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Abstract

This paper explores complexity measures and this association to business network performance and
structures. This exploratory research considers complexity benefits to business networks focusing on
interdependence. The data was generated from an existing agent based model (ABM). The ABM
simulates exchanges processes within an innovation network. We generated 100 scenarios across 450
network systems. After calculating Shannon’s Entropy, multiple regression and neural networks were
used to explore associations with network structure and exchange processes. Results indicate the
complexity is weakly associated with network performance. This paper contributes by exploring how
complexity can be measured within business networks.

Introduction
“Complexity is just plain hard to work with” (Vesterby 2008, p. 91)

Networked systems of various types, including business networks, have been described as displaying
complex behaviours. Accordingly, ecosystems, transport, urban utilities, communication, and
information systems have been previously considered through a complexity lens (Purchase & Olaru,
2006). Yet, understanding such behaviours and how to “manage” complex systems is necessary and
still a major research challenge (Vesterby, 2008). An example of one such behaviour is
interdependence, which can increase the vulnerability of the system through the possibility of
cascading failure or can open new avenues for resilience and recovery. Therefore, measuring system
interdependence improves understanding of how systems perform both in stationary conditions and
under extreme events or stress. Understanding network interdependence allows managers to design
ways to improve resilience and therefore mitigate the effects of system breakdowns.

Whereas in ecological systems, resilience refers to the amount of disturbance that the system can take
in without changing its state, the “engineering” resilience is defined as the speed to return to the initial
state once a disturbance occurred (Scheffer, 2009; Perz et al., 2013). In business networks, this also
means the possibility to redirect human agency towards re-establishing the operation or improving
efficiency by reconfiguration of network components, towards monitoring the system performance vs
its capacity, and achieving a better resource allocation (an overall better management of the system).

If complex systems could be measured, perhaps the onset of failure can be foreseen and a shift
undertaken, so that the domino effect of propagating failures are stopped or prevented. Moreover,
timely actions could be designed to intervene; retain or restore system functionality. An important
question related to this is whether higher complexity means increased potential for transitions among
multiple system states (Scheffer, 2009; Perz et al., 2013) and higher ability to react to perturbations.
Yet, measuring resilience is measuring to outcome of complexity, while measuring interdependence
would be measuring an intrinsic feature of the complex system.

Even though we can outline expected behaviours exhibited from complex adaptive systems, we have
difficulty developing a definition of complexity. Currently, there is no unique definition of
complexity, with different authors taking different perspectives. This is particularly the case within



business networks where although authors have referred to them as complex or complex adaptive
systems (e.g. Ritter et al., 2004; Hakansson & Ford, 2002; Wilkinson & Young, 2013; Purchase et al.,
2014a), developing a unifying definition is difficult (Mitleton-Kelly, 2003). Such a definition within
social sciences, and business marketing in particular, is important for guiding the development of
principles for “measuring” complexity. Also importantly, for considering how complexity aspects of
business network may influence their performance.

Complexity is hard to define and encapsulate into measures (Ananad & Bianconi, 2009; Rajaram &
Castellani, 2016). Within social sciences, the characterisation of complex systems at various scales has
been undertaken (e.g. Flack & Krakauer, 2011; Rajaram & Castellani, 2016) using “descriptive,
organisational, structural, behavioural, informational measures” (Rajaram & Castellani, 2016: 36).
Yet, these approaches are minimal and are not focused on considering industrial networks. Thus, there
is a growing need for a behaviourally rich framework to assess complexity and network performance
goals. Quantitative measures are objective and assist in benchmarking systems in terms of their
performance and sustainability. Complexity measures could become a tool to evaluate companies and
networks’ status in relation to performance. Therefore, the purpose of this research is to consider a
definition of complexity and how to measure complexity features included in the definitions, and
consider how these measurements influence network performance. The following research questions
have been developed:

e are larger, more connected business networks, more complex and what is the benefit in
becoming more complex?

e is any comprehensive measure of complexity able to fully characterise the interdependence
within complex systems?

e could complexity be decoupled from performance or outcomes of being complex?

¢ although only exploratory, our analysis highlights that structural measures of complexity are
only very weakly associated with performance and ability of the business network to recover
from adverse conditions, and, as such, a vector of metrics is needed. Also complexity is
associated with the distribution of resources in the network, such that clusters of strongly
resourced collaborative organisations or exist within the network. The make-up of these
“hubs” of innovation seems to focus on around knowledge resources, which may indicate the
presence of collaborating R&D organisations within the hubs.

This paper is structured such that the literature review considers definitions of complexity, and
possibilities of measuring complexity. The data analysis applies such complexity measurements to a
business network and considers the influence of complexity characteristics on network performance.

Literature review
Definitions of complexity

Understanding complexity requires researchers to develop a generic definition due to its multi-
disciplinary nature (Vesterby, 2008). Complexity sits at the intersection of many disciplines and above
any of them. Historically, physics and mathematics have been at the forefront, but as the world around
us is all complex, computer science, and natural and social sciences, medical sciences (complex
adaptive systems), are bringing different perspectives into features of complexity, for example:

¢ intuitively, we all know/feel how complex is complexity and that is conferred by interactions
at various levels (hierarchical) (Rajaram & Castellani, 2016);

o complexity measures focus on size (number of parts and relations in a system), diversity
(types of parts/agents and relationships between them), functionality, etc. Whereas the former
refer to structural complexity, the latter is functional/behavioural complexity, relevant for
social systems that have rules/norms of interaction, constraints, biases, and adaptive functions
(Flack & Krakauer, 2011);



e in computer science it represents the amount of information in the most ‘economical
“blueprint”” (Lovasz, 1996; Vesterby, 2008);
e time plays a crucial role in the system operation.

For social systems/networks this is even more challenging, because many of the traditional
assumptions and approaches are inadequate for describing the mix of bottom-up and top-down
directed activities, adaptability, rules of interaction (Andriani & McKelvey, 2009; Thompson &
Young, 2012).

In developing a description of complexity we need to consider its components. Some indicate that
complexity involves considering the quantity and diversity of components and relations (Flack &
Krakauer, 2011) and Vesterby (2008, p. 91) highlights these components form the six basic aspects of
complexity. These six basic aspects are:

how many components;

how many different kinds of components;
how many of each kind;

how many relations there are;

how many different kinds of relations; and
how many of each kind.
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Vesterby (2008) argues that any description of complexity and measurement process needs to include
all six quantities as a minimum, though indicating that this would be an over simplification or too
much of a reductionist approach. The ability to measure each of these network properties will be
outlined in the next section of the paper.

Mitleton-Kelly (2003, p. 1) indicates that there is ““no single unified Theory of Complexity’” but is an
amalgamation of theories from multiple disciplines, in particular those from natural sciences. She
develops a ““conceptual framework, a way of thinking and a way of seeing the world” (ibid, p. 4)
through highlighting ten generic characteristics. These ten characteristics are: self-organisation,
emergence, connectivity, interdependence, feedback, far from equilibrium, space of possibilities, co-
evolution, historicity & time, and path dependence. Furthermore, human agency and decision making
processes and the ability to choose from alternate strategies change how these ten generic
characteristics need to be adapted (Mitleton-Kelly, 2003). A critique of these generic principles
highlights that some are more about the outcomes of complex behaviour rather than feature of
complexity. For example: self-organisation is the outcome of interaction processes between
components in the network and therefore the outcome of complex adaptive networks, rather than a
feature of complexity. Therefore, the ability to link these characteristics to possible measurement
systems are difficult, as in some cases these measures would be not measuring the system itself but the
outcome of system processes.

Measuring complexity

Currently there are difficulties in capturing measures for complexity, even though there has been a
trend towards a proliferation of measures particularly from a mathematical perspective (Lloyd, 2001;
Rajaram & Castellani, 2016). Different measures have “flaws” and there is no one measure more
accurate or better than other. Complexity cannot be easily summarized by arrays of metrics, however,
it is expected that capturing different aspects of the complexity is beneficial (Marks, 1998; Thompson
& Yong, 2012). There are two broad categories of mistakes in measuring complexity: (a) avoiding
complexity and measuring related aspects of the outcomes of complex behaviours and (b) simplifying
and/or reducing complexity thus, losing the nuances of complexity (Vesterby, 2008).

While outlining some of the issues involved in complexity measurement, it is necessary that research
continues towards developing measures to assist managerial understanding of how to work within
complex systems. Some highlight that complexity measures need to encompass both quantitative and



qualitative aspects (Vesterby 2008; Rajaram & Castellani, 2016), though how to incorporate different
ways of thinking needs further development. Developing measures that are “discipline” or context
specific is another suggestion, which is particularly important for social sciences where human agency
results in different complexity behaviours from those in the natural sciences (Mitleton-Kelly, 2003).
Therefore, this paper focuses on considering complexity measures for business networks, where
human agency can result in often paradoxical or conflicting behaviours.

Current approaches to measuring complexity
This section will briefly outline three different broad categories for measuring complexity.

Simple measurement of diversity

Arguing that complex systems is more about diversity than other aspects, results in measures that
focus on the number of different components (actors) (Holbrook, 2003). Just measuring the diversity
of actors in the network ignores the connections between actors and tends to be a static measurement.
When comparing to the six aspects of complexity (mentioned previously), diversity really only
captures one aspect.

Social network analysis

Graph theory has developed quantitative measures for describing networks (Wasserman & Faust,
1994). Examples of these measures include density, degree centrality, clustering, and betweenness.
Such measures are well established however they do not tend to focus on complexity aspects (Anand
& Bianconi, 2009; Rajaram & Castellani, 2016). Though based on network metrics, what sets them
apart from complexity measures is that the edges/links (relationships) and flows (exchange) are
equally important as the nodes (actors). Geographical space is also essential, in addition to topology.

Many measures consider the system as a set of nodes dispersed spatially and connected to a certain
degree (number of connections). This can be modelled as a graph G = {V, E} where V are the vertices
or nodes and E represent the edges or the links in the network between the nodes.

To characterise the graph, adjacency matrix or the degree matrix is required. They are given by:
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where ay = 1 if node i is adjacent to node k and 0 otherwise.
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where ay = degree node i, if node i = k and 0 otherwise.

Most SNA measures ignore the attributes possessed by the individual components. Such measures
tend to be static, do not incorporate the types of relationships, and when compared to the six aspects of
complexity no one measure covers all six aspects. Overall, human agency is not included.

Entropy

Entropy has a key role in information theory (Anand & Bianconi, 2009) and a number of different
measures were developed. Whereas Shannon’s formulation corresponds to the entropy for classical
systems, von Neumann’s entropy provides the statistical description of quantum systems (Anand &
Bianconi, 2009).

The Shannon entropy for a simple undirected network is given by:
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where p(ij) is the probability to have a link between nodes i and j.

von Neumann’s entropy is based on the density matrix p associated with the network, derived from the
Laplacian matrix L:

Ly(G) = —=<Trplog(p) > ,withL;; = — ¥, a;-6;; — a;; 4)
where aij is the element of the adjacency matrix.

The two measures are linearly related for scale-free networks (degree distribution follows a power
law, at least asymptotically), which seems to be the case for social systems (Barabasi, 2014; Anand &
Bianconi, 2009; Rajaram & Castellani, 2016). Entropy measures encompass all six aspects of
complexity to be incorporated, and in particular focus on connectivity, interdependence and space of
possibilities when considering Mitleton-Kelly’s (2003) generic characteristics. This paper focuses on
Shannon’s entropy as human systems tend to follow behavioural practices found in classical entropy
measures which are used for scale free domains (Isik, 2010). Human systems don’t tend to display the
behavioural practices similar to quantum mechanics.

Shannon’s entropy

Shannon’s entropy (SE) is used to characterise the diversity and hierarchy; based on uncertainty, for
networks, SE focuses on the relationships between agents, rather than the agents themselves. It
characterises a probability distribution of the heterogeneity in the network. Shannon’s entropy has
been applied to human systems, in particular within supply chains (Isik, 2010), and an entropy
measure covers all six aspects of complexity mentioned by Vesterby (2008).

Shannon’s entropy highlights that if p (j) is the probability distribution for the value of node j, the
definition of entropy is:

1(G) = —XYjec p(Nlogp()) 1)

For the graph, entropy | (G) is the highest when all nodes j contribute equal probabilities p (j) =1/n
giving I(G)=log n.

In this study, SE is derived from the eigenvector of the distance centrality/accessibility (as opposed to
degree or betweenness centrality), to incorporate the role of links or characterise the nature (kinds,
types) and strength of interdependencies. Entropy measures the shape/spread in the distribution and
hence, homogeneous systems/networks with regular/uniform distribution of centrality have higher
entropy, whereas hierarchical networks with one pole, very central, while the other nodes are
subordinated, approach 0 in entropy. A more concentrated probability distribution provides more
information about where a value is likely to be, whereas a uniform distribution gives no information
that one value is more likely to occur than another. Moreover, given its definition, SE is a robust
measure to the deletion of nodes in the network (if nodes that are not central to the network disappear
from the network, the distribution of accessibility or clustering are not changed).

Yet, to encompass the diversity of human system complexity our analysis needs to consider the
empirical distribution of entropy across all possible scenarios. Therefore, we use a modification to
Shannon’s entropy and adopted a case-based approach to complexity measurement in an attempt to
capture the “diversity of complexity” within business networks.

! Case-based entropy approaches consider each simulation output a separate “case” to be used in the analysis.
Therefore, for our second set of data we generated 100 scenarios across 450 network systems, generating
45,000 “cases”.



Case-based entropy

Rajaram and Castellani (2016) highlighted that Shannon’s entropy has been used in a number of
complex systems to investigate a case-based entropy measure, drawing on vectors of different metrics
for the complex systems. The authors separate their measure from the traditional entropy indicators by
considering the elements of the complex system as a set of qualitatively distinct cases. This approach
characterises the system as probability states for a given vector space of the cases in the complex
system. Their measures combine entropy (H) with diversity (D), which addresses the issue of
comparing complexity across systems, and also defines conditional entropy, to evaluate the
contribution to overall complexity of a subset of parts. D is the exponential of the entropy index H and
for equi-probable sets of complexity types - the least complex - the diversity equals the number of
complexity types.

Data collection process

Data was generated from a previously developed agent based model (Purchase et al., 2008; 2012;
2014a; 2014b). The model simulates an innovation network consisting of three types of actors (R&D
organisations (RD); financial backers (FB) and manufacturers (M)) who exchange and recombine
resources (financials, knowledge) to generate ideas. Social capital within the relationships moderates
the exchange process, with those relationships having higher levels of social capital allowing a more
extensive and detailed exchange of resources than those relationships with lower social capital. The
model has been previously validated using the case of an innovation network which develops a second
generation photovoltaic cell based on thin film technology (Denize et al., 2012; Purchase et al.,
2014b).

Actors exchange, combine, and recombine their resources (initial levels are randomly set according to
normal distributions) depending on the social capital, the environmental conditions and the uniqueness
of the knowledge they possess, and after each iteration their resources are measured again and
aggregated using arbitrary? weights of 0.6 for knowledge and 0.4 for financial resources. The
graphical user interface (GUI) of the model is provided in the Appendix.

The initial simulation runs (step 1) explored Shannon’s entropy for a network with 40 actors across a
range of densities. The results of this analysis (next section) highlighted that further simulations were
required to assess the role of network structure and resource exchange in the network. Therefore, the
second simulation (step 2) generated data for 100 actors positioned in three general structures (grid,
radial and random) with varying degrees of connectivity, different diversity of actors within the
network and different levels of social capital within the relationships. The variables of connectivity,
diversity, structure and social capital were varied within the Netlogo™ Behavioural Space to produce
45,000 different network system cases. The measurement of Shannon’s entropy was conducted in R™
drawing the data from Netlogo™.

Results
A combination of multiple regression models and neural networks were applied to explore the
associations between SE complexity, network structure, and performance (measured as change in the
network resources). As indicated, the analysis was conducted in two steps.
Step 1
The role of network size and links in relation to entropy was first explored, and as expected smaller

networks are “less complex”. In terms of density, it seems that the degree distribution becomes more
uniform when the density increases to a fully connective network (Figure 1).

2 The weight parameter is kept constant (along with other model parameters, alpha, beta, gamma), in order to
control for the structural complexity.
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Figure 1: Relationship between Shannon entropy and network density

Figure 1 suggests that there may be an optimum density range in which the business network operates
as a complex adaptive system, and this area corresponds to neither completely regular nor completely
random networks. Given that business networks that work as complex adaptive systems are considered
more resilient and adaptive, these results indicate a possible range of densities where such resilience
can be optimised.

Step 2

The results of the second simulation, focusing on diversity, are graphically displayed in Figure 2. The
analysis shows a lack of normality for the SE and long tails (to the left for random and partially radial
and to the right for grid), suggesting departures from total hierarchical structure (order) and from
“perfect randomness”, with some degree of complexity. As highlighted by Andriany and McKelvey
(2009), these tails with unusual/outlying configurations may be more relevant for practice and draw
the attention to the noise present in complex data.

As indicated, the random network did not display perfect randomness, and this can be primarily
attributed to the influence of social capital within the relationships, which gives some structure,
reflected in a degree of complexity that is displayed in the graph.

However, in the continuum of complexity, it is expected that more structure, regularity is present in
grid networks by design (SE = 2.70), compared to radial (SE = 1.63) or random (SE = 1.31), which is
reflected in the entropy of the system and the higher frequency of more “uniform” or networks (Figure
2c). The distributions are significantly distinct from each other, suggesting potential “pdf® signatures”
for these networks.

Further, to ascertain to what extent the functional, behavioural aspects of the network are linked to SE
complexity and network structure, we estimated several multiple regression models and neural
networks. The models are based on random selections of 3% of total scenarios, being aware that using
more than 40,000 data records/simulations almost everything may appear statistically significant.

3 Probability density function
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Figure 2: Distribution of Shannon’s entropy on three types of networks

Multiple regression analysis

Table 1 indicates that compared to random networks, grid and radial networks present a higher degree
of complexity. As expected, the grid network provides opportunities for more structure and
connectivity thus, increasing the SE measure of a network. It must be noted that these SE measures are
not describing which actors are connected, but rather, how actor relationships differ based on social

capital.



Table 1: Influence of network structure on Shannon’s entropy

Unstandardised Coefficients | Standardised Coefficients
B Beta Sig.
(Constant) 0.126 0.166
Connectivity 0.139 0.487 <0.001
Proportion of FB -0.002 -0.011 0.572
Proportion of RD 0 -0.002 0.921
Grid 1.668 0.631 <0.001
Radial 0.259 0.098 <0.001

R2-adj =0.577 (n=1,225 observations); F=335.25 (p<0.001)

Tables 2 and 3 however, show that complexity has a marginally significant influence on network
performance. Network performance is determined by the resources initially available in the network.
In addition, the type of network is not significant at all, perhaps because, indirectly, the structure is
already embedded in the Shannon entropy measure.

Although unclear whether there is potential for better performance in more complex networks, the
positive sign of the entropy parameter estimate draws attention to the role of distribution of resources
in the network. What drives the outcomes is the initial level of the resources that exist in the network
(included as average across all agents).

More interesting findings appear when analysing the spread of network resources across agents (Table
3). Although very small in absolute terms, entropy and connectivity are negatively associated with
variance of resources. This suggests lower dispersion of resources, i.e. “clustering”, in more
hierarchical networks and with limited connectivity.

Table 2: Influence of initial resources, network structure and entropy on network performance

Unstandardised Standardised
Coefficients Coefficients
B Beta Sig.

(Constant) -1.085 0
Shannon’s Entropy 0.001 0.012 0.072
Grid -0.002 -0.006 0.422
Radial 0.001 -0.001 0.935
Av. amount initial Financial
Resources 0.311 0.567 <0.001
Av. amount initial Knowledge
Resources 0.359 0.627 <0.001

R2-adj =0.965 (n=1,225 observations); F=6,673.74 (p<0.001)

This is relevant for agents in the network, which may consider differentiation as a desirable pattern in
a network, as opposed to uniformity and equal distribution.

Also the initial amount of knowledge resources also influences the clustering of resources.




Table 3: Influence of initial resources, network structure and entropy

on distribution of performance

Unstandardised Standardised
Coefficients Coefficients
B Beta Sig.
(Constant) 0.073 <0.001
Shannon Entropy 0 -0.014 0.048
Grid 0.001 0.011 0.116
Radial 0 0.004 0.490
Connectivity 0 -0.051 <0.001
Proportion of FB 0 0.053 <0.001
Proportion of RD 0.002 0.625 <0.001
Av. amount initial Financial <0.001
Resources 0.042 0.266
Av. amount initial Knowledge <0.001
Resources -0.027 -0.159

R2-adj =0.460 (n=1,225 observations); F=1,356.85 (p<0.001)
Neural network analysis

Similar findings were obtained with multilayer perceptions with a hidden layer (and between 10 and
20 hidden neurons, using hyperbolic tangent activation function). Data was used 70% for training and
30% for testing and the relative error was between 0.013 and 0.018. The decision to cross-validate the
findings of regression analysis was made with the aim to capture any likely non-linearity in the data,
and acknowledging the simplifying assumptions of general linear models. Table 4 shows the
importance factors for performance, whereas Table 5 for the distribution of resources across network
agents.

The results confirm that the structural entropy is of little relevance to performance and that resources
possessed by the actors (nodes of the network) are essential for creating new knowledge. After
accounting for resources, the types of actors and their number are key (FB and RD proportion), then
the connectivity and entropy.

Table 4: Importance factors for initial resources, network structure and entropy
on network performance

Input Importance
Grid 0.005
Radial 0.005
Connectivity 0.016
Proportion of FB 0.048
Proportion of RD 0.129
/Av. amount of initial Financial Resources 0.548
Av. Amount of initial Knowledge Resources 0.237
Shannon’s Entropy 0.015

In terms of distribution of resources, the initial level of resources loses its prominence and the types of
agents, particularly R&D organisations, become more relevant, followed by connectivity and entropy.

10




Table 5 Importance factors for initial resources, network structure and entropy
on distribution of performance

Input Importance
Grid 0.005
Radial 0.003
Connectivity 0.023
Proportion of FB 0.097
Proportion of RD 0.254
/Av. amount of initial Financial Resources 0.299
Av. Amount of initial Knowledge Resources 0.311
Entropy 0.019

In summary, the results highlight that entropy is a useful, yet an incomplete measure of structural
complexity, which does not compensate for the performance or changes in the network organisation.
Thus, structural complexity may be poorly associated with network performance and there may be
“optimal” regions/levels of complexity beyond which benefits of being complex are outweighed by
costs, or the network’s performance diminishes (Perz et al., 2013).

Also, despite statistically significant difference (p<0.001) on the entropy measures across the three
network structures, there was modest difference between the “random” networks and the more regular
radial ones (Figure 2a-b). This reminds us of one of the questions present in Lovasz’s work, that true
randomness may not exist and it’s rather a ““consequence of a very complex underlying structure”
(Lovasz, 1996: 9)

Conclusions and implications

The positive, albeit weak link between performance and Shannon’s entropy, indicates that everything
else kept constant, changing the structural complexity of the network may have effects on
performance. Our results highlight it isn’t just changing the number of connections, but rather where
those connections occur within the network structure. Results indicate that hubs of innovation occur
where resources are clustered around these hubs. Therefore adding connections between actors outside
the hubs is more likely to decrease structural complexity, while adding connection within the hubs is
likely to improve network performance. This finding can be linked to the space of possibilities where
complex networks topography is not flat but rather bumpy with areas of high performance (hub
clusters) and areas of low performance (Mitleton-Kelly, 2003). Therefore, managers need to be able to
scan their networks to be able to evaluate where these hubs occur. Yet, previous research has indicated
that monitoring networks is a difficult task with most managers unable to view their network past their
close relationships. Thus, those positioned at a distance away from a hub of innovation may be unable
to connect into the hub as they can’t view the hub from their current position.

Results indicated that complete randomness was not obtained and that there is some complexity in
randomly generated networks, particularly after the application of the simulation rules. Results also
indicate that complexity (i.e. Shannon’s entropy) increases for more structured hierarchical networks,
though this is expected to quickly fall off when the network achieves a higher density, thus, indicating
that connectivity to hubs and hierarchical structures will influence innovation performance.

The entropy measure is a useful tool to identify uneven distributions with the existence of hubs
throughout the network. Where these hubs results in higher resources and allow opportunities for
improving innovation performance. This has implications for researchers conducting network research
in that these locations in the business networks may improve network resilience, through greater
interdependence, while at the same time if changes occur to the network and the hubs are rendered
ineffective, then the network will be vulnerable with decreasing performance. Identifying how these
centres develop and why they change over time is an important research question.
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Business networks are characterised by heterogeneity of actors, interactions at various levels (micro
and macro — within the organisation and between them), diversity of operations, as well as dynamics
of the underlying processes. Despite many parallels with other systems, business networks are difficult
to measure in terms of complexity using only one scalar and a gap remains between description of the
structure and the functioning/outcome of the interactions. That is why this research adopts two
measures, entropy and network performance, to characterise the complexity of business innovation
networks, notwithstanding that they are only partially describing the way the complex networks
function.

Limitations and future research

This paper advocates for the need to apply a set of distinct metrics, rather than relying on a single
measure, even so ample, such as Shannon’s entropy. Multiple complexity measures are expected to
provide a better characterisation of a complex network, which could improve our understanding of
vulnerability and resilience of networks. Multiple measures may also indicate that there are “trade-
offs” or paradoxes existing between different aspects of complexity. Therefore, future research needs
to consider other measures of complexity and examine their influence on innovation performance.

The systematic manipulation of network structures used in these simulations does not cover the whole
space of complexity and is does not address dynamics at all. Reliance on linear/grid, radial, and
randomness limits the applicability of many traditional approaches. As such, we expect the findings to
apply to moderate levels of complexity, without the possibility to extrapolate the “lessons” to highly
complex networks. Further research should consider other network structures, with various
connectivity levels, in their evolution through time, or transformation of networks at the same level of
degree distribution. Although not possible with the model designed in this research, we consider
valuable the idea of testing the additive behaviour or otherwise of the networks (i.e., combining two
complex networks, how much more complex is the resulting network?).

Clustering patterns, analysis of motifs, and closer examination of the tails of the distribution of
entropy may bring to light additional associations or dependencies between complex systems and their
operation.
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