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Abstract

In this paper, we analyze the relationships between technological regimes, regimes of
local interaction, and the global structure of an industrial network. Given the
complexity of the task, we follow a semi-inductivist approach, combining
guantitative empirical analyses and simulative exercises. We show that the
topological properties of the R&D network in pharmaceuticals are the result of
neither a purely random nor of a cumulative process of growth. Instead, they emerge
from a mixture of the two generative processes, under a regime of intense and stable
entry. This paper should be considered only as a first step towards the understanding
of some general determinants of industry networks growth. Despite its limitations, it
provides a parsimonious and general framework to reverse engineering the growth of
networks in different industries, which can be used as we attempt to make our models
more realistic. Some of the current limitations of our analysis could be overcome, in
the future, based on a higher availability of data on rea systems and, in particular, of
detailed topological and economic information on rea-world networks. While
currently such data are rare, the increasing interest in industrial networks should soon
lead to the development of suitable data sets, offering further guidance for modeling

and interpreting the growth of these complex and important economic systems.



1. Introduction’

Division of innovative labor, trade in technology and technological services, and
R&D collaborative agreements through contractual relationships are recognized as
increasingly important economic phenomena (see Arora and Gambardella, 1994,
Arora, Fosfuri, and Gambardella, 2001).

In particular, networks of contractual relationships among firms specialized in
research and exploration (Originators) and firms focused on development, production,
and commercialization activities (Developers) Networks of collaborative agreements
among firms are recognized as an ever-widening organization form, particularly in

high technology, knowledge-intensive fields.

However, we still know little on how industrial networks grow, and how their

structures are shaped by patterns of technological change.

On the one side, despite recent advances, most models of the growth of networks are

largely incomplete when compared to real industrial systems.

On the other side, the literature in applied industrial economics does not provide, at
present, any insight as to whether the properties of industrial networks vary across
industries and, if so, to which factors such differences could be attributed. The
absence of any such studies appears to be particularly striking, since numerous
contributions have shown that industry-specific characteristics play a fundamental
role in explaining the evolution of specific industries (Dosi, 1982; Gort and Klepper,
1982; Winter, 1984; Audretsch, 1991; Malerba and Orsenigo, 1993).

Given the lack of knowledge on the general properties of the structural evolution of
industrial networks, we adopt here a semi-inductivist approach, with numerical
simulations being preceded and complemented by empirical investigations of a real
industry network. In particular, we provide: a) a description, over a period of twenty

years, of the technological regimes that have shaped the industry network in

" This research was supported by a grant from the Merck Foundation (EPRIS Project). We are grateful
to audiences at Stanford University, the University of Venice, and the Nelson and Winter Conference
at DRUID for useful feedbacks.



pharmaceuticals; b) a simulation model, which maps the underlying technological
regimes onto specific relational regimes; ¢) a comparison between the features of the
real-world network and the corresponding simulated connectivity distribution and
topology, with an assessment of different possible underlying generative processes

and relational regimes.

The paper is organized as follows. In section 2, we discuss the background and
rationale of the paper, emphasizing some fundamental differences of real networks
from the random models developed in the last forty years. In section 3, we describe
the salient features of two basic technological regimes, which have induced two
specific relational regimes within the industrial network in pharmaceuticals. In
section 4, we hypothesize that a mixture of the two relational regimes might account
for both the connectivity distributions and the topological properties of the real-world
network. Then, we perform a rich set of simulations, based on our empirical
predictions. In particular, our model is aimed at mapping the underlying technol ogical
regimes onto the relative frequencies of local processes such as the addition of new
firms, new links, and different mechanisms underlying the growth of node
connectivity. The results of our simulations show that a mixture of the two regimes
fits quite well the available empirical evidence on the topological properties of the
network, while (almost) pure regimes would have generated completely different and
unrealistic outcomes. The fina section sums up the main findings and implications of

our work.

2. Background and Rationale
Networks grow by local events such as the addition of new links and nodes.

The first and simplest models of network growth are based on the theory of random
graphs (Erdos and Rényi, 1960; Bollobas, 1985). Random graphs models do not take
into account nodes entry, and each pair of nodes are modeled as connected with a
given probability. Under these assumptions, the number of nodes with connectivity k



follows a Poisson distribution'. However, several empirical investigations have
shown that connectivity distributions in real-world networks widely differ from a
Poisson, suggesting the existence of some maor departures from a regime of
‘universal’ random growth (Barabasi and Albert, 1999). In particular, the connectivity
distributions of several networks with complex topologies such as the World Wide
Web and the citation network of scientists have been shown to follow scale-free
power laws in which P(k) decays following a power law P(k)~k™, with an exponent g
which is generally between 2.1 and 4 (Barabéasi and Albert, 1999; Newman, 2001). In
addition, many empirical distributions depict a flattened upper tail, suggesting that
nodes with a low connectivity follow a different distribution (possibly Poisson, or a
combination of Poisson and power law). In the literature, the origin of this scale-free
behavior has been traced back to two basic mechanisms that are present in many
systems, irrespectively of their nature and of the identity of its constituents, with a
strong impact on the topology of the system. First, networks can grow by the addition
of nodes that are connected to those that are already present in the system. Second,
networks growth can be driven by the higher probability of having a node linked to a
node that already has alarge number of connections (preferential attachment).

Given the difficulties associated with uncovering the behavior of real evolving
industrial networks and the high variety of possible underlying generative processes,
we have decided to move from a careful characterization of the fundamental
mechanisms underlying the formation and the growth of the real-world network under
investigation.

! The probability that a tie is present is a Bernoulli random variable X, which takes values 0 and 1,
with P(X = 1) = p, P(X = 0) = (1-p). If we assume that the n(n-1) random variables X defined over then
vertices are independent, the total number of linkages is distributed according to a binomia function,
with parameters n(n-1) and p. Moreover, if p depends on nin such away that ;n® / as n® ¥ ,
where / isapositive constant, the Binomial Distribution tends to a Poisson distribution with mean / .
In order to obtain the connectivity of each vertex, the relationship between n and p must be further
specified. In particular, Erdos and Rényi, 1960, show that if e >'2£pme1- e 2 v e>0., the
probability of r nodes having connectivity equal to k is asymptotically Poisson distributed with mean
/ =nb(k;n-1p).



3.Technological Deter minants of the Growth of the Networ k

The last thirty years have witnessed a revolution in biological sciences, with
significant basic advances in molecular biology, cell biology, biochemistry, protein
and peptide chemistry, physiology, pharmacology, and other relevant scientific
disciplines.

These new bodies of knowledge have generated a plethora of scientific and
technological opportunities, with an enormous impact on the nature of pharmaceutical
innovation and on patterns of industry evolution. They have nurtured a continuous
flow of entry of new firms, as well as an extensive division of innovative labor
between firms that act mainly as Originators of R&D projects that are then licensed
to firms that act as Developers. In fact, the emergence of a dense set of collaborative
relationships among firms and other research institutions has been a major feature of
the recent evolution of the industry (Pisano, 1991; Arora and Gambardella, 1994;
Powell, Koput and Smith-Doerr, 1996).

In a previous paper, we have shown that the recent evolution of research strategies
and technologies in pharmaceutical R&D can be characterized by referring to two
main technological regimes, which coexist and complement each other (see Orsenigo,
Pammolli, Riccaboni, 2001).

The first regime is based on the advances in molecular biology. According to the so-
caled molecularization of physiology, pathology, and pharmacology, the
development of new drugs rests on the ability to generate more fundamental
biological theories, towards deeper explanations (i.e. molecular and infra-molecular
levels) of pathological processes that take place at higher levels of organization inside
the human organism. Following this approach, new therapeutic targets and research
techniques have been generated along a hierarchy of increasingly specific sub-
hypotheses, mainly originated by newcomers. Moreover, the first regime relies upon
research techniques that are co-specialized with specific biological hypotheses and
fields of application. The hierarchization and cospecialization of the first regime
have influenced the evolution of the industry structure, promoting a division of labor

among organizations and research labs, which is hierarchical in nature. In this



context, older firms, both Originators and Developers, tend to increase their
connectivity more than proportionally as compared to the younger ones, benefiting
from a significant first mover advantage. Therefore, in the analyses that follow we
shall refer to the first regime as the cumulative regime.

The second regime consists of generic research tools and techniques for the
classification, generation, sampling, and screening of thousands upon thousands of
genetic and molecular structures. General-purpose technologies (GPTs) such as bio-
informatics, polymerase chain reaction (PCR), large-scale screening techniques,
combinatorial chemistry, and (post-)genomics achieve a high breadth of applications
and map onto multiple biological targets and diseases. At the level of the industry, the
general purposiveness of the second regime has induced a division of labor across
different fields of application. As compared to the cumulative one, the regime based
on GPTs does not sustain any first mover advantage for Developers, since Originators
specialized in GPTs tend to establish new links irrespectively of their partners
connectivity. Thereby, in the analysis that follows the second regime will be referred
to as the random regime.

In our previous work we were able to show that the features of the cumulative and
random technological regimes lead to different patterns of local interaction, as well as
to different topological structures of the network (Orsenigo, Pammolli, Riccaboni,
2001). Here, we develop amodel that makes explicit the connection between the local
mechanisms of network growth and the topological structure of the network as a

whole.

4. An Modd of Network Growth

Data and notation

Data used for this study are drawn from the Pharmaceutical Industry Database
(PHID) at the University of Siena. PHID provides information on typology,
technological content, and date of signing for 3,973 R& D agreements signed by 1,709

firms and institutions active in the bio-pharmaceutical industry, from 1978 to 1998,



worldwide?. For each collaborations, we are able to distinguish the Originator from

one or more Developers.

The sustained growth of networks by the entry of new firms and by the addition of
new collaborations has been nurtured by the evolution and combination of relevant
scientific and technological knowledge bases. The life sciences network has grown
considerably over the last 20 years driven by a sustained entry of originators of new
technological opportunities. Figure 1 shows that the network took off at the beginning
of the Eighties, growing exponentially for ten years and then leveling out starting
from 1992.

Figure 1. Number of entrants into the net (as Originators) and new
collabor ations subscribed, 1980-98, log scale.
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2 Specifically, PHID includes 349 leading pharmaceutical companies, 1112 dedicated biotechnology
firms and 148 non-industrial research institutes. Information on the technological content is available
for every agreement, as it refers to the underlying discovery technology. Mergers and Acquisitions
have been taken into account by collapsing the information relative to the firms engaged in
consolidation deals starting from the date of subscription.



Figure 2 reveals the existence of a linear relationship between the growth of the
network in terms of new nodes and new collaborations. This linear relationship is a
crucia characteristic of the simulative exercises herein. Formally, in the next section
we shall adopt a graph theoretical approach to the analysis of network structure and
dynamics. The life sciences network is represented by means of a directed graph
G(E,V), whereV isthe set of vertices (organizations), and every edge e (deal) within
the graph (industry) is an oriented link defined by a couple Originator/Developer (o,
d) (see Harary et a., 1975; Diersel, 1997). The graph Gis then represented by an
adjacency matrix G U A(G). Matrix entry a,, equals 1if an edge e(d,0) does exist

and O otherwise.
In addition, we shall refer to the block matrix B(G) obtained after collapsing rows and
columns of matrix A(G) that correspond to organizations belonging to the same

cohort of entrants. Entries b, , of B(G) indicate the total number of linkages between

generations D and O.

Finally, rows and columns of the matrices presented hereafter are ordered according

to time of entry of nodes and cohorts of nodes.



Collaborations

Figure 2. Network growth: the relationship between new nodes and new ties
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The simulative model

In this section, we present a simulative model of the growth of the network, which
incorporates the basic drivers of its formation, and reproduces the topological
characteristics of the real-world industry network.

The evolution of the simulated network is governed by two control parameters. The
first parameter (p) sets the interdependence between the growth of the network and
the flows of entry of new firms within it. The second parameter makes possible to
distinguish between the cumulative and the random regimes. with probability q there
is no preferential attachment to more connected nodes. With probability (1-q), links
are established towards nodes aready in the network according to its attachment
probability P, which depends only on the connectivity of the target node. Based on



the evidence presented in Orsenigo, Pammolli, and Riccaboni, 2001, as well as in
Powell, Koput, and Smith-Doerr, 1996, we assume that P is alinear function of k (P
~K)3. At each time step, with probability p anew Originator enters the network. With
probability pg, the new Originator randomly establishes a new link with a preexisting
Developer (random regime). With probability p(1-q), the new Originator links to a
Developer in proportion to its connectivity (cumulative regime). Alternatively, the
Originator can be extracted from the population of existing nodes. with probability
(1-p)q the Originator is selected randomly. With probability (1-p)(1-q), it is selected
in function of its attachment probability P .
Each simulation starts with N, isolated nodes aready in the industry. At each time
step t, one of the following operations is performed™:
a. Collaborations by new Originators
a.l. General purpose ties (random regime). At each time step, with probability
pg a new Originator enters the network and selects randomly one of the
existing companies, with probability

_ 1
g ——
N, +t-1
a.2. Co-specialized ties (cumulative regime). With probability p(1-q), a new
Originator enters the network and establishes a link with a pre-existing

Developer chosen in function of its centrality (ki) with probability

Py= No+t-1

k.

]
j=1

b. Collaborations among existing companies
With probability (1-p), the Originator is selected among firms already active in the

network. Two different version of the simulative model have been considered, in

® For a critical discussion on the attachment probability kernel see Barabasi and Albert, 1999:
Krapivsky and Redner, 2000. In particular, in Krapivsky and Redner, for P that grows less than
linearly with k, the number of nodes with k links decays faster than a power-law in k. On the contrary,
if P grows faster than linearly, a single node emerges, which connects to nearly all other nodes.

10



which Originators are singled out randomly (version 1) or preferentialy (version 11),
with respect to their degree k.
Version | - Random selection of Originators. At each time step, an Originator is
extracted randomly among existing companies, with probability
p'= ;
® Ny+t-1
Version |l - First mover advantage. The Originator is chosen among firms for which
k>0, depending on their connectivity, with probability
ki
Pl =Np+t1

Kk

j=1

Subsequently, the selection of Developers is model ed:
b.1. General purpose ties. With probability (1-p)q, the Developer is selected
randomly among the potential partners, with probability:

-1
N, +t- 2

d

b.2. Co-specialized ties. With probability (1-p)(1-g), the Developer is selected

according to its connectivity, with probability

where o indicates the Originator node.

Based on the above assumptions and hypotheses, the growth of the network has been
run for 4000 time steps, in order to obtain a statistics comparable with the empirically
observed network. We have produced a variety of simulated networks G(p,q), for
different value of parameters p and g. Then, different degree distributions for

Originators and Developers, as well as the adjacency matrix corresponding to the

* The resullts of the simulations are not critically dependent on N,. In order to avoid that the Ny initial
isolated nodes have zero probability to acquire new links, in al the statistics that are presented below
we set their degrees to 1, and then subtract the initial link to their connectivity.

11



simulated network, have been compared with the corresponding statistics for the real -

world network.
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Figure 3. Connectivity distribution: Originators

Results

The major topological indicators of simulated networks are now compared with the
network of innovators in the pharmaceutical industry. In particular, we shall consider
the degree distribution of Originators P(k,) and Developers P(ky) and, finaly, the
blocked generation matrix B(G).

Version | (pure randomness) and Version |1 (preferential attachment) correspond to
extreme processes of network growth, for which the vertex degree distributions are
well characterized. If g = 0, Barabasi and Albert show, in the context of a model with
entry and preferential attachment, that the probability that a given node interacts with
k other vertices decays as power law (a straight line on log-log scale), following

P(k) ~k 7. Because of the preferential attachment, node degrees and age turn out to

be strongly and positively related. In particular, the number of connections of firmi at
timet isdetermined by:

ki (1) = (t/1)°°,

wheret; is the time of entry of firmi.

On the contrary, if g=1, the distribution shifts radically to an exponentia (straight line
on semi-log scale).

As for Originators, Figure 3 shows the nodes degree distribution (circles) of the
collaborative R&D network in 1998, together with the outcomes of 100 simulations.
Dots, reporting the simulated distributions in the case of a pure cumulative process (q
= 0) with sustained entry (p = .5), fit quite well the real data. Specifically, the out-
degree connectivity distribution depicts a power law tail, with gclose to 2.1°, showing
the existence of first mover advantages. The inset reports the simulated distributions
for the random regime (g = 1) under the same entry process (p = .5). In this second
case, the out-degree distribution is clearly exponential, and largely different from the

real one. The power-law distribution of Originators connectivity shows the existence

13



of first mover advantages. Firms that entered the network early on are located at a
higher level of the network hierarchy and are preferentially involved in collaborative
projects.

When we pass to consider the distribution of collaborations for Developers (Figure
4), a different generative process can be detected. The lower tail of the actual
distribution (black circles in the main plot) approaches again a power law with
exponent 2.1, but now it depicts a flatter upper tail. The simulative model that better
approximates the particular distribution of real data is a mixture of the random and
the cumulative generative processes, with a consistent part of the relational activity
that is driven by the entry process. The red points in Figure 4 represent the result of
100 runs of the simulated network G(.5,.5), which reproduces well the red
distribution. Subplots 4(a-c) show how results change by modifying the parameters p
and g. Figure 4.a reports four simulations with p varying from .2 to .8. If the entry
process is not intense, the upper tail is flatter, while it raises up for higher p,
approximating a power-law. Subplots 4.b and 4.c below report the effect of changes
in the degree of randomness. For high levels of randomness, Figure 4.b shows that the
distribution is ailmost a straight line in semi-log scale. If the degree of randomness
decreases, the distribution approaches again a power-law, while intermediate levels of
hierarchization reproduce the departure from the power-law that we observe in
empirical data.

® The same val ue of the exponent has been obtained for the sites connectivity in the World Wide Web
(Barabas and Albert, 1999).

14



Figure 4. Connectivity distribution: Developers
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Figure 5. The Kolmogor ov-Smirnov statistics (p, q)
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The above simulations show that the network of innovators in pharmaceuticals

industry does not evolve according to a regime of random growth. In a field

characterized by rapid change substantiated by the continuous flow of entry of new

companies, the growth of the network appears to be the outcome of the coexistence of

two elementary generative processes and underlying technological regimes.

In order to assess which is the specific combination of cumulativeness and entry that

better approximates the real-world connectivity distribution of Developers, we have

tested severa versions of the model G(p,q) switching both p and g from 0 to 1. For

each version of the model, we have computed the Kolmogorov-Smirnov statistics D,

comparing the simulated and the real distributions’.

® The Kolmogorov-Smirnov test of goodness of fit is based on the closeness of the empirical and
hypothesized distribution functions. Consider atest of the hypothesis Ho : Fr(K) = Fpo(K) where Fy (k)
is the hypothesized distribution function for the random variable k, i.e. the number of collaborations
subscribed by each firm. Let F,(k) be the empirical function. If we bin both the empirical and the
simulated distributions in K quantiles, the Kolmogorov-Smirnov datistic is defined by:

Dpq = aép[| Fa(K) - Fyq(K)[I. The hypothesis Ho iis rejected if Dygqistoo large.
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Figure 6. The structural evolution of the network according to different
technological and entry regimes
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Figure 5 reports the Kolmogorov-Smirnov statistics for different values of p and q.
The dotted line indicates the 10% level of significance. The statistics turns out to be
significant for high levels of p and low levels of g respectively. As a result, the test
confirms that the topology of the real-world network is driven by the flow of entry
and by a mixture of both random de-localized coupling and cumulative co-specialized
technological trgectories.

Our quantitative analysis of the rea-world network and our knowledge of the
corresponding blocked generation matrix B(G) enable us to investigate if and how the
combination of different generative processes affects not only the connectivity
distributions for Originators and Developers, but also the overall topology of the
network.

Figure 6 compares the topological structure of the real network with five graphs
simulated under different settings of control parameters p and q. For each graph, we
plot the corresponding representation through the adjacency matrix. Originators and
Developers are classified according to the year of entry within the network and the
number of collaborations between generation x of Originators and y of Developersis
reported on the z-axis with different colors. As we have recalled in Section 2, the
structura evolution of the network in pharmaceuticals is influenced by the molecular
biology regime, which tends to make it asymmetric, hierarchical, and time oriented.
At the same time, the general-purpose research technologies influence in a different
way the structural evolution with newcomers, which connect randomly with
Developers irrespectively of age. The G(.5,.5) ssmulated network in plot (b) captures
many of the topologica characteristics of the rea-world network in terms of
hierarchization, asymmetry, and randomness of inter (intra) generation
interconnections. In speaking of goodness of fit, we have are not interested here in
any formal statistical test. In addition, since we are analyzing a set of relationships, it
is not obvious what test would be appropriate. For this reason, we have adopted a
graphical representation that conveys as much as topological information as feasible
to permit the reader to decide whether he is satisfied with the fits. Moreover, we have
built a rich set of counterfactual examples, which are meant to exclude potentialy

alternative mechanisms of growth. The differences emerging from the comparison of

18



Figure 6(a) and (b) constitute another substantia evidence in favor of the
reconstruction of the evolution of the network that was provided in the descriptive
part of thiswork. Whereas model G(.5,.5) account for most of the distinguishing traits
of the real network, models G(.2,.5), G(.5,1) and G(.5,0) represented in subplots 4.(c-
e) are far from generating empirically plausible results. Networks with low entry,
high randomness or high cumulativeness have topological structures that are
completely different from the ones observed in the real world.

This last result is interesting, since it confirms, almost unequivocaly, that the local
processes and their frequencies, correspondent to the underlying technological
regimes, determine both the topology of the network and its connectivity

distributions.
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5. Concluding Discussion

In this paper, we have analyzed the relationships between technological regimes,
regimes of local interaction, and the global structure of an industrial network.

Given the complexity of the task, we have followed a semi-inductivist approach,

combining quantitative empirical analyses and simulative exercises.

We have shown that the topologica properties of the R&D network in
pharmaceuticals are the result of neither a purely random nor of a cumulative process
of growth. Instead, they emerge from a mixture of the two generative processes,

under aregime of intense and stable entry.

The model that we have presented has some obvious limitations. First, apart from the
distinction between Originators and Developers, we did not take into account any
node-specific attribute. Second, we have considered links of size unity, without
addressing the properties of weighted networks and interactions strength. Third, the
relational propensities of different nodes stay unchanged in our model. Fourth, we did
not consider Mergers and Acquisition activities. Finaly, the exit of nodes from the

network was not accounted for.

Against this background, this paper should be considered only as afirst step towards
the understanding of some general determinants of industry networks growth. Despite
its limitations, it provides a parsimonious and genera framework to reverse
engineering the growth of networks in different industries, which can be used as we

attempt to make our models more realistic.

Some of the current limitations of our analysis could be overcome, in the future,
based on a higher availability of data on real systems and, in particular, of detailed
topological and economic information on real-world networks. While currently such
data are rare, the increasing interest in industrial networks should soon lead to the
development of suitable data sets, offering further guidance for modeling and
interpreting the growth of these complex and important economic systems.
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