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Abstract
Social networks and social media have played a key role for observing and influencing how the political landscape takes 
shape and dynamically shifts. It is especially true in events such as national elections as indicated by earlier studies with 
Facebook (Williams and Gulati, in: Proceedings of the annual meeting of the American Political Science Association, 2009) 
and Twitter (Larsson and Moe in New Med Soc 14(5):729–747, 2012). Not surprisingly in an attempt to better understand 
and simplify these networks, community discovery methods have been used, such as the Louvain method (Blondel et al. in J 
Stat Mechanics Theory Exp 2008(10):P10008, 2008) to understand elections (Gaumont et al. in PLoS ONE 13(9):e0201879, 
2018). However, most community-based studies first simplify the complex Twitter data into a single network based on (for 
example) follower, retweet or friendship properties. This requires ignoring some information or combining many types of 
information into a graph, which can mask many insights. In this paper, we explore Twitter data as a time-stamped vertex-
labeled graph. The graph structure can be given by a structural relation between the users such as retweet, friendship or fol-
lower relation, whilst the behavior of the individual is given by their posting behavior which is modeled as a time-evolving 
vertex labels. We explore leveraging existing community discovery methods to find communities using just the structural 
data and then describe these communities using behavioral data. We explore two complimentary directions: (1)  creating 
a taxonomy of hashtags based on their community usage and (2) efficiently describing the communities expanding our 
recently published work. We have created two datasets, one each for the French and US elections from which we compare 
and contrast insights on the usage of hashtags.

1 � Introduction and motivation

On any given day, more people use social media for news 
than any other media form. It is slightly more popular than 
TV and more popular than radio and newspapers combined 
(Perrin 2015). When we consider individuals aged under 
thirty, three times as many people use social media daily 
than those who read news papers daily (Perrin 2015). Social 
media changes the speed, reach and form of communication. 
Now anyone can post a message to anyone and they can 
post often with no cost. Social media also has an interac-
tive aspect like no other media, which means people can 
comment, re-transmit and even argue in real time. There are 
no doubt negative aspects such as the lack of fact checking 
but it is also without a doubt that social media can and does 
influence the world like no other media source. Considering 
worldwide organic social justice events such as #Occupy-
WallStreet, #ArabSpring and #JeSuisChar-
lie, it is not surprising that they have had an immense 
impact on established events such as elections, as it has been 
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shown for the 2008 US elections (Johnson and Perlmutter 
2013).

Consider, as an example, the impact of social media on 
the primary US election. Table 1 shows direct contributions 
by individuals and PACs (political action committees) much 
of which is spent on advertisement on radio, TV and printed 
matter. We immediately see an odd result. The least spenders 
for the Republicans (Donald Trump) and Democrats (Hilary 
Clinton) were the eventual winners of their respective prima-
ries. In Donald Trump’s case, he was outspent 2 as to 1 and 
even 3 as to 1. It is widely believed that social media allowed 
them to overcome the lack of paid advertisements in other 
medias (Enli 2017). This trend carried over even to the main 
election as shown in Fig. 1 where again Donald Trump was 
outspent but went on to win the presidency.

It is not believed that Twitter had a similar large-scale 
impact on the last French elections; however, previous works 
have clearly shown that these platforms are useful observa-
tory of French politics (Gaumont et al. 2018; Velcin et al. 
2014). This motivates us in following the same analysis as 
in the US election dataset, but performed on a comparable 
French dataset. It is grounded in the assumption explored 
in Poblete et al. (2011) that behavioral differences can be 
observed on Twitter usage in various countries over the 
world.

1.1 � Twitter as an observatory of politics

Of the social media platforms, arguably Twitter has had the 
greatest impact on politics due to many reasons including 
the large volume of data capable of being generated and the 
popularity amongst several candidates (i.e., Donald Trump). 
The Twitter universe consists of accounts which can repre-
sent an individual or group each of which can produce many 
posts that may contain one or more hashtags.

Previous works have shown that hashtags can be useful to 
capture opinionated messages (Kouloumpis 2011) , which 
means messages that carry subjective content. Such work 
has succeeded in recognizing the political leaning of Twitter 
users (Wong et al. 2016), or, more broadly, to categorize user 
viewpoints related to various topics (Quraishi et al. 2018). 
It is believed that hashtags are used in a variety of ways 
including rumors, i.e., #CruzSexScandal (an allegations 
that a candidate had several extramarital affairs), general 
support #ImWithHer (reference to supporting Hilary Clin-
ton) and general information #GOPDebate (the Republican 
debates). Posts can be propagated to other users a number 
of ways. All posts by a user are sent to the followers of that 
users home feed. If a person replies to that tweet, it is sent 
to that person’s home feed only if she follows the replier, 
otherwise it is sent to her notification feed. If a per-
son retweets another post, it is sent to all her followers. This 
represents a massive amount of information. In our 8-month 
period of study for the US election, there were 339,910,403 
posts by 3,448,096 individuals using 2,515,421 hashtags. 
The French dataset is around 60 times less massive with 
4,271,444 posts, 64,438 users and 56,239 hashtags.

These data can naturally be modeled as a graph as fol-
lows. Each node is of course an account with an edge 
between nodes indicating some sort of structural relation-
ships such as follower, Retweet or mention. This 
relation indicates potential, actual and probable information 
propagation, respectively. For each node, we have a series of 
vertex labels indicating the behavior over time. This can be 
as simple as a vector of how often each hashtag is used or a 
matrix of usage over time. Thus, this is naturally a complex 
vertex-labeled graphs of the form G(V, E, L) where V is the 
set of vertices (user accounts), E is the set of edges and L is 
a vector of hashtag usage.

1.2 � Objectives and novelty

Our focus in this paper is to better understand the commu-
nity structure in this election period data, and we take two 
main directions:

–	 Creating a taxonomy of hashtag usage. Figure 7 shows 
the two-dimensional taxonomy we create (usage vs tra-

Table 1   Spending of candidates during the election primary period

First number is direct contributions, second number is PAC (political 
action committee) spending

Candidate Position Direct contri-
butions

PAC contributions

Donald Trump Far Right $64M $2M
Ted Cruz Far Right $93M $89M
Marco Rubio Right $50M $57M
Jeb Bush Right $34M $124M
Hillary Clinton Left $174M $38M
Bernie Sanders Far Left $234M $6M

Fig. 1   Overall contributions to the general election for the USA 2016 
election
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jectory) and the distribution of hashtags for the US and 
French elections across this taxonomy. The full color-
coded taxonomy is presented in “Appendix 2”.

–	 An in-depth description of the behavior with respect 
to hashtags of the different communities. For example, 
Table 3 shows an explanation of communities in terms 
of hashtag behavior. Figures 16, 17 show the evolution 
of that behavior month by month.

Novelty and Previous Work Our first objective is to better 
understand the properties of hashtags. Many works studied 
hashtags diffusion. Those works solely focus on hashtag 
popularity, or adoption. Wang and Zheng (2014) clas-
sify hashtag based on different popularity patterns (single 
spikes, multi-spikes and fluctuation). Yang and Leskovec 
(2010) propose a diffusion model of hashtag based on user 
influence. Romero et al. (2011) propose to define hashtag in 
terms of stickiness (probability of adoption) and persistence 
(durability) and show that different topics imply different 
types of diffusion.

In this work, we focus on the usage of hashtags by com-
munities. We do not study their popularity in frequency of 
use, but in terms of percent of communities using it. To do 
this, we created a hashtag taxonomy along two dimensions: 
(i) the entropy of the hashtag usage across communities 
and (ii) the stability of that entropy over time. A hashtag is 
considered to have low entropy if it used predominantly by 
one community; however, a hashtag’s entropy can change 
over time as we found. Our experiments allow to compare 
hashtags nature and usage between the USA and France in 
election time. The results seem to show that Twitter was 
used mainly for debate in French election, whereas it was 
intensively used to energize others in the same community in 
the US election. Following Smith et al. (2014), the US politi-
cal landscape looks more like a “polarized crowd” than the 
French landscape that looks more like “community clusters”. 
Appendix in Sect. 2 shows the allocation of the hashtags 
used in the US and French elections to our taxonomy. It is 
color-coded so that we can better understand the differences 

between the countries in the community descriptions we find 
which we now discuss. It is also related to the previous work 
that studied the language used in Twitter communities, such 
as Poblete et al. (2011) and Bryden et al. (2013). However, 
those works did not use a taxonomy of hashtags, such as 
ours, to get a better understanding of behavioral differences.

Regarding our second objective, though there exists much 
work on community structure in social networks, it is limited 
to just finding communities based on structural connectiv-
ity such as the follower, retweet or mentions 
relation. This limits the usage in other disciplines as the 
sociological definition of a “community” requires several 
properties1 including: (i) interacting people and (ii) mem-
bers who share common values, beliefs, or behaviors. Whilst 
community discovery methods in social networks address 
the first point, they usually do not address the second point: 
We can only guess why those groups of people have been 
placed in the same community by observing the common-
alities between them. To address this limitation, we explore 
applying our recently published work in the machine learn-
ing community on cluster description (Davidson et al. 2018) 
and we extend it to community explanation.

Given an existing community structure, we show how this 
method can describe/explain what behavior (using hashtags) 
individuals in a particular community have used (and when). 
For example, Tables 2 and 7 explain the behavior (in terms 
of hashtags) used by the various communities in the USA 
and France. We can immediately see the amount of general 
hashtags (colored green and used by most communities) is 
the overwhelming hashtag type used in the French commu-
nities. In contrast, the US communities overwhelmingly use 
community-speak hashtags (colored red and used by just one 
community) or intermediate hashtags (colored blue and used 
by just several communities).

Fig. 2   How we model Twitter 
data during elections. The graph 
structure is given by the retweet 
relation and the node labels by 
the users’ behavior over time 
with respect to hashtag usage

1  http://www.oxfor​dbibl​iogra​phies​.com/view/docum​ent/obo-97801​
99756​384/obo-97801​99756​384-0080.xml#first​Match​.

http://www.oxfordbibliographies.com/view/document/obo-9780199756384/obo-9780199756384-0080.xml#firstMatch
http://www.oxfordbibliographies.com/view/document/obo-9780199756384/obo-9780199756384-0080.xml#firstMatch
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OrganizationWe organized the paper as follows: In the 
next section, we outline how the social network data were 
generated for our analysis, some general insights about the 
data and the underlying communities found in the data. In 
Sect. 3, we overview our methodology for creating a tax-
onomy of hashtags for the US and French dataset to enhance 
this understanding and to compare the two elections. In 
Sect. 4, we overview the methodology on how to create 
an explanation using the hashtags. In Sect. 5, we apply the 
methodology in Sects. 3 and 4 to explore several differences 
between the two countries on Twitter.

2 � Data collection and community 
generation

In this section, we address three key issues. First, we explain 
how our dataset has been set up: the procedure for collect-
ing the data and the design of the complex graph built upon 
a subset of active accounts. Second, we motivate how we 
derived the graphs used in our further experiments. In 
particular, we restrict our analysis to the 10,000 most pro-
lific Twitter users in order to extract a relevant community 
structure and that we can focus on four main communities 
for the US dataset and five for the French dataset; we can 
easily label using well-known accounts. We then spend the 
remainder of this section to focus on the behavioral aspects 
(the “posting” activity), as we can access the time-stamped 
textual content published by the users. By comparing 
hashtag usage, we demonstrate that the community struc-
ture we extracted is relevant. For example, Clinton com-
munity behavior is much closer to Sanders community than 
to Trump community, yet farther than a randomly created 
community.

2.1 � Twitter data collected

Our US dataset contains a subset of all the tweets pub-
lished during the Republican primary election, between 
the December 30, 2015, and the August 18, 2016. We used 

the names of politicians2 involved in the election at this 
time as query for the Twitter Stream API.3 Researchers in 
political science selected these names. We therefore have 
all the tweets that contain at least one of the words shown 
in footnote. Similarly, the French dataset contains all tweets 
published during the French “Les républicains” primary 
election, between June 21, 2016, and November 4, 2016, 
containing politician names.4

The network is complex as for each user we have their 
tweet behavior over time that we represent as a time-
stamped, vertex-labeled graph as shown in Fig. 2. This 
means we have not only who retweeted who (the graph 
structure) but also the hashtags used in those tweet and the 
time/date of the tweet. Alternatively, we can view the data 
as a fused regular and bipartite graph as now described. For 
each dataset, we extract two networks: the retweet network, 
as it has been shown to grasp political polarization (Conover 
et al. 2011), and the bipartite relation between hashtags and 
users. The retweet network is a directed weighted graph, an 
edge (a,b) connects node a to b if a retweets b and has the 
number of retweets as value. The user/hashtags network is a 
weighted bipartite graph, with edge (a,b) being the number 
of time user a used hashtag b. Edges of both networks are 
time-stamped. We provide an illustration of the networks 
in Fig. 3. We recall that both the number of users and of 
hashtags are huge: for the US dataset, we have 3,448,096 
individuals and 2,515,421 hashtags, and for the French data-
set, we have 64,438 users and 56,239 hashtags.

2.2 � Creating the network and extracting 
communities

Our first goal is to extract the community structure from the 
structural information. As mentioned earlier, several previ-
ous works showed that the retweet network is well suited 
to grasp politically orientated communities (Conover et al. 
2011; Gaumont et al. 2018). To find communities within this 
retweet, we use the notion of modularity (Girvan and New-
man 2002), which is broadly used. Consider A the adjacency 
matrix, m the volume of the graph, and deg(i) the degree of 
the i-th vertex. Then, modularity M is defined as:

M =
1

2m

∑

i,j

�i,j

(
Ai,j −

deg(i)deg(j)

2m

)

Fig. 3   Networks we extracted for both primary election datasets. 
They are weighted and directed

2  bush,carson,christie,cruz,fiorina,gilmore,graham,huckabee, kasich,
pataki,paul,rubio,santorum,trump.
3  https​://githu​b.com/Adrie​nGuil​le/Tweet​Strea​mer.
4  copé,coppé,fillon,kosciusko-morizet,nkm,lefebvre,le maire,mariton,
morano,myard,poisson,sarkozy,sarkosi,sarkosy
  ,sarko,wauquiez,guaino,aliot-marie,allio-marie.

https://github.com/AdrienGuille/TweetStreamer


Social Network Analysis and Mining            (2020) 10:6 	

1 3

Page 5 of 27      6 

with �i,j = 1 if i and j are in the same community, 0 if they 
are not. Community detection becomes an optimization 
problem of finding the partition that minimizes this meas-
ure. Clearly, computing this for each partition of the graph 
is highly combinatorial and intractable. The most popular 
modularity optimization method is the Louvain method 
(Blondel et al. 2008). In this method, each node is at first 
randomly associated with a community, then for each node 
i, the modularity increases when moving i to the commu-
nity of each of its neighbor (i.e., the gain of adding it to j′s 
community minus the gain of removing it from its current 
community). If all gains are negative, i is not moved. The 
method assumes convergence when no modularity gain can 
be obtained. This method is known to be more suitable to 
large networks, and robust, even if it obviously leads to a 
locally optimal solution (Blondel et al. 2008).

Community extraction in our dataset We show in 
Sect. 1 that we grasp a coherent community structure with 
regard to the full network when we consider high-impact 
users only. We keep the 10,000 users with the higher in-
degree. We perform a Louvain community detection (Blon-
del et al. 2008) on the retweet network.5

For the French dataset, we obtain 1261 communities, 
and for USA, we obtain 442 communities. As shown by the 
user distribution over communities in Fig. 4, the vertices 
are concentrated in five communities for the USA and six 
for France. We therefore aggregate all the nodes that are 
associated with the smallest communities to a virtual global 
community we called the “Lambda” community. For the rest 

of this section, we will deal with these six communities for 
USA and seven for France (Fig. 5).

As Conover et al. 2011; Gaumont et al. 2018; Aragón 
et al. 2013, we find politically polarized communities : pro-
Clinton, pro-Trump, pro-Cruz and pro-Sanders for the US 
dataset, pro-NKM-Juppé, pro-Sarkozy, pro-Fillon, pro-FN 
and left-wing accounts|media for the French dataset. This 
is not surprising as people supporting the same candidates 
most often retweet each other than supporters of other can-
didates. We label the community according to most central 
users, as further explained in Sect. 1. We perform a deeper 
statistical analysis of the communities in the same section 
for the interested readers.

Fig. 4   Number of vertices per communities (left: USA, right: France). The vertices are concentrated in six communities for USA and seven for 
France

Fig. 5   Network of the US dataset. Colors correspond to the com-
munities automatically found by the Louvain algorithm (color figure 
online)

5  We performed preliminary experiments for comparing different 
clustering algorithms from the literature. We found that the Louvain 
method used by Gaumont et  al. (2018) in a similar context leads to 
the fastest and most robust solution. Furthermore, a thorough com-
parison with many state-of-the-art clustering algorithms draws the 
same conclusion in Yang et al. (2016).
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Hashtag selection For interpretability’s sake, we restrict 
our analysis to a smaller number of hashtags. As shown ear-
lier, the number of hashtags is enormous and many of them 
are not interesting to study as they are rarely used. Therefore, 
we wish to keep popular hashtags but in an unbiased man-
ner. For example, the Trump community intensive use of 
hashtag will bias any selection measure based on frequency. 
To circumvent this issue, we take the intersection of two 
sets of hashtags. First, we extract the 200 most frequently 
used hashtags, and next the 200 hashtags most used by the 
10,000 users (that is for each hashtag we compute the pro-
portion of the 10,000 users that used it at least one time). 
The intersection of those subsets gives 136 hashtags for the 
US dataset and 178 for the French dataset which are both 
popular and “consensual,” meaning that they are used often 
and by most people.

2.3 � A first comparison of communities using 
hashtags’ use

Now that we have found a limited set of potentially interest-
ing communities based on structural properties, we would 
like to check whether they are meaningful in terms of behav-
ior. Here, we show that the communities found use language 
consistency with their political ideologies. A solution would 
be to compare these communities with a ground truth asso-
ciating each account to a political opinion. Because of the 
network size, it is difficult to find such available datasets, 
and even when we find one of them [see, for instance, the 
work of Fraisier et al. (2018) on the last French election] 
the annotation does not encompass all the Twitter accounts.

Instead, we propose to use the behavioral information to 
bypass this problem in estimating whether the communities 
show a clear difference in their usage of hashtags. We note 
by h the number of hashtags, c the number of communities, 
t the number of time periods. We aggregate the behavioral 
adjacency matrix by community, to obtain a c × h matrix 
Y containing the count of hashtags used by the communi-
ties on the whole period. When normalizing this matrix 
by row, we obtain what we call the communities’ distribu-
tion over hashtags, noted Yn . We can therefore compute a 
Jensen–Shannon divergence (JSD) kernel J which is c × c . 
Each entry of this kernel provides a measure of behavioral 
distance between communities: the more two communities 
use common hashtags, the lower the JSD between them. To 
help the reader to interpret these results, we also provide the 
JSD with a random community. Users of this community 
are drawn randomly using a uniform distribution. We draw 
a number of users equivalent to the mean size of communi-
ties. We repeat this measure of JSD on 100 different ran-
dom samples for each communities to obtain a baseline. We 
present the results in Fig. 6, where we normalized the JSD 
divergence using 1 − exp(Ji,j) . Every community is more dis-
tant to the other communities than the random community 
in the French dataset and in the US dataset except for Clin-
ton/Sanders, which seems coherent, but more surprisingly 
between Lambda/Trump and Others/Trump. This shows that 
the obtained communities provide coherent groups of users 
in terms of hashtag usage.

Fig. 6   JSD (normalized). Every communities are more distant to the other communities than the random community, except for Clinton/Sanders 
and surprisingly Lambda/Trump and Others/Trump. The lower the more coherent the behavior between the communities
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3 � Toward a simple taxonomy of hashtag 
usage

In this section, we outline a simple taxonomy of hashtags 
for the political usage of social media. We then map both 
the French and US election hashtags onto this taxonomy 
which allows us to compare the behavior of both elections 
directly for the first time. The taxonomy we create has two 
dimensions: (1) Who uses the hashtags and (2) the life cycle 
of the hashtag. The former dimension addresses whether the 
hashtag is used exclusively by one community or it is widely 
used by many communities. The later dimension addresses 
whether this usage is constant or changes over time. For 
example, does a hashtag transition from being used exclu-
sively by one community to be used by many communities 
or vice versa or something else.

To obtain the first dimension, we first use the whole 
time period and find three clusters of hashtags: hashtags 
that are used exclusively by one community (something we 
call community-speak), hashtags used by few communi-
ties (intermediate hashtags) and general hashtags used by 
all the communities. Next to obtain the second dimension, 
we measure how this changes over time. We find, without 
supervision, different usage patterns, or typical life cycles. 
For the US dataset, four patterns arise : two constant patterns 
(hashtags constantly used by one or by a lot of communi-
ties), an ascending pattern (one-to-many, meaning that it is 
used by a few communities, then by many) and a descend-
ing pattern (many-to-one, meaning that it is used by many 
communities initially then almost exclusively by one com-
munity). For the French dataset, results are comparable. We 

find five patterns: two constant patterns (but for many and 
almost every communities) and a non-monotonous ascend-
ing pattern. We simplified both countries dynamics into 
three evolutionary behaviors: “constant,” “ascending” and 
“descending” in Fig. 7. For each country, we present the 
frequency of hashtags for each combination of our full tax-
onomy in Fig. 7.

In this section, we discarded the “Others” and “Lambda” 
communities for clarity of interpretation and focus on the 
four main communities corresponding to the pro-Clinton, 
pro-Trump, pro-Sanders and pro-Cruz groups for the US 
dataset. We proceed similarly for the French dataset, by 
ignoring Lambda and Others.

3.1 � Dimension #1: hashtag usage by community

Firstly, we would like to build a classification of hashtag 
usage by community. One behavior we noticed is that some 
hashtags are only used by one community and not the oth-
ers (e.g., #MAGA​). These hashtags can be viewed as a kind 
of “community-speak” or markers that clearly assess the 
belonging of a member to the community and similar types 
of hashtag usage could be found. This raises two questions: 
1) How do we quantify the usage of a hashtag? and 2) How 
do we come up with categories of hashtag usage?

We address the former question using the notion of 
entropy. Recall that there are m hashtags and c communities. 
For each hashtag, over the entire election period, we com-
pute the distribution of usage over the main communities 
discovered in the previous sections. This is done by normal-
izing our c × h matrix Y of hashtag use by the column sum. 
We obtain a set {yj}hj=1 of normalized column vectors, with 

Fig. 7   Distribution of the hashtags in our full taxonomy subclasses. 
On the left the results for the US dataset, on the right for the French 
dataset. The hashtags are mainly community-speak and constant 

in the US dataset, while they are general and constant in the French 
dataset. This taxonomy reveals insights on the difference of usage of 
Twitter between the two countries
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yj ∈ ℝ
c . We can compute entropy for each of those vectors. 

We recall that the entropy is defined, for a specific hashtag 
distribution yj , by:

A small number of communities using a hashtag leads to a 
low entropy. On the other hand, hashtags with high entropy 
tend to be popular, to deal with general topics, i.e., transver-
sal topics. For example, the distribution over communities 
for the hashtag “#ImWithHer”, provided in Fig. 8, has a 
relatively small entropy (0.4, 16th smallest entropy on our 
dataset). It was mainly used by the pro-Clinton community 
(almost 90% of the usage).

To these measures of entropy, we can apply classical 
Gaussian mixture model (GMM) to cluster the hashtags.6 
Using model selection through BIC criterion, we obtain 
three clusters, as illustrated in Fig. 9. One of these three 
clusters is composed of hashtags that are very close to one 
community (i.e., the community-speak hashtags). The other 
two are hashtags used by either a few number of commu-
nities (“intermediate” hashtags) or by many communities 
(“general” hashtags). Interestingly, the results are similar 
to the French dataset as shown in the right-hand figure. We 
obtain three clusters when using an automatic model selec-
tion. The fitted Gaussians are highly close in shape, even if 
the “community-speak” cluster has higher variance in the 
French dataset. Hence, we use a common hashtag usage 
classification for both datasets.

Visualization of Hashtag Usage By Community. We 
propose a visualization to explore the community usage of 
hashtags. We constructed the plot in this way: we project c 

(1)H(yj) = −

c∑

d=1

yj,d log yj,d

community as points on the corner of a c-gon. With X being 
a c × 2 matrix of coordinates, and Yn the community usage 
of hashtags (normalized by rows), we project the hashtags 
as the barycenter weighted by the community usage. Their 
coordinate becomes Yc , a m × 2 matrix, explicitly defined 
as Yc = Yt

n
X . The result is presented in Fig. 10 for the US 

dataset. Hashtags with colors different than yellow are com-
munity-speak hashtags (clearly stuck to each community), 
and their color corresponds to the community they are asso-
ciated with. The yellow dots are general hashtags, and gray 
ones are intermediate hashtags. As we can see, #Trump is a 
general hashtag, meaning that it is used by all the communi-
ties, whilst examples of the community-speak hashtags are 
#Cruz2016, #ImWithHer, #NeverHillary and 
#MAGA​. Intermediate hashtags are #NeverTrump, used 
mainly by the Cruz community and the Clinton community, 
or #DemsInPhilly, specific to Clinton and Sanders com-
munities (Fig. 11).

A three-way classification of our hashtags based on 
entropy seems relevant, but it does not give any hint on 
the dynamic of the hashtags. Yet, a plausible hypothesis is 
that “community-speak” hashtags’ profile will stay stable 
in time, as, for example, the #MAGA​ usage will not evolve/
change over time. To briefly evaluate this, we compute how 
many times the community-speak hashtags found on the 
complete period move to another cluster when we consider 
time. If a hashtag changes from one cluster to another, that 
means its entropy significantly changes. For each time period 
(here, on a monthly basis), we cluster each hashtags in the 
community-speak cluster or non-community-speak (i.e., 
the two other clusters) using its entropy at the considered 
time period. We count how many times community-speak 
hashtags are not clustered as community-speak hashtag (“a 
change”). Those hashtags changed nature 14.45% of the 
time, but this ratio only concerns 43.75% of the hashtags, 
meaning that 56.25% of the community-speak hashtags 
stayed in the community-speak cluster for the US dataset. 
For the French dataset, the percent of change is slightly 
higher with 22.6%, and it concerns 65.4% of the commu-
nity-speak hashtags. This observation empirically suggests 
that “community-speak” hashtags follow a specific dynamic 
pattern. We will see that other kind of profiles can be auto-
matically found in the next section.

3.2 � Dimension #2: hashtag life cycles in terms 
of usage

Given the different usages of hashtags across communities 
(e.g., the “community-speak” profile), we wish to build a 
further understanding of hashtags based on the hashtags 
dynamic usage, that is, how does their usage evolve over 
time? This time, we would like to use the timestamps 
of hashtags in the clustering process. As in the previous 

Fig. 8   Distribution over the four biggest communities of the hashtag 
#ImWithHer 

6  To do so, we used the Mclust package (Fraley and Raftery 2006).
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section, we extract the entropy of hashtags distribution over 
communities but for each time bin. For a specific hashtag, 
we have a signal of entropy, similar to what is presented in 
Fig. 12 but now for a time bin which in our case is a month.

As we want to observe general patterns of entropy, we are 
not interested in the timescale information but only on the 
evolution of the entropy. We therefore compute a dynamic 

time wrapping (DTW) distance for each hashtags pairs7 
and cluster times series using a spectral approach (Ng et al. 
2002). We use a classical multidimensional scaling (Torg-
erson 1958) to embed the obtained kernel. We still need to 
choose a dimension for the dimension reduction. Since the 

Fig. 9   Gaussian-fitted clusters of entropy for USA (left) and France 
(right). Red lines are clusters’ limits. We observe three well-defined 
clusters: the first one contains hashtags with low entropy, specific 

to one community (#ImWithHer, #MAGA​). General hashtags are 
defined by a high entropy, i.e., they are used by many communities 
(color figure online)

Fig. 10   Visualization of hashtags usage by communities during 
the US election. The size of the dot represents the hashtag popular-
ity (#Trump is used most often). Yellow hashtags are general, gray 
intermediate and colors other than yellow are community-speak 

hashtags. The community-speak hashtag color corresponds to the 
community they are associated with. For example, the community-
speak hashtag #ImWithHer is mostly used by the Clinton commu-
nity (color figure online)

7  using the DTW package (Giorgino and Giorgino 2018).
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Fig. 12   Signal of entropy for the hashtag #NeverTrump. Its entropy 
grows, meaning that its usage becomes more and more global as time 
goes by

clustering is unsupervised, we want the obtained results to 
be consistent with our previous static profiling. Therefore, 
we use grid search to find the dimensionality which allows to 
better separating the community-speak hashtags and the oth-
ers. To evaluate this, we perform linear SVM on the embed-
ded hashtags with dimension from 1 to h − 1 . The minimum 
is obtained when taking the first three dimensions for both 
datasets, with a 4% error rate in tenfold cross validation for 
the US dataset and 5,4% for the French dataset.

The two first axes of the embedding are provided in 
Fig. 13. The red dots are the community-speak hashtags. We 
can see that the DTW is a good distance to use, as it sepa-
rates very well the community-speak hashtags and the other 
hashtags in a dynamic context. We then use Mclust with an 
automatic parameter selection and obtain four clusters for 
the US dataset and five for the French dataset. The mean 
entropy “signals” of the clusters are provided in Figs. 14 
and 15 for both datasets.

The dark line in front of a figure with k shapes is the 
entropy value of a hashtag used only by k communities. The 
mean signals are very easy to interpret, providing explain-
able profiles of hashtags.

For the US dataset, mean signals are easy to interpret. 
The blue curve is for hashtags used by several communities 
at the beginning of the observed period, then by mainly one. 
The second is for hashtags used by everyone, the third one 
for hashtags that started in one community and propagated 
to the others, and the last is for community-speak hashtags 
used by only one community.

For the French dataset, results are much different. com-
munity-speak hashtags are concentrated in clusters 2 and 
5, meaning that they were, at least at one time bin, used 
by two communities. Cluster 3 has a particular dynamic. It 

Fig. 11   Visualization of hashtags usage by communities during the 
French election. The size of the dot represents the hashtag popular-
ity (#Sarkozy is used most often). Yellow hashtags are general, 
gray intermediate and colors other than yellow are community-speak 

hashtags. The community-speak hashtag color corresponds to the 
community they are associated with. For example, the community-
speak hashtag #aj2017 is mostly used by the NKM-Juppé commu-
nity (color figure online)
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presents some kinds of oscillation of the number of commu-
nities; it is still ascending (but non-monotonous). Clusters 4 
and 1 are clusters for general or intermediate hashtags, used 
by a group of communities. It is not surprising to find two 
clusters of that kind as there is one more community in the 
French dataset.

3.3 � Comparisons and insights from mapping 
to the full taxonomy

It is interesting to compare the hashtags’ distributions in 
both datasets for the full taxonomy proposed in Fig. 7. As 
explained earlier, we simplified the dynamics as “constant,” 

“ascending” and “descending.” The frequency of hashtags is 
displayed in this figure and reveals insights on the difference 
of usage of Twitter between the two countries.

It seems that the usage of community-speak hashtags 
was different in the French election: 24% of hashtags are 
community-speak for the US dataset, whereas they are only 
15% for the French one. A quick exploration of Tables 15 
and 16 shows that there is less propaganda hashtags (e.g., 
#nkm) in the French community-speak hashtag set than in 
the USA. Furthermore, the dominant category of hashtags 
is mainly community-speak and constant in the US dataset, 
while they are general and constant in the French dataset. 
Both the intermediate and general hashtags are in the major-
ity descending (they become specific to a community) and 
constant in the US dataset. On the contrary, French interme-
diate and general hashtags are mainly constant and ascend-
ing. (They are used first by a few number of communities 
then become general.) Hashtags seem to be picked up and 
used exclusively by a specific community as time goes by in 
the US election, whereas the tendency in the French election 
seems to be the spreading of usage.

Hence, we can reach a conclusion that, based on our 
experiments, Twitter was used mainly for debate in the 
French election, whereas it was intensively used for propa-
ganda in the US election. In this section, we demonstrated 
how we could classify hashtags in both static and dynamic 
contexts. We will focus now on describing communities with 
specific hashtags.

Fig. 13   First axes of the US DTW kernel embedding. Red dots are 
hashtags previously labeled as community-speak. Using the DTW 
metric allows to easily separate community-speak and other types of 
hashtags (color figure online)

Fig. 14   Mean entropy signals for the four obtained clusters on 
hashtags on the US dataset over time. We provide baselines for the 
interpretation of the values. The line in front of a figure with k shapes 
is the entropy value of an hashtag used only by k communities (from 

1 to 4, here). For example, the blue cluster contains hashtags used by 
few communities first and used by many communities seven months 
later
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4 � Toward an explanation of community 
structure using behavior

Our aim here is to take a set of communities found by 
another algorithm (in this case the Louvain method as 
described earlier) using the structure/topology of the graph 
(retweet behavior) and explain it using the vertex labels 
(hashtag usage). This is naturally an optimization problem 
as we wish to search for explanations that are (i) compact/
succinct/simple, (ii) wide in coverage in that they explain 
most or all users in the community. Finding communities 
and explanations simultaneously is a challenging area, espe-
cially for large networks. We explored this research direction 
in IJCAI 18 (Kuo et al. 2018), which was to simultaneously 
find a community and its explanation. That research direc-
tion has several challenges. Firstly, it requires a Pareto opti-
mization setting since there is no need to believe a compact 
explanation corresponding to a compact clustering; hence, 
those methods will not scale easily. Secondly (and most 
importantly), it requires the creation of new algorithms when 
there are already many existing entrenched high-quality 
methods that have been extensively used such as the Lou-
vain method.

4.1 � Community explanation formulation

Here, we describe a variation of our recently published 
(Davidson et al. 2018) work on cluster description adapted 
to the community explanation.

Notation We explore the idea of taking an existing set 
of communities ( � = {C1,C2,… ,Ck} ) defined over the 
instance S = {s1, s2,… , sn} found using dataset X and 
explaining it using another dataset Y. For example, X would 
be (as they are in this paper) the n × n adjacency matrix of 
a graph showing the retweet relation between individuals. 
For each individual/account, we have a set yi ⊆ H of tags, 
1 ≤ i ≤ h which together define Y an n × h behavioral infor-
mation matrix showing how often each individual posted on 
each of h different hashtags. Importantly, only X and not Y 
was used to find the communities; hence, this is not a semi-
supervised setting.

Problem definition The goal of community explana-
tion is to find a subset Hj ⊆ H of tags for each community 
Cj ( 1 ≤ j ≤ k ) such that all the following conditions are 
satisfied.

(a)	 For each community Cj and each instance/account 
si ∈ Cj , yi (the tags for the instance) has at least one of 
the tags in Hj ; formally, |Hj ∩ yi| ≥ 1 , for each si ∈ Cj 
and 1 ≤ j ≤ k.

(b)	 The sets H1 , H2 , … , Hk are pairwise disjoint.

Fig. 15   Mean entropy signals for the five obtained clusters on the 
French dataset. We provide baseline for the interpretation of the val-
ues. The line in front of a figure with k shapes is the entropy value of 

an hashtag used only by k communities. For example, the gray cluster 
contains hashtags used by few communities first and used by many 
communities four months later
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For 1 ≤ j ≤ k , the set Hj will be referred to as the descriptor 
for community Cj . Later in Sect. 4.1, we will use this defini-
tion to formulate a minimization problem which adds the 
requirement that the size of the description is minimized, 
that is:

(c)	
∑

j �Hj� is minimized.

Interpretation of explanation The interpretation 
of Hj as an explanation is as follows. Each instance 
in Cj has at least one of the tags in Hj . That is if 
Hj = {Maga,MakeAmericanGreatAgain,Trump} then all 
instances in community j use one or more of these hashtags.8 
Furthermore, since we require these explanations to be pair-
wise disjoint, common tags can only be used to explain one 
community.

An ILP formulation As before, we are given a commu-
nity structure C1,C2 …Ck of n instances with each instance 
described by a subset of the h = |H| tags. These tags are in 
the n × h matrix Y. We solve for the k × h binary matrix X 
where Xi,j = 1 iff community i is described by tag j. One 
objective function then is simply to find the most concise 
overall community description:

Hence, the number of variables in this version of the formu-
lation is k × h where k is the number of communities and h 
is the number of tags.

Our first basic constraint includes the set coverage 
requirement for each different community/universe. Here we 
must define the matrices S1,… , Sk , where Sa

i,j
= 1 iff the ith 

(2)argminX

∑

i,j

Xi,j

instance is actually in community a and has tag j. Note that 
Si , 1 ≤ i ≤ k , can be pre-computed. Since each instance must 
be explained/covered, there will be n constraints of this type.

Our next basic constraint requires that the tags chosen to 
represent each community do not overlap that is they must 
be disjoint ( wj = 1 ) or minimally overlap ( wj > 1 ), where 
wj is the maximum number of times tag j can be used in 
all descriptors. In all our experiments wj = 1, ∀ j . This is 
simply an OR constraint and can be encoded as:

There will be t constraints of this type where t is the number 
of tags. So overall the number of variables to solve for is 
O(hk), and the total number of constraints is O(n + h).

5 � Discussion on behavioral differences

Community discovery algorithms only find: (1) interacting 
people but they do not find the second requirement of a com-
munity and (2) which is the common behavior members in 
a community share. Here we attempt to address that second 
requirement experimentally with the following questions. 
We outline several common questions to experimentally 
address for each Twitter dataset separately. Those questions 
are:

1.	 What behavior can be used to describe all communities? 
(USA: Table 2, France: Table 7)

2.	 What behavior explains each community? (USA: 
Table 3, France: Table 8).

(3)s.t.
∑

j

Xk,jS
k
i,j

≥ 1 ∀ i ∈ Ck, ∀ k

(4)s.t.
∑

i

Xi,j ≤ wj ∀ j

Fig. 16   US election. The evolution of community explanation (using hashtag usage) by month (x-axis) for democratic candidates. Left figure 
Clinton, right Sanders. c.f. Table 3

8  When there is no ambiguity, we remove the sharp symbol, that 
means Trump stands for #Trump.
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3.	 What behavior explains merged communities? (USA: 
Tables 4, 5 and 6 , France: Table 9)

The explanations we find are color-coded to match some 
aspects of the taxonomy created in Sect. 3 and detailed in 
the appendices so we can easily see the differences between 
the communities.

5.1 � Results: US election

Q1: What behavior explains all communities Here we 
apply the community explanation method described except 
rather than have k communities we have just one community 
(all four communities amalgamated into one). Table 2 shows 
interestingly that the description for these four communities 
is heavily skewed to using Republican-related hashtags with 
there being only one Democratic hashtag (#DemDebate). 

This indicates that the democratic leaning Twitter accounts 
of the pro-Clinton and pro-Sanders communities were using 
not only hashtags about their own candidate but other can-
didates as well. As expected, all hashtags (except #Dem-
Debate) belong to the general category in our taxonomy 
(see Table 16).

Q2: What behavior is specific to each community 
Table 3 shows the behavior that explains each commu-
nity separately. We see that the majority of hashtags used 
to describe each community is an example of community-
speak, that is hashtags that are used almost exclusively by 
only one community (see Table 16). Figures 16, 17 show 
how the four main communities’ behavior evolves. We see 
that all communities have a few tags that are used over 
many months: pro-Clinton (#ImWithHer), pro-Sand-
ers (#FeelTheBern), pro-Trump (#Trump, #MAGA​, 
#Trump2016), pro-Cruz (#NeverTrump, #CruzCrew). 

Table 2   US election. What tags explain (cover) all main four communities. Note these are heavily skewed toward Republican hashtags and 
belonging to our general usage taxonomy category (see Table 16) (color figure online)

Groups Description
All Four Main Communities GOPdebate ∨ Trump ∨ ∨ GOP ∨ CruzCrew

Table 3   US election. The four main communities found by the Lou-
vain method (the first is an amalgamation of the smaller communi-
ties) on the retweet graph and their description using hashtags. Red = 

Community-speak, blue = intermediate and green = general per our 
taxonomy in Table 16 (color figure online)

Community Description
Other (C1)

GOP ∨ BernieSanders
Pro-Clinton (C2)

ImWithHer ∨ DemDebate ∨ Sanders
Pro-Sanders (C3)

DemsInPhilly ∨ IowaCaucus ∨ FeelTheBern ∨ DonaldTrump
Pro-Trump (C4)

Trump∨ SuperTuesday ∨ MakeAmericaGreatAgain
Pro-Cruz (C5)

GOPDebate ∨ Cruz ∨ Clinton ∨ Breaking

Fig. 17   US election. The evolution of community explanation (using hashtag usage) by month (x-axis) for Republican candidates. Left figure 
Trump, right Cruz. c.f. Table 3
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Interestingly, we see that pro-Cruz and pro-Sanders com-
munity have the most simplest explanations (indicated by 
the sparsest figure).

Q3: What behavior explains pairs of communities 
Tables 4–6 show community explanations for pairs of com-
munities. First main candidates (Clinton/Trump) versus 
secondary candidates (Sanders/Cruz) in Table 4 and then 
democratic versus republic candidates in Table 5. We see 
in the first table that the Republican leaning hashtags are 
almost exclusively used, whilst in the second table we find 
the expected results. Finally, for completeness we show the 
last combination of main candidates paired with secondary 
candidates from the other party in Table 6, and again, we 
find that the behavior of a Democrat/Republican community 
is best explained using mainly Republican-focused hashtags.

Figures 18, 19 and 20 show the evolution of community 
description. We find (Fig. 18) for the Trump/Clinton, pairing 
that the hashtag #Trump is almost always used to describe 
this community as is #Trump2016 and to a lesser extent 
#ImWithHer. No such dominating tag is found for the 
Cruz/Sanders pairing. In Fig. 19, an interesting observa-
tion is found. The democratic pairing of candidates creates 
explanations that to large extent cover the candidates in the 
other party, but this is not true for the Republican pairing 
of candidates.

5.2 � Results: French election

We will now address the three question presented above for 
the French results.

Table 4   US elections. What tags explain the Clinton/Trump communities (C2, C4) and the Sanders/Cruz communities(C3, C5)
Groups Description
C2, C4 GOPdebate ∨ DemDebate ∨ IowaCaucus ∨ tcot ∨ trump ∨ TrumpTrain ∨ TRUMP
C3, C5 Trump ∨ SCPrimary ∨ FeelTheBern ∨ iacaucus ∨ Cruz2016 ∨ Breaking

Table 5   US elections. What tags explain the Clinton/Sanders communities (C2, C3) and the Trump/Cruz communities(C4, C5). note tcot = top 
conservatives on Twitter

Groups Description
C2, C3 FeelTheBern ∨ ImWithHer ∨ Ohio ∨ UniteBlue ∨ Trump
C4, C5 GOPdebate ∨ Clinton ∨ tcot ∨ MakeAmericaGreatAgain ∨ TrumpTrain ∨ TedCruz

Table 6   US elections. What tags explain the Clinton/Cruz communities (C2, C5) and the Sanders/Trump communities(C3, C4). note tcot = top 
conservatives on Twitter

Groups Description
C2, C5 ImWithHer ∨ iacaucus ∨ Kasich ∨ Bernie ∨ Trump ∨ DumpTrump ∨ Cruz2016
C3, C4 GOPdebate ∨ GOP ∨ FeelTheBern ∨ tcot ∨ Veterans ∨ MakeAmericaGreatAgain

Fig. 18   US election. The evolution of joint-community explanation (using hashtag usage) by month (x-axis). Left figure Clinton/Trump, right 
Sanders/Cruz. c.f. Table 4
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Q1: What behavior is common to all communities 
Table 7 presents the hashtag description for the five main 
communities altogether. The #bygmalion case was about 
illegal funding of the #sarkozy campaign during the pre-
vious election. It seems that it was central in Twitter. #pri-
maireledebat is a general event and as expected most 
users tweeted about it. #quotidien is a very famous news 
TV showing that gained popularity during the elections. 
When looking at the evolution of the hashtag description in 
Fig. 21, it is clear that we can separate a background topic 
(#sarkozy) and hashtags related to temporary topics such 
as events. It is not surprising to find #niceattentat, 
which relates to the Nice terrorist attack that happened dur-
ing the first observed month. Nevertheless, it is striking to 
observe the lack of interest in the following months.

Q2: What behavior is specific to each community 
Table 8 shows the behavior that explains each community. 
Surprisingly, there is not that much propaganda hashtags, 
in contrast to the US dataset. The FN community talks 
a lot about the candidates, which is consistent with the 

Fig. 19   US election. The evolution of joint-community explanation (using hashtag usage) by month (x-axis). Left figure Clinton/Sanders, right 
Trump/Cruz. c.f. Table 5

Fig. 20   US election. The evolution of joint-community explanation (using hashtag usage) by month (x-axis). Left figure Clinton/Cruz, right 
Trump/Sanders. c.f. Table 6

Fig. 21   French election. The evolution of community explanation for 
all the main communities. c.f. Table  7. It is interesting to note that 
the only ““community-speak” hashtag #nkm (in red) occurs in Octo-
ber 2016 (Month 4) when the candidate Nathalie Kosciusko-Morizet 
released her program for the country, named “Nouvelle société, nou-
velle France” (c.f. https://fr.wikipedia.org/wiki/Nathalie_Kosciusko-
Morizet#Campagne) (color figure online)
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Table 7   The results for the main communities together (C2–C6) on the whole period
Groups Description
C2, C3, C4, C5, C6 sarkozy ∨ primaireledebat ∨ bygmalion ∨ quotidien

communication strategy of this party: they spent a lot of time 
criticizing the other parties and politicians. The Sarkozy 
community only uses the #sarkozy hashtag. The media 
community is the only one to extensively use #bygmal-
ion but also #gaulois. This hashtag was created after 

the controversy raised by the former president who said that 
“every French citizen has Gaulish ancestors.”

Figures 22 and 23 show how the five main communi-
ties’ behavior evolves. In Fig. 22, we clearly see topics over 
time in the NKM-Juppé usage of hashtags. For instance, 
we can clearly see the temporary interest on the invitation 

Table 8   The table for the hashtag description of the main French communities on the whole time period (static)
Community Description
LeftWingMedias (C2) hollande ∨ bygmalion ∨ lr ∨ lep ∨ gaulois ∨ copé
NKM-Juppé (C3) primaireledebat ∨ primaire ∨ politique
Fillon (C4) fillon ∨ fn
FN (C5) nkm ∨ bourdindirect ∨ brexit ∨ attentatnice ∨ juppé ∨ sarko ∨ morano ∨ lepen
Sarkozy (C6) sarkozy

Fig. 22   French election. The evolution of community explanation (using hashtag usage) by month (x-axis) for NKM-Juppé, Fillon and Sarkozy . 
c.f. Table 8
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of N. Sarkozy on French television (#ns20h) on the 13th 
of November (Month 4). The left-wing community usage 
of hashtag overtime (Fig. 23) is also interesting. They talk 
about general subjects at the beginning of the campaign and 
then focus on #sarkozy.

Q3: What behavior explains merged communities 
Table 9 shows community possible explanations for merged 
moderate right-wing communities (C3, C4, C6). It is inter-
esting to note that the description is really compact. The 
only consensual topics are #sarkozy and the event-related 
hashtag #primaireledebat (the primary debate that 
occurred in October, i.e., Month 4). More interestingly, 
#sarkozy disappears when considering the description 

by month (see Fig. 24). The topics addressed tend to be more 
general even if the politician names remain.

5.3 � Discussion

As shown in previous studies (Hong et al. 2011), strong 
behavior differences can be observed on users of different 
languages. In particular on Twitter user, origin matters in 
the way she uses and disseminates hashtags on the social 
network. Our work is maybe the first that highlights these 
differences in language usage between France and the USA. 
Besides the differences are observed at the level of hashtags’ 
taxonomy, which means that the types we set up in Sect. 3 
(e.g., community-speak) can be used in further studies to 
better understand the effect of language on information dif-
fusion through communities, similarly to what has been 
done on blogs (Herring et al. 2007). It is clearly what can 
be seen when comparing Table 8 for the French campaign 
(majority of “general”—green—followed by “intermedi-
ate”—blue—and just one “community-speak”—red—) and 
Table 3 for the US campaign (the three types look balanced). 
For the USA, we can also hypothesize that this apparent bal-
ance between hashtag types is highly dependent on the cur-
rent context. It is visible when looking at the evolutions in 
Figs. 18, 19 and 21. All those observations have been made 
possible by using our explanation mechanism that lets the 
most important hashtags emerge.

Fig. 23   French election. The evolution of community explanation (using hashtag usage) by month (x-axis) for left wing/Medias (left) and FN 
(right). c.f. Table 8

Fig. 24   French election. The evolution of joint-community explana-
tion (using hashtag usage) by month (x-axis) for communities C3, C4 
and C6 (right wing, moderate). c.f. Table 9



Social Network Analysis and Mining            (2020) 10:6 	

1 3

Page 19 of 27      6 

6 � Conclusion

We have modeled election data from the Twitter network as 
a complex graph that has an edge structure defined by struc-
tural connectivity (retweet) and with vertex labels derived 
from behavioral data. We have explored using well-known 
community detection methods applied to the structural con-
nectivity to find communities and then trying to understand 
and explain these communities using the behavioral data 
on the labels of the vertices. To compare the elections from 
both countries, we created a taxonomy of hashtag usage 
based on how exclusive the hashtag is used by the commu-
nities and the evolution/stability of that measure (see Fig. 7). 
We believe this is the first time election results from two dif-
ferent countries are directly compared in such a way. We find 
that in the US Twitter data, hashtags which are examples of 
community-speak (spoken almost exclusively by one com-
munity) are the dominant hashtag used, whilst for the French 
Twitter data, hashtags that are used by many communities 
are common. We explore explanations of communities and 
also their evolution over time (month by month). Interest-
ingly, we saw that the explanation for the entire community 
period where quite different to the month-by-month explana-
tions for both the USA and French elections, indicating that 
the hashtag usage was quite dynamic.

Appendix 1: community extraction, a deeper 
analysis

In this section, we propose a deeper analysis of the com-

munity extraction in our dataset. First, we demonstrate that 
filtering the users does not affect the general community 
structure. Second, we attempt to label the communities using 
well-known accounts. We next explore the properties of the 
subgraph for each community. For example, do some com-
munities have more denser connections than others that is, 
is the Trump community subgraph more denser than the 
Clinton subgraph? (Yes it is, even though their clustering 
coefficient is similar).

High‑impact users

Despite the Louvain method’s scalability, we will focus on 
high-impact users during this study for clarity of interpre-
tation. We, therefore, must ensure a community structure 
similar to the full network found in the network of high-
impact users we select. To evaluate this requirement, we 
analyze whether adding users with lower in-degree (less 
impact) will modify the community structure found using 
only high-impact users as follows.

We first build the retweet network of the 100 users with 
the higher in-degrees and then perform a Louvain commu-
nity detection (Blondel et al. 2008). We then compute the 
ARI between this clustering output and the clustering of the 
200 users Retweet network and then the ARI between the 
200-node clustering and a 300-node clustering and repeat 
this process until we reach 13,000 users. This produces a 
measure of the perturbation of the community structure 
when adding nodes with lower and lower in-degree. The 
results are shown in Fig. 25. Starting from 7000, pertur-
bation seems to be minimal for US retweet network. For 

Table 9   the results when merging community C3, C4 and C6
Groups Description
C3, C4, C6 sarkozy ∨ primaireledebat

Fig. 25   Perturbation of community structure when adding new vertices. The measure is the adjusted Rand index.(left : USA, right: France). Note 
the ARI is measured between adjacent datasets, that is the between a dataset of x accounts and x + 100
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the French networks, convergence seems to happen around 
10,000 users. For ease of comparison, we used the 10,000 
most influential accounts for both datasets. Hence from now 
on all experimental results will be on the 10,000 users with 
the highest in-degree.

Validation of communities

For further analysis, we would like to label the community 
obtained in the previous section. A straightforward approach 
for getting a better understanding of a group of users lies in 
the identification of the most central users. To this end, we 
extract the subgraph of each community and we compute 
the Page Rank score for every user. Results are shown in 
Tables 10 (US politics, 6 clusters) and 11 (French politics, 7 
clusters). It is a simple way to check whether there is a clear 
political leaning for an observer of US or French politics. 
There is a clear political polarization of the communities 
we found. For instance, if we look at the nodes most cen-
tral to the cluster 4 (US dataset) we can see many accounts 
that have a clear political orientation in favor of D. Trump 
including the candidate, his children and the news outlets 
that favor him (e.g., @realDonaldTrump, @DonaldTrumpJr, 
@FoxNews, @foxandfriends). We choose to simply label 
this cluster as “Trump.” Similarly, cluster 3 has the politi-
cal candidate Bernie Sanders and the news outlets that are 
supportive of him (e.g., @CNNPolitics, @ABC, @GMA); 
hence, we label it as “Sanders.” For the French dataset, most 
of the discovered clusters are identifiable. For instance, the 
cluster 2 is related to political personalities and media that 
can be associated to the left wing of French politics (e.g., 
@najatvb of Najat Belkacem, radio account @lelab_e1, 
@ellensalvi of the Mediapart journalist Ellen Salvi). The 
cluster 5 is clearly related to the Front National party (e.g., 
@f_philippot of F. Filippot, @tprincedelamour and @avec_
marine that are a clear support of the candidate M. Le Pen). 
Therefore, it is rather straightforward to give them a first 
label to help in understanding the analysis that is carried out 
in the next sections. There is no surprise we cannot assign 

a good label to the Lambda cluster since it is composed of 
a myriad of small communities. In both datasets, we can 
also see one cluster (number 6 for the US and 7 for France) 
that has no clear political orientation and we choose to label 
these two clusters as “Others.”

Table 12 shows a set of classic graph measures that have 
been calculated on the same set of communities (US dataset, 
top table, and French dataset, bottom table). It is not surpris-
ing that the Lambda community’s diameter is small due to 
its low size. Furthermore, this pseudo-community is charac-
terized by a very low mean in-degree (at least ten times less 
than the others are) and eigen centrality (at least five times 
less). This is also the case for the Others community as it 
is a very sparsely connected community. For these reasons, 
we choose not to focus on these two loosely defined com-
munities for the rest of our analysis. For the US dataset, the 
higher clustering coefficient can be explained: Locally, the 
neighborhood of a node has higher chances to get connected 
together because of the components size (small diameter). 
However, we do not observe the same for the French dataset.

The remaining communities (4 for the USA and 5 for 
France) share that they are much denser and with a higher in-
degree. However, it is interesting to note some differences. 
For instance, the Trump community is much denser than all 
the other communities if we look at the mean degree, so is 
the Sarkozy community. Their respective diameter values 
seem to be lower (8 for Trump and 7 for Sarkozy). It is also 
interesting to note that the clustering coefficient is uniformly 
smaller for the French communities than the USA communi-
ties indicating a more spoke to hub arrangement for the later.

Appendix 2: The allocation of hashtags 
to our taxonomy

See Tables 10, 11, 12, 13, 14, 15 and 16.
Here we list the allocation of hashtags to the taxonomy 

created in Fig. 7.
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Table 12   Network statistics of each community subgraph for US and French networks

Lambda Clinton Sanders Trump Cruz_Repub-
licans

Others

mean degree 243.7 641.2 357.8 2266.5 1492.7 24.3
eigen_centrality 11765.2 6941.9 6547.7 24471.2 9959.5 1260.0
clustering coef-

ficient
0.8 0.4 0.5 0.5 0.5 0.3

diameter 6.0 9.0 11.0 8.0 8.0 18.0
size 717 2870 1820 2559 1529 505

Lambda LeftWingMedias NKM-Juppé Fillon FN Sarkozy Others

mean degree 0.4 45.4 21.4 21.0 22.3 92.0 3.1
eigen_centrality 140.1 1946.6 1345.2 521.2 311.7 1646.5 25.0
clustering coefficient 0.1 0.1 0.1 0.2 0.2 0.2 0.1
diameter 4.0 11.0 12.0 11.0 12.0 7.0 8.0
size 1400 3916 478 717 1398 1717 374

Table 13   All the hashtags 
for the US dataset. Color 
corresponds to the life cycles 
taxonomy

Descending Constant(many) Constant(few) Ascending

#GOPDebate #Trump #NeverTrump #RNCinCLE
#DemDebate #GOP #Trump2016 #SuperTuesday
#IowaCaucus #1 #FeelTheBern #DemsInPhilly
#SCPrimary #DNCinPHL #TrumpTrain #NYPrimary
#NHPrimary #Cruz #ImWithHer #PrimaryDay
#GOPdebate #Clinton #MakeAmericaGreatAgain #TrumpRally
#Rubio #tcot #MAGA #IndianaPrimary
#iacaucus #DonaldTrump #DemTownHall #Florida
#NewYorkValues #trump #NeverHillary #INPrimary
#TedCruz #Hillary #CruzCrew #Indiana
#WisconsinPrimary #Election2016 #BernieSanders #CAPrimary
#NVcaucus #BlackLivesMatter #AlwaysTrump #MDPrimary
#Sanders #HillaryClinton #TCOT
#Bernie #Benghazi #AmericaFirst
#IACaucus #BREAKING #p2
#CruzSexScandal #Iowa #trump2016
#Wisconsin #GOPTownHall #VoteTrump
#FITN #WIPrimary #NeverCruz
#TrumpPence16 #TRUMP #UniteBlue
#2A #CNN #PJNET
#Hillary2016 #Obama #TeamTrump
#CrookedHillary #Kasich #ImWithYou
#WakeUpAmerica #DNCleak #trumptrain
#SouthCarolina #ISIS #1A
#Hannity #Ohio #TRUMP2016
#NY #USA #LyinTed
#NewYork #ccot #CCOT
#OhioPrimary #gop #Cruz2016
#FloridaPrimary #NRA #VoteTrump2016
#FLPrimary #MSM #SECPrimary
#AZPrimary #NYC #BernieOrBust
#PAprimary #America #DumpRyan
#NewYorkPrimary #Arizona #BuildTheWall
#pjnet #CA #IN
#PAPrimary #Republican #YUGE
#DumpTrump #Texas #LyingTed
#MarcoRubio #Breaking
#PA #Veterans
#OHPrimary
#WI
#Utah
#maga
#AZ
#CRUZ
#NYValues
#UtahCaucus
#California
#CT
#MD
#ArizonaPrimary
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Table 14   All the hashtags 
for the French dataset. Color 
corresponds to the life cycles 
taxonomy
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Table 15   All the hashtags for the French dataset classified according to our static taxonomy. The number after the hashtag is its ranked popular-
ity

lareneGetaidemretnIkaeps-ytinummoc
#aj2017 78 #alstom 139 #19hruthelkrief 126 #policiers 161
#arabiesaoudite 174 #attal 91 #2017 128 #politique 25
#avecns 48 #attentatnice 98 #20h2017 121 #poutine 99
#balkany 32 #bfmstory 173 #8h30aphatie 113 #présidentielle 132
#bismuth 94 #bourdin 89 #afp 73 #presidentielle2017 58
#croisonsles 101 #buisson 23 #ambitionintime 92 #primaireadroite 103
#doublepeine 151 #bygmalion 8 #baroin 105 #primairedroite 27
#envoyespecial 36 #cahuzac 65 #bayrou 28 #primaireledebat 6
#fh2017 102 #carlabruni 153 #bfm 158 #primairelr 111
#field 164 #cazeneuve 75 #bfmpolitique 127 #primaires 60
#fillon2017 35 #ciotti 38 #bfmtv 33 #primaireslr 149
#guéant 178 #e1sarkozy 115 #blm 71 #ps 49
#gueant 176 #estrosi 40 #bourdindirect 24 #rediff 63
#jouyet 146 #euro2016 163 #brexit 51 #rocard 165
#laprimaireledébat 19 #europe 156 #burkini 54 #rtl 142
#nkm 4 #fh 154 #calais 52 #s 134
#qatar 159 #fillon 2 #cdanslair 39 #sa 130
#ripoublicains 109 #fn 21 #chateaurenard 117 #saintetiennedurouvray 90
#sarkosy 66 #gauche 137 #chirac 61 #sark 167
#sarkozycourttoujours 77 #grandesvoix 143 #cnlr 100 #sarko 13
#squarcini 162 #honte 84 #cope 93 #sarkozy 1
#tapie 81 #immigration 152 #copé 14 #sondage 83
#toutpourlafrance 3 #islam 175 #droite 104 #taubira 124
#traduisonsles 82 #kadhafi 62 #e1matin 68 #terrorisme 80
#udi 97 #lagarde 129 #franais 166 #tf1 56
#ue 148 #lemissionpolitique 15 #france 29 #valls 30

#libye 69 #france2 53
#lmpt 157 #franceinfo 150
#loitravail 147 #gaulois 31
#mariagepourtous 171 #ggrmc 112
#marinelepen 140 #guaino 34
#migrants 72 #hollande 7
#mlp 70 #itele 116
#morano 18 #jdd 59
#nekkaz 136 #juppé 20
#nice06 76 #juppe 5
#nicolassarkozy 85 #justice 96
#ns 46 #l 141
#ns2017 9 #labaule 170
#ns20h 26 #labaule2016 43
#nszenith 37 #laprimaireledebat 86
#poisson 47 #lci 155
#presidentielles2017 133 #le 144
#primaire 11 #lemaire 55
#primaire2016 16 #lep 12
#primaireledébat 67 #lepen 45
#primaires2016 123 #lesrepublicains 22
#pujadas 87 #lesrépublicains 120
#punchline 108 #lr 10
#quotidien 74 #lyon 145
#referendum 172 #macron 44
#rtlmatin 88 #mariton 41
#salamé 107 #médias 122
#sar 160 #montebourg 118
#sarkozy2017 95 #nice 50
#syrie 177 #niceattentat 110
#touquet 114 #onpc 57
#trump 64 #p 138
#ump 79 #painauchocolat 119
#wauquiez 17 #paris 168
#woerth 135 #pecresse 131
#zemmour 125 #pécresse 106
#zenith 169 #ploucs 42
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