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ABSTRACT

A social tie is a target for ongoing, high-level scientific debate.
Measuring the tie strength in social networks has been an important
topic for academic studies since Mark Granovetter’s seminal papers
in 1970’s. However, it is still a problematic issue mainly for two
reasons: 1) existing tie strength measurements may not reflect the
true social connections of individuals accurately enough, and 2)
many different methods to gather data from social media are not
applicable anymore due to different data openness issues. In
addition, we have only little empirical knowledge of the actual tie
strengthening process in online social networks. Therefore, we
suggest a new approach to tie strength research, which focuses on
studying communication patterns (edges) more rather than actors
(nodes) in a social network.
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In this paper we build a social network analysis-based approach
to enable the evaluation of tie strength based on reciprocal
interaction from publicly available Facebook data, and suggest that
this approach could work as a basis for further tie strength studies.
Our approach makes use of weak tie theory, and enables
researchers to study micro-level interactions (i.e. discussions,
messages, relationships) with large-scale social network analysis
(SNA). This study provides a way to find relevant actors from
publicly available data in the context of tie strengthening process,
and answers how to take this stream of research closer to
computational social science.

CCS CONCEPTS
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1 INTRODUCTION

Many organizations struggle with IT-enabled work whilst the
online communication environment differs from face-to-face
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interaction. For example, individuals who do not know each other
well are expected to work seamlessly together [1], [2]. To
overcome these obstacles, we need a refined understanding about
human interaction patterns, and more specifically, we need to
understand the communication process that leads to tie
strengthening, i.e. people getting to know each other better [3]. Tie
strength research addresses these challenges in a specific way.

However, some of the leading scholars have argued that we
lack understanding of how social networks (communities,
organizations, society) evolve [4]. In this discussion, the theory of
social ties (e.g. “strong and weak ties”) [5] has a crucial role as it
explains, for example, how information is transferred and adopted
in a network. However, Granovetter’s [5] theory has not yet
reached its full potential, because it lacks integration to study online
social networks in detailed level. Therefore, also new approaches
to study online social networks are needed [6].

In this paper, we suggest a new approach to tie strength research
that integrates publicly available micro-level data with large scale
social network analysis (SNA). We believe that it is critical to study
the actual reciprocal communication patterns of the individuals that
could inform us on social ties in the network. Thus, we argue that
the edge-centered approach, that studies “edges” (messages,
conversations) instead of “nodes” (actors) in a social network, is
important for two main reasons: 1) This approach would allow
researchers to gain insights from the actual content of interactions
from publicly available data, without compromising legal or
privacy issues; 2) the approach complements methods which use
electronic (likes, links shared, etc.), or self-reported data
(questionnaires, etc.), which may be limited and inaccurate when
used solely [4].

Our research question is as follows: How to find relevant actors
(nodes) and their mutual interactions (edges) from publicly
available large social media data set in the context of tie
strengthening process? To answer this research question and to
demonstrate the edge-centered approach, we build a network of
reciprocal interaction from Facebook data. We also describe
specific set of network/data properties that help with possible
generalization issues (related to e.g. tie strengthening in knowledge
work). We believe that this approach helps researchers to get closer
towards computational social science [ 7], and mitigate some of the
problems with big data paradox and noise removal fallacy [8].

We begin our paper with a section that describes the concept
and importance of social ties, how tie strength has previously been
measured, and why the edge-centered approach to tie strength
research is different. The next section describes a practical example
of our approach; how to build a network of reciprocal interaction
from publicly available Facebook data. Finally, in the last section,
we discuss the contribution of our study, and provide important
examples for future studies.

2 SOCIAL TIE

2.1 Concept and importance

“The network driven nature of the world” [9] has drawn the
attention of scholars for a long time, especially since the rise of the

2

O. Torro et al.

Internet and big data [8]. Granovetter’s [5] theory of strong and
weak ties has offered a solid base for this discussion [6]; today his
original article “The Strength of Weak Ties” has more than 44.000
citations in Google Scholar database (Google Scholar).

The basic concept of social ties (strong or weak) ties is quite
simple: Strong ties refer to people that are close to us, or people
with whom we spend a lot of time, like colleagues. Weak ties are
active only a short period of time and formed mainly between
acquaintances or previously unknown individuals. Granovetter [5]
highlighted the importance of weak ties, because new information
(ideas, insights, rumors, etc.) is transferred to the network mainly
through weak ties. Strong ties tend to decide if this new information
is finally adopted or not. [5]

Strong ties also tend to form high-cohesion, mutually
connected networks [5], [10], [11] consisting highly redundant
knowledge that is both explicit and tacit [11], [12]. Therefore,
strong ties are considered essential when dealing with complex
information [13]. Strong ties also correlate with the amount of
useful information obtained from social network [14], and
motivation to share knowledge [15]. Besides more effective
information transfer, stronger ties are closely related to the amount
of organizational support [16], [17], organizational commitment
[18], and leveraging innovation capabilities [19].

As Granovetter’s [5] theory has been widely studied in
organizational context [2], [10]-[14], [19], [20]), it has also
influenced how we perceive and understand our networks at
societal level [6]. However, this discussion is still at very early
stage. Indeed, we need to widen our understanding about social ties
to gain deeper insights from human behavior itself [4].

2.2 Measuring tie strength

In the field of IT, tie strength has often been used in different social
networks analysis, for example in context of social media [21]-
[24], network evolution [25], and information transfer [25] [20],
to mention a few. However, how to integrate tie strength research
with social network analysis is an ongoing scientific debate.
Leading scholars have argued that “despite these important issues,
little is known about whether electronic data indeed are a valid
proxy for the real social connections they purportedly measure.” [4,
15099].

Granovetter [5] argued that it could be intuitively recognized
whether the tie is strong or weak. However, it seems evident that
studying complex social networks is not that straightforward. In the
recent years, the collective process of production, consumption,
and diffusion of information on social media are starting to reveal
a significant portion of human social life [26]. This vast amount of
information has led to the creation of (1) big data paradox: we are
now able to access large amount of social media data which is
mostly publicly available, yet we may have very little detail about
an individual from this big data directly. In order to use this publicly
available social media data in a meaningful way to study any social
theory (e.g. weak tie theory), it is necessary to filter out the most
relevant data. However, the traditional data mining approach of the
data preprocessing and noise removal cannot be directly applied to
social media data. The social media data suffers also from (2) noise
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removal fallacy; firstly the removal of noisy data from social media
data may actually remove valuable information and secondly, the
definition of noise is complicated and depends completely on the
task at hand. Thus, there is a need to develop approaches which can
overcome these challenges. [8]

Furthermore, many of the previous studies [21], [27] crawled
the data from the social media platforms. Such method are now
against the terms of use in these social media platforms. These
aspects severely hinders the applicability of the methods of tie
strength evaluation from these previous studies. Therefore, it is also
essential to utilize openly available social media data [23], as data
proprietary may bring up some legal and privacy issues [4] .
However, access to this micro-level data (embedded deeply in the
both nodes and edges of social networks) may provide many
possibilities for tie strength research [4], [6].

We argue that studying the actual content of interaction from
publicly available data would be especially beneficial in tie strength
research. Different “tie strength components™ has been suggested
in the literature [21], [22], [28], but it needs validating which ones
are the most important in the perspective of communication process
[3]. However, it seems obvious that both duration of
communication [5], [29], [30] and frequency of interaction [5], [29]
are essential mechanisms when people get to know each other
better. Therefore, our analysis is based on assumption that 1) the
duration of communication and 2) the frequency of interaction
facilitate tie strengthening process, rather than being an outcome of
communication process (like, e.g., trust or emotional support). We
suggest that studying tie strengthening process, and integrating the
content of these micro-level interactions to large scale SNA could
be based on the network of reciprocal interaction. Thus, we
propose an edge-centered approach that enables identification and
analysis of actual communication patterns of individuals rather than
emphasizing on the nodes solely.

3 BUILDING A NETWORK OF RECIPROCAL
INTERACTION WITH THE EDGE-
CENTERED APPROACH: INDIE GAME
DEVELOPERS COMMUNITY

In this section we provide an example of how to apply our approach
in practice. We build a network of reciprocal interaction from
publicly available Facebook data. At first, we describe the selection
of the data source (Indie Game Developers community), and why
different network properties are important when building a network
in context of tie strengthening (i.e. tie strengthening is actually
expected). Then we will explain explicitly how data collection and
analysis was done. Finally, we present a visualization from the
actual network.

3.1 Selection and description of data source
(Indie Game Developers community)
To build and to demonstrate the new approach to enabling tie

strength evaluation from large publically available social media
data, we first devised a set of criteria for finding a suitable and
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sufficiently challenging social media based large community. With
this, we followed theory based sampling [31] as it focuses
specifically on “phenomenon of interest”. We believe that our data
set suits well to study tie strengthening as phenomena in the context
of, for example, knowledge work.

First, (1) the community in question has to be large in terms of
number of overall members, and number of active members, as well
as number of posts and discussions between members. This creates
a challenging task while there is, supposedly, a lot of noise in the
form of low frequency interactions which do not necessarily lead to
tie strengthening. This creates a challenge for filtering out relevant
discussions and posts, most probably increasing tie strength.
Secondly, (2) the community needs to have been active for several
years, so that we can expect that ties have already been formed and
strengthened within the community between members during its
lifecycle. Third, (3) the community can be expected to such that it
includes both simple problem solving type of activities which do
not require tie strengthening as such, as well as more goal-oriented
long-term activities, such as competence and capability building
and longer-term learning, that benefit from the building of
relationships within the community and the strengthening of ties.
This creates a further challenge and need to filter out irrelevant
interactions from most relevant reciprocal interactions - we could
not expect to notice very significant tie strengthening to be
happening in very loose communities such as photo or video
sharing communities. Furthermore, (4) the community should not
be very centralized and top-down managed, because more in-depth
tie strengthening requires frequent interactions which are reciprocal
by nature [5], [29]. Finally, (5) for practical reasons enabling the
content analyses in later phases, the community should be open for
access and have open wall or API for enabling the collecting of
data, and be mainly or solely English-language to allow the use of
content analysis and text mining algorithms in the analyses of
interactions and the tie-strengthening.

After reviewing different types of communities, both work- and
non-work- related ones, such as, and reviewing their suitability and
requirement for the sufficient challenge for filtering the relevant
discussions from less relevant ones, we ended up in selecting a
Facebook-based Indie Game Developers community as the source
for collecting the data and creating and preliminarily testing the
created approach.

3.2 Data collection

The Facebook data for the indie game developers was collected
using the Social Data Analytics Tool (SODATO) [32], [33]. Full
historical fetch of the Facebook group was done from 05-01-2008
to 29-04-2017 using SODATO. SODATO enables the systematic
collection, storage, and retrieval of the entire corpus of social data
for Facebook walls and groups. For this study the data from 01-01-
2015 to 31-12-2015 was used. The details for this data corpus are
provided in the Table 1.



AcademicMindtrek'l 7, September 20-21, 2017, Tampere, Finland

Table 1: Details of Data Corpus

Content Value Actor Value
Attribute Attribute
Time Start: Total 337425
period 2015-01-01 [ Unique Actors
End:
2015-12-31
Total Page -- Unique 24553
Likes Posters
Posts 26290 Unique 103581
Commenters
Comments 205729 Unique 9613
Comment
Reply Actors
Comment 23084 Unique 327
Replies Wall Post
Likers
Likes on 332886 Unique 16043
Posts Comment
Likers
Likes on 35152 Unique 5817
Comments Comment
Reply Likers

3.2 Data analysis

3.2.1 Social Network Creation. Facebook data in general allows
forthright analysis. In this case study Facebook posts, comments
and comment reply (reply to a comment) were the entities used in
the analysis. A tailored Python script was written to analyze the
above mentioned entities in Facebook data. The script further
converted the refined data into the following network. The network
shows interconnections between people communicating on
Facebook. More explicitly, with interconnections, we mean users
initiating Facebook posts, comments and comment replies to
aforementioned Facebook entities. The Python script uses
NetworkX library (version 1.11) to construct the network and
serialize it in Graph Exchange XML Format or GEXF (version 1.2).
The Python script was used to create the network graph files.

3.2.1 Social Network Visualization (Fig. 1). Gephi, an
interactive visualization and exploration platform available in open
source [34], was used to analyze and visualize the networks. Gephi
was used to layout the networks, calculate metrics for network
nodes, filter out the network using the different Gephi filters in
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conjugation (like self-loop, mutual edge, degree range) and adjust
the visual properties of the visualized network according to the
analysis. The layout of the networks in this study is the outcome of
a force driven layout algorithm in which nodes repel each other and
the edges connecting the nodes act as springs pulling the nodes back
together [34]. Hence the nodes that are interconnected will be
placed close to each other.

In this study, the python script to create network graph resulted
in a network which contained 16260 nodes and 123137 edges. This
graph file (.gexf) was opened in Gephi and the filtering of the
network was done. First, the Gephi filter ‘Giant Component” was
applied. This filter keeps only the graph component with most
number of nodes. Second, the Gephi filter ‘Mutual Edge’ was
applied to the network. Mutual Edge filter keeps only edges that
have mutual or reciprocal edges. This step is necessary as the tie
strengthening process requires reciprocal interaction between
actors (nodes). Thus, filtering out all actors which did not have any
reciprocal interaction was executed. Third, the Gephi filter Self
Loop was applied to the network. Self Loop filter removes all the
self loops from the network. This step is essential as the tie strength
is always between two dyads and not for an individual node.
Finally, the Gephi filter Degree Range was used. This filter keep
nodes which lie within the defined degree range.

The filtered network was visualised using the force driven
layout algorithm. The visualization of the Facebook group Indie
Game Developers during the period of the study is shown in Figure
1. This visualisation contains 313 nodes and 1072 edges which was
obtained by applying the Gephi filters as explained earlier. The
degree range for the Gephi Degree Range filter was set to be
between 100 and 645 resulting in the filtered network shown in
Figure 1. The nodes in the visualization represent the Indie Game
group members. While their interaction are made visible by
connections to other members, the greater the interaction the
greater the size of the connection (line width in Figure 1). The color
of node represents the cluster of nodes in the network, which is
based on a community-detection algorithm that analyzes the
network to find group of nodes that are particularly tightly
interconnected. The size of each node represents the degree of
interaction (sum of indegree and outdegree) of each group member.
The larger the size of the node the greater the amount of interaction
of the member.

To put it simply, these 313 nodes and 1072 edges (presented in
Figure 1.) show the amount of individuals (nodes) and their
communication patterns (edges). This visualization has been
cleared of noise, meaning that less than 100 messages exchanged
between individuals was not taken into account. This level of
granularity may be adjusted as wanted, of course. Noise removal is
directed to low-frequency interactions (edges with low weight), in
which tie strengthening is not expected as total amount of
communication remains low. Therefore, different tie strengthening
patterns are expected to manifest within these 1072 edges. The
same approach could be applied to significantly larger data sets,
and that would leverage generalization capabilities significantly
when analyzing the content of these messages.
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Figure 1: Force driven network of people based on Facebook
conversations.

4 CONTRIBUTIONS AND CONCLUSION

The objective of our study was to find relevant actors (nodes) and
their mutual interactions (edges) from publicly available large
social media dataset in the context of the tie strengthening process.
The focus of this study was to overcome the limitations of earlier
studies which use data gathering methods that are not applicable
(due legality or privacy issues), or other studies which use
measurements that may not reflect the true social connections of
individuals accurately enough. In this paper, we presented the edge-
centered approach which overcomes many of these earlier
limitations and demonstrated this approach with Facebook data.
Our findings demonstrate that this approach could benefit future tie
strength studies

4.2 Contributions to research

At first, the edge-centered approach in tie strength research allows
researchers to build a network of reciprocal interaction from open
social media data without compromising current legal or privacy
issues with social media data. Secondly, getting rid of “low
frequency” connections between individuals mitigate some of the
problems with big data paradox and noise removal fallacy. Indeed,
the formation of strong ties requires time and frequent interaction
to develop, making low frequency connections less relevant from
tie strengthening perspective [5], [30]. Therefore, this approach
“exploits survivorship bias” when focusing on interaction patterns
of possible strong ties after they have been formed.

We believe the edge-centered approach would bring up many
interesting possibilities when, for example, integrating large-scale

AcademicMindtrek'l 7, September 20-21, 2017, Tampere, Finland

SNA with text mining and machine learning algorithms which are
able to analyze and discover patterns from large amount of natural
language in automated manner [35]. Basically, the edge-centered
approach could be applied to any social media dataset with
discussion data. Social network data and message level content
analysis has been used to, for example, identifying leadership in
online communities (what kind of language is used, sociability of
individuals, etc.) [36]. However, studies that analyze content of
messages use often manual coding (like previously mentioned
study), not automated text-mining or machine learning algorithms
[35].

We also believe that this approach would allow researchers to
test well-established sociological theories and assumptions from
human behavior. For example, Granovetter [5] mentioned that “the
strength of a tie is (probably a linear) combination of the amount of
time, the emotional intensity, the intimacy (mutual confiding), and
the reciprocal services which characterize the tie” [5, 1361]. There
is also a plethora of similar assumptions in other theories as well
that could be tested by analyzing large amount of different
communication patterns in social networks.

For example, the norm of reciprocity is critical “starting
mechanism” for the strengthening of social relationships at their
early stage. This mechanism includes also simple social exchange,
like providing respect, appreciation, etc. [17], which could be
spotted from text-based interaction as well. This kind of
confirmatory research (theory testing) would enable significant
theoretical contributions but could also guide organizations in
managing the interaction of their employees in the most effective
manner. It would be interesting to see what kind of communication
patterns survive (and create stronger ties between individuals) and
what fade away.

Furthermore, our approach complements research methods
which rely electronic (likes, links shared, etc.), or self-reported data
(questionnaires, etc.) which may suffer from inaccuracy, recall- and
cognitive biases, or the errors of perception [4]. Studying these
communication patterns objectively would bring us closer to social
physics [39] by the means of computational social science [7].

4.1 Contributions to practice

Analyzing conversational data in online social networks would
provide interesting insights of how different “interaction layers” are
developing over time. As many virtual teams are struggling with
unsuccessful communication [ 1], information systems (IS) scholars
have argued that more research is needed to understand the content
of communication at network level [36]. Visualizing these
interactions would enhance sense-making significantly, making
this kind of information more useful for many organizations and
decision makers.

Combining ample volumes of texts with large-scale SNA
would produce insightful results. For example, it would be
beneficial for organizations to know how emotional support is
transferred in distributed works setting, as self-disclosure is higher
(people “open up” more easily) in text based interaction, but on the
other hand, lack of social cues and low synchronicity is a source of
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potential conflicts and misunderstandings [37]. Preventing or
intervening these conflicts beforehand would be useful for large
organizations with complex intra-organizational social networking
services with a lot of interaction data. Accordingly, it would be
possible to spot sources of excitement occurring in social
networking services; who enjoys discussing with whom, how
communication patterns between individuals are evolving (like
emotional content, language formality, social exchange), etc., and
that would help when organizations struggle to find proper group
dynamics in virtual teams.

4.2 Conclusion and limitations

We did not use any content analysis or text-mining techniques in
this study. We consider this as a limitation. However, we argue that
this should be the next step in refinement of the edge-centered
approach. We also believe the approach presented in this paper is
applicable as such.

The edges present the discussions, the messages, and all the
actual content of interaction in the network. Therefore, analyzing
the edges provides interesting insights in tie strengthening
perspective, especially if the amount of data gets larger and allows
more generalization from conversational data. However, at first, the
actual tie strengthening process needs to be justified by theory. We
need to understand the core tie strength components that are visible
(and what are not) in text based interaction. We strongly encourage
researchers towards this kind of interdisciplinary research. Many
theorists believe that the key to understand interpersonal relations
is hidden behind these communication patterns. Building and
maintaining relationships is all about communication, also in an
online environment, asalso described by Walther [40, 443];
“Although many people perceive that social media messages are
trivial and banal, so is the stuff by which relationships are
maintained”. Gaining deeper insights from the essence of human
online communication would benefit many organizations, as well
as our society as a whole.
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