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Abstract This article demonstrates the utility of combining individ-
ual survey data with social media content data in order to analyze how
social context predicts individual behavior. The lack of valid and reli-
able measures of the contexts of social interaction in which individuals
are embedded has remained an Achilles heel of the survey method.
The reason is that the collection of direct observation of social interac-
tion requires qualitative analysis of the context, which, hitherto, has
been too costly to collect on a large scale. Instead, researchers have
resorted to indirect measures such as aggregate group composition, re-
spondent reports of social context, and institutional accounts.
However, with the recent advent of social media data, contemporary
social scientists now have social interaction data on an unprecedented
scale. To utilize these data for quantitative analysis, researchers have
to transform text prose into good measurement. We combine qualita-
tive content analysis and supervised machine learning in order to en-
sure both semantic validity and accuracy in our measure of social
interaction in Facebook groups. To test the substantive performance of
the direct measures of social interaction, we use it to predict individual
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participation in refugee solidarity activism in Denmark. Additional
testing indicates that the direct measure cannot easily be replaced by
indirect measures of social interaction derived from group composition
and institutional accounts. We also show how contexts and individual
respondents can be effectively sampled using Facebook groups.
Finally, the article discusses the limitations of social media data and
points to alternate settings where our design is applicable.

Can Social Media Data Replace or Complement Survey
Data?

Social media content data have emerged as an alternative or supplement to
survey data. Some scholars have argued that social media data can replace
surveys (Savage and Burrows 2009; Mayer-Schónberger and Cukier 2013),
providing large N and continuous measurement at a low cost (Golder and
Macy 2014; Ceron, Curini, and Iacus 2015). However, despite some early
studies finding a relatively strong correlation between surveys and social me-
dia analysis, recent scholarship shows that these relations are not necessarily
robust over time. As Conrad et al. (2019) argue, it is implausible to always
expect similar results, particularly as demographic characteristics can differ
enormously across survey and social media populations and the stimuli con-
ditions vary dramatically. With surveys, we know the population, what ques-
tions participants are answering, and under what conditions. In contrast, with
social media, we have no such certainty. In short, there is little evidence to
suggest that we can straightforwardly replace expensive surveys with analy-
ses of low-cost social media data.

Another way of characterizing the difference between survey and social
media data is that surveys measure individual attributes and attitudes while
social media captures the symbolic environments, social relations, and events
that actors are embedded in and respond to (Ruppert, Law, and Savage
2013). From this vantage point, social media content data’s strength is to
measure the social context that individuals navigate. James Coleman (1958;
see also Cicourel 1964; Barton 1968) noted long ago that surveys treat indi-
viduals as though they existed outside any context of social interaction, and
many attempts across the social sciences, including from Coleman himself,
have been made to bring “social context” back in (Katz and Lazarsfeld,
1955; Barton 1968; Weatherford 1982; Granovetter 1985).

This paper argues and demonstrates that social media content data can pro-
vide a fruitful alternative data source on social context that with great benefit
can be combined with survey data in order to understand how social context
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relates to individual behavior. We illustrate the benefits of our design with a
study of how contentious interactions within activist Facebook groups pre-
dict individual likelihood of political participation. In contrast to the domi-
nant approaches measuring social context indirectly with proxies, the method
proposed in this study directly measures social context using content data
from Facebook groups. These groups were also used to sample respondents
for a survey. Thus, the paper argues that social media provides both a rich
and useful source of social context data as well as a practical sampling frame
for generating multilevel survey datasets.

Ways of Measuring the Social Context of Political Behavior

Contextual influences can refer to many different phenomena. In this paper,
we are interested in measuring an important subset of those typically cap-
tured under general terms, such as discussion networks (Marsden 1987;
McLeod et al. 1999) or small groups (Olson 1965), which in political sociol-
ogy and civil society studies are often specified as civic, activist, or grass-
roots groups (Gundelach 1979; Eliasoph and Lichterman 2003; Blee 2012).
What they all refer to is the interactional context composed of recurrent com-
munication patterns between individuals in a group which we, in short, will
refer to as social interaction (Leighley 1990; Mcclurg 2003). There are four
overall ways of measuring social interaction:

COMPOSITIONAL MEASURES

Compositional measures aggregate individual attributes within a bounded set-
ting, such as a neighborhood, workplace, or organization (Huckfeldt 1979;
Ibsen, Toubøl, and Jensen 2017; Lipset, Trow, and Coleman 1956). This mea-
sure of social context is indirect because it infers what is being said or done
from who is present in the setting. As a measure of social interaction, it rests
on two rather strong assumptions: First, that group-level composition describes
the actual social networks of individuals, and second, that the composition of
individuals determines the content of interaction. The first assumption seems
more and more unlikely the larger the setting is, because within them individu-
als are more likely to opt for social relations or smaller settings with a different
composition. The second assumption is inconsistent with theories of social in-
teraction (Rawls 1987; Fine 2012), which argue that it is problematic to as-
sume that the individual level determines the interactional level.

RESPONDENT REPORTS

Respondent reports of social interaction use survey questions that ask the indi-
vidual respondents about the content of social interaction (Weatherford 1982;
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Leighley 1990). For instance, the US National Election Survey’s “Do you ever
discuss politics with your family or friends?” attempts to measure actual con-
tent of social interaction in this way. Consequently, inference shifts from who
people are with to what respondents say is going on in interactions. The limita-
tions of self-reported data on social interaction have long been known. As
Allen H. Barton remarks, respondents “may not accurately perceive it, or they
may not be conscious of characteristics of the context which actually influence
them” (1968, p. 2). These observations are supported by research on the atti-
tude-behavior gap (Jerolmack and Khan 2014) and social desirability bias
(Kreuter, Presser, and Tourangeau 2008; Hariri and Lassen 2017), shown to
influence self-reported voting behavior (e.g., Dahlgaard et al. 2019). Thus, it is
questionable if survey responses can be used to reliably infer the content of so-
cial interaction.

INSTITUTIONAL ACCOUNTS

Policies, bylaws, newsletters, and other organizational documents can be
used to measure the rules and/or ideologies that govern interaction in a given
community. This approach to measuring social interaction has been applied
to a wide range of communities, ranging from countries (Esping-Andersen
1990) to social movement organizations (Snow et al. 1986). In the latter
case, of particular relevance to the case of this study, organizational docu-
ments or elite statements are used to derive the frames of interpretations that
guide the coordination of collective action (Snow and Benford 1988). This
approach assumes that organizational documents or elite statements capture
the interaction of the movement’s rank-and-file members. The approach has
been criticized for “elite bias” (Benford 1997), a concern supported by ethno-
graphic findings that document a high variation in patterns of interaction in
groups with similar institutional frames (Eliasoph and Lichterman 2003).

DIRECT OBSERVATION

Ethnographies and other methods of direct observation of political participa-
tion (Mansbridge 1983; Snow et al. 1986; Eliasoph 1998; Lichtermand and
Eliasoph 2014; Pacewicz 2016) have the obvious advantage that they do not
rely on indirect measures (Jerolmack and Khan 2014). Who interacts with
whom and the content of the interaction is readily available to the analyst.
The inferential challenge is to map observed interaction into more abstract
categories, requiring the researcher to learn how symbols are used within the
given context in order to ensure semantic validity (Lichterman 2017).
However, in situ interaction is ephemeral, demanding an analyst to be pre-
sent in the actual setting to gather data, and hitherto, large-scale direct obser-
vation of social interaction has been almost impossible to generate, due to
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pragmatic constraints rendering it infeasible to combine and integrate meth-
ods that directly observe interaction with large-scale surveys.

OBSERVING INTERACTION THROUGH SOCIAL MEDIA

The limitations to obtaining direct observation measures change when social
interaction is mediated through social media platforms. Social media infra-
structures typically record all interactions, the user ID of those interacting,
and the content of the interaction. This means that large amounts of interac-
tional data can be collected and coupled to specific social media users and
groups including political activist groups. A crucial challenge, well known
from the ethnography, concerns that social media content has to be under-
stood in its context, as demonstrated by Whitney Philips’s study of trolling
behavior (Philips 2011). Furthermore, data overload represents an additional
challenge. Many social media datasets have very large amounts of relational
and textual data. To overcome this challenge, researchers have developed
computational methods for automated text classification (Grimmer and
Stewart 2013; Evans and Aceves 2016). We will later explain how precisely
we think computational content analysis can produce valid and reliable meas-
ures of the content of social interaction.

The paper is structured by two overall analytical steps: The first is the process
of collecting observational and survey data from individuals within the same
context. The second is applying the measure of interactional context derived
from social media as predictor of extra-institutional political participation as
reported in the survey. The next section concerns the first step, which involves
a) sampling and gathering data on Facebook groups relevant to our research
questions, b) recruiting individual activists through announcements within differ-
ent Facebook groups, and c) collecting content data and transforming them into
measures of the within-group interaction by means of supervised machine learn-
ing (SML). The subsequent section focuses on the second analytical step, mea-
surement and statistical analysis, and the final section provides a summary and
critical appraisal of the methods we used, their implications, and limitations.

Combining Survey and Social Media Measures of
Interaction Context

Our method of combining individual-level survey data with observational
data on social interaction was developed in relation to an ongoing research
project on the Danish mobilization of refugee solidarity activism that started
in 2014 and reached its peak in 2015 (Toubøl 2017; Carlsen 2019). Refugee
solidarity activism is composed of two different types of activism: One is hu-
manitarian, focusing on aid, relief action, and ensuring the psychological and
social well-being of refugees. A second is contentious, aiming to alter or
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undermine antirefugee policies through protests, petitions, and civil disobedi-
ence. The substantive analysis that we use to argue for the benefit of using so-
cial media as a measure of social interaction asks whether refugee activist
groups influence which type of activism the actors engaged in. The guiding
hypothesis is that, in group contexts characterized by a high level of politically
contentious social interaction, the individual activists will have a higher likeli-
hood of participation in contentious activities as opposed to noncontentious
humanitarian activities (Carlsen, Toubøl, and Ralund 2021). Testing this hy-
pothesis demands that we both collect data on the content of social interaction
in the different activist groups and individual activists’ patterns of participation
in activism. To do this, we exploited the fact that the 2015 wave of refugee ac-
tivism took place to a great extent on Facebook: activists used Facebook
groups as their intranet to recruit, coordinate collective action events, socialize,
tell stories, comment on relevant events, and share information.

Facebook’s centrality to the movement organizations made the social me-
dia platform useful for data collection in two ways: 1) as a sample frame
used to sample social movement groups and individuals, and 2) as a source
of social media content data. The online survey collected data on individual
demographics, prior and present political participation, and inner states. At
low cost, it was distributed on Facebook to nearly all the refugee solidarity
groups and pages on Facebook.

SAMPLING SOCIAL CONTEXTS OF EPHEMERAL POPULATIONS

In order to estimate the correlation between social context and individual-
level behavior, a precondition is to obtain a sample of individuals in the very
context in which we are interested. This has proven to be a challenge to stu-
dents of political behavior. This is particularly true for the study of the
ephemeral populations of extra-institutional political behavior (Kapiszewski,
MacLean, and Read 2015, p. 290). Social movement activists are notoriously
hard to reach because of the lack of systematic membership lists. Moreover,
mobilizations fluctuate in response to events and their timing is therefore
hard to predict (Salganik 2018).

This was also the case in the 2015 mobilization of the Danish refugee solidar-
ity movement. Figure 1 depicts the explosive mobilization that took place in
September 2015, when the so-called “European Refugee Crisis” came to encom-
pass Denmark and tens of thousands of refugees crossed the borders in a highly
unregulated manner, motivating a massive mobilization of solidarity activism.
The figure shows the proportion of all newcomers who were active for the first
time in a given month (dark-gray line), the share of leavers active for the last
time in a given month (black line), and the share of active members compared
to the whole movement (light-gray line) over time. This graph clearly shows
that this movement’s population is highly ephemeral, with a very small part of
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the population being active in any given month and with many activists leaving
and entering the movement in different periods. The ephemeral character of the
population makes sampling difficult, but, as we shall argue below, social media
constitutes a useful frame for better sampling such ephemeral populations.

We wanted to conduct a survey covering all relevant Facebook contexts in
the form of groups used for organizing collective action. To accomplish this,
we identified groups using a keyword search including common terms
among the known organizations and groups in the movement (keywords are
listed in footnote 1 of Supplementary Material A). The selection of keywords
was informed by prior fieldwork in the movement spanning more than a
year, including 42 qualitative interviews with activists from a wide array of
networks and groups in the movement as well as online ethnography.

In total, 165 relevant groups were identified. One of the authors then be-
came a member of each group and contacted the group administrator to ask
for permissions to post the survey invitation letter in the group. Seven
administrators objected and the survey was not posted. The survey invitation
was also not posted in eight groups that were either quite small or were sub-
groups of other groups (e.g., the steering committee for a larger group). In
the end, 150 (91 percent) of the identified groups participated.

RECRUITING INDIVIDUAL ACTIVISTS IN CONTEXTS

After securing the participation of 150 grassroots groups, the second step
was to sample individuals. Due to the impracticability of obtaining

Figure 1. Active, new, and leaving members’ share of total movement
population per month, January 2015–July 2016.
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“friendship” and subsequently communicating individually with 100,000þ
Facebook user profiles, the only feasible option available was convenience
cluster sampling recruited via announcements. A post was distributed to all
groups inviting members to participate by following a link to the online survey
hosted on a secure server at the University of Copenhagen. The post briefly
explained the purpose of the research project and the content of the survey. In
addition it stressed that a high level of activity, or even any, was not a require-
ment for participating in order to avoid selection bias toward highly active
members. While this strategy seemed successful in terms of obtaining high
variation in level and spread of participation in activism, we still suspect that
the sample is biased toward highly active members. We chose a web-based
self-administered survey mode that has been shown to reduce social desirabil-
ity effects (Kreuter, Presser, and Tourangeau 2008), because the survey asked
sensitive and controversial questions (e.g., if the respondents participated in il-
legal activities such as assisting refugees going underground). In summary,
this design enabled us to obtain a large sample during the two-month data col-
lection period detailed in the following section.

Figure 2 depicts the accumulation of valid responses (solid line) and groups
with different thresholds of numbers of valid responses (broken lines).

Figure 2. Accumulation of valid individual and group-level cases during
data collection. Drop lines indicate posting of reminders. Data collection be-
gan on May 24, 2016.
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Between May 24 and 31, 2016, the survey was posted in the identified groups
as well as on pages affiliated with the movement. The questionnaire contained
51 question pages, some of which contained question batteries, and the median
completion time was 22 minutes with quartiles 18 and 28 minutes (the ques-
tionnaire is available in Supplementary Material G). Despite the questionnaire
being quite long for an online survey, the responses quickly accumulated; be-
fore the first reminders were posted on June 2 (first dropline in figure 2),
1,173 valid responses had been provided and 60 groups had over five
responses. On June 29 a second reminder was posted, sparking a steep in-
crease in participation taking the total number of valid responses, 1,931, to the
final count of 2,289, with the last response being given on July 28. However,
from July 5 (2,214 valid responses) onward, only a few responses were sub-
mitted on a daily basis and, with regard to the group count, no more reached
the threshold of 6 responses after July 4, totaling groups with n> 5 at 107.
Table 1 summarizes the final result of the data collection.

An important challenge is the accurate assignment of individuals to the
group that is most relevant to their activism. To this end, two techniques
were devised: First, each survey link was unique to the group or page it was
posted on, thus enabling automatic assignment of the respondents to a group.
However, due to activists with multiple group memberships and circulation
of the links, this procedure alone would likely result in false assignments.
Furthermore, unique survey links were also posted on Facebook pages (137
in total) but we suspected that only rarely would pages reflect the relevant
social context since they were mainly used for one-way communication by
NGOs and professionalized SMOs. Therefore, we devised a second check, a
survey item asking if the group or page of the link used to access the survey
was the primary group of the activist in relation to the refugee solidarity ac-
tivism and, if not, asking the respondent to provide the name of the correct
group. Of the total of 2,289 valid respondents, 583 corrected their group
affiliation.

Finally, we sought to assess the representativeness of the sample relative
to the frame population of all 28,304 Facebook users who were active in the

Table 1. Overview of data collection

Level Individual Context

Population All activists All groups
Frame population 28,304 165
Response sample 2,289 (8%) 107 (65%)
Data source Online survey Social media content data

NOTE.—Survey data were collected from May 24 to July 28, 2016.
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sampled groups during the data collection. We developed two individual
measures based on social media data comparable to the relevant survey
items: individual gender based on automated name recognition, and political
attitude based on the group members’ “like” history of public party-affiliated
pages (proven to be a highly reliable measure of political party preference by
Kristensen et al. 2017). Gender is a standard measure when it comes to sam-
ple representativeness, and of particular relevance to this case of a movement
with a repertoire dominated by humanitarian activities known to influence re-
cruitment in terms of gender (e.g., Rotolo and Wilson 2007). In addition, po-
litical attitude is of particular relevance to this study, as we are dealing with
political activism. Thus, despite many more measures such as education, age,
occupation, and geography being relevant, these two measures’ centrality to
the substantive research problem at hand makes the test meaningful.

Coding names by gender presents a challenge since some names are not
exclusive to one or the other of the binary genders. In addition, names may
be in languages not known to the classifier. In total, 13.2 percent of the
names could not be classified for these reasons. Of the remaining members
of the frame population, 75.5 percent are women (in name at least). The
movement principally being made up of women is reflected by the sample
being 84.3 percent women. This is, however, a significantly higher propor-
tion, implying that the sample overrepresents women.

The survey did not measure political attitude by political party voting in-
tent or preference but by self-placement on a political left-right scale. We
therefore converted individuals’ party likes on Facebook to a position on a
left-right scale. We did this by calculating factors expressing the relative as-
sociation between political party and placement on the scale using a sample
of 2,994 valid respondents from the 2017 round of the European Value
Survey, Denmark (Frederiksen 2019), asking about both party preference
and self-placement on a left-right scale. We are fully aware that the multidi-
mensional information of individual party preference is not readily transfer-
able to the one-dimensional space of a left-right scale, and this implies a
massive reduction of complexity as well as loss of information. On the other
hand, the correlation between party preference and position on the political
scale (not shown) places the parties as one would expect in accordance with
common wisdom of Danish politics, suggesting that the operation is mean-
ingful. In addition, we only use this method to estimate political attitudes on
the aggregate level of groups and the frame population and not at the individ-
ual level where the reliability is questionable.

Figure 3 shows the distributions of the movement’s Facebook population
and the survey sample on a political left-right scale. Means (variance) are
4.159 (r¼ 2.205) and 3.899 (r¼ 2.137), respectively, and both means and
variances differ significantly according to z-, t- and F-tests. Thus, the survey
sample is significantly more left-leaning and more homogeneous than the
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Facebook population. However, the difference in means is only 0.26 on the
10-point scale which, in substantive terms, is a very modest difference. The
same can also be said for the difference in variance. Thus, the two indicators
suggest that online self-selected convenience sampling can produce response
samples that are not extremely biased. The next step is to develop a measure
of social interaction from the Facebook groups’ content data.

COLLECTING CONTENT DATA AND TRANSFORMING THEM INTO MEASURES OF
THE WITHIN-GROUP INTERACTION

We collected 643,636 documents (posts and comments) from 119 Facebook
groups through the Facebook API (this type of data collection is not possible
through the Facebook API anymore). These content data on social interaction
in the Facebook groups were linked with the survey data at the group level,
enabling us to create measures of within-group interaction. The survey did
not ask for the respondents’ Facebook ID, only their affiliation to their pri-
mary movement Facebook group, and therefore, we cannot link the respond-
ents to their individual Facebook activity.

The content dataset of 643,636 documents were impossible to code manu-
ally. To overcome this challenge, we use supervised machine learning (SML),
where a model is trained and tested on a human-annotated dataset and then
used to classify the full population of documents (Evans and Aceves 2016).
SML has the advantage over other computational text methods in that it has
explicit metrics that are both used to train the model and evaluate the model’s
ability to reproduce the human annotations. Scholars can then evaluate the
model’s precision, accuracy, and recall before using the classification as

Figure 3. Distribution on political left-right scale of Facebook population
and survey sample (with 95% confidence intervals).
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measurement. Yet, it does not seem suitable for many social science applica-
tions to simply take human annotation as an unproblematic ground truth, as is
common in computer science (DiMaggio 2015). One cannot assume that any
human can understand the language used within a specific setting, and least of
all to be able to map these onto our theoretical categories of interest
(Malinowski 1994; Lichterman 2017). Human coders have to learn, through
immersion and extensive exposure, how language is used within a given social
context. In the following, we will go into greater depth on how we classified
our documents, our machine learning model’s features, and its performance.

To ensure that our coders and our categories were appropriate, we first under-
took a qualitative analysis of the social media content. This included a broad
reading across the many Facebook groups and an in-depth reading of specific
groups. After a phase of learning and discovery, we settled upon the definition
of a contentious statement as any statement having an implicit or explicit adver-
sary to the refugee cause. With this definition, we coded a random sample of
12,500 posts and comments. We coded these in context of the other messages
to ensure that the statements were properly understood. Furthermore, the texts
were presented in chronological order to ensure that the researcher could keep
track of relevant events that might inform the understanding of the content.

The 12,500 messages were then divided into 75 percent for training our
machine learning model and 25 percent for testing it. The relatively large set
of labeled documents was needed in order to handle a general challenge for
model training: the rarity of the category of interest. Besides this, we also
constructed some features that countered the problem of words that are rare
or nonexistent in the training data (a full description of this procedure can be
found in Supplementary Material A).

The final classifier performed well on various measures. The classifier has
an Area Under the Curve score of 0.941, an accuracy of 0.965, precision of
0.910, and performs substantially better than standard baseline models in text
classification (see Supplementary Material A). One worrying feature of the
model is its low recall of 0.590 (the classifier was able to find 59 percent of
the contentious statements in the test dataset.1 To evaluate potential bias due
to the recall rate, we ran a sensitivity analysis changing the decision bound-
ary to obtain a higher recall. The results are robust to a level of 0.90 recall
(see Supplementary Material A).

Satisfied with the performance on the test data, we used the classifier to la-
bel the full social media dataset (640,000þ posts and comments). This
resulted in a dataset where we had individual-level data on the timing, group,
and contentiousness of communication. But because we could only couple

1. It should be noted that given the highly unbalanced classes, it would be very hard to reach a
better performance than a recall of 0.59. But this is still problematic from the point of view of
measurement.
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the survey and social media data on a group level, we discarded the individ-
ual-level information. The final contentious interaction variable was the pro-
portion of contentious statements within each group during October and
November 2015, weighted by the total number of statements per month in
the groups. The contentious interaction variable ranges from 0 to 1. With a
low mean (0.046) and standard deviation (0.031), it is clear that it is concen-
trated on the lower end, around 0.05.

PRIVACY AND ETHICS

Various concerns with privacy and ethics need to be addressed in greater
depth when working with social media data where, in many cases, informed
consent is impossible to obtain. Following the Association of Internet
Research and leading researchers within the field of digital social research
(Salganik 2018), we were guided by the principle of contextual integrity,
where the focus is on researchers respecting the appropriate flow of informa-
tion as it is conceived in the field site. In this regard, it is important that one
of the authors is a known researcher of the movement who continually com-
municates with movement members. To the best of our knowledge, we have
respected the informational concerns of the movement members. The
Facebook groups were in many cases very large in size and directed toward
both mobilizing from and communicating with the wider public (either na-
tional or local), and hence were not conceived as private spaces for confiden-
tial communication. That said, the distinction between private and public on
social media is hard to determine, and we therefore do not treat the data as
public data and limit our direct citation and circulation of the data to the ab-
solute minimum. Furthermore, data were pseudonymized and stored on a
high-security server at the University of Copenhagen.

Social Interaction Predicting Participation

The integration of our individual-level survey and group-level measure of
contention allows us to model the relation between contentious group inter-
action and individual-level participation. Our theory was that degree of con-
tention within groups had an effect on individual chance of engaging in
political protest—independent of organizational frame and individual-level
characteristics (Carlsen, Toubøl, and Ralund 2021). However, in this paper
we focus on the methodological innovations of the design, specifically how
much our measure of social context matters for predicting differential
participation.

The dependent variable counts the number of contentious activities the re-
spondent has reported participating in, including activities such as petition-
ing, demonstrating, and civil disobedience (see Supplementary Material B).
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Seven different activities were recorded but, in order to avoid very small
counts in the higher categories, we recoded the variable into 0–4. As this
was a count variable and the design inquires about a group-level factor’s in-
fluence on an individual-level outcome, the straightforward model specifica-
tion would be a multilevel Poisson regression model.

In order to test our claim that our direct measure of social interaction is
both valid and superior to indirect measures, we need to be able to assess the
contribution of different measures in terms of variance explained. Due to the
inherent difficulties of estimating R2 in multilevel and Poisson regression
models (Snijders and Bosker 2012), we use OLS models. This implies less
precise estimates of the variable relationships. However, comparing the
resulting parameters with a multilevel Poisson regression model revealed no
alarming differences in terms of direction, size, and significance of the
parameters (see Supplementary Material C). Since the question of analyzing
the underlying social processes of the observed correlations and their theoret-
ical explanations is beyond the scope of the present study and for the sake of
clarity of argument (see Carlsen, Toubøl, and Ralund 2021 for a related
analysis of these questions using the same data), in the following we focus
on the variables’ main effects and their contribution to the overall level of
explained variance.

Table 2 summarizes the included variables (see Supplementary Material E
for details on variable constructions) in the five models presented in table 3,
allowing us to assess the contribution of the interaction variable measured by
R2. Common to cross-sectional survey designs, selection effects must be con-
sidered. In our case, individuals predisposed for political protest joining the
same groups while avoiding others could explain the observed correlations
between contentious interactional contexts and participation in contentious
activities. We attempt to control for such selection effects by including an
extensive set of variables.2 However, despite this comprehensive list of con-
trols, in a cross-sectional survey study, we cannot fully exclude the possibil-
ity of selection effects causing the observed correlations.

Model 1 of table 3 only contains the social interaction variable. In Model
2, we include all controls, both group level and individual level. Model 3
includes the same variables except the interaction variable. This tells us that

2. The variables include: 1) history of activism measuring the respondents’ prior engagement in
contentious activities like demonstrations, petitions, and more; 2) political attitude on a political
left-right scale; 3) embeddedness in political civil society; 4) whether the respondent was an ac-
tive member of the group before the mobilization in the fall of 2015 or became a member during
the mobilization and therefore was not influenced by the group’s culture before the period consid-
ered in this study; and 5) whether the group’s description frames its activities and goals as conten-
tious or not, which could function as a signal causing selection. In addition, we control for socio-
demographic and -economic factors, beliefs, values, biographical availability, and emotional
reactions.
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Table 2. Summary of variables included in statistical models

Variable (type) n Mean S.D. Min. Max.

Political protest (scale) 1,364 0.860 0.945 0 4
Contentiousness of social interaction (scale) 1,364 0.048 0.046 0 1
Contentious framing (binary) 1,364 1.025 0.156 0 1
Personal network (scale) 1,364 0.885 0.913 0 2
Organizational network (binary) 1,364 0.061 0.239 0 1
Political civil society embeddedness (scale) 1,364 4.228 1.688 0 9
Nonpolitical civil society embeddedness (scale) 1,364 3.850 2.044 0 9
Emotional response (scale) 1,364 3.463 0.975 0 4
Income (scale) 1,364 3.002 1.154 1 5
Worktime (scale) 1,364 1.816 1.596 0 5
Highest level of education (scale) 1,364 4.127 0.958 1 5
Degree of urbanization (scale) 1,364 3.424 1.232 1 5
Children in household (binary) 1,364 0.460 0.499 0 1
Age (scale) 1,364 48.822 13.849 15 84
Refugee (binary) 1,364 1.970 0.171 1 2
Active before September (binary) 1,364 0.538 0.499 0 1
Prior history of activism (scale) 1,364 1.754 1.638 0 5
Prior history of refugee activism (scale) 1,364 0.877 1.313 0 5
Self-transcendent values (scale) 1,364 5.556 1.797 1 8
Self-enhancement values (scale) 1,364 3.669 1.483 1 7
Political attitude (scale) 1,364 2.117 0.893 1 4
Frequency of church attendance (scale) 1,364 1.013 1.127 0 4
Occupation (nominal)

Full time 606 44 – – –
Part time 119 9 – – –
Self employed 118 9 – – –
Student 110 8 – – –
Unemployed 61 4 – – –
Early retirement 60 4 – – –
Retired 189 14 – – –
Other 101 7 – – –

Gender (nominal)
Female 1,172 86 – – –
Male 185 14 – – –
Identify as neither 7 1 – – –

Religion (nominal)
Nonbeliever 686 50 – – –
Danish National Church 594 44 – – –
Islam 22 2 – – –
Other 62 5 – – –

NOTE.—Supplementary Material E details how the variables were constructed.
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the measure of social interactions alone accounts for 7.49 percent of the vari-
ation in participation in contentious activities. This is quite substantial com-
pared to the 28.83 percent variation accounted for in Model 2 including all
variables. However, Model 3 reveals that, when including all covariates, the
direct effect of social interaction accounts for 1.78 percent variance. Model 4
is the most parsimonious model, only including significant estimates, and
Model 5 is the same excluding social interaction, here accounting for 2.15
percent variation. Thus, while a substantial amount of the effect of social in-
teraction variable is mediated or moderated by individual-level variables,
contentious social interaction is still a substantial predictor of participation in
contentious activism.

Contentious social interaction’s substantial contribution to the model’s
overall fit is confirmed by the dominance analysis reported below in table 4.
Dominance analysis allows us to assess the relative contribution of the cova-
riates included in the parsimonious model (Azen and Budescu 2003; 2006).
In this case, the general dominance statistic used to assess the relative contri-
bution of each variable is the weighted average marginal contribution of
each variable measured by the difference in R2 for models for all variable
combinations. Table 4 summarizes the results. At the top we find contentious
social interaction together with political attitude and emotional response be-
ing the most important predictors in terms of explaining the variance of con-
tentious activism.

Although other variables in the survey might be inferable from social me-
dia data, very important predictors of contentious activism are not. This

Table 4. Dominance standardized ranking of covariates in parsimoni-
ous model 4 of table 3

Covariate Dominance stat. Stand. dom. stat. Ranking

Contentious interactional context 0,046 0,176 1
Political attitude 0,044 0,169 2
Emotional response 0,040 0,154 3
Prior history of refugee activism 0,030 0,118 4
Active before September 0,025 0,098 5
Degree of urbanization 0,025 0,096 6
Political civil society embeddedness 0,012 0,047 7
Self-transcendent values 0,012 0,045 8
Contentious framing 0,011 0,042 9
Prior history of activism 0,009 0,033 10
Self-enhancement values 0,006 0,023 11

NOTE.—Religion has been excluded despite being significant because Dominance Analysis
cannot manage categorical variables.

280 Carlsen, Toubøl, and Ralund

D
ow

nloaded from
 https://academ

ic.oup.com
/poq/article/85/S1/264/6364539 by guest on 25 April 2024



points to the fruitfulness of combining social media and survey measures.
Both variables measuring inner states (emotional response and value disposi-
tion) and participation in activism (contentious activities; the history of activ-
ism) could not be measured in a reliable manner on social media due to the
risk of type 2 (false negative) measurement errors when this information is
simply not reported on social media. Here the survey instrument appears to
be the better choice.

CAN WE REPLACE DIRECT MEASURES OF INTERACTIONAL CONTEXT?

In continuation of the preceding discussion, a pressing question is whether
direct measures of social interaction from social media could be replaced by
indirect measures. These could be either compositional measures that use ag-
gregate individual characteristics, self-reported measures that use survey
questions on social context, or organizational accounts that document the
rules and/or ideologies that govern interaction. With regard to the latter, this
is included in the analysis above in the form of the framing variable measur-
ing the extent to which the group’s self-description defines its purpose as
contentious. This variable is indeed a significant predictor of participation,
but its association is modest compared to the social interaction variable as
expressed by both its coefficient and the general dominance statistic. The
survey does not contain any survey questions on social context, barring us
from testing this option.

In contrast, social media is ripe with compositional measures, allowing us
to test if social interaction could be substituted with a less costly and more
accessible measure. Based on the well-documented association between be-
ing politically left-leaning and participation in extra-institutional political ac-
tivism (Hirsch 1990; Dalton 2013)—also present in our own analyses (see
estimates of political attitude in Model 4, table 2)—we will test whether the
political composition of the group members predicts and indeed could substi-
tute the social media content measure of interactional context.3

Using the same method as in the representativity test, we derive a mean
on a ten-point political left-right scale for each group based on the total
“like” history of all group members being active in October–November 2015
(i.e., the same members whose in-group communication in the same period
was the data source of the social interaction variable). The correlation be-
tween the groups’ average placement on the left-right scale and their level of
contentious interaction is -0.402 (standard error¼ 0.202, p¼ 0.050), meaning

3. It should be clear that since we use social media data to construct the compositional measure,
we are simulating a hypothetical situation where such information was available for the total
frame population in the form of register data from membership records or gathered with a satu-
rated survey sample.
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that the more right-leaning, the less contentious interaction, as we would
expect.

Finally, we scrutinize the group-level political composition variable’s as-
sociation with individual-level participation in contentious activism. Table 5
reports three OLS models with participation in contentious activism ranging
0–4. In Model 1, which includes only political composition, the estimated
correlation is insignificant and the variance explained miniscule. In Model 2,
we include all variables from the parsimonious Model 4 in table 3, but we
only report the estimates of variables of particular interest, namely the
group-level variables and the individual-level variable of political attitude.
Even though the coefficient of political composition is slightly larger and the
standard error a little smaller, it remains insignificant (p¼ 0.087). In Model
3, we remove political composition (that is to say, it is the same as Model 4
of table 3), revealing that the R2 only decreases by 0.17, which renders
Model 3’s fit insignificantly less good than Model 2. While not a general
conclusion, in this case political composition would not be an acceptable in-
direct measure of the political culture of the grassroots groups, underlining
the potential benefits of sampling and directly measuring interaction using
social media content data.

Discussion: Limitations and Future Work

In this article, we have argued for the benefits of combining social media
and survey data in our attempt to understand how the context of social inter-
action predicts extra-institutional political behavior. Social media content
data provide a direct rather than indirect measure of the social interaction
that individuals engage in and are exposed to. Second, social media plat-
forms constitute sampling frames, which allows us to sample both individu-
als and contexts from ephemeral populations such as social movements,
activism, and political protest. Using Facebook as a sampling frame of this
hard-to-survey population, at low cost, we were able to gather valid
responses from 2,289 (8 percent coverage) activists and social media content
data from 119 social movement groups. Furthermore, we were able to obtain
above five responses from 107 groups (65 percent coverage), which makes it
possible to estimate robust multilevel models. By combining content analysis
with SML, we annotated all communication within the groups, resulting in
over 640,000 labeled documents. These could in turn be used to measure the
degree of contentious interaction within the activists’ Facebook groups and
in turn model its correlation with a measure of the individuals’ political par-
ticipation. Degree of contentious interaction on Facebook turns out to be the
variable that accounts for most variation in the dependent variable of self-
reported individual-level participation in contentious activism. Furthermore,
we test whether our direct measure of social interaction could be replaced by
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indirect measures of 1) the institutional accounts of the groups’ self-descrip-
tion of their purpose and activities, and 2) a compositional measure of aggre-
gate individual political attitudes. This was, however, not the case for either
indirect measure.

Our analyses and research design focused on measuring social context and
less on estimating the effect of social context on political behavior. In our
specific case, the survey data were cross-sectional and hence estimating how
a change in social interaction changes individual-level participation was not
possible. Extending the online survey to a panel survey could allow for de-
termining causal relations between social interaction and individual participa-
tion, without greatly increasing research costs. Of course, a challenge is the
unpredictable timing and duration of mobilizations, which requires some
agility on the part of researchers in the data-collection process.

One pressing question is when, and when not, social media content data
are a good measure of interaction. Researchers should ensure that there is a
strong coupling between the social media content data and the specific social
context they intend to study (Evans and Aceves 2016). In our case, the refu-
gee solidarity movement used Facebook groups extensively for a wide range
of tasks and the groups were the central sites of coordination and discussion,
and so the coupling was relatively strong. Many other types of social net-
works (voluntary groups, friendship circles, university cohorts, and more)
use Facebook groups for various purposes, and hence we believe the method
can be applied to many other cases. But in each case, researchers will need
to acquire in-depth knowledge of the cases’ use of social media in order to
be able to evaluate in what respects they can expect a coupling between con-
texts of social interaction and individual-level measures.

Other social media platforms, such as Reddit and Twitter, allow for a simi-
lar coupling between survey data and social media content data—critical
given Facebook’s recent restrictions to data collection. For instance, from
Twitter, researchers can retrieve users’ networks and the posted content
within these networks and thereby estimate individual users’ interactional
contexts. Our approach could also be applied to cases beyond social media.
Many organizations use intranet or email to communicate and coordinate ac-
tion, which have already been shown to be fruitful data sources for analyzing
patterns of communication’s consequences for individual-level outcomes
(Goldberg et al. 2016).

Yet, it is clear that many social contexts are not sufficiently encoded into
textual databases to allow for our research design to work, and thereby indi-
rect measures of interaction will continue to be useful in many cases.
Another important limitation is that the social contexts observed online can
only influence online participants, implying that the findings cannot neces-
sarily be generalized to, for instance, members of a movement who are not
online. It would require supplementary case-specific research to assess
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whether the online interactional contexts reflect offline interactional contexts
and thereby determine the transferability of findings observed online to off-
line settings.

It is also important to point out that our approach is not limited to social
media convenience samples. For instance, in case of more institutionalized,
stable, and population-wide political behavior, such as voting, it would make
sense to use a national representative sample and ask respondents for their
Twitter username or primary Facebook group and then supplement with a
collection of the relevant social media content data. In addition, this would
enable us to address some of the concerns regarding the transferability of on-
line findings to offline contexts because users and nonusers of social media
could be compared.

Finally, despite this study’s focus on how social media content data can
enrich survey data, it also demonstrates the reverse logic. Many scholars
have pointed to the problems of social media data: lack of demographic in-
formation seriously hampers inference due to unobservable population het-
erogeneity and, as Salganik (2018) argues, social media data tell us little of
individuals’ inner states. In relation to the present study, the survey provides
measures of inner states of values and emotions that figure prominently in
the model. Social media data are also limited in regard to behavioral varia-
bles such as the dependent variable of participation in activism of the present
study, due to the imminent risk of Type 2 measurement errors of false nega-
tives. Even though social media users occasionally may self-report behavior
like participation in activism online, this cannot be trusted to be done consis-
tently. An additional advantage of the design is that all essential individual-
level information is obtained from the survey where informed consent is
easily obtained, while the social media data is treated on the aggregate group
level. Future research should work out precisely how effective this coupling
is to provide an alternative to collecting and storing individual-level data
from digital traces. This is all the more relevant when studying issues around
contentious politics where individual-level information can be misused by
authorities.

Thus, in contrast to the early excitement around the potential of social me-
dia data to fully replace survey data, we agree with more moderate calls for
exploring the potentials for cross-fertilization (Salganik 2018). This study
contributes to this agenda by demonstrating how analysis of social media
content data can address the longstanding problem of measuring how social
context relates to individual-level survey outcome variables.

Data Availability Statement

REPLICATION DATA AND DOCUMENTATION are available at doi.org/
10.17605/OSF.IO/EDM4S.
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Supplementary Material

SUPPLEMENTARY MATERIAL may be found in the online version of
this article: https://doi.org/10.1093/poq/nfab022.

References

Azen, Razia, and David V. Budescu. 2003. “The Dominance Analysis Approach for
Comparing Predictors in Multiple Regression.” Psychological Methods 8:129–48.

———. 2006. “Comparing Predictors in Multivariate Regression Models: An Extension of
Dominance Analysis.” Journal of Educational and Behavioral Statistics 31:157–80.

Barton, Allen H. 1968. “Brining Society Back In: Survey Research and Macro-Methodology.”
American Behavioral Scientist 12:1–9.

Benford, Robert D. 1997. “An Insider’s Critique of the Social Movement Framing
Perspective.” Sociological Inquiry 67:409–30.

Blee, Kathleen M. 2012. Democracy in the Making: How Activist Groups Form. Oxford:
Oxford University Press.

Carlsen, Hjalmar Bang. 2019. Habits and Flows in Refugee Solidarity Activism—An
Interactional Approach by Digital Means. København: Københavns Universitet.

Carlsen, Hjalmar Bang, Jonas Toubøl, and Snorre Ralund. 2021. “Consequences of Group
Style for Differential Participation.” Social Forces. 99:1233–73.

Ceron, Andrea, Luigi Curini, and Stefano M. Iacus. 2015. “Using Sentiment Analysis to
Monitor Electoral Campaigns: Method Matters—Evidence from the United States and Italy.”
Social Science Computer Review 33:3–20.

Cicourel, Aaron V. 1964. Method and Measurement in Sociology. New York: Free Press.
Coleman, James. 1958. “Relational Analysis: The Study of Social Organizations with Survey

Methods.” Human Organization 17:28–36.
Conrad, Frederick G., Johann A. Gagnon-Bartsch, Robyn A. Ferg, Michael F. Schober, Josh

Pasek, and Elizabeth Hou. 2019. “Social Media as an Alternative to Surveys of Opinions
About the Economy.” Social Science Computer Review.

Dahlgaard, Jens Olav, Jonas Hedegaard Hansen, Kasper M. Hansen, and Yosef Bhatti. 2019.
“Bias in Self-Reported Voting and How It Distorts Turnout Models: Disentangling
Nonresponse Bias and Overreporting Among Danish Voters.” Political Analysis 27:590–98.

Dalton, Russell J. 2013. Citizen Politics: Public Opinion and Political Parties in Advanced
Industrial Democracies. Los Angeles: Sage.

DiMaggio, Paul. 2015. “Adapting Computational Text Analysis to Social Science (and Vice
Versa).” Big Data & Society 2:1–5.

Eliasoph, Nina. 1998. Avoiding Politics: How Americans Produce Apathy in Everyday Life.
New York: Cambridge University Press.

Eliasoph, Nina, and Paul Lichterman. 2003. “Culture in Interaction.” American Journal of
Sociology 108:735–94.

Esping-Andersen, Gosta. 1990. The Three Worlds of Welfare Capitalism. Princeton, NJ:
Princeton University Press.

Evans, James A., and Pedro Aceves. 2016. “Machine Translation: Mining Text for Social
Theory.” Annual Review of Sociology 42:21–50.

Fine, Gary Alan. 2012. “Group Culture and the Interaction Order: Local Sociology on the
Meso-Level.” Annual Review of Sociology 38:159–79.

Frederiksen, Morten. 2019. Den Danske Værdiundersøgelse 2017. ddv.aau.dk.

286 Carlsen, Toubøl, and Ralund

D
ow

nloaded from
 https://academ

ic.oup.com
/poq/article/85/S1/264/6364539 by guest on 25 April 2024

https://academic.oup.com/poq/article-lookup/doi/10.1093/poq/nfab022#supplementary-data
https://doi.org/10.1093/poq/nfab022


Goldberg, Amir, Sameer B. Srivastava, V. Govind Manian, William Monroe, and Christopher
Potts. 2016. “Fitting In or Standing Out? The Tradeoffs of Structural and Cultural
Embeddedness.” American Sociological Review 81:1190–1222.

Golder, Scott A., and Michael W. Macy. 2014. “Digital Footprints: Opportunities and
Challenges for Online Social Research.” Annual Review of Sociology 40:129–52.

Granovetter, Mark. 1985. “Economic Action and Social Structure: The Problem of
Embeddedness.” American Journal of Sociology 91:481–510.

Grimmer, Justin, and Brandon M. Stewart. 2013. “Text as Data: The Promise and Pitfalls of
Automatic Content Analysis Methods for Political Texts.” Political Analysis 21:267–97.

Gundelach, Peter. 1979. “Grass Roots Organizations.” Acta Sociologica 22:187–89.
Hariri, Jacob Gerner, and David Dreyer Lassen. 2017. “Income and Outcomes: Social

Desirability Bias Distorts Measurements of the Relationship between Income and Political
Behavior.” Public Opinion Quarterly 81:564–76.

Hirsch, Eric L. 1990. “Sacrifice for the Cause: Group Processes, Recruitment, and
Commitment in a Student Social Movement.” American Sociological Review 55:243–54.

Huckfeldt, R. Robert. 1979. “Political Participation and the Neighborhood Social Context.”
American Journal of Political Science 23:579–92.

Ibsen, Christian Lyhne, Jonas Toubøl, and Daniel Sparwath Jensen. 2017. “Social Customs
and Trade Union Membership: A Multi-Level Analysis of Workplace Union Density Using
Micro-Data.” European Sociological Review 33:504–17.

Jerolmack, Colin, and Shamus Khan. 2014. “Talk Is Cheap: Ethnography and the Attitudinal
Fallacy.” Sociological Methods & Research 43:178–209.

Kapiszewski, Diana, Lauren M. MacLean, and Benjamin L. Read. 2015. Field Research in
Political Science: Practices and Principles. Cambridge: Cambridge University Press.

Katz Elihu, and Paul Felix Lazarsfeld. 1955. Personal Influence, the Part Played by People in
the Flow of Mass Communications. Glencoe, IL: The Free Press.

Kreuter, Frauke, Stanley Presser, and Roger Tourangeau. 2008. “Social Desirability Bias in
CATI, IVR, and Web Surveys: The Effects of Mode and Question Sensitivity.” Public
Opinion Quarterly 72:847–65.

Kristensen, Jakob Bæk, Thomas Albrechtsen, Emil Dahl-Nielsen, Michael Jensen, Magnus
Skovrind, and Tobias Bornakke. 2017. “Parsimonious Data: How a Single Facebook like
Predicts Voting Behavior in Multiparty Systems” PLoS One 12.

Leighley, Jan E. 1990. “Social Interaction and Contextual Influences On Political
Participation.” American Politics Quarterly 18:459–75.

Lichterman, Paul. 2017. “Interpretive Reflexivity in Ethnography.” Ethnography 18:35–45.
Lichterman, Paul, and Nina Eliasoph. 2014. “Civic Action.” American Journal of Sociology

120:798–863.
Lipset Seymour Martin, Martin Trow, and James Coleman. 1956. Union Democracy: The

Inside Politics of the International Typographical Union. Glencoe, IL: Free Press.
Malinowski, Bronislaw. 1994. “The Problem of Meaning In Primitive Languages.” In

Language and Literacy in Social Practice: A Reader, edited by Janet Maybin, 1–10.
Celevedon: Multilingual Matters.

Mansbridge, Jane J. 1983. Beyond Adversary Democracy. Chicago: University of Chicago
Press.

Marsden, Peter V. 1987. “Core Discussion Networks of Americans.” American Sociological
Review 52:122–31.

Mayer-Schónberger, Viktor, and Kenneth Cukier. 2013. Big Data: A Revolution That Will
Transform How We Live, Work, and Think. New York: Houghton Mifflin Harcourt.

Mcclurg, Scott D. 2003. “Social Networks and Political Participation: The Role of Social
Interaction in Explaining Political Participation.” Political Research Quarterly 56:449–64.

Enriching Political Participation Surveys 287

D
ow

nloaded from
 https://academ

ic.oup.com
/poq/article/85/S1/264/6364539 by guest on 25 April 2024



McLeod, Jack M., Dietram A. Scheufele, Patricia Moy, Edward M. Horowitz, R. Lance
Holbert, Weiwu Zhang, Stephen Zubric, and Jessica Zubric. 1999. “Understanding
Deliberation: The Effects of Discussion Networks on Participation in a Public Forum.”
Communication Research 26:743–74.

Olson, Mancur. 1965. The Logic of Collective Action: Public Goods and the Theory of
Groups, Second Printing with a New Preface and Appendix. Cambridge, MA: Harvard
University Press.

Pacewicz, Josh. 2016. Partisans and Partners: The Politics of the Post-Keynesian Society.
Chicago: University of Chicago Press.

Phillips, Whitney. 2011. “LOLing at Tragedy: Facebook Trolls, Memorial Pages and
Resistance to Grief Online.” First Monday 16.

Rawls, Anne Warfield. 1987. “The Interaction Order Sui Generis: Goffman’s Contribution to
Social Theory.” Sociological Theory 5:136–49.

Rotolo, Thomas, and John Wilson. 2007. “Sex Segregation in Volunteer Work.” Sociological
Quarterly 48:559–85.

Ruppert, E., J. Law, and M. Savage. 2013. “Reassembling Social Science Methods: The
Challenge of Digital Devices.” Theory, Culture & Society 30:22–46.

Salganik, Matthew. 2018. Bit by Bit: Social Research in the Digital Age. Princeton, NJ:
Princeton University Press.

Savage, Mike, and Roger Burrows. 2007. “The Coming Crisis of Empirical Sociology.”
Sociology 41:885–99.

Snijders, Tom, and Roel. J. Bosker. 2012. Multilevel Analysis: An Introduction to Basic and
Advanced Multilevel Modeling. Los Angeles: Sage.

Snow, David A., and Robert D. Benford. 1988. “Ideology, Frame Resonance, and Participant
Mobilization.” International Social Movement Research 1:197–217.

Snow, David A., E. Burke Rochford, Steven K. Worden, and Robert D. Benford. 1986.
“Frame Alignment Processes, Micromobilization, and Movement Participation.” American
Sociological Review 51:464.

Toubøl, Jonas. 2017. Differential Recruitment to and Outcomes of Solidarity Activism: Ethics,
Values and Group Style in the Danish Refugee Solidarity Movement. Copenhagen:
Københavns Universitet.

Weatherford, M. Stephen. 1982. “Interpersonal Networks and Political Behavior.” American
Journal of Political Science 26:117–43.

288 Carlsen, Toubøl, and Ralund

D
ow

nloaded from
 https://academ

ic.oup.com
/poq/article/85/S1/264/6364539 by guest on 25 April 2024


	tblfn1
	tblfn2
	tblfn3
	tblfn4
	tblfn5
	tblfn6
	tblfn7

