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Abstract The widespread use of online interactive platforms
including social networking applications, community support
applications draw the attention of academics and businesses.
The basic trust of this research is that the very nature of these
platforms can be best described as a network of entangled
interactions. We agree with scholars that these platforms and
features necessitate the call for theory of network as a novel
approach to better understand their underpinnings. We exam-
ine one of the leading online interactive health networks in
Europe. We demonstrate that the interactive platform exam-
ined exhibits essential structural properties that characterize
most real networks. In particular, we focus on the largest con-
nected component, so-called a giant component (GC), to bet-
ter understand network formation. Dynamic network analysis
helps us to observe how the GC has evolved over time and to
identify a particular pattern towards emerging a GC. We sug-
gest that the network measures examined for the platform
should be considered as novel and complementary metrics to
those used in conventional web and social analytics. We argue
that various stages of GC development can be a promising
indicator of the strength and endurance of the interactions on
the platform. Platform managers may take into account basic
stages of the emergence of the GC to determine varying de-
grees of product attractiveness.
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1 Introduction

With the advance of ubiquities computing and promising in-
formation services, online human interactions have been a
centre of attention for both research communities and business
endeavours. To facilitate human interactions, online interac-
tive platforms are promoted as, for instance, community sup-
port applications, social networking applications, micro blogs,
mobile message exchanges. This research is concerned with
practical and research challenges related to understanding the
nature of interactive aspect of these platforms. Various fea-
tures of platforms (e.g. information/advice seeking, message
exchange, relationship formation) reflect this interactive as-
pect, but are subject to rules and other constraints in a given
context (e.g., friendship, commerce, health domains).
Regarding practical challenges, often times managers face
with uncertainties and complexities in managing these plat-
forms since they are yet to be mature regarding sustainable
business models, multifaceted services, a sheer number of in-
volved interactions (Butler 2001; Jones et al. 2004; Kane et al.
2014). Conventional key performance indicators and web ana-
lytics measures are inadequate in truly reflecting the very nature
of these platforms, which is a network of entangled interactions.
Recently, scholars in IS research have acknowledged the call
for studying online interactive platforms from the perspective of
theory of network (Johnson et al. 2014; Kane et al. 2014) or
network science (Strogatz 2001; Barabasi 2009; Wang et al.
2012). That is, the very notion of interactive behaviour on the
platform requires further understanding of underlying network
structure and dynamics. Simply, structure refers to a number of
essential network characteristics (e.g. degree distribution, giant
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component) that characterize the network (e.g. random versus
real networks) and dynamics is concerned with time evolution
of the network with respect to structural characteristics.
Dynamic network analysis is aimed to examine both structural
and dynamic aspects of interactive platforms.

Of particular importance among structural characteristics is
the notion of connected components, which indicates how
strong and sustainable interactions are established on platforms.
The largest of these components is central to this study as it
plays a dominating role for both network development and
platform management. This research is aimed to contribute to
further understanding of establishment and sustainability of in-
teractions on platforms. The motivating questions are as fol-
lows: What network measures are appropriate to examine an
overall structure of the network underpinning a platform? How
is the giant component established and evolved over time? Is
there any peculiarity of giant development characterizing the
network? Does the network reach a steady state? If so, what
underpins this state? What research and practice implications
can be discerned from this dynamic network analysis? In this
regard, this research aims to contribute to both theory of net-
works and information systems research, but the key motivation
is to advance an understanding and value of theory of network
for Information System research. The practice related contribu-
tion to conduct dynamic network analysis is to associate the
network findings with the business insights that may of concern
to platform managers and decision makers or alike.

To proceed in answering these questions, we examine one of
the leading online interactive health networks (www.
doktorsitesi.com) in Europe. According to their website,
Doktorsitesi has around two million registered members
(presumably advice seeking patients) and 18,000 physicians.
As shall be explained later on, the platform examined provides
physicians and patients alike with special social networking
features such as private messaging, tying, exchanging
information via questions and answers, and other user-led con-
tent related services (twitter-like following, articles, videos). In
this research we focus on the tie feature. The goal of the feature
is to connect the health specialists who provide valuable health
information to those who seek it through a private channel. This
feature lets users to make request for a tie and/or to approve of a
tie. In case a request is approved, it becomes a tie, which sig-
nifies a bilateral agreement with a reciprocal right to send an
unlimited number of messages privately.

By conducting dynamic network analysis (DNA) we are
able to surface intriguing interactions between physicians and
patients alike on a macroscopic scale. To better examine tie
establishment we make use of essential properties that charac-
terize most real networks. We should note that the structures
may reflect patterns of interactions that can be essential to
explain how people learn, form opinions, and affect the others
in real world social networks (Heidemann et al. 2012;
Granovetter 1973).
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2 Research background

Theory of network can be associated with various theoretical
accounts including social network theory (Milgram 1967),
network science (Barabasi 2009), graph theory (Wasserman
1994). Theory of network helps in the examination of com-
plex communication and interaction patterns in various con-
texts such as health information platforms (Li et al. 2008; van
Mierlo 2014). As the academic endeavours contributing to a
trans-discipline development of so-called network science,
one can explore structural and dynamic (evolutionary) aspects
of a network (that is, things and their relations) from appro-
priate perspectives including social, management and infor-
mation systems. The impact of network theory on our under-
standing of real world complex systems is manifold. Thanks
to graph theory, we can represent a complex network of inter-
actions by a simple model. And it is thanks to the predictive
power of network models we can study diverse phenomena
and make predictions (Barabasi 2009).

Several network models have been introduced to capture
the evolution of real-world networks (e.g. economic networks,
biological networks, social networks). The preferential attach-
ment model of (Barabasi and Albert 1999) is among the most
studied of these models. The model requires two main con-
stituents, growth and preferential attachment, to account for
the emergence of heavy-tailed degree distributions in which
the emergence of a giant component is automatic.

Although real-world complex networks look different mi-
croscopically, researchers discerned many commonalities in
their characteristics on a macroscopic scale. Empirical results
show that real-world networks are notable for several struc-
tural properties (Kossinets and Watts 2006). First, a high pro-
portion of moderately tied nodes coexist with a small propor-
tion of inordinately tied nodes, i.e. the connectivity between
nodes follows highly skewed degree distributions compared
to random networks (Simon 1955). Second, there exist short
paths in these networks between most of the nodes, resulting
in an overall low average path length compared to network
size. This is widely recognised as the “small-world
phenomenon” (Milgram 1967; Watts and Strogatz 1998).
Third, real-world networks exhibit high clustering of connec-
tivity compared to density of ties. Other commonly observed
structural properties include one or few clusters of
components.

One of the most studied phenomenon in the theory of ran-
dom graphs (Molloy and Reed 1998) and theory of networks
(Kumar et al. 2010; Strogatz 2001) is emergence of a uniquely
large network component. We refer to a connected component
in a network as a cluster of nodes where there exist pathways
between any two nodes in the cluster. For directed networks, if
every node within a component is connected to every other
node bi-directionally it is called a strongly connected compo-
nent (SCC), otherwise it is called a weakly connected
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component (WCC) (Broder et al. 2000). Since our analysis
excludes WCCs, all connected components are SCCs, and
we will simply call them components.

Theoretically the sudden emergence of “giant” component
is almost inevitable. Not surprisingly, much attention has been
paid to the structure and dynamics of this component in em-
pirical analysis of evolving systems ranging from co-
authorship network of scientists to large online social net-
works (Kumar et al. 2010; Newman et al. 2002; Barabasi
et al. 2002; Leskovec et al. 2007; Kossinets and Watts
2006). Newman et al. (2002) emphasize the importance of
giant component; it is that “group of connected vertices that
fills a significant portion of the whole network and whose size
scales up with the size of the whole network™ (p.2568).

We have investigated emergence and evolution of the giant
component (GC) of the tie network by recording its size and
the rest of its relevant metrics as a function of time. We con-
sider that a component is called GC if it satisfies two condi-
tions: (i) the proportion of nodes it has to be above 50 % of the
whole network, (ii) even the size of the second-largest com-
ponent must never exceed a small amount per mil (that is,
around half a per cent).

Besides GC we shall consider additional basic network
measures. One of the basic measures is the average degree
of nodes, which is simply arithmetic means of in-degree (i.e.
making a tying wish), out-degree (i.e. approving of a tying
wish), and maximum tying wishes.

Another important characteristic related to the global struc-
ture of a network is the average path length. Path length mea-
sures the distance between people in terms of number of con-
nections in the network examined. The eccentricity of a node
gives the shortest path i.e. the geodesic distance between any
two nodes. The maximum eccentricity, called diameter of a net-
work, is the largest distance of all, or the distance between peo-
ple that are farthest from each other. The minimum eccentricity
between people on the other hand is called the radius of the
network. The small-world effect is present if the average of the
geodesics between every node is around six (Kleinberg 2000).

3 Research context and method
3.1 Online interactive health platform

Interactive health platforms have gained popularity in health
domain as they bring health information seekers (patients and
alike) and medication advice providers (physicians and other
relevant actors) together. Recent reports concerning the adop-
tion of online health applications have shown people’s and
organizations’ significant interest in them (Moss and Elias
2010). Of particular importance among these applications is
health information and advice-seeking supporting applica-
tions (e.g. WebMD, Healthline) having a direct link to social

network sites whereby information support is empowered by
human relations or vice versa. This is not surprising especially
for the health domain, since peers’ opinions for medical prac-
titioners and patients’ experience for “like-minded others” are
found to be valuable for health related decision-making
(Bosslet et al. 2011). Thus, one needs to find out if and how
human interactions are established on the platforms. Thanks to
emerging online health interactive platforms (e.g. HealthTap,
WebMD, Doktorsitesi), which help in providing relevant data
for the analysis of information and social networks.

We should also note that on the business side, the decision
makers (e.g. platform managers, owners, platform architects)
may not be aware of the fact that they are “managing a complex
system” of user interactions. Managers, not knowing they are
dealing with a complex system, make heuristic decisions, may
even terminate a service before it attains its maturity. Changing
platform rules or user interfaces frequently can affect the user
adoption and underlying network interactions (Fetterman
2009). All these pragmatic changes on platforms make it very
difficult for researchers to obtain a data set that one can perform
a sound empirical study. Nevertheless, while conducting this
empirical study we model the underlying network carefully
and aim to surface the global structure of the network.

We examine Doktorsitesi.com, which is one of the leading
online interactive health networks (www.doktorsitesi.com) in
Europe. Doktorsitesi.com allows its members to access the
true identities of physicians but not patients or alike.
During the examination of the platform physicians and
patients are only granted access to patients’ anonymous
user profiles that consist of their age, gender, and
education. The tying feature is a channel that helps
patients connect with others, thereby allowing them to
communicate anonymously through private messaging.
The feature makes a member’s ties list private.

We should note that the platform provides services in a
country where digital reputation of physicians via rating or
other means is against the law. Due to national regulations in
the health sector, physicians are allowed to work full-time or
part-time in different types of hospitals (state, university, pri-
vate) or clinics.

3.2 Method

As an alternative to conventional methods for analysing on-
line interactive platforms (that is, survey and observation for
data collection (Chambers et al. 2012)), we make use of valu-
able data generated on a health information platform and con-
duct dynamic network analysis for our data set. We obtained a
raw data set describing the tying feature of Doktorsitesi.com.
The set is composed of activities of members who made use of
the feature; either to make a request for a tie or to approve of a
tie, collectively called tying wishes, over the 66-month period
from January 2009 to July 2014.
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For each of these members, we have a log of their tying
wishes where user identifiers of both parties and the time
stamp of a record constitute a transaction. We do not have
any knowledge about the true identities of the members except
that they are either medical practitioners or (presumably) pa-
tients. We believe that our data set is not influenced by sub-
jective biases on the part of the platform members. That is,
unlike traditional surveying which unavoidably introduces bi-
ased opinions (Marsden 1990), our approach can be consid-
ered as an effective method for probing the user engagement
in adopting a service of an online platform.

Raw data was not readily available in the form of a tempo-
ral graph since a traditional relational database system is used
to record tying transactions on the platform. Therefore, the
first step of data preparation before starting dynamic network
analysis was to transform records into a network data set. This
is a very delicate and mostly iterative rather than a sequential
process. After selecting the records relevant to the research
focus, we imported the data and checked them for possible
artefacts due to bugs in the software. We have detected several
artefacts, self-ties, i.e. records of approved tying attempts of
individuals to themselves, to name one, and cleaned them.

Description of the network data and visual analysis of net-
work diagrams are produced with Gephi (Bastian et al. 2009),
which is a visualization and exploration platform for network
analysis. It is open-source and free software.

We model tying wishes and the resulting ties as a directed
network. Our approach permits us to articulate both the mem-
bers who initiate tying wishes and the resulting ties. In the
present work, we focus on the tying interactions that all result-
ed in ties between members. Thus we have eliminated the
tying wishes that have not resulted in a tie. Time stamps iden-
tify the creation of each tie, that is, when a tying approval
occurs, giving the date and time of day. Since we consider
the time stamp as a temporal parameter that gives us informa-
tion on the time evolution of the tie network, we only take into
account the date of each record, not its time. That is, we cre-
ated a dynamic data set with the date of each record that helps
us to explore the temporal evolution of the tie network. From
this data set, we take several time snapshots, for which we
visualize the network to determine if and when a giant com-
ponent emerges and how it evolves thereon yearly. We also
study the number of nodes, the number of edges, the number
of components for the overall network, and two of its largest
components for time snapshots monthly.

A graph of directed edges models the tie network (see
Fig. 1). On the graph (as shall be seen in Figs. 2, 3 and 5),
black nodes represent patients (abbreviated to P) and grey
nodes represent physicians (abbreviated to Dr). Black directed
edges of the tie network represent the tying wishes. Grey
directed edges, on the other hand, represent the tying ap-
provals. Our colouring convention is just for the sake of
obtaining decent network visualization (X. Chen and Yang
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2010). However, from the network science point of view such
sophistication of network representation would mean the pos-
sibility of measuring an endless number of statistics.

Since in our data set every node is connected to every other
bi-directionally all of the social network analysis metrics are
calculated by making the network undirected where each pair
of directed edges of tying wishes corresponds to a single un-
directed tie edge.

4 Findings
4.1 Basic network measures

The tie network focuses on those tying requests that are recip-
rocated. We present basic characteristics of the overall tie net-
work as of June 2014 in Table 1. To better visualize compo-
nents we provide network graphs by ForceAtlas 2 layout al-
gorithm (see Figs. 2, 3, and 4). This algorithm provides a
visual representation that brings out the giant component,
placing it at center.

The tie network of Fig. 2 has N = 11,559 platform members
as nodes and L = 13,750 ties (half of the directed edges)
between them. In consequence the average degree of the tie
network is 2.4, indicating that a common member interacts
with two to three other members. It is thanks to highly skewed
degree distribution with a small number of high-degree nodes,
the majority of members have engaged in only one tie. To be
more specific, 72% members have engaged in only one tie,
12% of them in two ties, and 2.8% of the tie network have
more than ten ties. In this network of tying interactions, 71%
of all nodes and 86% of all tie edges belong to the largest
component, which will turn out to be a giant component
(GC) (the central part of Fig. 2).

The average path length between all pair of nodes within
the tie network is 5.72 and maximal distances vary between
graph diameter of 17 and graph radius of 1. The average path
length of the network is 5.72. This means that members are
“less than six people apart” should they wish to communicate
with each other.

Regarding GC, the increase in the average degree from 2.4
to 2.9 (see Table 1) is expected because interactions are dense
compared to the overall network. It is no coincidence that
average path length and diameter of the overall network and
GC are almost the same due to the fact the latter GC dominates
the tying interactions. The minimum eccentricity (that is, ra-
dius) of 1 of the overall network stems from large numbers of
small-sized components. In contrast to these small-sized com-
ponents, within the GC of 8239 nodes, maximal geodesic
distances between nodes vary between radius of 9 and diam-
eter of 17 with a mean distance of 5.73 nodes. The GC is a
small-world network where nodes are on the average about six
handshakes away from each other.
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Dii; P

Fig. 1 Network model description of tying interactions: Grey nodes
represent physicians, black nodes represent patients or alike. Directed
edges between nodes represent tying wishes (black) and tying approvals
(grey). A pair of directed edges between members indicates that they are
tied. The figure illustrates one tying example.

For a more detailed network analysis of the online service
of tying feature regarding the interaction patterns among phy-
sicians and patients, the interested reader may refer to (Aydin
and Perdahci 2016).

4.2 Emergence of giant component and its evolution

Network visualization helps us to observe how the GC is
established, grows and evolves through the timeline. We can
point out few significant observable facts in the visualizations
provided. Figure 3 includes six graphs, illustrating how the tie
network has shaped since its inspection near the beginning of
the year 2009 while Table 2 lists key network measures for
each snapshot.

At the beginning (Fig. 3a), the network is quite fragmented,;
with a total of 105 components (Table 2). There appear three
large components at the centre, none of which can be classi-
fied as a GC. These components comprise (to the nearest

Fig. 2 Graph of the overall tie network as of June 2014

integer value) 25%, 7%, and 4% of the network respectively.
Figure 3b is the snapshot taken two months later where we
now recognize only one large component at the centre. This
component is comprised of 53% of the network; it is already
bigger than the totality of the other 166 components of the
time. We recognize this as a yet-to-be born GC, because most
of the little fragments account for some fraction of a per cent
of the network (see Table 2).

Nevertheless, the progression of the network apparently fol-
lows a particular pattern towards making a GC. With hindsight,
we continue exploring the evolution of the network by taking
more snapshots and recognize the emergence of the sought-
after GC nearly 17 months after the inspection of the feature
(see Fig. 3c). At this point, the GC comprises 60% of nodes and
75% of ties, and even the largest fragment of the rest of the 821
components accounts for just half a per cent of the whole net-
work. Subsequent snapshots taken a year apart reveal that the
GC enters what can be called as the “giant regime” state, where
it spends four more years till the summer of 2014 as a stable
GC. Of course, this state of affairs is a sign of stability, as the
network is like an open system that grows out of both interac-
tions between existing and newly added nodes.

With the idea that this phase might indicate a second wave
of GC formation we investigated the year 2012 as a separate
case (see Fig. 4). The network metrics (see Table 1) suggest
that the interactions get stronger and people get more closely
tied to each other with a higher average degree per node,
smaller average path length, diameter, and radius. The largest
component of the period is eligible to be called a GC as it
accounts for 77% of the nodes and 90% of the edges (see
the centre of Fig. 4) while the largest of the rest of 212 com-
ponents is only 8 per mil (0.8%).

To better understand the transition from small-sized network
components to GC, we have taken snapshots of the largest
component for about a week apart and recorded the proportion
of nodes and edges it absorbs for the first three months. Thus,
Fig. 5a shows proportion of nodes and edges accumulated by
the largest component across time. As Fig. 5a illustrates, the
largest component exhibits a rapid growth from 10% to 50%
per cent of nodes and edges within the first three months.

One can easily notice that the yet-to-be born giant signifies
the beginning of the second stage of the evolution, which
involves a spike followed by one year of fluctuations before
entering to giant regime at around middle of 2010. That
means, it has taken about one-and-half year for the giant to
reach its mature state.

Figure 5b shows the total number of new nodes added to
the tie network, which is of particular interest to examine the
network evolution further. We have recorded both the total
number of new nodes that enter into the network and the
number of new nodes that enter directly into the GC every
month as shown in Fig. 5b. Notice that before the inception of
the GC at around the middle of the year 2010, there is a
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Fig. 3 Evolution of the Tie a
Network and GC across timeline

Tie Network at 01/03/2009

Tie Network at 30/04/2009 Tie Network at 30/06/2010

Tie Network at 30/06/2011

Tie Network at 30/06/2012 Tie Network at 30/06/2013

significant difference in the number of nodes that enter into
the network and the GC. However, GC has absorbed a major
proportion of nodes since its inspection. As one can see in
Fig. 5b, occasionally the GC absorbs more than the total num-
ber of newly added nodes. This happens because both existing
outsider nodes (that is, nodes lying in the outer rim) and newly
added nodes can contribute to the growth of GC when some
newly entered nodes establish ties that cause small-sized com-
ponents to join the GC.

Several observations on Fig. 5b compelled us to
make further investigations. First, there seems to be no
tying activity during a large portion of the summer of
2012. This was because of the unavailability of the tie
feature during information technology migration.
Second, in the last quarter of 2013 there seems to be
noticeable deviations from the normal state of affairs
that prevail since the inception of the GC. As it hap-
pens, the platform owners changed the user interface
during the last quarter of 2013, and provided the plat-
form members with a new feature that lets them to view
who ties to whom so long as they are tied since the
second quarter of 2014.

As one can see that Fig. 5b signifies an erratic pattern. This
raises the issue of what underpins this pattern. Given that the
network is constituted by interactions between two types of
nodes (physicians and patients), we show the ratio of the num-
ber of patients to the number of physicians joining GC in
Fig. 5c. Physicians and patients who start using the tie feature
do not seem to follow a particular pattern.
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Yet another macroscopic parameter of interest by which we
can describe the network evolution is the ratio of the number
of patients to the number of physicians. We study the patients-
to-physicians ratio by taking time snapshots monthly (see
Fig. 5c). Unlike Fig. 5b that ratio follows a regular pattern.
After an initial regime of about one and a half years, the ratio
stabilizes in an almost steady state with an approximately
constant value of four patients to physicians. Remarkably,
the ratio stabilizes at about the same time as we consider being
GC’s inception in the middle of 2010.

These results are encouraging enough to merit further
discussion.

5 Discussion

Recently, as a new type of information systems, we have
witnessed a sheer number of online interactive platforms that
provide their users with special networking and interpersonal
communication features. The widespread use and economic im-
pact of these platforms signifies them as a research and industry
phenomenon. We agree with scholars that these platforms and
features necessitate the call for theory of network as a novel
approach to better understand their underpinnings (Johnson
et al. 2014; Kane et al. 2014). This paper contributes to further
understanding of these platforms from the perspective of theory of
network and demonstrates the value and appropriateness of a
number of network measures examined. As such, the present
study outlines a number of essential network measures and
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Fig. 5 a Monthly percentages of nodes and edges in the largest
component in the period January 2009 to June 2014. Fig. 5b Monthly
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component in the period January 2009 to June 2014. Fig. 5¢ Monthly
ratio of the number of patients to the number of physicians joining GC in
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@ Springer



236

Inf Syst Front (2019) 21:229-240

Table 1 Summary of basic

measures for the overall tie Nodes  Directed Edges ~ Average Degree ~ Average Path Length ~ Diameter ~ Radius
network and Giant Component
(GO) Overall 11,559 27,500 24 5.72 17

GC 8209 23,606 2.9 5.73 17

GCof2012 1652 5146 3.1 430 13

emphasizes importance of a giant component for these platforms.
That is, an examination of giant component establishment de-
serves a special attention from theory and practice point of view
and thus can be of a great interest to academics and practitioners.

5.1 Implications for theory of networks

The tie feature of Doktorsitesi.com is just one example of ever
increasing online services that give rise to an obscure complex
structure. We believe that a directed graph is the right
representation (see Fig. 1) one could employ to capture the
key properties of these services. Choosing the right represen-
tation is not a trivial task; ambiguous network models such as
the one proposed (Chau and Xu 2012) should be carefully
articulated and contextualized within the frame of theory of
network (Strogatz 2001; Kim and Wilhelm 2008).

Giant components are not exclusive to real-world complex
networks. Even the simplest random network model predicts
their existence under certain conditions (Newman et al. 2002).
Yet, giant components of random networks are fundamentally
different from their real-world counterparts, in that as random
networks that have comparable average degrees to real-world
networks evolve, the giant component consumes all the other
components until there remains only one component in the
network (Barrat et al. 2008). This is in stark contrast to our
empirical case; the proportion of new nodes entering into the
GC follows a stationary trend in a narrow band between sixty
and 70 % (see Fig. 4a), as people do not create ties at random
but consciously. We believe that this narrow band of fluctua-
tions reflects a fundamental phenomenon of the underlying
tying interactions.

Both empirical and theoretical studies of the evolution of
such complex systems are still few. One pioneering work
studies the dynamics of component formation for two online
social networks (Kumar et al. 2010). Similar to our findings,
they state that the fraction of nodes in the giant component
remains almost constant once a steady state is reached
(Kumar, pp.614), although this observation is not so obvious
on the figures presented. One other work (Leskovec et al.
2007) introduces two empirical observations: (i) growing net-
works become denser over time, (ii) the network diameter
decreases as a network grows. These empirical observations
are also in agreement with our observations as seen in Table 1,
the tie network of 2012, and in Fig. 4a the densification of
edges of the GC in later years.
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The ratio of patients to physicians remains almost
constant in a narrow band around four once the tie
network enters into the giant regime. It is a remarkable
phenomenon that the tying interactions of patients and
physicians coalesce into a giant component with an ac-
companying approximately constant ratio. To the best of
our knowledge, no research group has ever had the
opportunity to make an empirical study of online inter-
active platforms of similar nature. On the one hand, we
contend that the existence of this ratio is one of the
characteristics of the tie network. On the other hand, it
would not be unexpected to see the presence of almost
constant quantities in real-world evolving networks.
Thus, the relevant research question in search of these
could be: Which network measure or a combination of
network measures remain approximately constant as a
network evolves?

Kumar et al. resort to a biased preferential attachment to
explain the network evolution, while Leskovec et al. (2007)
propose the Community Guided Attachment and the Forest
Fire models to describe the empirical findings of evolving
networks. (Ma et al. 2012) propose yet another network
growth model specifically for software engineering domain.
We contend that the descriptions that these mechanistic
models provide would be too restrictive to simulate the
interactions of the tie network, because various complica-
tions add to complexity (Strogatz 2001). One such compli-
cation is the node diversity: basically there are two kinds of
nodes, anonymous registered members and physicians, who
discover the site via different channels. It is found that
most of the members reach online interactive platforms
through organic (non-sponsored) Web search results
(Ghose and Yang 2009). We suspect the same is applied
to our case. On the other hand, physicians may become
aware of the platform easily through professional channels.
According to a recent study (Johnson et al. 2014) a multi-
ple mechanism model ranging from theory of homophily to
preferential attachment should have a better chance of sim-
ulating the role of social mechanisms in tie establishments
on online communities. However, even a multiple mecha-
nism model cannot fully capture the tying mechanisms as
the model ignores the node diversity. As the number of
empirical studies of evolving real-world complex networks
within the context of management information systems in-
creases, theory of network will have the opportunity to
produce models that could describe them.
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Fig. 4 The tie network for the period 01/01/2012-31/12/2012

5.2 Implications for business insights

The value of network measures for platforms would be of
interest to actors including users, managers, designers, and
sponsors. One promising venue for utilizing these measures
is platform related business analytics aiming to turn data into
insight and insight into decision (Sharma et al. 2014). As these
platforms operate in an ever-changing market, platform
owners and managers may use network measures as comple-
mentary analytics for decision-making (Table 3).

We should note that the network measures examined for
the platform are complementary to the metrics used in con-
ventional web and social analytics (e.g. engagement, bounce
rate, goal conversion, key influencer (Zeng et al. 2010; Sen
et al. 2006). Giant component development can be a promis-
ing indicator of how well the platform is received by target
users. Basic stages of its development may give indication of
the product attractiveness with varying degrees. Starting with
its inception stage the platform manager can monitor its de-
velopment as a typical product life cycle (PLC), for which one

can find its well-known models in management and marketing
(Anderson and Zeithaml 1984; Orbach and Fruchter 2014). It
should be noted that one can have reservation for studying
giant component development vis-a-vis PLC, but the focus
of the findings is here to point out the very notion of giant
component and its value to practice in a business intelligence
context (H. Chen et al. 2012). For instance, with the help of
the examined measures managers can be aware of product
maturity status of the platform. In this regard, managers may
be interested in knowing how long it will take to reach a giant
regime, which can be considered as an indication of product
maturity. Similarly, as observed in the platform case, signifi-
cant changes in giant component pattern such as spikes can be
early warnings of certain behaviours, which require a close
examination of what causes these changes.

Another implication of the use of giant component is
valuation of these platforms (Enders et al. 2008). In addition
to conventional web analytics metrics such as unique visits,
visitors, and traffic sources, platform owners and other
stakeholders can use the giant component as a novel
metric to monitor progression of the network, so the
platform. Gneiser et al. (2012) state importance of users’
connections to evaluate their contributions to the network,
so to the platform value (Gneiser et al. 2012). It is worth
noticing that the way we employ giant component for plat-
form valuation is different than those approaches that are
often based on node-specific contribution using the
PageRank algorithm (Kimura et al. 2009). Nevertheless,
there is a room for identifying and operationalizing various
network specific measures referring to overall interconnec-
tedness of users.

The empirical finding that the emergence of a giant com-
ponent is a repeating process (see Fig. 4) may be related to the
self-sustainability of a service. The interactions of early
adopters coalesce into a giant component in about sixteen
months. Later on, tying interactions of new individuals plus
those of the experienced users result in the emergence of a
“sub-giant” component in about a year. The GC may be seen
as the culmination of these “sub-giants” over many years.
Tying interactions sustain the presence of just a single large
component. We never observe, for example, the emergence of

Table 2 The size and component

measures for the overall tie Time Overall Network Largest Component 2nd Largest Component #Components
network and GC across timeline
#Nodes #Edges 9%Nodes %Edges 9%Nodes %Edges

1/3/2009 408 622 25.00 34.08 7.11 9.65 105

30/04/09 839 1398 52.56 66.81 1.07 1.14 167

30/06/10 5015 9654 59.48 74.85 0.26 0.25 822

30/06/11 5618 10,900 60.77 75.98 0.25 0.24 898

30/06/12 6708 13,516 62.34 77.94 0.30 0.28 1039

30/06/13 9447 22,508 70.76 85.71 0.21 0.17 1160
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Table 3  Summary of Implications for Practice
Key Findings Implications for Practice

Stages of giant component development and significant changes
as noteworthy patterns

Giant component related network measures

Emergence of giant component and stage changes during network evolution

Approximately constant ratio

Product attractiveness with respect to Product Life Cycle marketing
(Anderson and Zeithaml 1984; Orbach and Fruchter 2014)

Valuation of the platforms (Gneiser et al. 2012)

The effects of platform feature and design decisions
(Wijnhoven and Kraaijenbrink 2008)

Platform Service Attractiveness (Steinfield et al. 2008)
and predictability of certain events in business

another giant caused by the interactions of the “rest of the
individuals” (see the outer rim of Fig. 2).

Another practical outcome of monitoring giant component
development is to see the effects of platform feature and de-
sign decisions and changes on platform performance and val-
ue (Wijnhoven and Kraaijenbrink 2008). Noticeably, conven-
tional design principles need to be revisited with regard their
importance to the progress of giant component.

One can also relate theory of network to the ability and
success of a service to attract customers. An online service is
said to be attractive to customers if it has achieved to be the
centre of attention of a major proportion of people that are all
connected to each other (that is, GC). This just means that the
company (deliberately/accidently) offers a service that works
for the best interest of the majority of the members, that their
interactions through the platform are intense enough to get
past a certain threshold beyond which a networking effect is
realized that connects a majority of people through (rather)
short pathways. Whatever the underlying reason (their com-
mon best interests) for selecting to use the product is, the
company can be considered to achieve its goal that they have
created (virtual) customers loyal to their product/service, who
spent a considerable amount of time interacting with it. Of
course, the real customer is not people who have been
attracted to the service but the people who would pay for the
amount of time members spend interacting with the product
(Steinfield et al. 2008).

Perhaps knowing the differences in microscopic and
macroscopic state of affairs underlying the network dy-
namics can help managers to make predictions about
investment in target audience with respect to an opti-
mum ratio of users interacting on the platform. The
platform examined shows that at the microscopic level
the number of users joining the largest component is
not predictable but the ratio of the number of patients
to the number of physicians is surprisingly steady and
may continue this way in the future. If that is not the
case, this can be considered as early warnings for man-
agers to explore the network dynamics further.
Prediction and predictability of certain events in other
networks have been already examined (Colizza et al.
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2006) and in this regard one can further explore the
importance of the metrics and ratios for platform related
predictions.

6 Conclusion

The widespread use of online interactive platforms including
social networking applications, community support applica-
tions draw the attention of academics and businesses. The
basic trust of this research is that the very nature of these
platforms can be best described as a network of entangled
interactions. We contend that theory of network can contribute
considerably to our understanding of online interactive plat-
forms. In this regard, this research is aimed to show an
extent to which a dynamic network analysis can ad-
vance an understanding and value of theory of network
in the IS research context.

In this research we demonstrate that the interactive plat-
form examined exhibits essential structural properties that
characterize most real networks. In particular, we focus on
the largest connected component, so-called a giant compo-
nent, to better understand network formation. Dynamic net-
work analysis helps us to observe the inception and evolution
of the GC over time and to identify a particular pattern (in-
cluding inception, growth, maturity) towards making a GC.
Although tying interactions of two fundamentally different
kinds of platform members seem to have resulted in an erratic
network growth pattern, we have discovered that there is an
order to these interactions: however different interac-
tions are at the microscopic level, at the macroscopic
level members engage in tying relations that preserve
a four patients-to-one physician ratio.

We suggest that the network measures examined for the
platform should be considered as novel and complementary
metrics to those ones used in conventional web and social
analytics. We argue that various stages of GC development
can be a promising indicator of the strength and endurance of
the interactions on the platform. Platform managers may take
into account basic stages of giant development to determine
varying degrees of product attractiveness.
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We assert that the ties on the interactive health network
examined are not randomly established, but consequences of
consciously made tie choices of physicians and patients. Tie
establishment in the platform has to do with a multiple mech-
anism including homophily (Johnson et al. 2014) and is sub-
ject to further investigation to articulate possibly intriguing
interactions between physicians and patients.

For an Internet service to become successful the prerequi-
site is to combine the right content with right technologies.
The question that still remains is how to measure the success
and continuity of the business. Researchers in the information
systems research domain should bridge the gap between the-
ory of network and issues of managing online interactive plat-
forms. Appropriate descriptions for each network phenome-
non observed must be produced in an effort to make them part
of business intelligence.
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