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A B S T R A C T

We examine whether a time lag exists before the network position of a software service affects its performance.
Moreover, we analyze different time lags, using empirical data about software services and their usage for
creating composite services. Our results show that software services in central positions (i.e., high betweenness
centrality) attract users the most. The highest effect exhibits, if the time lag is 26–32 months. Our findings are
relevant, as they can guide developers in marketing their software services and are expected to impact in-
novation studies regarding the importance of considering time lags and analyzing complementary knowledge.

1. Introduction

In the software services industry, newly emerging business models
not only attract users but also motivate third-party software developers
to invent and offer new software services. This software services in-
dustry consists of platforms (i.e., an environment comprising of a
number of interoperable software services, communication standards,
and deployment tools), software services that use a platform, platform
providers, software service providers that might also be platform pro-
viders or third-party software service developers, and users. An earlier
study defined this software services industry as a “dynamic value-co-
creation configuration of resources (i.e., people, organizations, shared
information (language, laws, measures, methods), and technology) that
are all connected internally and externally by value propositions” [1].
Within this industry, software services can also be reused for generating
new software services. Any agent in the industry can employ tangible
and intangible resources, to develop new software services that might
be very specific to a user [2], making the agent a third-party software
service developer. Although it is important to understand the software
services industry from the perspective of a network of participating
agents (i.e., the dependencies between platform providers, software
developers, and users), it is difficult to find studies that examine soft-
ware services from a network structural perspective.

In this study, we address this shortcoming and examine the effect of
the network position on software service performance, especially fo-
cusing on the time lag of the effect. Fortunately, a great deal of lit-
erature on innovation studies examines network characteristics and

their effect on firm or innovation performance, including academic
collaboration networks [3], open-source project networks [4], and
employee social networks within an organization [5]. They assume that
an agent with a “good” position can gain useful knowledge. Moreover,
the more an agent is embedded in a network, the more innovative the
agent is [6,7]. Nonetheless, an agent, who has a low number of links but
interconnects clusters of highly connected agents, could also be creative
[8,9]. This agent has a weak tie position but bridges clusters.

However, the limitations of these previous studies are that they
focus on performing cross-sectional analyses of the relationship be-
tween network position and innovation performance [5,10–15]. The
analyses in those studies take the view that the network position affects
the innovation performance instantaneously, although the relationship
between network position and innovation performance changes over
time in many scenarios and, due to the potential existence of a diffusion
process, the effect of the network position might be noticeable with a
time lag. Therefore, it is advised to check carefully whether a time lag
between the network position and its effects on innovation performance
exists. In other words, a more reasonable assumption is the existence of
a diffusion process within a network [16]. That is, a new technology is
adopted by a few adopters during the initial period, its adoption rate
grows during the middle of its lifetime, and adoption declines after the
technology reaches maturity. It has been observed in products [17],
enterprises [18], and industries [19]. Moreover, the network position of
a software service also inhibits a life-cycle behavior [20]. Therefore,
without considering the time lag due to the diffusion within a network,
cross-sectional analysis of network position and performance could be
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imprecise.
Therefore, in this paper, our research objective is to investigate

whether a time lag between the effects of network positions on service
performance in software service networks is noticeable. In other words,
we examine how the position in a network affects service performance
with a delay. To answer this research question, we gather software
service network data from ProgrammableWeb for the period September
2005–April 2014 and performance data from Alexa for April 2014. In
the software service network constructed, we measure the network
position (i.e., degree centrality and betweenness centrality) of software
services in the network for each month since its initiation [21]. Using
these data, we perform multivariable regressions for different time lags,
ranging from 0 to 36 months. By comparing the goodness-of-fit for each
of these regression models, we find the best-fitting model and, conse-
quently, the time lag, for which the effect of network position on service
performance is the strongest.

Based on these regression analyses, two significant results can be
identified. Our first result shows that, with high statistical significance,
service performance increases as betweenness centrality increases. That
is, network positions of software services, especially positions that
mediate distant software services (i.e., a high normalized betweenness
centrality), affect their service performance. Here, it is to be noted that
our results do not indicate that service performance depends on degree
centrality. This is plausible as our software service network is con-
structed based on the complementarity of software services and not the
knowledge flow between software services. Our second result shows
that the relationship between service performance and the network
position varies depending on the time lag considered. Specifically, the
effect of network position on service performance is most dominant if
the time lag is 26–32 months. This reveals that a time lag exists before
the effects of a network position of software services on service per-
formance can be noticed.

Our findings are relevant, as they imply that, if explaining service
performance through network positions, innovation studies should also
consider the time lag of effects of factors. The time lag needs to be
considered, if the diffusion theory and the life-cycle theory are con-
sidered. Furthermore, the findings will help software service providers
to sell their services more effectively, as our study provides an indica-
tion for what kind of software services could be combined.

2. Theoretical background

2.1. Open innovation of software services

As software is provided as a service, the pattern of software in-
novation has changed. Although, at the outset, software is developed by
a company with its own resources, third-parties now also participate in
the software innovation process [22]. In this new paradigm of in-
novation, third-parties can combine existing software services and add
their own special functions to create new software services. These new
software services are called “composite services” [23] or “mashups”
[24]. This new style of innovation can be seen as the software industry’s
version of open innovation. Open innovation is defined as an innova-
tion process, in which an agent (e.g., company) shares its knowledge
with other agents (e.g., companies) and utilizes the combined knowl-
edge for the purpose of innovation [25]. In this process, a third-party
software service developer can participate in the innovation of new
products, services, and business models of a software company. At the
same time, the third-party developer reduces the cost of developing its
own software services from scratch by utilizing the innovation re-
sources (i.e., platforms or software services) of other software service
providers. Furthermore, a software service provider might provide
third-party software service developers with an open platform, in which
those developers can easily participate in the innovation process and
interact with their users at a low cost [26].

If open innovation of software services works well, the variety of

software services developed in this process will attract more customers.
Then, both the software service provider and the third-party software
service developers will benefit from the contact with users. This is part
of the value creation of software service providers with an open in-
novation strategy. Third-party developers utilize the open innovation
resources, and users use the software services and the software service
platform [27–30]. As a software service provider also obtains benefit
indirectly through its innovation partners, it needs to employ strategies
that also support third-party developers in their efforts to achieve more
innovation [26]. This is the reason that a lot of innovation studies in-
vestigate the structure of software service networks and the behavior
patterns of third-party developers [28,31,32].

2.2. Effect of network position on innovation performance

Innovation is a process of reusing and “recombining past ideas, ar-
tifacts, and people” for solving problems [33,34]. An individual obtains
knowledge through its relationships with other individuals (i.e., col-
leagues and friends), organizes the new knowledge, and applies the
knowledge to resolve the problem that is at hand. This assumes that
better knowledge leads to better performance. Previous innovation
studies take this idea and investigate the relationship between the po-
sition of innovation agents in a social network and their innovation
performance [4,7,9,15,35,36].

Intuitively, the best position is the one, in which an agent has high
connectivity with its neighbors. That is, the innovation performance of
an agent increases as it gains more connections with its neighbors [6,7].
The research in this stream assumes further that the agent obtains more
knowledge through its deep embeddedness in its society and that the
knowledge can be reused and recombined. However, the effect of direct
connectivity does not always result in better innovation as the main-
tenance of a connection comes with a cost [37]. For example, an agent
with a high connectivity can probably focus little on recombining what
it learns from its neighbors. Moreover, the innovation of an agent
deeply embedded in its society may not be so large, as this innovation
might be similar to that of its neighbors [9]. Instead, an agent can
achieve better innovation, if it takes a position, in which it can mediate
its neighbors [8,35].

Not only people but also products and services can be connected
[11,13,20,27,28,32]. The research on software services assumes that, if
two software services are used together for developing a new composite
software service, they are connected [20,28]. A connection between
two software services means that they have been reused and re-
combined. Following this idea, software service networks can be ana-
lyzed using the same mechanism as for social networks. Therefore, it
can be investigated whether the network position of a software service
affects its service performance. In more detail, it could be investigated
whether the service performance of a software service could depend on
its embeddedness (i.e., its connection mediation between other soft-
ware services) in a software service network.

2.3. Effect of life cycle and diffusion process on network position

Previous innovation studies on the relationship between network
position and performance are cross-sectional [4,7,15,35,36]. This is
usually caused by the limitation of the methodology applied, especially
if the data are gathered using a questionnaire survey. For example,
Sasidharan et al. [15] used a questionnaire survey to gather information
on social relationships among people and their adoption of new tech-
nologies. The model does not consider that the social relationship
changes over time and that it takes time to adopt a technology. Another
example is the model of Everard and Henry [35], which is also cross-
sectional. The authors collected information on interlocked directorates
of firms and firm performance (i.e., the visibility of firms in the Wall
Street Journal) in 2000. However, they did not consider that it takes
time before the actions of directorates show an effect. As these
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examples of previous studies suggest, a time lag might exist before the
effect of network position on service performance can be noticed. The
time lag is the result of a diffusion process, which might be at work
before an improvement of the performance can be observed. In other
words, a more reasonable assumption is the assumption of the potential
existence of a diffusion process of a technology within a network, fol-
lowing the theory of diffusion [16].

As the network position and the service performance vary over time,
the relationship between the network position and the service perfor-
mance could also change. This statement is supported by the well-
known fact that life cycles can be identified for products [17], en-
terprises [18], and even industries [19]. A life cycle can always be
described in terms of phases, in which rapid growth occurs in the be-
ginning, prosperity is maintained over an intermediate period, and then
prosperity declines. For example, sales quantity shows a bell-shaped
curve over time [16]. With respect to software service networks, the
position of a node can also change in an evolving network. For example,
Kim et al. [20] found that the centralities of software services change
over time. That is, nodes approach the center of a network and, then,
retreat to the periphery of the network.

Therefore, considering that the network position of software ser-
vices changes over time and that a diffusion process might exists, it is
worth to investigate whether an effect of the network position of soft-
ware services on service performance exists with a time lag. Without
this knowledge, it could happen that, if the network position of an agent
declines and its service performance increases, a cross-sectional ana-
lysis overestimates their relationship. Following this idea, we suggest
investigating the following hypothesis with respect to software services:

Hypothesis 1. A time lag exists before the network position of a software
service affects its service performance.

3. Methodology

3.1. Research model

Our research model, presented in Fig. 1, captures the effect of the
network position of a software service on the software service’s per-
formance over a certain time period. The network position is

determined according to either the number of direct connections of a
node with its neighbors (i.e., degree centrality) or the level of its con-
nection mediation between distant neighbors (i.e., betweeness cen-
trality).

As the revelation of the service performance of a software service
could be delayed after the network position of a node has been fixed,
we consider different time lags, ranging from 0 to T time periods. For
example, if the service performance reveals itself at the same time
period as the network position, the time lag will be t = 0. If it appears
one time period later, the time lag will be t=1. If it appears two time
periods later, the time lag will be t=2. We consider all time lags up to
t = T = 36.

3.2. Data

The data on the service performance of software services were
collected from Alexa (www.alexa.com), which provides commercial
web traffic data analysis. Alexa estimates the traffic of each domain
according to a global traffic panel, which is sampled from millions of
Internet users. It shows the ranking of a website according to a variety
of indicators, including “reach.” Reach denotes the number of users that
visit a website per day. We gathered the traffic data on different sub-
domains for April 2014.

The software service network data were collected from
ProgrammableWeb (www.programmableweb.com), a website that
publishes information about software services and composite services
(mashups). The data collected include the names of composite services
developed between September 2005 and April 2014 and the software
services used to develop the composite services. Using the data, we
define a service network as a set of nodes, which represents software
services, and a set of links between these nodes. A link between a pair of
software services indicates that the two software services have been
used jointly in a composite service. A service network is weighted, and
the value of a link between two software services represents the number
of composite services developed with these two software services.
Although a composite service can also be re-used through opening its
API to third parties, the data set considered does not contain such a
case.

Fig. 1. Research model.
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3.3. Dependent variables

Prior research proposes a variety of ways to measure service per-
formance, such as financial performance, degree of affiliation, technical
or commercial success, and task performance of individuals or teams
[4,15]. In this paper, the service performance of a software service is
measured through the indicator “reach,” which is defined as the
number of people visiting a software service within a certain time
period. When those visiting people use a composite software service,
they also pass through those software services that are reused by the
composite software service. In this case, a visiting user is counted for
the composite service and the specific software services reused. This
measure represents the value of the software service to users. For our
analysis, the “reach” of each software service has been measured for the
month of April 2014.

3.4. Independent variables

The independent variables are two indicators for network position:
degree centrality and betweenness centrality [21]. Degree centrality is
defined as the number of links of a node [38], which indicates how
many neighbors are directly connected to it. The mathematical defini-
tion of this indicator is given in the Appendix A. This definition of
degree centrality is slightly modified, if the links are weighted. That is,
degree centrality for a weighted graph is used to estimate the strength
of collaborations with neighbors [39] and is also called “strength” [38].
Furthermore, as the degree centrality is likely to be dependent on the
network size and, in order to avoid a bias according to the network size,
the degree centrality is also normalized by the maximum possible
number of links of a node (see Appendix).

In addition, the betweenness centrality measures the extent, to
which a node interconnects other nodes in the network by being on the
shortest path between any two nodes in the network [35,38]. The
mathematical definition of betweenness centrality is given in the Ap-
pendix. Betweenness centrality indicates how many neighbors a node
mediates. Like degree centrality, betweenness centrality of a node is
normalized by the maximum possible number of paths that crosses the
node.

3.5. Control variables

In order to be able to focus on the effect of the network position of a
software service on the performance of a software service, we control
three variables that might affect the service performance. First, the
performance of software services could depend on the age of software
services, as indicated in theories on the business life cycle [16–19]. To
capture the age of software services, we use the time since the software
service has been introduced the first time.

Second, software service providers often offer their own develop-
ment and deployment environments (i.e., open platforms) for service
developers, in order to promote the reuse of the provider’s software
services by third-party service developers [32]. Both the network po-
sition of a software service and its service performance could be biased,
if the software service is part of a large platform. In order to avoid this
bias, we also use the size of the software service platform (platform
size) as a control variable. The platform size defines the number of
interoperable software services that a provider releases on its platform
[40]. For the purpose of our analysis, interoperable software services
are only those software services that have been released by the same
software service provider.

Third, software services are grouped into service categories. Popular
service categories (e.g., mapping and social networking) attract an ex-
traordinarily large number of users, whereas other categories are used
by only a few users. Therefore, we also use the software service cate-
gories as a set of dummy control variables to control for their effects.

3.6. Method of analysis applied

We implement linear regressions of software service reach using the
degree centrality and the betweenness centrality with different time
lags and control variables. To express this in a mathematical formula,
we define Yi,0 as the logarithm of reach of software service i at time
t = 0, and Xi,t and Zi,t as the logarithm of the normalized degree cen-
trality and the logarithm of the normalized betweenness centrality,
respectively. They are measured for software service i at time period t,
which denotes t time periods in the past.

Moreover, we consider three control variables, which are invariant
across different time lags. We define Ωi,c as the control variables of
software service i. For our analyses, we consider the platform size Ωi,1

(i.e., the number of software services that the provider of a focal soft-
ware service had released) and the age of a software service Ωi,2 (i.e.,
the number of time periods in months since the first release of the
software service). i

j
,3 defines a set of dummy variables that represents

different software service categories j (e.g., shopping, social, and
search).

Depending on the combinations of those variables, four different
models (Model 1–4) are considered for the analysis and are represented
with the following four equations (Eqs. (1)–(4)). Model 1 contains only
control variables Ωi,1, Ωi,2, and Ωj

i,3 (Eq. (1)). Degree centrality Xi,t and
betweenness centrality Zi,t are, respectively, added in Model 2 (Eq. (2))
and Model 3 (Eq. (3)). Model 4 involves all variables.

= + + + +Yi i i i
j

i t,0 1 ,1 2 ,2 3 ,3 , (1)

= + + + + +Y Xi i t i i i
j

i t,0 , 1 ,1 2 ,2 3 ,3 , (2)

= + + + + +Y Zi i t i i i
j

i t,0 , 1 ,1 2 ,2 3 ,3 , (3)

= + + + + + +Y X Zi i t i t i i i
j

i t,0 , , 1 ,1 2 ,2 3 ,3 , (4)

where α is a constant, β, γ, and δc are coefficients of variables Xi,t, Zi,t,
and Ωi,c, respectively, and εi,t is the error term.

4. Results of analysis

4.1. Descriptive analysis

As of April 31, 2014, ProgrammableWeb (www.programmableweb.
com) listed more than 2000 software services, of which around 1000
were used to develop composite services. Of these software services,
179 software services were most frequently used (i.e., more than 10
uses) for composite service development and were selected for the
analysis. However, traffic data on “reach” for 54 software services were
not available at Alexa (www.alexa.com). Therefore, only 125 software
services could be used for our analysis.

The dependent and independent variables are highly skewed
(Fig. 2a and b). That is, most of the software services have low values
for reach, degree centrality, and betweenness centrality. Only a few
software services have very high values. This is not unusual for these
types of networks. For example, the degree distribution decays by a
power function in many large complex networks [9,35]. However, this
highly skewed distribution of variables makes any statistical analysis
difficult. It means that the results of our analysis are likely to depend on
a few outliers in the low-value area. In order to reduce this problem, the
variables are transformed with a logarithmic function. Through the
logarithmic transformation, the data are distributed in log–log scales
over a large area (Fig. 2c and d), making outliers less influential.
Therefore, our regression based on these logarithmic transformed
variables becomes useful.

Fig. 3 depicts the descriptive statistics for some variables: the
number of available values (solid line, right-hand side y-axis), the mean
of the logarithm of the normalized degree centrality (dashed line, left-
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hand side y-axis), and the mean of the logarithm of the normalized
betweenness centrality (dotted line, left-hand side y-axis). Gray areas
surrounding the mean of the logarithm of the normalized degree cen-
trality and the mean of the logarithm of the normalized betweenness
centrality are one standard deviation from the mean of the values. The
number of available data points per period remains stable at a value of
125 from the most recent time period (t=0) to the time period of 29
months ago (t=29). Afterward, it decreases gradually from 123 in
30th month to 16 in 102nd month (right-hand side y-axis in Fig. 3).
This diminution of the number of variables is because of the fact that
many software services did not exist in earlier periods. Another fact for
the diminution of the number of data points is that its logarithm is not

defined, if the normalized betweenness centrality is zero. For this
reason, the number of available data points is 95 in the 0th month in-
stead of the total number of surveyed software services (125). Con-
sidering the diminution of the number of cases for the different time
lags, we only choose the most recent 36 months as our study period (0
≤ t≤36). During that time period, at least 80% of the cases are
available.

Table 1 shows the descriptive statistics (i.e., mean and standard
derivation) of the variables used for the analysis. The results show that,
in average, software services were registered approximately 78 months
ago. The average value of the logarithm of degree centrality is −1.17,
and for the average logarithm of betweenness centrality, it is −2.68.
The value for platform size is higher than the 125 software services
considered for the regressions, as the platform size is calculated based
on the entire population of more than 2000 software services.

The values of Pearson’s correlations of variables of our model are

Fig. 2. Scattogram (a) between reach (i.e., the number of people visiting the web site on April 2014) and normalized degree centrality in linear–linear scales, (b)
between reach and normalized betweenness centrality in linear–linear scales, (c) between reach and normalized degree centrality in log–log scales, and (d) between
reach and normalized betweenness centrality in log–log scales.

Fig. 3. Trend of the descriptive statistics.

Table 1
Descriptive statistics of the variables used.

Mean SD Min Max

Logarithm of reach −0.75 1.12 −4.16 1.6
Platform size 36.56 45.94 0 115
Age of software service 77.78 20.17 25 103
Logarithm of degree centrality (for most recent

36 months)
−1.17 0.65 −3.05 0.36

Logarithm of betweenness centrality (for most
recent 36 months)

−2.68 2.85 −6 0
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shown in Table 2. Although several pairs of variables (i.e., logarithm of
reach and platform size; logarithm of reach and logarithm of degree
centrality; age of software services and logarithm of degree centrality;
logarithm of degree centrality and logarithm of betweenness centrality)
have significant correlations at a 5% of significance level, the absolute
values of their coefficients are less than 0.5 or larger than −0.5.

Table 3 describes the distribution of services into service categories
in descending order. The service category with the highest number of
software services is the shopping category (19 services), followed by the
categories social services (12 services), Internet services that support
the connection to the Internet (e.g., matching IP addresses to host
names) (10 services), search services (9 services), music services (8
services), and mapping services (7 services). In addition to these 6 ca-
tegories, there are 34 other software service categories comprising 1–5
services.

4.2. Analysis of existence of immediate effect of network position on service
performance

For the analysis, we used 125 software services. However, because
of the fact that the logarithm is not defined, if the betweenness cen-
trality is zero, the number of available values is 95 in the 0th month
instead of the total number of software services (125). With respect to
the F-test statistics, the degree of freedom 1 represents the number of
model variables (e.g., 42 for Model 1) except for the intercept. The
degree of freedom 2 represents the sample size (125) minus the number
of model variables (including the intercept) (e.g., 82 for Model 1).

As the results of the multivariable regressions for our four research

models with no time lag (i.e., t= 0 in Eqs. (1)–(4)) show (Table 4),
reach is positively associated with the control variable platform size
(i.e., the number of software services that a provider releases). The
coefficients of platform size are positive for all four models, and the
linear relationship between reach and platform size is statistically sig-
nificant (p < 0.05). The relationship between reach and the age of
software service (i.e., the second control variable) is not statistically
significant for Models 3 and 4. Among the service category dummy
variables, only three category variables are significant. The entertain-
ment services category variable is significant for all models. The
weather services category variable and wiki services category variable
are significant for Models 1 and 2. All coefficients are negative.

Based on these results, we can state that the performance of a
software service is likely to increase, if the software service is released
by a large provider, independent of how old the software service is.
Moreover, the performance of software services in some service cate-
gories (i.e., entertainment services, weather services, and wiki services)
could be lower than other software services due to their service cate-
gory characteristics.

The results show, equivalent to previous studies [6,7], the service
performance of a software service depends on its embeddedness in the
software service network. In our models, the embeddedness is re-
presented through the logarithm of normalized degree centrality and
through the logarithm of normalized betweenness centrality. The ser-
vice performance is represented through the logarithm of reach. In
detail, our results for Model 2 (Table 4) show that the coefficient of the
logarithm of normalized degree centrality is positive, and its relation-
ship with the logarithm of reach is statistically significant (p < 0.05).
Similarly, the coefficient of the logarithm of normalized betweenness
centrality is significantly positive (p < 0.01) for Model 3. However,
those two centralities are insignificant if they are considered in one
model (Model 4). The adjusted R2 values for the models are between
0.32 and 0.41, and their F-tests are all significant (p < 0.01). We can
state that these measured adjusted R2 values are acceptable, as our
constructed software service network is similar to research fields that
accepted even lower R2 values [41]. In these research fields, constructs
such as attitude, beliefs, and judgements of individuals are measured.
Falk and Miller [42] even argued that R2 values that are equal or
greater to 0.10 are adequate for particularly endogenous structures.
Therefore, the four models explain the service performance well.

The results suggest that only one of the normalized degree centrality
and the normalized betweenness centrality might affect the service
performance and that, as they correlate with each other (Table 2), the
interference between the two variables results in eliminating their ef-
fect on service performance. However, a positive joint effect of both
normalized centralities could be present if a time lag exists. Therefore,
when investigating a time lag before either one of the centralities af-
fects the service performance (i.e., t≠ 0 in Eqs. (2)–(4)), Models 2, 3,
and 4 need to be analyzed as well. That is, it will reveal the centrality
variables that influence the service performance with a time lag.

4.3. Analysis of existence of a time lag before network position affects
service performance

In order to test whether the network position affects the service
performance with a time lag, we conduct regressions with the same
variables as in the previous section but with different time lags. We use
Models 2, 3, and 4 (Eqs. (2)–(4)) with 37 different time lags, ranging
from t=0 to t= 36. That is, the regression equations include the age of
software service, the platform size, the dummy control variables, as
well as the logarithm of the normalized degree centrality and the
logarithm of the normalized betweenness centrality for the network
accumulated from the beginning until t months before the final time
period (April 2014). In detail, time t specifies the time lag (i.e., the
number of months) before the normalized degree centrality and the
normalized betweenness centrality affect the performance of the

Table 2
Pearson correlation of variables used.

a. b. c. d. e.

a. Logarithm of reach – – – – –
b. Platform size 0.41** – – – –
c. Age of software service −0.03 −0.11 – – –
d. Logarithm of normalized degree

centrality
0.22* −0.15 0.21* – –

e. Logarithm of normalized betweenness
centrality

0.02 0.15 −0.08 −0.3** –

* p < 0.05.
** p < 0.01.

Table 3
Distribution of services in service categories.

Service Category No. of
Services

Service Category No. of
Services

Shopping 19 Tools 2
Social 12 Utility 2
Internet 10 News 2
Search 9 Blog search 1
Music 8 Project management 1
Mapping 7 Answers 1
Video 5 Job search 1
Other 4 Events 1
Weather 3 Bookmarks 1
Storage 3 Payment 1
Email 3 Enterprise 1
Security 3 Recommendations 1
Telephony 2 Media management 1
Shipping 2 Wiki 1
Travel 2 Real Estate 1
Blogging 2 Medical 1
Advertising 2 Messaging 1
Reference 2 Education 1
Widgets 2 Entertainment 1
Personal information

management
2 Sports 1
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software service (i.e., reach). As we measured the reach of software
services in April 2014, a value of t = 4, for example, states that the
normalized degree centrality value and the normalized betweenness
centrality value of December 2013 are used.

The results of the regressions are shown in Table 5. For readability,
we display the regression results (coefficient, standard error, and sig-
nificance) of the logarithms of the normalized degree centrality and the
normalized betweenness centrality only. The corresponding values for
the control variables are not displayed, as they are similar to the re-
gressions with a zero time lag. Furthermore, the coefficients and stan-
dard errors of the control variables platform size and age of software
service change only slightly as the time lag varies for all models.
Moreover, the significance level and the sign of the coefficients change
even less. This stability of these values of the control variables is an
indication that the control variables are independent of any time lag.
For example, the platform size of Flickr is 57, as Flickr belongs to Yahoo
and Yahoo released 57 software services. This platform size value has

been considered for the regressions with 37 different time lags. With
respect to the third type of control variable, the effect of the dummy
control variables (i.e., software services category variables) is also al-
most invariant for all time lags. The entertainment service category has
a significantly negative effect on the service performance for time lags 0
≤ t ≤ 29, and the weather services category and the wiki services
category have a significantly negative effect for time lags 24 ≤ t ≤ 31.
The effects of other software service categories are insignificant for all
time lags. That is, the service performance is not dependent on service
categories, to which software services belong, except for the three ca-
tegories (i.e., entertainment services category, wiki services category,
and weather services category). This means that the explanation of
service performance with respect to software service categories does
not show any stability. There is no specific characteristic of those ca-
tegories that could explain these results. Moreover, the weather services
category comprises only three software services. The entertainment
services category and the wiki services category even comprise only one

Table 4
Cross-sectional analysis results considering no time lag.

Model 1 Model 2 Model 3 Model 4

Degree – 0.376 (0.160) ** – 0.422 (0.429)
Betweenness – – 0.235 (0.077) *** 0.144 (0.120)
(Intercept) −0.031 (0.870) 0.623 (0.892) 0.514 (1.211) 0.868 (1.264)
Platform size 0.008 (0.003) *** 0.008 (0.003) *** 0.010 (0.004) *** 0.009 (0.004) **

Age of software service −0.010 (0.005) ** −0.012 (0.005) ** −0.008 (0.006) −0.010 (0.006)
Cat_Answers 1.042 (1.127) 0.836 (1.101) 1.548 (1.283) 1.234 (1.323)
Cat_BlogSearch −0.209 (1.146) −0.525 (1.124) −0.341 (1.320) −0.578 (1.342)
Cat_Blogging −1.012 (0.921) −1.223 (0.901) −1.246 (1.084) −1.246 (1.084)
Cat_Bookmarks 0.162 (1.146) −0.215 (1.127) −0.141 (1.323) −0.385 (1.346)
Cat_Education −1.911 (1.168) −1.679 (1.141) −1.850 (1.347) −1.506 (1.392)
Cat_Email 0.525 (0.847) 0.517 (0.825) – –
Cat_Enterprise 0.105 (1.141) 0.095 (1.110) −0.096 (1.308) 0.042 (1.315)
Cat_Entertainment −3.268 (1.195) *** −3.154 (1.164) *** −3.152 (1.380) ** −2.939 (1.397) **

Cat_Events −0.628 (1.146) −0.862 (1.120) −0.434 (1.317) −0.709 (1.347)
Cat_Internet −1.085 (0.749) −1.050 (0.730) −0.742 (1.073) −0.819 (1.076)
Cat_JobSearch 0.652 (1.146) 0.514 (1.117) 0.429 (1.320) 0.421 (1.321)
Cat_Mapping −0.356 (0.747) −0.588 (0.734) −0.331 (0.964) −0.445 (0.972)
Cat_MediaManage. 1.230 (1.147) 1.086 (1.118) 1.716 (1.324) 1.436 (1.355)
Cat_Medical −0.590 (1.132) 0.010 (1.131) – –
Cat_Messaging −1.174 (1.179) −1.499 (1.156) −1.207 (1.363) −1.443 (1.384)
Cat_Music −0.804 (0.768) −0.900 (0.749) −0.929 (1.053) −0.999 (1.056)
Cat_News 0.609 (0.956) 0.398 (0.935) 0.958 (1.175) 0.677 (1.209)
Cat_Other −0.345 (0.802) −0.205 (0.783) −0.150 (1.139) −0.077 (1.142)
Cat_PIM 0.200 (0.930) 0.463 (0.912) 0.769 (1.298) 0.929 (1.308)
Cat_Payment 1.306 (1.135) 1.140 (1.107) 0.881 (1.299) 0.938 (1.300)
Cat_Photos −0.302 (0.752) −0.461 (0.735) −0.409 (1.021) −0.656 (1.051)
Cat_ProjectManage. 0.151 (1.146) 0.299 (1.118) 0.573 (1.322) 0.644 (1.325)
Cat_RealEstate 0.588 (1.148) 0.515 (1.118) 0.467 (1.323) 0.507 (1.324)
Cat_Recommend. 0.775 (1.152) 0.513 (1.127) 0.712 (1.329) 0.528 (1.342)
Cat_Reference 0.406 (0.950) 0.102 (0.934) 0.285 (1.171) 0.073 (1.191)
Cat_Search 0.550 (0.722) 0.314 (0.710) 0.536 (0.957) 0.389 (0.969)
Cat_Security 0.237 (0.844) 0.357 (0.823) 0.787 (1.269) 0.732 (1.271)
Cat_Shipping 0.577 (0.944) 0.554 (0.919) 0.818 (1.160) 0.760 (1.162)
Cat_Shopping −0.447 (0.755) −0.525 (0.735) −0.227 (1.026) −0.348 (1.034)
Cat_Social 0.269 (0.728) 0.088 (0.713) 0.831 (1.028) 0.573 (1.061)
Cat_Sports −0.883 (1.158) −0.303 (1.154) – –
Cat_Storage −0.334 (0.868) −0.518 (0.849) −0.533 (1.103) −0.568 (1.104)
Cat_Telephony −0.377 (0.939) −0.505 (0.916) −1.324 (1.353) −1.507 (1.366)
Cat_Tools −0.571 (0.930) −0.510 (0.906) −0.133 (1.112) −0.055 (1.115)
Cat_Travel −0.273 (0.949) −0.152 (0.926) −0.363 (1.169) −0.111 (1.197)
Cat_Utility −0.001 (0.922) 0.145 (0.900) 0.118 (1.255) 0.159 (1.256)
Cat_Video 0.868 (0.785) 0.606 (0.772) 1.008 (1.019) 0.767 (1.048)
Cat_Weather −1.796 (0.860) ** −1.834 (0.838) ** −1.693 (1.139) −1.731 (1.140)
Cat_Widgets 0.105 (0.936) 0.300 (0.915) −0.065 (1.322) 0.013 (1.325)
Cat_Wiki −1.995 (1.152)* −2.054 (1.122)* −1.401 (1.333) −1.611 (1.351)
adj. R2 0.323 0.358 0.408 0.408
F-static 2.41*** 2.611*** 2.622*** 2.58***

Degree of freedom1 42 43 40 41
Degree of freedom2 82 81 54 53

* p < 0.10.
** p < 0.05.
*** p < 0.01.
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software service each.
The regression results of Model 2 depict that the logarithm of the

normalized degree centrality affects the logarithm of reach (Table 5).
The coefficients are positive at a level of significance of 5%. However,
with respect to Model 4, the dependence of the logarithm of reach on
the logarithm of the normalized degree centrality is insignificant
though positive for all time lags (0 ≤ t ≤ 36). Although the normalized
degree centrality could be the network position measure that explains
the service performance, the results are not consistent between Model 2
and Model 4. The normalized degree centrality is inconsistent for all
time lags, if we insert the normalized betweenness centrality in the
model (Model 4). Therefore, we can hardly suggest that degree cen-
trality affects the service performance for any time lag. Moreover, we
suspect that the negative relationship observed in Model 4 is likely to be
caused from its correlation with the normalized betweenness centrality,
which affects the service performance (Model 3).

The regression results of Models 3 and 4 suggest that the effect of
the normalized betweenness centrality on service performance is sig-
nificantly different from the one of the normalized degree centrality. If
the regression model does not include the normalized degree centrality
(Model 3 in Table 5), the effect of the logarithm of the normalized
betweenness centrality is positive at a significance level of 1% for all
time lags (0 ≤ t ≤ 36). If we consider both normalized degree and
normalized betweenness centralities in one regression model (Model 4),

the logarithm of betweenness centrality is also insignificant for small
time lags (i.e., t ≤ 18) but reaches a 10% level of significance for t ≥
19, a 5% level of significance for t ≥ 23, and a 1% level of significance
for 26 ≤ t ≤ 32. Considering these results, it is suggested that the
normalized betweenness centrality strongly affects the service perfor-
mance with a time lag between t=26 and t = 32.

In order to decide on the quality of the three models considered, we
measure the models’ goodness-of-fit with the adjusted R2 for each re-
gression model [43]. Fig. 4 illustrates the trend of the adjusted R2 of the
regression Models 2, 3, and 4 for each time lag t. The adjusted R2 of
Models 3 and 4 remains stable until around 0.4 for the short time lag
region (t ≤ 18) and slightly fluctuates for the long time lag region
(t>18) between 0.4 and 0.45. The adjusted R2 of Model 2 remains
stable around 0.35 for the short time lag region (t≤ 20) and slightly
increases for the long time lag region (t> 20). Consequently, con-
sidering the time lags does not undermine the relationship between the
network position and the service performance. However, because of the
high R2 of Models 3 and 4, we can also state that Models 3 and 4 are
superior to Model 2. Moreover, as Model 3 is simpler than Model 4 (i.e.,
it comprises one variable less) but achieves the same R2 values, Model 3
is to be preferred to Model 4.

In summary, the trend of adjusted R2 suggests that the effect of the
normalized betweenness centrality with a time lag of around 29 months
is the strongest. Moreover, we can state that Hypothesis 1 is supported.

Table 5
Trend of coefficients for Models 2, 3, and 4 in dependence of the time lag. The value in the parenthesis denotes the standard error, and the number of stars represent
the level of significance.

Time Lag t Model 2 Model 3 Model 4

Degree Centrality Betweenness Centrality Degree Centrality Betweenness Centrality

0 0.376 (0.160) ** 0.235 (0.077) *** 0.422 (0.429) 0.144 (0.120)
1 0.375 (0.160) ** 0.233 (0.077) *** 0.435 (0.430) 0.139 (0.121)
2 0.377 (0.160) ** 0.233 (0.077) *** 0.440 (0.429) 0.138 (0.120)
3 0.375 (0.160) ** 0.234 (0.077) *** 0.439 (0.425) 0.140 (0.120)
4 0.376 (0.160) ** 0.231 (0.077) *** 0.455 (0.425) 0.133 (0.120)
5 0.376 (0.160) ** 0.232 (0.077) *** 0.448 (0.426) 0.136 (0.120)
6 0.375 (0.160) ** 0.233 (0.077) *** 0.452 (0.419) 0.136 (0.118)
7 0.376 (0.161) ** 0.229 (0.078) *** 0.439 (0.422) 0.135 (0.119)
8 0.374 (0.161) ** 0.227 (0.078) *** 0.441 (0.421) 0.134 (0.118)
9 0.373 (0.161) ** 0.228 (0.077) *** 0.421 (0.421) 0.139 (0.118)
10 0.374 (0.161) ** 0.228 (0.078) *** 0.421 (0.421) 0.139 (0.118)
11 0.375 (0.161) ** 0.230 (0.078) *** 0.422 (0.420) 0.140 (0.118)
12 0.376 (0.161) ** 0.235 (0.078) *** 0.412 (0.421) 0.147 (0.119)
13 0.368 (0.161) ** 0.233 (0.078) *** 0.406 (0.421) 0.144 (0.121)
14 0.366 (0.161) ** 0.231 (0.078) *** 0.416 (0.418) 0.140 (0.120)
15 0.368 (0.161) ** 0.238 (0.078) *** 0.378 (0.418) 0.155 (0.120)
16 0.368 (0.161) ** 0.239 (0.077) *** 0.355 (0.419) 0.160 (0.121)
17 0.365 (0.162) ** 0.247 (0.076) *** 0.267 (0.421) 0.189 (0.120)
18 0.361 (0.162) ** 0.252 (0.076) *** 0.301 (0.402) 0.185 (0.118)
19 0.367 (0.162) ** 0.267 (0.074) *** 0.203 (0.404) 0.221 (0.118) *

20 0.365 (0.162) ** 0.253 (0.075) *** 0.253 (0.408) 0.196 (0.118)
21 0.368 (0.162) ** 0.265 (0.073) *** 0.301 (0.387) 0.199 (0.112) *

22 0.448 (0.165) *** 0.267 (0.073) *** 0.288 (0.382) 0.204 (0.111) *

23 0.408 (0.166) ** 0.296 (0.074) *** 0.042 (0.374) 0.287 (0.112) **

24 0.410 (0.166) ** 0.299 (0.075) *** 0.039 (0.374) 0.290 (0.112) **

25 0.399 (0.166) ** 0.297 (0.078) *** −0.082 (0.402) 0.316 (0.123) **

26 0.400 (0.166) ** 0.305 (0.075) *** −0.245 (0.391) 0.364 (0.120) ***

27 0.398 (0.166) ** 0.294 (0.076) *** −0.121 (0.384) 0.322 (0.117) ***

28 0.399 (0.166) ** 0.310 (0.075) *** −0.229 (0.374) 0.364 (0.115) ***

29 0.400 (0.165) ** 0.319 (0.076) *** −0.443 (0.389) 0.415 (0.113) ***

30 0.400 (0.165) ** 0.332 (0.077) *** −0.432 (0.381) 0.424 (0.112) ***

31 0.411 (0.164) ** 0.282 (0.084) *** −0.450 (0.411) 0.378 (0.121) ***

32 0.420 (0.164) ** 0.277 (0.084) *** −0.418 (0.409) 0.367 (0.121) ***

33 0.439 (0.170) ** 0.265 (0.085) *** −0.314 (0.422) 0.331 (0.124) **

34 0.430 (0.171) ** 0.246 (0.088) *** −0.350 (0.425) 0.319 (0.126) **

35 0.409 (0.171) ** 0.243 (0.084) *** −0.303 (0.384) 0.305 (0.115) **

36 0.410 (0.171) ** 0.240 (0.085) *** −0.326 (0.392) 0.308 (0.118) **

* p < 0.10.
** p < 0.05.
*** p < 0.01.
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Specifically, software services with a high betweenness centrality are
likely to yield a high service performance around 26–32 months later
and affect the service performance with R2 of 0.45.

5. Discussion and conclusion

5.1. Academic implications

Although our results also show that the network position of a soft-
ware service affects its service performance immediately, our study also
indicates that previous network positions have an effect on the service
performance. Specifically, with a time lag of around 26–32 months, the
betweenness centrality of a software service affects its service perfor-
mance.

Innovation studies show that if new knowledge is created on the
basis of existing knowledge and experience, an agent, who has a net-
work position where it can gather a variety of existing knowledge, can
be more innovative than agents at the periphery of the network. In
particular, Burt [8] and Granovetter [9] find that the network position
that is most advantageous for innovation is the one in which an agent
mediates other agents (i.e., combines fragmented knowledge of those
agents). Besides, Krackhardt [6] and Tsai [7] show that an agent with
strong connectivity could be innovative if complex problems have to be
solved. Moreover, the impact of the network position in an innovation
network also depends on the context (e.g., the type of knowledge
considered [36], the structure of an organization [44], and the diversity
of people [45]). Although the effect of network positions on service
performance is not new in innovation studies, the analysis of the net-
work position of a software service in a software service network is
new. Moreover, the significant difference between existing innovation
studies and our study of the software service network is that existing
innovation studies analyzed knowledge flows, whereas our study re-
veals the complementarity of existing knowledge (i.e., software ser-
vices) that can be used for creating new knowledge (i.e., composite
software service). A composite software service always identified and
uses two complementarities of existing software services and combines
those with its own extra knowledge. This way, the composite software
service can attract end users, as its own service combines the com-
plementarities. Without any complementarity, software services would
not be combined in a composite service. This also provides an ex-
planation for our analysis results that only the effect of the normalized
betweenness centrality (and not the normalized degree centrality) can
be observed. The normalized betweenness centrality is a very good
measure for capturing the complementarity of existing knowledge.

Furthermore, previous innovation studies implemented cross-sec-
tional analyses, ignoring the time lag between network position and
innovation performance [4,7,9,35,36]. General life-cycle theory states
that a product of an agent (i.e., a firm or a person) and a technology
(i.e., technology embedded in a product, a service, or a document)

depict a life cycle consisting of three stages: emerging, maturity, and
declining [16–19]. With respect to social network analyses, existing
research demonstrates that network positions also change over time.
Wagner and Leydesdorff [3] observe that a scholar approaches a central
position in an academic collaboration network over time. Kim et al.
[20] show that within a software service network, a software service
approaches the center and retreats to the periphery according to the
stage of its life cycle. Because of these three aspects, it is reasonable to
assume that the relationship between network position of software
services and their service performance changes over time.

In addition to this, another academic implication from our study
concerns the time lag before the network position of a software service
affects its service performance. According to our analysis, the highest
effect of a network position (i.e., betweenness centrality) in a software
service network on service performance can be noticed with a time lag
of around 26 to 32 months. Prior research on innovation from a net-
work perspective misses the time lag aspect of the dependence, al-
though the diffusion process has been considered [17,16,18]. The effect
of network position is not only immediate but rather also manifests
itself after a time lag. In the context of software services, the time lag
might be caused through the time that a software service provider
needs for identifying and for generating revenue from the value of its
software service through the complementarity that its service provides
to other software services. It also takes time before users of software
services become aware of the composite services within the software
service network, recognize their value, and become familiar with them.

Therefore, based on our empirical results, we conjecture that life-
cycle theory and the diffusion process (e.g., [17,16,18]) are at work,
affecting service performance in software service networks. The con-
sequence of our research is that social network-based innovation stu-
dies need to consider not only the structure of the network but also the
evolution of the network structure over time and the time lag before the
network position affects service performance.

5.2. Managerial implications

Our findings could be applied for designing strategies for optimally
positioning a software service of a software service provider in a soft-
ware service network and for designing revenue sharing schemes be-
tween software service developers. As the network position determines
its service performance, the business model of the software service
provider is to motivate third-party software service developers to create
new composite services using the software services of the provider.

By considering the network position, the revenue sharing scheme
can reflect the value contributions of the different software services of
the composite software service. Therefore, the network position can be
the basis for the revenue for both the software service provider and the
third-party service developer [27–29]. Furthermore, the revenue
sharing scheme should consider the number of users, who visit the
website of a software service (i.e., “reach”). That is, the higher the
number of users, who visit a software service, is, the higher the value
contribution of the software service is.

Our results show that the normalized betweenness centrality affects
the service performance for all time lags, from t = 0 to t = 36 (Model
3). The strongest effect can be observed at a time lag of about 26–32
months with the highest adjusted R2 of 0.45 at a time lag of 29 months
(Models 3 and 4). The normalized degree centrality does not confer a
significant advantage. Therefore, a desirable innovation strategy for a
software service provider would be to incentivize composite services
that combine its service with software services that are distant within
the software service network. Furthermore, although the network po-
sition of a software service is determined through the businesses of the
composite service developers utilizing the software services, the soft-
ware service provider can directly promote its software services by
advertising its software service as being complementary to a certain set
of software services categories. The complementarity characteristics of

Fig. 4. Adjusted R2 of Models 2, 3, and 4 for different time lags, ranging from 0
to 36 months.
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software services exhibit the value creation opportunities.
Moreover, a software service provider can also develop composite

services directly, so that it becomes easier for third-party developers to
use a set of software services, as mentioned in Baek et al. [27]. This
aspect has been shown in our empirical data analysis. The platform size
is significant.

5.3. Limitations

Our research has two limitations, which need further research. First,
the explanatory power of our models suggests that our models might
miss other factors affecting service performance. Although our Models 3
and 4 suggest that network positions (i.e. degree centrality and be-
tweenness centrality) explain already 40% of the service performance
(Fig. 4), they still suggest that the explanatory power can still be in-
creased. Therefore, although our models are controlled with the plat-
form size and service categories, we suspect that the relationship be-
tween the network position and service performance might depend on
the business context of service providers. Therefore, future studies need

to explain the time lag between network position and service perfor-
mance on the ground of the competitive advantages, business models,
and strategies of service providers.

Second, the general social network research describes knowledge
flows within networks, whereas the software service network that we
use reveals the complementarity of fragmented knowledge. Therefore,
it is difficult to state, in general, whether our time lag related results can
be observed in social networks that are analyzed with respect to
knowledge flows.
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Appendix A

Suppose that the maximum possible number of connections that a node can have is g – 1 in a weighted network of g nodes (i.e., the network size is
g), then the normalized degree centrality Di

w of node i is the sum of weights wij of all the links to node j of the neighbor set, N(i), of node i:

=D w g/( 1)i
w

j N i
ij

( )

Suppose that the number i( )kl
w of the shortest paths between two nodes (node k and l) passing through node i and the total numberTkl

w of shortest
paths between the pair of nodes k and l is given, then the betweenness centrality Bi

w of node i can be calculated as

=B i
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( ) 2
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w

k l k

kl
w

kl
w

,

where (g − 1)(g − 2)/2 is the maximum possible number of shortest paths between any pair of nodes and a specific third node on the path in a
network of size g with g > 2.
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