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Abstract

Social network research often takes the view that net-
works chiefly influence the spread of culture, with few
reciprocal effects. While some network scholars have
implied a coevolutionary relationship between the two,
cultural sociologists have provided increasingly con-
vincing evidence that it is in fact cultural preferences
which mediate network structure, rather than the other
way around. In the present work, we attempt to validate
one such model of the conversion of cultural capital to
network position. We use Twitter data to extract the
ego networks of individuals and foursquare check-ins
to understand their cultural preferences. Our results are
indicative of the importance of considering sociological
models in which culture influences network structure.

Introduction
Our understanding of the relationship between culture and
social network structure is, at best, murky. Many network
scholars believe that social connections drive cultural pref-
erences, with little reciprocal influence of culture on network
structure (Pachucki and Breiger 2010). Others have come to
believe that the relationship between culture and networks
is best viewed as symbiotic; cultural preferences coevolve
with social interaction and the sharing of information (Car-
ley 1991). Finally, cultural sociologists have recently rein-
vigorated the assertion that cultural preferences should be
considered to play the causal role in the relationship between
culture and social network structure, rather than the other
way around (Vaisey and Lizardo 2010).

In the present work, we attempt to validate the claims of
Lizardo’s cultural conversion model (CCM) (Lizardo 2006;
2011), a sociological theory which meshes the symbiotic and
“culture-first” perspectives. Lizardo argues that culture does
not simply coevolve with network structure. Rather, he sug-
gests that individuals are constantly using culture in partic-
ular ways with particular social ties. More specifically, peo-
ple who have “passing knowledge” in many domains can
use this weak culture (Schultz and Breiger 2010) to jump
in at the fringes of many different social groups. In con-
trast, individuals who hold many varieties of strong culture,
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or deep knowledge within particular domains, can use it to
form stronger bonds with like-minded individuals. The end
result of this process is that ownership of more weak culture
leads to less clustered personal (or “ego”) networks, while
ownership of more strong culture leads to more closed ego
networks.

In order to perform an empirical study of the CCM,
we collect data on 1,817 Twitter users who routinely post
foursquare checkins as public tweets. We use these check-
ins as markers of the strong and weak cultural preferences
that these individuals hold by manually re-coding foursquare
venue categories into cultural preference domains used in
a previous test of the CCM. We then extract the ego net-
works of these users by crawling their tweets, follower and
followee relationships and the tweets of all others they have
mentioned. Finally, we calculate linguistic characteristics of
the user’s tweets to both relate our efforts back to previous
work and to examine the role that these lexical markers of
culture may play in network evolution.

Armed with this data, we build regression models to test
the following assertions of the CCM:

• The more strong (weak) cultural preferences one has, the
more (less) closed one’s ego network is

• The more total cultural preferences one has, the more total
social ties one has

• The more strong cultural preferences one has, the more
strong ties one has

• The more weak cultural preferences one has, the more
weak ties one has

Our results support portions of the CCM, but in general seem
to be better supported by alternative theoretical work that
admits different levels of dynamism exist in both network
and cultural structures (Patterson 2014).

Related Work
Several scholars have considered the extent to which vari-
ous markers of an individual’s topical and cultural prefer-
ences predict the number of followers she has (Wang and
Kraut 2012; Hutto, Yardi, and Gilbert 2013). While this line
of work provides useful methodological approaches that are
utilized here, it is not clear that the sociotheoretic ground-
ings of the CCM apply to studies of follower counts. This



because while the CCM focuses on social ties, following
relationships may be representative of “informational” con-
nections rather than social ones (Ma, Sun, and Cong 2013).
Scholars seeking to study distinctly social ties on Twitter
thus have used various means to extract social relationships
and ignore informational ones. The most frequent opera-
tionalizations of a social tie on Twitter make use of mutual
following relationships, mutual retweets or mutual men-
tions. Though efforts have been made to calibrate better
models of tie strength on Twitter (Gilbert 2012), measures
of interaction frequency still seem to reliably predict rela-
tional strength in social media data (Jones et al. 2013).

Researchers have also considered how social relationships
intertwine with various forms of culture on Twitter (Romero,
Tan, and Kleinberg 2013; Quercia, Capra, and Crowcroft
2012) and foursquare (Silva et al. ; Joseph, Carley, and Hong
2014). These works provide us with confidence in the exis-
tence of an important, if broadly defined, relationship be-
tween cultural preferences and network structure in Twitter
data. Our work compliments these efforts by making a dis-
tinction between two different forms of culture measured in
previous work and considering both in a single model. We
consider both lexical measures of culture, which have been
shown to be relatively dynamic (Eisenstein et al. 2014), and
culture as defined by interests in distinct topical domains,
which empirical work suggests are far more stable (Lizardo
2006). These two measures of culture are related, but theo-
retically and thus operationally distinct.

Data and Methodology
The foursquare data we work with is a collection of approx-
imately 12M foursquare check-ins posted publicly to Twit-
ter, along with information on the category of the venues
at which users checked in (e.g. ”Airport”)1. In order to ex-
tract cultural preferences from this data, we manually match
venue categories from check-ins to the nine categories of
cultural forms (e.g. Sports, Music, Science, etc.) studied by
Lizardo (2011) in his empirical analysis of the CCM. Three
human coders were shown a list of venue categories and
were asked to label them as being from one of these nine
categories, or a “none” category. Fleiss’ kappa was 0.64,
suggesting manual codings showed “substantial agreement”
(Landis and Koch 1977). We then determined the “strength”
of the preference for each cultural form for each user in
our dataset using a hard threshold - users who had three or
more check-ins in a specific cultural preference domain were
deemed to have a “strong” preference for that domain. Users
who had one or two check-ins in a domain had a “weak”
preference for the domain. The hard threshold approach is
also used by Lizardo (2011).

Having extracted the strong and weak cultural preferences
of our users, we then constructed ego networks using addi-
tional data extracted from Twitter. As collecting this data for
all users was computationally prohibitive, we a small sub-
set of 1,817 reasonably active users (between 100 and 25K
tweets overall, more than 50 tweets in 2014, more than 10

1We thank Brendan O’Connor and Justin Cranshaw for provid-
ing the data

checkins and fewer than 5K followers) for our study. These
users were drawn randomly from across the distribution of
combined numbers of strong/weak preferences. However,
we only considered only users with five or fewer strong and
weak preferences, as data beyond this was too sparse.

For each user in our subsample, we collected fol-
lower/followee relationships and their full tweet timeline (up
to their last 3200 tweets). We used this data to determine
the social ties that made up each user’s ego network. We
considered a social tie to exist between two Twitter users
if and only if they both followed each other and had men-
tioned each other at least once in a tweet sent during 2014.
The strength of a tie between two users was computed as the
minimum number of times one mentioned the other during
2014. For each user we have check-in data for, we completed
the extraction of their first-order ego network by adding so-
cial ties between their alters where the relationship between
the alters fit the definition of a social tie described here.
This process required the collection of follower/followee re-
lationship and all tweets for each of these individuals.

After extracting ego networks for our set of users, we
then extracted three linguistic markers of their tweets that
have been utilized in prior studies: proportion expected to
contain informational content (as defined by Hutto, Yardi,
and Gilbert (2013)), average number of hashtags per tweet
(Hutto, Yardi, and Gilbert 2013) and the average pairwise
cosine similarity of unigram representations of the user’s
tweets (Hutto, Yardi, and Gilbert 2013; Wang and Kraut
2012). These linguistic markers are extracted from only the
users’ tweets sent before 2014, and thus precede tweets used
to construct ego networks. This is also true of the data used
to extract users’ cultural preferences, as data collection for
the foursquare check-ins ended in 2012.

Using all of the data described above, we construct four
negative binomial regression models (with the canonical
logit link function), one to test each of the listed assertions
of the CCM. Due to the number of implicit comparisons
made, we use α = .01 to determine significance; all coeffi-
cients discussed in the following section are significant with
p < .01. Additionally, the models presented are parsimo-
nious, as determined by starting with a full predictive model
and then selectively excluding uninteresting variables using
ANOVAs to compare nested models. All models discussed
show a reliable (p < .01) fit to the data.

Before model selection, all four full models include our
three linguistic variables as well as three controls-the loga-
rithms of the number of a user’s check-ins, the total number
of mentions by the user and the total number of tweets by the
user in 2014. In cases where the CCM predicts an effect of
strong and/or weak cultural preferences, the full model in-
cludes both variables as predictors. In the single case where
the CCM predicts an effect of the total number of cultural
preferences, we use total preference counts as opposed to in-
cluding both strong and weak counts as predictors. Finally,
in the closure model, we follow Lizardo (2011) and include
an offset term for the logarithm of the total number of pos-
sible connections (i.e. the number of ties squared).

All coefficients in all models are standardized by sub-
tracting the mean and dividing by two standard devi-



ations (Gelman 2008). Finally, we display results us-
ing the Incident Rate Ratio (IRR) of the outcome vari-
ables. The IRR can be interpreted as a multiplicative ef-
fect that a two standard deviation change in the indepen-
dent variable has on the dependent variable. All code and
data necessary to replicate our analysis are available at
https://github.com/kennyjoseph/icwsm lizardo.

Results
Figure 1 displays coefficients, excluding the intercept, for
the most parsimonious models for predicting, from left to
right, the number of total, strong and weak social ties of
the Twitter users we study, as well as the tie closure mod-
els. The total tie and weak tie models provide support for
two of the assertions we posed regarding the CCM. A two
standard deviation increase in a users’ total number of cul-
tural preferences is associated with an 18.6% [7.8-30.4%]
increase in the users’ total number of social ties. Similarly,
users with high levels of weak cultural preferences have, on
average, almost 14% [4.6-22.9%] more weak ties than those
with low levels of cultural preferences As the middle plot
in Figure 1 shows, however, there is no significant effect of
strong cultural preferences on the number of strong ties that
a user has.

Figure 1 also shows that the only other variable appear-
ing in each of the tie count models is the pairwise cosine
similarity of a user’s tweets prior to 2014. This variable is
negatively associated with the number of strong, weak and
henceforth total number of social ties for a user. Users with
low levels of cosine similarity in their tweets prior to 2014
have, on average, around only 65% of the strong, weak and
total ties that users with higher levels of linguistic similarity
do. The only other variables we observed that were negative
predictors of tie count were proportion of tweets contain-
ing informative content, which had a negative effect on total
(15.1-22.0% decrease) and strong (36.0-48.4% decrease) tie
counts, and the number of check-ins a user had, which had
a weaker but reliable negative effect on the total number of
ties an actor had (7.0-15.8% decrease).

The right-most plot in Figure 1 shows results for the net-
work closure model. Due to the use of the offset variable,
all coefficients are here interpreted relative to the possible
number of connections between their social ties. We find no
support for the claims of the CCM in our data, as neither
strong nor weak cultural preferences emerge as significant
predictors of network closure. The only predictors to remain
in the parsimonious model of network closure are average
hashtag usage, the number of tweets a user sent in 2014 and
the lexical coherence of a user’s tweets prior to 2014 as mea-
sured via cosine similarity.

Discussion
Space constraints limit a full exploration of results. How-
ever, relevant to the CCM, we find that weak cultural prefer-
ences determined using data from 2012 have a reliable effect
on Twitter ego networks constructed from tweets sent 12-24
months later. Our work thus adds novel empirical evidence
to the increasingly popular sociological view that culture

Figure 2: Left: Relationship between weak cultural preferences and
cosine similarity of a user’s tweets. Black vertical bars are 95%
bootstrapped CIs. The blue line is a best-fit least-squares estimate
of the linear relationship between the variables, with its own 95%
CI in grey. Right: the same plot, except in comparison to strong
cultural preferences

has a stable and profound effect on network structure. How-
ever, these findings must be qualified in two important ways.
First, strong cultural preferences have no effect on strong
social ties, nor on ego network closure. It is distinctly pos-
sible that this is a result of the “weak tie” nature of Twitter
(Gilbert 2012; Hutto, Yardi, and Gilbert 2013) precluding
the study of the true impact of strong cultural preferences
on network structure. The second caveat is that weak cul-
tural preferences do not decrease closure in a user’s ego net-
work. Instead, it is the cosine similarity of users’ tweets that
has the expected negative association with network closure.
Cosine similarity of a users’ tweets also predicts a strong
decrease in their number of social ties. Neither of these find-
ings can be remedied by the theoretical guidelines estab-
lished by the CCM, which explicitly focuses on more stable
cultural forms that exist beyond language.

Both of these findings are, however, consistent with the
“symbiotic” theory from which the CCM draws. Specifi-
cally, Constructuralist theory (Carley 1991) predicts that an
actor with a more restricted vocabulary should have both a
smaller and more closed social network. There thus exists
a causal story that posits some stable, external propensity of
an actor to have a high level of consistency in their language,
which in turn may lead to smaller, more clustered personal
network. Though this is not directly implied by the CCM,
this interpretation is consistent with a slightly more generic
cultural conversion model in which stable cultural schemata
influence the emission of more dynamic cultural artifacts,
which in turn co-evolve with network structure.

If this were to be the case, we would thus expect that an
increase in weak culture is associated with less linguistic
similarity in users’ tweets, while more strong cultural pref-
erences are indicative of more consistent language. Figure 2
shows, on the left, a negative, significant (p < .001) asso-
ciation between lexical coherence and the number of weak
cultural preferences one has. On the right, we observe a pos-
itive, significant (p < .001) association between lexical co-
herence and the number of strong cultural preferences one
has. Our data thus support the idea that stable cultural pref-
erences influence less stable linguistic markers of a user’s
cultural embeddings, which in turn exist within a symbiotic
relationship with network structures.

Conclusion
The present work is motivated by the ongoing debate over
the relationship between culture and networks (Pachucki and



Figure 1: Regression coefficients with 95% CIs for the three tie count models and the closure model. From left to right, we display the total
tie count model, the strong tie count model the weak tie count model and finally the tie closure model results. The red line at an IRR of 1
indicates the value at which the independent variable would have no effect on the dependent variable.

Breiger 2010). As with any study that uses social media data,
myriad methodological issues may have hindered or played
a mediating role in our results (Ruths and Pfeffer 2014).
There are, however, issues specific to our efforts. Most im-
portantly, while we feel the use of check-in data comes at
least as close to the definition of cultural preferences pro-
vided by the CCM as the survey data Lizardo himself used,
it is unclear how well foursquare checkins, or the way in
which we divided them into strong and weak preferences,
really detail the true cultural preferences of users.

Such limitations aside, however, our work provides inter-
esting empirical insight into the ongoing debate over the
relationship between culture and networks, furthering re-
cent suggestions in the sociological literature that, as is so
often the case, everyone is right. Our results are consis-
tent with a world in which there are certain elements of
culture that are highly stable and thus cannot be readily
changed via social interaction. These stable cultural forms
may have strong effects, in part through less stable cul-
tural artifacts, on the structure of our evolving social net-
works. Our findings do not preclude the existence, however,
of strong social ties which are themselves unaffected by
cultural preferences, thus forming a backbone of sociality
that deeply affects less stable cultural preferences. Finally,
the exchange of the ephemeral elements of culture and the
transitory nature of social ties combine to form a mezzo-
level, symbiotic linkage between culture and network forms.
In such a model, both cultural and network structures ex-
ist on a spectrum of dynamism, where more dynamic net-
work elements are more amenable to mediation by more
stable cultural elements as well as the other way around.
This depiction of culture and networks falls in the spirit,
if not in the precise assumptions as they are understood
here, of Lizardo’s cultural conversion model (Lizardo 2006;
2011). It has also been implied in several other recent dis-
cussions of the interplay of culture, cognition and networks
(Patterson 2014).
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