and the rediscovery of passion. Social 
Science Information 30: 195–232.

Morris JD (2012) Theories of emotion and affect in marketing communications. In: Rodgers S and 
Thorson E (eds) Advertising Theory. New York: Routledge, pp. 85–104.

Osgood CE, Suci G and Tannenbaum P (1957) The Measurement of Meaning. Urbana, IL: 
University of Illinois Press.

Percy L (2012) The role of emotion in processing advertising. In: Rodgers S and Thorson E (eds) 
Advertising Theory. New York: Routledge, pp. 69–84.

Rahn WM, Aldrich JH, Borgida E, et al. (1990) A social cognitive model of candidate appraisal. 
In: Ferejohn JA and Kuklinski JA (eds) Information and Democratic Processes. Urbana, IL: 
University of Illinois Press, pp. 136–159.

Raine L (2012) Social Media and Voting. Pew Internet and American Life Project. Available at: 
http://www.pewinternet.org/Reports/2012/Social-Vote-2012.aspx

Raine L, Smith A, Schlozman K, et al. (2012) Social Media and Political Engagement. Pew Internet 
and American Life Project 2012. Available at: http://www.pewinternet.org/Reports/2012/
Political-engagement.aspx

Reyes A, Rosso P and Buscaldi D (2012) From humor recognition to irony detection: the figurative 
language of social media. Data & Knowledge Engineering 74: 1–12.

Richardson HM (1940) Community of values as a factor in friendships of college and adult women. 
Journal of Social Psychology 11: 303–312.

Russell JA (1983) Pancultural aspects of the human conceptual organization of emotions. Journal 
of Personality and Social Psychology 45: 1281–1288.

Skopek J, Schulz F and Blossfeld HP (2011) Who contacts whom? Educational homophily in 
online mate selection. European Sociological Review 27(2): 180–195.

Sunstein C (2006) Republic 2.0. Princeton, NJ: Princeton University Press. Available at: http://
techcrunch.com/author/tcerick/

Thelwall M (2009) Homophily in MySpace. Journal of the American Society for Information 
Science and Technology 60(2): 219–231.

Thelwall M (2010) Emotion homophily in social network site messages. First Monday 15(4). 
Available at: http://firstmonday.org/ojs/index.php/fm/article/view/2897

Thelwall M, Buckley K and Paltoglou G (2012) Sentiment strength detection for the social Web. 
Journal of the American Society for Information Science and Technology 63(1): 163–173.

Tinkham S and Weaver Lariscy RA (1994) A Diagnostic approach to assessing the impact of nega-
tive political advertisements. Journal of Broadcasting and Electronic Media 37(4): 377-400.

Tumasjan A, Sprenger TO, Sandner PG, et al. (2010) Election forecasts with Twitter: how 140 
characters reflect the political landscape. Social Science Computer Review 29(4): 402–418.

Van Alstyne M and Brynjolfsson E (1996) Electronic communities: global village or cyberbal-
kans? In: Proceedings of the international conference on information systems (ICIS) (ed  J 
DeGross, S Jarvenpaa and A Srinivasan), Cleveland, OH, 16–18 December 1996, pp. 80–98.

Verbrugge LM (1977) Structure of adult friendship choices. Social Forces 56(2): 576–597.
Wasserman S and Faust K (1999) Cambridge: Cambridge University Press.
Wellman B (1996) Are personal communities local? A Dumptarian reconsideration. Social 

Networks 18(4): 347–354.

 at SAN DIEGO STATE UNIV LIBRARY on February 4, 2015nms.sagepub.comDownloaded from 

http://www.pewinternet.org/Reports/2012/Social-Vote-2012.aspx
http://www.pewinternet.org/Reports/2012/Political-engagement.aspx
http://www.pewinternet.org/Reports/2012/Political-engagement.aspx
http://techcrunch.com/author/tcerick/
http://techcrunch.com/author/tcerick/
http://firstmonday.org/ojs/index.php/fm/article/view/2897
http://nms.sagepub.com/


Himelboim et al.	 19

Yu B, Kaufmann S and Diermeier D (2008) Exploring the characteristics of opinion expressions 
for political opinion classification. In: Proceedings of the 2008 international conference on 
digital government research, Montreal, QC, Canada, 18–21 May 2008, pp. 82–91.

Author biographies

Itai Himelboim, PhD, is an associate professor at the H.W. Grady College of Journalism & Mass 
Communication, University of Georgia. He studies social media networks and their implications 
for democracy and civil society. He pursues this interest by examining patterns of interactions and 
identifying key actors and communities in Twitter, YouTube, discussion forums, and other social 
spaces.

Kaye D Sweetser, PhD, is an associate professor of public relations at San Diego State University 
in the School of Journalism & Media Studies. Her research focuses on politics as public relations 
campaigns. The majority of her work examines digital political public relations and looks at vari-
ous social media and online tool use in campaign and effect on the electorate.

Spencer F Tinkham, PhD, is professor of advertising at the University of Georgia, Athens. His 
research interests include message, audience, and source factors in political communication within 
both traditional and online media, with particular emphasis on the impact of negatively valenced 
persuasive appeals.

Kristen Cameron is a doctoral student at the Grady College of Journalism and Mass Communication 
at the University of Georgia. Kristen studies source credibility in negative political advertising and 
social media networks on Twitter.

Matthew Danelo, PhD, is a media consultant. He has more than a decade of professional experi-
ence in all areas of mass media. He consults on national and international media practices, and his 
research interests include digital media, emerging television platforms, and the intersection of 
political satire and popular culture.

Kate West, PhD, is a television reporter and an adjunct professor of Journalism at the University 
of Texas in Austin. She is the morning reporter for the Emmy award-winning KXAN News Today. 
Her research looks at the convergence of media organizations and the sharing of content between 
competing organizations.

 at SAN DIEGO STATE UNIV LIBRARY on February 4, 2015nms.sagepub.comDownloaded from 

http://nms.sagepub.com/

