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ABSTRACT
Gathering useful information from user interactions on social me-
dia is a challenging task but has several important use cases. For
example, law enforcement agencies monitor social media for threats
to national security, marketers use them for launching marketing
campaigns, etc. Since most social media platforms do not provide a
standardized way of monitoring their data, most analyses are car-
ried out manually. We aim to expedite this process by constructing
social network graphs, where analysts can visually determine what
users and contents are important. In this paper we compare two
different approaches for constructing such graphs (path-weighted
and degree-weighted). We analyze the time complexity of graph
construction and discuss the usefulness of their visualization. In
order to empirically evaluate both approaches, a method was de-
veloped, which stochastically generates data adhering to rules that
govern the generation of data on a social media platform. We found
that constructing degree-weighted graphs is faster, although the
visualization of a path-weighted graph can answer more questions
about the dataset.
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1 INTRODUCTION
Social media platforms have grown in popularity over the last two
decades, manifesting several new ways of how humans interact
with one another. The central idea is that users post contents and
other users interact with them. For example, on Facebook [9] users
post photos, write texts, create events etc. and other users like,
comment or re-post the contents.

Law enforcement agencies monitor social media platforms for
extremist groups, which might use them for spreading misinfor-
mation, incitement of violence or other forms of threat to national
security [8, 14].

The application of social network analysis in marketing can
provide marketers with valuable insights for developing commu-
nication and branding strategies by building up social capital in
social networking sites [1, 5].

How data is collected from such platforms and what information
can be extracted is of great utility. Being able to visually consider
a network and to investigate it manually can be of great impor-
tance to analysts. In order for such a visualization to be beneficial,
appropriate parts of the network graph (i.e. important users and
content) must visually stand out. Our aim is to provide two ways
of doing so and comparing them to one another from a technical
perspective i.e. analyzing how much time is needed to construct
such graphs and comparing them in terms of interpretability of
their visualization.

2 RELATEDWORK
Social network graphs can be constructed based on direct or inferred
relations, including re-posting, replying or mentioning, through the
shared use of hashtags or URLs, reciprocation or minimum levels of
interaction activity, or friend/follower connections [4]. Karunasek-
era et al. [12] constructed networks of Twitter [10] accounts based
on re-posts and mentions to discover communities active during the
2017 German election, valuing mentions and re-posts equally. URL
sharing behaviour is often studied in the detection and classification
of spam and political campaigns [2, 7, 17].
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Edwards et al. [6] evaluated several different approaches of ex-
tracting social network graphs from datasets, which included link-
ing two people if they were detected at the same event. Nasim et
al. [13] introduce an approach of how to detect content polluting
bots on Twitter. Their approach was to construct a two-mode user-
event network linking two users if they had posted contents on the
same day. Nguyen Vo et al. [16] constructed social network graphs
which helped them evaluate an algorithm for revealing and detect-
ing malicious re-posting groups. In their approach they considered
only re-posts between users and for each pair determined re-post
similarity and connected them if it was high enough.

3 METHODS
3.1 Constructing graphs
In this section we propose two different methods of constructing
discrete graphs given a dataset which can be obtained from a social
media platform. The dataset contains entities called users and the
content that they generated. Contents can also be reactions to one
another i.e. a comment or a share.

Both methods have nodes of classes "user", "content", "comment"
and "share". The methods differ in the way how edges are formed
between the nodes, in which direction they are oriented and in the
way the node weight is calculated.

The first method calculates node weights based on their degree
(degree-weighted). We present this method in graph theoretic terms
as follows:

Let 𝐺𝑑 (𝑉 , 𝐸) be a directed (degree-weighted) graph. Let𝑈 ⊂ 𝑉

be the set of users, 𝐶 ⊂ 𝑉 the set of contents, 𝐶𝑐 ⊂ 𝑉 the set of
comments and 𝐶𝑠 ⊂ 𝑉 the set of shares. Let 𝑢 ∈ 𝑈 , 𝑐 ∈ 𝐶 , 𝑐𝑐 ∈ 𝐶𝑐
and 𝑐𝑠 ∈ 𝐶𝑠 . Edges {(𝑢, 𝑐), (𝑢, 𝑐𝑐 ), (𝑢, 𝑐𝑠 )} ⊂ 𝐸 only if𝑢 is the author
of 𝑐 , 𝑐𝑐 or 𝑐𝑠 . In this method there are no edges linking directly
comments to contents or shares. Such a relation is represented
as two edges {(𝑢, 𝑐), (𝑢, 𝑐𝑐 )} ⊂ 𝐸 where 𝑢 is the author of 𝑐𝑐 (the
same holds for 𝑐𝑠 should 𝑐𝑐 be a comment on a share). Shares are
modelled in the same manner. The weights of edges are equal to 1,
however the weights of nodes are equal to the node degrees.

The second method is based on calculating the node weight
based on the number of simple paths that lead to that node (path-
weighted). We present this method in graph theoretic terms as
follows:

Let𝐺𝑝 (𝑉 , 𝐸) be a directed (path-weighted) graph. Sets and nodes
are defined as above. Edges {(𝑐,𝑢), (𝑐𝑐 , 𝑢), (𝑐𝑠 , 𝑢)} ⊂ 𝐸 only if 𝑢 is
the author of 𝑐 , 𝑐𝑐 or 𝑐𝑠 and {(𝑐𝑐 , 𝑐), (𝑐𝑐 , 𝑐𝑠 ), (𝑐𝑐 , 𝑐𝑐 ), (𝑐𝑠 , 𝑐), (𝑐𝑠 , 𝑐𝑠 )}
⊂ 𝐸 only if 𝑐𝑐 is a comment to 𝑐 , 𝑐𝑠 or 𝑐𝑐 or if 𝑐𝑠 is share of 𝑐 or
𝑐𝑠 . The weights of all edges are equal to 1, but the weights of all
nodes are equal to the number of directed simple paths ending in
that node.

Cycles in the network would prevent the calculation of node
weights from converging. The proposed connection rules guarantee
that no cycles exist in the resulting networks. This can be easily seen
in the following way: a node in a cycle must have both incoming
and outgoing edges. As such 𝑈 nodes can not be part of a cycle
(they only have incoming edges).𝐶 nodes may have both incoming
(from comments or shares) and outgoing (to the authors) edges. In
order for a cycle to be formed there would need to be a directed
edge from an author of the content to its comment, this is however
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Figure 1: Example of a path-weighted (left) and degree-
weighed graph (right) on the same dataset.

not possible since such an edge is not defined. The same proof can
be applied to both 𝐶𝑐 and 𝐶𝑠 nodes.

The degree-weighted graph can be easily understood and offers
quick means for analysis, while the path-weighted graph is a bit
more complex, albeit offers more in-depth information. In figure 1
we illustrate examples for both methods on the same dataset.

3.2 Generating random data
We want to empirically evaluate the time complexity of construc-
tion of both graphs and as such need many datasets with different
numbers of contents and comments. Datasets from social media
platforms varying in size might however be governed by different
social dynamics, which have an effect on the network topology.
Sampling from those datasets hence carries the risk of introducing
an uncontrolled selection bias. Therefore we propose a way to artifi-
cially generate data (only systematically biased by the assumptions
being made) in a stochastic manner governed by two parameters:

• the number of contents generated, denoted as 𝑁
• the probability that the new content generated is a comment,
denoted as 𝑝𝑐

Our approach makes the assumptions that very little content on
social media gains very high attention and that most users either
post content or react to it but rarely both. To reflect this, each ran-
dom content node that got generated got assigned a weight, which
was sampled from a Pareto distribution [3], which is a power-law
probability distribution that is used in description of social, quality
control, scientific, geophysical, actuarial, and many other types of
observable phenomena. This weight was used for weighed sam-
pling, when assigning user reactions i.e. comment and shares to
contents. Each user also got assigned a weight upon creation also
sampled from a Pareto distribution, which got used when sampling
users for authors of contents. A second weight is generated, which
is equal to the inverse of the previous one and is used when sam-
pling users for authors of comments. Using an inverse and weighed
sampling manifests unsymmetrical behaviour of users in regards to
their posting habits of contents and comments. We observed that
most users who post high impact content are more likely to do so
more often than others. To reflect this, the weights of all contents
got multiplied by the weight of its author (i.e. the user). We also
wanted to capture the observation that new users are more likely to
enter a discourse, when a popular post was made. As such, when a
new random content got generated with a high enough weight, the
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probability of a new user spawning in their respective pool, got in-
creased and linearly decayed with each new content generated. We
also assumed that content shares are more similar to content than
they are to comments and therefore introduced a transformation
from content to share, which was dependent only on an individual
user and their probability to post a share. For each share, a content
was sampled using their respective weights. To take into account
nested comments, these can also be sampled when assigning user
reactions, however we observed these are not as frequent and as
such their weights are sampled from the uniform distribution.

4 RESULTS
4.1 Time complexity of construction
We assume a dictionary representation of a discrete graph. Com-
puting a degree-weighted graph takes O(|𝑉 |) time. This can be
achieved by iterating over all contents, comments and shares and
adding corresponding nodes and edges. Calculating node weights
takesO(|𝑉 |) time because all that is needed is looping over all nodes
and calculating the node degree, which can be done in constant
time.

Constructing a path-weighted graph as described above takes
O(|𝑉 |) time since the same concept of looping over all contents,
comments and shares can be used. Now we consider calculating
node weights. Calculating one simple directed path between two
nodes using depth first search takes O(|𝑉 | + |𝐸 |) time [15]. Naively
doing so for all nodes and all possible paths results in a combinato-
rial explosion in terms of time complexity. This analysis assumes
that lengths of paths are comparable to |𝑉 |. However in our case
this assumption can not be made since long paths require nested
comments or shares i.e. comments to comments or shares of shares.
For simplicity we exclude such paths from our analysis since we
observed those are usually not found very frequently in interactions
on social media. We estimate that calculating all simple paths for all
nodes to take O(|𝑉 | + |𝐴|) time, where 𝐴 is a list of all ancestors of
all nodes. We assume that calculating all ancestors of a node to be
constant since we are not considering nested comments or shares.
The following observations can be made:

• |𝐴| ≈ |𝑉 | + |𝐸 | since every edge roughly introduces one new
ancestor,

• a node might have a large number of ancestors, however
each ancestor has at most two outgoing edges and is at most
at a distance 2 from the source, meaning that depth first
search finds all simple paths between two nodes in constant
time.

When |𝑉 | gets large enough, most of the time needed for the compu-
tation of a path-weighted graph is used for calculating node weights.
Therefore calculating a path-weighted graph takes O(|𝑉 |+ |𝐸 |) time.

An empirical evaluation of time complexity can be seen in figure
2. Datasets of different sizes were constructed with 𝑁 ranging from
0 to 45000 with a step of 500. At every step we generated 30 random
datasets using the above described method and measured time of
construction for both approaches.

Figure 2: Time complexities of graph construction for both
methods. Both depend linearly on |𝑉 | + |𝐸 |.

Figure 3: Comparison of interpretability of the path-
weighted (left) and degree-weighted (right) graph. It is not
possible to determine to what content does the comment
belong to in the degree-weighed graph.

4.2 Interpretability
Here we demonstrate a way how one could interpret the node
weights and degrees of both types of graphs. In a degree-weighted
graph a content’s weight reflects the sum of all users that reacted to
it, with either a comment or a share. The same interpretation can be
made for both comment and share nodes. A user’s weight reflects
the sum of all their activities. Conversely, in a path-weighted graph
a content’s weight reflects the sum of all comments and shares
written as a reaction to it, hence its "impact". As before, the same
interpretation can be made for both comments and shares. A user’s
weight reflects the sum of the contents written by the user (the
"activity") plus the sum of the their impacts (total impact), hence
their (relative) importance. Additionally the degrees of nodes in
a path-weighted graph can be interpreted as weights of degree-
weighted graphs.

As an edge is missing from either a comment or a share to the
content in a degree-weighted graph, this results in an ambiguity.
Consider figure 3. It shows two visualizations of the same data. For
the degree-weighted graph it can not be determined by visualization
alone where the comment belongs to, however this is not the case
for the path-weighted graph.

4.3 Visualization
Here we show some visualizations of networks using the random
data generating model described above. We generated two datasets
with values of 𝑁 equal to 1000 and 2000 and 𝑝𝑐 equal to 0.8. In
figures 4 and 5 two visualizations of path-weighted and degree-
weighted graphs are shown. The visualizations were done using
a Javascript library called vis.js where graph physics enable for a
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Figure 4: Visualizations of degree-weighted graphs with 𝑁

equal to 1000 (left) and 2000 (right).

Figure 5: Visualizations of path-weighted graphs with 𝑁

equal to 1000 (left) and 2000 (right). The same datasets were
used as in figure 4.

more flexible visualization. The physics solver ForceAtlas2 was used
[11]. The tool allows for zooming and makes even larger networks
still manageable to analyze manually. However, these visualizations
take a lot of computing power and it becomes very time consuming
to render networks which contain more than 5000 nodes. This issue
can be mitigated by using alternative libraries with GPU support.

5 DISCUSSION
We have presented and analyzed two different approaches (path-
weighted and degree-weighted) for constructing directed graphs
from data modelling social media networks. We have shown that in
terms of time complexity the degree-weighted graphs are favourable,
since they require less time to construct, although the difference
only becomes noticeable when the dataset is very large.

The advantages of degree-weighted graphs are that they are fast
to construct and their visualizations are easy to interpret regarding
questions about the most popular posts and which users post most
frequently. The corresponding nodes will have a high weight and
therefore visually stand out. A disadvantage of this method is that
further analysis is harder to conduct i.e. it is harder to answer
questions about the most important users, the impact of individual
posts and about the users most people interact with.

The advantage of path-weighted graphs is for analysts to be
able to answer the above questions more easily since all relations
are unambiguously reflected by graph edges and more meaningful
weights are given to content and user nodes. However, the disad-
vantage of this method is that network graph construction takes a
longer time.

Analysing our model for generating random social media data,
we find that it lacks modelling of phenomena where users are more

likely to react with only a small pool of users (their friends and
family), rather than with users who post the most popular content.

As a next step we plan to test the validity of our findings on real
social media data and analyse the time complexities of adding new
nodes to an existing graph in a realistic monitoring scenario.
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