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Ozet— Cevrimigi Etkilesimli Platformlar, yiiz binlerce birbirine bagli kullanici olusturabilen iletisim, bilgi alisverisi ve
baglantilar gibi ¢esitli hizmetler sunar. Son caligmalar, platfom kullanicilarinin birbirine bagliliginin, yani kullanicilarin
birbirine bagliliga yonelik ortak egiliminin bilyiimesinin ve siirdiiriilebilirliginin, bu tiir e-Isletmelerde basarili olmak igin
iki temel bilesen oldugunu gostermektedir. Bu makale, ¢evrimigi etkilesimli platformlarin yoneticilerine, kullanicilarin
birbirine baglilignin bilyiimesini ve siirdiiriilebilirligini izlemek igin analitik bir ara¢ saglamak amaciyla e-Is baglaminda
“ag korelasyonu” kavramini arastirmay1 amaglamaktadir. Hem statik hem de zamana bagli ag korelasyon analizi yapmak
icin Doktorsitesi.com'u dijital iz verisi kaynagi ve kullanici meta verileri (rol, cinsiyet) kaynagi olarak kullanarak
kullanicilarmn birbirine ne olgiide bagli olduguna iligkin ag korelasyonlarinin ve kullanici meta verilerine iligkin ag
korelasyonlarmmin, kullanicilarin birbirine bagli biiyiimesini nicel olarak siirdiirmenin yollarmi izlememize ve
onerebilmemize yardimer olabilecegini gosteriyoruz. Birlikte ele alindiginda, sonuglarimiz ag korelasyon analizlerinin,
cevrimici etkilesimli platformlarda siirdiiriilebilir kullanici baglantiligini daha iyi tanimlamak, tavsiye etmek ve 6n
gormek igin analitik sunabildigini gostermektedir. Buna gére, platform yoneticileri, yeni kullanicilarin, birbirine baglilik
analitigine dayali olarak birbirine bagliliklarini artirmalarina yardimei olan bir platform 6zelligi eklemeyi diisiinebilir.

Anahtar Kelimeler— siirdiiriilebilir e-is, ag teorisi, ag korelasyonu, baglantililik

Using the Network-Based Theory for Monitoring
Sustainable Interconnectedness on e-Business

Abstract— Online Interactive Platforms offer a variety of services including communication, information exchange, and
connections that can create hundreds of thousands of interconnected users. Recent studies suggest that growth and
sustainability of platfom users’ interconnectedness, that is, users' collective tendency to interconnectedness, are the two
essential ingredients to succeed in such e-Businesses. This paper aims to explore the notion of “network correlation” in
e-Business context in an attempt to provide managers of online interactive platforms with an analytical tool for monitoring
growth and sustainability of users’ interconnectedness. We leverage Doktorsitesi.com as a digital trace data source and
user metadata (role, gender) source to conduct both static and temporal network correlation analysis, and show that
network correlations regarding the extent to which users are interconnected and network correlations regarding user
metadata can help us to monitor and to suggest ways to quantitatively sustain growth of users’ interconnectedness. Taken
together, our results suggest that network correlation analyses is capable of offering analytics to better describe, prescribe,
and predict sustainable users’ interconnectedness on online interactive platforms. Accordinly, platform managers may
consider the addition of a platform feature that helps newcomers with growing their interconnectedness based on the
interconnectedness analytics.
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1. INTRODUCTION

Online interactive platforms (OIPs) provide users with
interconnected services including communication (e.g.,
WhatsApp, Snapchat), information exchange (e.g.,
WebMD, Healthtap, Instagram), and connections (e.g.,
LinkedIn, Facebook). Electronic business (e-Business) is a
promising application domain in which one can make use
of OIPs for establishing innovative services leading to
data-driven business. The idea of users’ interconnectedness
signifies the underlying (social as well as economic) values
for users such as bringing information seekers and
providers together along with multitude of services. It is
this interconnectedness aspect that is examined as research
matters related to, for instance, virtual communities [1],
information sharing [2], business intelligence [3, 4], and
robustness in large social networks [5].

e-Business studies focusing on OIPs confirm that growth
and sustainability of users’ interconnectedness (that is,
collective tendency toward interconnectedness) are
essential to achieve successful e-Business [6,7]. Lifecycle
models of OIPs typically indicate various stages across
timescale  for growth and  sustainability  of
interconnectedness [8]. Additionally, real-time data-driven
business intelligence [9] utilizing metadata (e.g., profile
such as age, gender, profession) [10] is essential to monitor
the progress of collective behavior [11] that can be
associated with service attractiveness and sustainable
interconnectedness [12]. The current state of things in
practice as well as in e-Business publications in this regard
appear to be mainly concerned with conventional key web
and social media performance indicators such as
benchmarks on active users, sources of Web traffic,
navigation behavior of users, engagement, and conversion
metrics [1, 13]. These measures are useful but limited in
truly reflecting an appropriate ground to utilize metadata
for examining users’ interconnectedness of various kinds
of relations.

Users’ interconnectedness, or interconnectedness for short,
naturally leads to the establishment of things and their
relations that one can concevice as a network. E-Business
data-driven analytics focusing on interconnectedness on
OIP necessitates network understanding, which calls for a
network-based theory. A network can exhibit various
correlations between its elements (i.e., nodes) and their
interconnectedness (i.e., edges). These correlations can be
concerned with either metadata of users or to the extent of
users’ interconnectedness. Essentially, correlations as
network analytics attempt to exhibit how and on which
metadata, users are selective in establishing
interconnectedness collectively.

Typically, platform users may provide metadata such as
gender, age and profession. For a researcher, the
availability of data is one thing but its quality in general
and validity in particular is upmost importance to achieve
scientific rigor. As shall be seen later on, we obtained the
digital trace data of one of the leading European online
health platforms and considered gender and role as user
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metadata and the established ties as interconnectedness
data to examine network correlations over time.

The basic premise of this research is that static and
dynamic network-based correlation analysis helps
managers to describe, predict, and prescribe their business
with respect to growth and sustainability of user
interconnectedness. [12] have emphasized the importance
of a network-based approach, rooted in network science, to
better examine the notion of interconnectedness by
employing dynamic (temporal) analysis. From a network
theory point of view, growth of e-Business platforms that
promote interconnectedness with respect to reciprocal
communication and exchange of information can be
measured by monitoring the emergence and evolution of
the network components in general, and the Giant
Component (GC) [14], in particular. [12] discovered a
phenomenon, as they observed evolution of the GC, which
was born about sixteen months since the service launched.
This phenomenon relates to a metadata based quantity that
is approximately conserved over time. This approximately
conserved quantity (ACQ) is related to the ratio of users of
two different metadata, namely, patients and physicians,
which maintains a nearly constant value in a narrow band
around four as soon as sustainable stage is achieved. This
research is aimed to explore the reasons for observing ACQ
by examining degree correlation and user metadata
correlations over time for the GC. We argue that this
exploration helps to better describe, prescribe, and predict
sustainable interconnectedness on OIPs.

2. RESEARCH BACKGROUND

Scholars have examined OIP as e-Business practice from
different perspectives. In the domain of marketing research
and information systems research, virtual community
platforms have been studied by examining behaviors of
users and value of product and customers [15]. A life-cycle
perspective identifies distinctive lifecycle stages of
evolving communities and suggests what conditions to be
incorporated for each stage so that lasting interactions can
be achieved [8]. Roles of members have been discussed as
an important factor for especially a growth stage of
platforms, but detailed analysis of how role attribute affects
formation of network is limited.

The last two decades have witnessed a significant increase
in the attention of scholars to better understand complex
systems characteried by many entities and their
interactions [16]. Network Science has advanced our
comprehension of the actual nature of these systems in
diverse contexts such as socio-technological, health,
biological, and political sciences where they are revisited
and represented as interaction networks. Although the
research questions discussed are very different from each
other and therefore the research groups embroider the
networks differently, it has been observed that networks
used in the representation of complex systems in various
research areas such as social and management sciences,
engineering, natural sciences and life sciences have some
common characteristics. Thus, scientists have taken
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seriously the task of developing new theoretical
calculations and a scientific approach to better understand
complex systems through networks. Network Science
offers academics and practitioners a new mathematical
framework and scientific methodology for better
exploration of real-world complex systems.

Theoretical accounts associated with complex systems
have been examined as social network theory [17, 18, 19],
theory of network [20], and network science [21]. Scholars
including [22] employ theory of network to examine
communication and interaction patterns realized on
interactive health platforms. Graph theory is used as a
means to create mathematical models that represent
complex systems, which manifest a sheer number of
interactions enabled by interactive platforms. These
mathematical models help us discover phenomena that lead
to better understanding and prediction of complex systems.
For example, the preferential attachment model of [23] has
been tested with respect to explanatory and predictive
power of model in various contexts. As to be discussed
later on, heavy-tailed degree distributions of networks help
us in characterizing them as real-world networks. Scholars
conduct macro and micro levels of analysis to identify
properties of networks.

At the macroscopic level, various measures including
average path length and clustering coefficient have been
used to examine structural characteristics of networks. For
instance, a short path length irrespective to network size
signifies high possibility for existence of small-world
phenomenon [11]. At the microscopic level, those network
characteristics that take into account node and edge
attributes are subject to investigation. For instance, one of
the most studied issues is to identify importance of entities
in the network. Network measures of centrality such as
degree, closeness, betweenness, and eigenvector centrality
can be used for this purpose.

A node’s degree signifies connectivity, giving us the
number of interactions it has with other nodes. The degree
distribution is a fundamental network property which tells
the probability (pk) that a node selected at random will have
a particular degree. In this article, a set of interconnected
nodes, a set having all constituent parts (nodes) connected
is referred to as a network component. A single
conspicuously large network component qualifies as the
giant component (GC) if it fulfils two conditions: (i) it must
comprise more than half of the nodes and links and (ii) no
other componet comprises more than a small amount per
mill of the nodes and edges. The GC will eventually
emerge if average degree connectivity per node is greater
than one [24]. Nodes can be very selective in their ties.
Two most commonly used terms for selective linking in
literature are “homophily” [25, 26] and assortative mixing
[27]. Assortative mixing coefficients [28] are much like
Pearson’s correlation coefficient for a certain characteristic
of nodes that have common edges. Each coefficient is
normalized to the range between -1 and 1, inclusive. The
coefficient is equal to 1 when assortative mixing is
impeccable, that is, when edges form only among vertices
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of the same category. It takes negative values when nodes
mix disassortatively. Node characteristics can be discrete
or scalar. While gender and race are among the examples
of discrete characteristics, degree and age are scalar
characteristics. In what follows, user metadata or metadata
will refer to the node characteristics while
interconnectedness will refer to all structural network
metrics. For each metadata, the corresponding mixing
matrix quantifies the magnitude of the assortative mixing.
By a mixing matrix we mean a table on which each cell
provides the fraction of edges that link pairs of user
metadata (e.g. role-to-role, role-to-gender). While in the
case of metadata characteristics, the correlation coefficient
obtained from the mixing matrix is the sole reference,
things might get a little more involved with
interconnectedness characteristics, where the correlation
function (knn(K)) captures the nature of correlations better.
We first probe correlations by taking the mean of a certain
connectivity characteristic of the neighbors of each node,
and then taking the mean of this quantity over the nodes
with the same characteristic value gives us the correlation
function. The plot of a correlation function might exhibit
assortative behavior if it is an increasing function of a
certain characteristic and disassortative otherwise. The
slope of the line fitted to this plot gives us the correlation
exponent, which is a better measure of correlations
especially for disassortative behavior [29].

For a real-world complex network, its degree distribution
rather than individual degrees of its nodes rose to
prominence due to the discovery of the scale-free property
of these distributions [23]. The coexistence of few nodes
with large degrees (“hubs”) and many nodes with small
degrees (“spoke”) is a signature of scale-free networks.
Indeed in [30] researches the hub-and-spoke character of
the tie network extensively, where the authors conclude
that cooperation between preferential attachment and
homophily could explain the formation of ties.

Real-world complex networks are dynamic in nature,
growing out of events that occur over a period. Although
static network analysis of a single shapshot of aggregated
events provides us with valuable insights into the structure
of established ties on an e-business platform, it fails to
address some key business questions like customer loyalty,
long-term sustainability of a service, and typical timescale
for service maturity. In this regard, the authors in [31]
discuss the development of hubs, and [12] discuss the
development of the giant component (GC). The former
article is a first step towards addressing customer loyalty
while the latter is a pioneering research addressing long-
term sustainability of a service.

Unlike most of the social networks [27], the majority of
hub nodes of the tie network tend to behave
disassortatively by both metadata and interconnectedness
characteristics. In other words, highly tied nodes tend to
avoid tying to each other. In [21], the author explains
vividly the theoretical reasons behind the difficulty for a
disassortative network to form a GC, which is in line with
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our findings of the timescale of the service/product
maturity [12].

While the observation of hub-and-spoke character,
dissortative mixing of hubs, and the discovery of a
phenomena related to a stationary state coinciding with the
emergence of the GC have been researched, the
mechanisms behind them, and the way interactions make a
network up as it grows by the additon of nodes and edges,
have remained largely elusive.

How is the timescale for the emergence of the GC affected
by the decisions on the service rules? In the present study,
we delve further into the development of GC-wide
assortative mixing both according to user metadata and
node interconnectedness by taking snapshots of aggregated
events as a function of time for investigating the timescale
of GC development. Besides GC, we shall utilise
additional basic network concepts. One of the basic
concepts is the arithmetic mean degree of a node, which is
twice the number of undirected edges divided by the
number of nodes. The length of the shortest walk, i.e., the
number of edges traversed along the walk, is the distance
between two nodes. The mean path length is the arithmetic
mean of all distances. The network diameter is the largest
distance while the radius is the smallest distance.

3. RESEARCH CONTEXT AND METHOD

Health industry has been going through transformation by
means of emerging OIP. In particular, social networks and
virtual communities supporting OIPs (e.g., WebMD,
Healthline, HealthTap, WebMD, Doktorsitesi) in health
domain have been increasing as they bring knowledgeable
health experts (physicians and other relevant actors) and
health information seekers (patients and alike) together. It
is the fact that in the health domain, peers’ opinions for
medical practitioners and patients’ experience for “like-
minded others” are deeemed to be useful for decision-
making [32]. Utilizing OIPs as data sources for conducting
network science-driven research is scarce with few
exceptions such as [30, 33]. In [30] the researchers employ
one of the main online interactive health information
exchange Web site as a data source for constructing an
overall network to find out if and how health information
seekers’ and advice providers’ interactions are established,
and [33] is a pionnering work elaborating the development
of a real-world GC.

In this study, along with the present research focus, we
continue to leverage Doktorsitesi.com as a data source
similar to the work [34]. As one of the pioneering online
interactive health networks (www.doktorsitesi.com) in
Europe (founded in 2004), Doktorsitesi.com allows its
members to access the true identities of physicians but not
patients or alike. The platform clears health experts and
health information seekers (presumably patients or their
close relatives) to access to patients’ anonymous user
profiles where optional metadata about the users, namely
gender, educational level, and age appear.

BiLiSiM TEKNOLOJILERI DERGISI, CILT: 13, SAYI: 2, NiSAN 2020

The health OIP interconnectedness service under
investigation is the Connections, which provides the
platform users with a feature that allows them to establish
private ties. A private tie signifies privacy, enabling users
exchange messages through the messages service. The
connections protocol is simple: members can make a
request for a tie and wait for its approval, or give approve
of a connection request. Digital trace data [35] pertaining
to the Connections service were not readily available, and
we made a formal request of it to Doktorsitesi.com. The
dataset thus obtained comprise records of members who
used the service; either to seek approval for a tie or to
approve of a tie, over the five and a half years period from
January 2009 to July 2014. It is worth noting that this
service initialized in December 17, 2008 and it was
dormant for about three moths (May 25, 2012 and July 2,
2012) due to platform migration. In October 2013, the
graphical user interface was completely changed after
which the service was no longer promoted though it was
still active. This management decision was based on
conventional performance metrics. For articulation of
management and system related decisions and service
rules, we held seven one-hour in-depth meetings with the
Chief Executive Officer (CEQ) and several in person and
online meetings with the system administrators.

Figure 1. Network model of the Connections service

A traditional relational database system records the digital
trace of tying events that occur at particular points in time
as longitudinal data. This necessitates doing a preliminary
work on the transformation of the records into an
appropriate form amenable to network analysis. What we
do is to aggregate those events that grant approval for ties
to construct a network. The ties network thus obtained, by
its nature, is dynamic that evolve in time. Snapshots taken
at regular intervals of time will measure the network,
thereby giving us the opportunity to observe the timescale
for the emergence of a well-connected network fragment
whose relative size is large enough to qualify as a virtual
community.
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We have done all preliminary work on the preparation of
the raw data as well as the network analysis with R and
Python. R is also our sole choice for the visual analysis of
network diagrams. For the sake of doing reproducible
research and validity of the results, we adhere mostly to
generally accepted software libraries of the research field,
namely igraph [36] and NetworkX [37].

In the present study, we model the private ties (i.e.,
interconnectedness) as an undirected network. Our
approach presumes that every single tie represents a
channel for reciprocal communication; one through which
two platform members agree to exchange health-related
information.

A graph of undirected edges models the network of ties
(see Figure 1). On each of the graph illustrations (see
Figures 1 and 2) red nodes, white nodes, green nodes and
blue nodes represent female practitioners (FP), male
practitioners (MP), female visitors (FV), and male visitors
(MV), respectively. Black edges between the nodes
represent reciprocal connections as ties. Our convention on
colored nodes serves two purposes: providing a decent
visualization [38] and playing a vital role in network
correlation analysis.

4. FINDINGS

4.1. Static Analysis of Degree Correlation and User
Metadata Correlations

All network measures and diagrams belong to the snapshot
of the tie network taken as of July 2014. In this regard, this
is the last cross section of the structure of the Connection
network. We kindly refer the interested reader to [12] for a
detailed discussion of the time development of the GC of
this network.

Table 1. Summary of Network Analysis measures for the
overlall tie network and GC
Connections Network Statistics and Measures
Network N E AD | APL | D
Overall 11559 | 27500 24 [ 572 | 17
GC 8209 | 23606 29 [573 17| 9

The network of ties focuses on reciprocated connections.
Table 1 presents basic characteristics of the network, where
N, E, AD, APL, D, R stand for the number of nodes, the
number of edges, average degree, average path length,
diameter and radius, respectively. To better visualize
highly tied nodes, we provide network models by
Fruchterman-Reingold layout algorithm [39] (see Figure
2). In addition, the algorithm provides a visual
representation that brings out the giant component (GC). In
the figure, GC is apparent at the center. Much smaller
fragments (network components of a few nodes and ties)
are scattered around the GC like the asteroid belt.
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Figure 2. Graph of users’ interconnectedness

The network of ties has N = 11559 platform members
represented by colored nodes and L = 13750 ties between
them represented by undirected edges (see Figure 2). The
mean number of 2.38 ties indicates that a typical platform
member secures two to three private ties, but the larger
number of members have secured only one tie
nevertheless.

10"’5— s emssmmes s . 3
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Figure 3. Interconnectedness degree distribution. We
observe a nonrandom pattern which is usual for real-
world networks telling us that the established ties result
from conscious choices of the users rather than random
choices.

The log-log plot of the degree distribution (see Figure 3)
reveals the hubs and spokes: 72% members (spokes) have
established only one tie (the highest probability on the left),
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12% of them in 2 ties. Members with more than ten ties
constitute a mere 2.8% of the users. There appear a small
number of conspicuous hubs on the far right of the
distribution with very high degrees and the lowest
probability on the left most of the plot. 71% of all members
and 86% of all connections are absorbed by the GC (see
Figure 2).

The average distance (mean path) between the users of the
GC in the tie network is 5.73, meaning that members are,
on the average, "less than six people apart” should they
seek for more health-related information. There are also
remotely tied nodes as extremum distances range from
network diameter of 17 to network radius of nine.

10°T =1

Figure 4. Interconnectedness degree correlation function.
We observe that the users are interconnected in such a
way that negatively correlated with their own degrees for
all degree range.

The degree distribution helps us with recognizing the hub-
and-spoke connectivity character, but it fails to convey the
complete structure of the network. In particular, it fails to
address the question of whether there exist ties among
hubs, fow which we resort to the degree correlation
function (see Figure 4). There is an apparent decrease in
the number of neighbors of nodes as their degrees increase.
For example, hubs with more several tens of degrees have
neighbors with no more than two to three degrees (see the
lower right of the plot). The overall network is clearly
disassortative with respect to degree (interconnectedness).
The value of correlation exponent is -0.53.

As for the assortative mixing by users’ metadata, we focus
on the role, gender and role-gender of the platform
members. Table 2 lists the mixing matrix for the role-
gender case where m, f, p, and v stand for male, female,
practitioner, and visitor, respectively. For instance,
according to the mixing matrix, the fraction of
interconnectedness between men practitioners and women
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visitors mixing is 0.3332 (0.1666 plus 0.1666), that is about
33 percent of all interconnections.

Table 2. The mixing matrix for role-gender ties in the GC

User Metadata
Gender m f
Role p v p v
p 0.0151 0.0493 0.0165 0.1666
m \Y 0.0493 0.0148 0.0292 0.1491
‘ p 0.0165 0.0292 0.0088 0.0471
\Y 0.1666 0.1491 0.0471 0.0453

Note that one can obtain the other two mixing matrices
(gender-to-gender mixing matrix and role-to-role mixing
matrix) from this matrix easily by aggregating the
corresponding table elements. Note also that the matrix is
symmetric as the network of ties is undirected. The values
of the assortativity coefficients with respect to role
metadata, gender metadata, and combined role-gender
metadata are -0.28, -0.44, and -0.30 respectively.

In summary, it is worth noticing that the Connections
network exhibits disassortative correlations (i.e negative
values of correlation coefficients and exponents) with
respect to both interconnectedness and user metadata.
Cross sectional analysis gives us valuable insights in the
structure of interconnectedness for just a single time
window of 66 months, lacking the vital information about
how the network has evolved. Specifically, was the
network disassortative all the time, or were there some
fluctuations over time?

4.2. Temporal Analysis of Degree Correlation and User
Metadata Correlations

Figure 5 displays proportion of nodes and edges the GC
accumulates over time. To investigate the transition from
small-sized network fragments to the GC we have observed
proportion of nodes and edges of the largest component
one week apart for the first three months. What we observe
can be described as a fast growth as the percentage of nodes
and edges jump from 10% to 50% within only two months.

It is worth noticing that the yet-to-be born giant component
(Figure 5) signifies the beginning of the second stage of the
network evolution, which involves a spike followed by one
year of fluctuations before the giant regime debuts at
around the middle of 2010. To put it differently, it has
taken one-and-half year for the largest network component
to reach its mature state as the giant.

Plot of degree correlation and metadata correlation values
illustrate that the largest component of the network starts
disassortative and keeps showing disassortative behavior
by all kinds of characteristics. Role-gender correlation
coefficient is especially notable as it fluctuates in a narrow
band between -0.31 and -0.27, which we contend that is an
approximately conserved quantity of the network. It is a
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remarkable phenomenon to observe that this quantity stays
in this narrow band since the beginning of the tie network,
much earlier than the emergence of the GC.

percentage of conneclions

percentage

= Edges

“7 Nodes

years
Figure 5. Proportion of nodes and edges accumulated by
GC across timeline. We observe that it has taken sixteen
months for the Connections service to unite the majority
of the users around a shared service of
interconnectedness.

correlation
“r coefficient

& exponent

interconnectedness correlation

1-2012 01-2013 01-2014

1-201 20
years

Figure 6. Development of interconnectedness correlation
in terms of degree correlation coefficient and correlation
exponent indicate that both highly and slightly
interconnected users avoid connecting to each other for all
time; four trends identified are in parallel with managerial
decisions.

We include  correlation  coefficients in  the
interconnectedness degree correlation plot just to illustrate
that it has always been negative, and note that the
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correlation exponent also fluctuates in a rather narrow band
between -0.41 and -0.63.

These results are encouraging enough to merit further
discussion.

5. DISCUSSION

In the following, we shall discuss our findings in the
context of OIP as eBusiness for managerial implications
and research venues for open-ended problems.

correlation
< role

<7~ gender

<> rolegender

meladata correlation

01-2011 01-2012 1-2013 2014
years

Figure 7. Development of the user metadata correlation.
Irrespective of the nodes are of two or three node types
according to metadata, we observe that most ties are
established between users of opposite metadata for all
time.

This research suggests and employs a number of network
metrics for better understand assortative characteristics of
the network model of OIPs. In particular,
interconnectedness and user metadata correlations (i.e.,
assortativity measures) as network analytics prove to be
useful for monitoring sustainability of an e-Business
service. Table 3 summarizes the findings and their
implications for practitioners regarding monitoring
sustainable interconnectedness. While we interpret the
findings, we employ the phenomena rooted in network
theory [23, 40].

5.1. Degree correlation related implications

According to the theory of network, one should pay
attention to both the algebraic sign and the absolute value
of the correlation coefficients, and in case the sign of the
coefficient is negative, then one should take into account
the value of the interconnectedness correlation exponent
rather than the value of the interconnectedness coefficient.
In the present study, this is certainly the case that the sign
is negative all the time (see Fig. 6).
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Table 3. Network-based correlations for monitoring sustainable interconnectedness on e-Business

Network Temporal Analysis for Overall Tendency | Importation of the Monitoring Interconnectedness on e-
Measures Monthly Time Window | (66 months) Phenomena rooted Business

in Network Theory
Interconnectedness Increasing function of Disassortative by Hub-spoke and scale Disassortative characteristic of the

Correlation Coefficient
Value

Interconnectedness
Correlation Exponent
Value

time

Fluctuates in a fairly
narrow band

Interconnections

Disassortative by
Interconnections

free [23]

Giant Component
[33]

Assortative Mixing
[27, 28]

A metadata based

Role Metadata

Large aperiodic
fluctuation between -

Disassortative by
Role

approximately
conserved quantity

network that delays formation of the GC,
leads to prolonged service maturity

Timescale of the order of a year fora GC
formation may not support a generic
startup motto “start small and grow fast”

Due to hub-spoke and scale free
characteristics, managers should keep
watch largely interconnected users closely
to maintain interconnectedness

Correlation Value
0.10, and -0.55

(ACQ) [12]

Gender Metadata
Correlation Value

Medium aperiodic
fluctuation between -
0.25, and -0.50

Disassortative by
Gender

Managers should take into account both
domain insight and metadata to decide
and collect some of the metadata that
correlates with the service successfully

RoleGender Metadata
Correlation Value

Approximately constant
ataround -0.30 even
before the giant
component formation

Disassortative by
RoleGender

The underlying reason for observing ACQ
is the invariance of combined user
metadata correlation signifies the fact that
the interconnectedness has a self-
sustaining nature

A close examination of coefficient values and exponents
(Fig. 6) shows

1. From the debut of the Connections service until
the formation of GC at around mid 2010: Values
of exponent and coefficient mimic each other
with an overall increasing trend.

2. From mid 2010 to mid 2012: Stable in a quite
narrow band.

3. From mid 2012 to mid 2013: Sudden change of
hearts in both values, the coefficient starts
increasing while the exponent drops to values
that are more negative.

4. From mid 2013 to mid 2014: Stable in a quite
narrow band

Believing that the third interval begs additional
interpretation we made several meetings with both the
CEO and the system administrators. Eventually we learnt
that two different decisions took place around the time.
First, the CEO decided to shut down the Connections
service (between May and June 2012) during a migration
of the information system. About a year later, in October
2013, they decided to update the Web site with a new GUI.
The makeover was a complete visual overhaul of the
website with the decision to downgrade the Connections
service based on conventional web analytics [41]. We
ascribe the sudden change in the interconnectedness
correlation values to these decisions.

Additional insights can be discerned by the evolution of the
interconnectedness exponent. In contrast to the
corresponding interconnectedness coefficient, which is an
increasing function of time (Fig. 6), the value of the
exponent fluctuates in a narrow band. The underlying

reason for these all-time negative values is the hub-spoke
interconnectedness  (i.e,, ~ minimized  hub-to-hub
interconnectedness and spoke-to-spoke
interconnectedness). This suggests that the majority
number of highly interconnected users prefer to link
themselves to slightly interconnected users. In other words,
both highly and slightly interconnected users avoid
connecting to each other.

In the eBusiness context, this might be of interest to
platform managers to see that the natural occurrence of
interconnectedness is in favor of hub-spoke; that is, highly
interconnected users-slightly connected users. This
prevailing choice results in formation of the GC with the
cost of certain prolonged time. If there is no intervention
on the system (i.e., ceteris paribus), the findings
corroborate that dissasortative tendency will continue in
the near future.

This can be a crucial decision point for OIP eBusiness start-
ups whose motto is often “start small and grow fast” [42].
That is, the timescale of the business growth is of primary
importance. The case at hand suggests just the opposite of
the motto because the timescale of the GC indicates a slow
growth because of disassortative tendency in terms of
interconnectedness. Disassortative characteristic of the
network delays the formation of the GC. In the present
study, indeed it took about 16 months for formation of the
GC.

Knowing this fact, the startup owner should -either
immediately quit such a service or consider the following
options. In case the decision made to encourage or
discourage whom-to-whom interactions from
interconnectedness point of view, the following
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prescriptions will be consistent with the assortative mixing
phenomenon [27, 28].

e Promotion driven connectedness for
disassortativity. Promote highly interconnected
user-slightly interconnected user interactions. If this
choice is implemented and the strategy works, as
the network gets more disassortative, the service
sustainability will be achieved by slow growth of
the GC. Thus, managers should be prepared for this
timeline and make strategic and operational plans
accordingly.

e Promotion driven connectedness for assortativity.
Promote highly interconnected user-highly
interconnected user interactions or slightly
interconnected  user-slightly  connected  user
interactions. If this choice is implemented, as the
network gets assortative it will take less time to
reach giant formation. However, misalignment of
service promotions with users’ selective behavior
can bring unprecedented situations. The side effect
would be that this aggressive or unexpected tactic
might result in unfavorable result for service
sustainability.

Overall, one can suggest that the CEO could have utilized
these network metrics to assess the impact of managerial
decisions on interconnectedness.

5.2 User metadata correlations related implications

The above considerations do not take into account user
metadata correlations. A sheer consideration of
interconnectedness  without incorporating metadata
correlations, however, would yield a partial picture of the
mixing preferences of the users.

Regarding the network wide correlations of user metadata,
we observe that tying with respect to role and gender is
disassortative. That is, mixing preferences of platform
users correlate with opposite metadata (individual
attributes). Specifically, role metadata correlations exhibit
large aperiodic fluctuations between -0.10 and -0.55
whereas gender metadata correlations show relatively
medium aperiodic fluctuations between -0.25, and -0.50
after a very brief initial period of positive correlations (Fig.
7). Contrary to these two aperiodic correlations between
metadata and interconnectedness, the combined metadata
correlations of role-gender and interconnectedness leads to
the “metadata based approximately conserved quantity
(ACQ)” phenomenon [12] where the correlation
coefficient starts near -0.27 and shows an approximately
constant trend around the value of -0.30. Remarkably, the
trend reveals itself much before the formation of the GC,
which first emerges in the middle of 2010. The combined
metadata correlation signifies the fact that the
interconnectedness has a self-sustaining nature, which
assumes a steady state value even before the GC formation
and retains it as the GC evolves.
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We believe that the ACQ phenomenon [12] is a signature
for interconnectedness. ACQs are not new to theoretical
complex systems literature as [43, 44] confirm their
existence algebraically. They have been also emphasized
in areal-world complex system [12, 45]. However, it seems
that, they have not been paid the attention they deserve, yet.
We believe that the underlying reason for the ACQ should,
somehow, be related to assortative mixing by node
metadata as the role-gender combined metadata correlation
exhibits nearly a constant value at around 0.30 over the
whole time window. This is a call for research to articulate
this phenomenon further as this observation is purely
accidental begging for a theoretical explanation. On the
other hand, this would be of utmost importance to
managers.

We have already discussed (Fig. 6) along with four-time
windows above that interconnectedness correlations
should reflect managerial decisions such as a major
overhaul of GUI design. Similarly, some correlations
should remain invariant so long as no data related actions
(e.g., service rules) on the platform are realized. Examples
of such interventions could be making the service paid or
unpaid, disclosing or hiding metadata among users,
mandatory collection of some metadata.

In the present case, knowing the fact that the
interconnectedness rules (i.e., the rules of establishing ties)
have not been changed, we expect that some metadata
correlations or combined metadata correlations should
reflect it. Indeed, the combined metadata correlation of
gender and role remains invariant, which can be ascribed
to the unchanged rules.

According to the theory of network, the exact relation
between data (interconnectedness of users) and user
metadata is an open issue and no conjecture has been made
as to which metadata is to be collected that reflects nature
of data [46]. Thus, we cannot prescribe which metadata are
relevant to a particular business model and therefore need
to be collected, yet we can suggest the way to assess
relevance of metadata to the data that the business
generates in terms of correlations. In the present case, we
believe that the rich domain insight of the CEO helped their
business to collect some of the metadata that correlate with
the service successfully.

If the observed mixing values are the result of some
underlying causes of user metadata correlations, then to the
mixing matrix of observed ties there corresponds a mixing
matrix of potential ties. Thanks to the rareness of some of
the observed mixing values (e.g. practitioner-to-
practitioner ties occur seldom, of the order of per mill), the
chances of establishing their first ties for newcomers will
be quite low. This is especially crucial to the growth of the
service. The CEO should be aware of this fact and act
accordingly. The manager may consider the addition of a
platform feature that helps the newcomers with
establishing their first ties based on the mixing matrix of
observed ties based on their metadata.
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Accordingly, one can consider the following suggestions
to platform managers: do not promote connectivity among
the same type of metadata, like patient-to-patient or
physician-to-physician, or male patient-to-male patient
connectivity, instead promote connectivity between
physician-to-patient, female patient-to-male patient.

6. CONCLUSION

Online interactive platforms (OIPs) including social
networking applications, community support applications
provide new opportunities and challenges for e-Business
practitioners and interested academics. At the hearth of
most these OIPs is the Connection services providing user
interconnectedness that can best described as a network of
complex interactions. Growth and sustainability of
interconnectedness are essential to achieve successful e-
Business. One of the key issues is to better describe,
prescribe and  eventually  predict  sustainable
interconnectedness for OIPs.

It has been suggested by [12] that from the network theory
point of view, sustainable interconnectedness on OIPs is
strongly associated with the emergence of the GC as well
as existence of metadata based ACQs. The challenge is
then to explore underlying reasons behind ACQs so that we
can better describe, prescribe, and predict sustainable
interconnectedness on OIPs.

In this research, to better describe sustainable
interconnectedness we conduct both static and temporal
network analysis for an OIP. Regarding the static analysis,
we explore the structural properties of the GC in terms of
the extent of users’ interconnectedness, interconnectedness
correlation among users, and metadata correlations. The
extent of user interconnectedness shows us the scale free
nature of interconnectedness as well as the existence of
hubs. Interconnectedness correlation among users and
metadata correlations both display disassortative nature of
the Connections service. That is, in general both hubs and
the same metadata type (gender, role) avoid connecting
each other.

Regarding the temporal analysis, interconnectedness
coefficient and exponent show a disassortative
interconnectedness trend over time. Theory of network
confirms the fact that this disassortative characteristic of
the network delays formation of the GC, leading to
prolonged service maturity. Furthermore, one can foresee
that this trend will continue. In line with this prediction, we
further provide managers with growth related suggestions
for especially existing users and their connections.

We found that the underlying reason for observing ACQ is
invariance of combined user metadata correlation, which is
derived from the mixing matrix of observed ties. This
signifies the fact that the interconnectedness has a self-
sustaining nature. This is especially crucial to the growth
of the service. The CEO should be aware of this fact and
act accordingly. The manager may consider the addition of
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a platform feature that helps the newcomers with
establishing their first ties based on the mixing matrix of
observed ties based on their metadata.

We agree to the call by [47] that network science will be
one of the main contributors to social media analytics [48]
in the near future, and the work is underway to propose
generic performance analytics for OIPs that offer
interconnectedness services.
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