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1 Introduction

Networks of collaborative relationships among firms have attracted a great deal
of attention in recent times among sociologists, organizational theorists and
industrial economists, as it is now widely recognized that collaborative relation-
ships are an important form of organization of innovative activities, especially
(but not only) in high technology industries.

One can find in the literature widely different interpretations of the nature,
rationale, structure and functions of these networks, ranging from more socio-
logically oriented approaches to economic explanations based on (various mixes
of) alternative theoretical backgrounds, e.g. transaction costs, contract theo-
ries, game theory and competence-based accounts of firms organization. These
interpretations are based on an eclectic variety of explanations and models and
generate widely different predictions about the evolution of collaborative rela-
tionships over time (see Oliver, 1990; Osborn, Hagedoorn, 1997; Gulati, 1998).

However, albeit with some notable exceptions (see Powell, Doput and Smith-
Doerr, 1996, Walker, Kogut and Shan, 1997; Orsenigo, Pammolli, Riccaboni et
al., 1998), it has proved very difficult to provide strong empirical evidence in
support or against any of these different accounts. In fact, while the natural
test bed of different interpretations should be based on the observation of net-
work evolution over time, most of the analyses are static in nature or perform
comparative statics exercises. On the contrary, very little has been done, at the
empirical level, on the determinants and nature of collaborative relationships
evolution, i.e. how are they formed, how do they change over time, to which
sort of configuration do they converge at, if any.

Especially in high growth, technology intensive industries, networks of col-
laborative relationships have to be analyzed as organizational devices for the
coordination of heterogeneous learning processes by F/Is endowed by different
skills, competencies, access to information and assets (Powell et alii, 1996).

Thus, learning ought to be a central concern in the analysis of collaborative
relationships. Beyond a rather generic agreement, though, available empirical
analyses do not address the specific nature and properties of the underlying
knowledge bases and search activities be used as explanatory constructs.

Consequently, it becomes hard to understand clearly what are the implied
relationships (if any) between the structure and functions of the network and its
evolution on the one hand, and the fundamental features of the relevant learning
processes on the other.

Against this background, this paper aims to move a step forward in the
direction of establishing a closer connection between the structure and evolu-
tion of knowledge and the structure and evolution of organizational forms in
innovative activities.

Ag compared to the existing literature on network of collaborative agree-
ments, this paper is characterized by an explicit focus on the technological and
cognitive determinants of the structure and dynamics of relevant industrial vari-
ables (see Dosi, 1982).



The nature and evolution of underlying technological conditions are explored
in order to identify major boundaries to the range of possible structural config-
urations which the structure of the network can assume over time.

We rediscover the mathematical language of the theory of directed graphs
moving back from concepts, measures, and explanations developed in the field
of social network analysis, in order to explain how scientific and technologi-
cal knowledge induce distinguishable patterns of change at the macro level of
industry structrure and evolution .

By means of graph theory, we develop a set of indicators that have not been
exploited in the field of social network analysis. In particular, graph theory
appears to be very useful to unravel the complex properties of empirical objects
such diverse as technological and industrial structures, revealing the existence
of basic technological determinants of network structure and evolution.

First, we describe some basic features of research strategies and heuristics
underlying the evolution of relevant knowledge bases in the field of analysis.
Second, the relevant features of the structure and evolution of the industry
network are examined.

We come to demonstrate that a mapping exists that goes from decomposi-
tions and research heuristics observed in scientific and technological research to
the patterns of structural evolution at the macro level of the industry network.

In other words, the specific nature of relevant problem solving strategies and
learning processes turns out to be a fundamental determinant of the structure
and dynamics of the network of collaborative agreements.

The paper is organized as follows.

Section 2 briefly highlights the basic nature and goals of some fundamen-
tal research heuristics and research techniques developed by economic F/Is
in the last twenty years in their efforts to discover and develop new effec-
tive drugs. In particular, a fundamental distinction is captured between Co-
specialized and Transversal research technologies/strategies, that is to say be-
tween heuristics/research techniques that are specific to particular domains and
heuristics/research techniques that are both generic and complementary to Co-
specialized ones.

In Section 3, oriented graph theory tools are introduced in order to investi-
gate the structural evolution of the network of collaborative agreements within
the industry and its relations with structural and evolutionary properties of
underlying technological knowledge. The analysis is carried out building upon
a comprehensive data set that covers more than 5000 collaborative agreements
between about 2000 firms and institutions for the twenty-two years between
1978 and 1997. The structural evolution of the network of R&D agreements
is reconstructed, showing the existence of striking homomorphic relationships
with the structure and evolution of most recurrent research heuristics used in
technological problem solving activities. Some fundamental results based on the
notion of Canonical Decompostion of a graph are used in order to disentan-
gle two major drivers/components of the structural evolution of the net, i.e.,
Co-specialized and Transversal techniques/subjects.

The presentation of the main findings of the study and the discussion of



some implications for the study of organization and industrial dynamics close
the paper.

2 Patterns of scientific and technological
change in pharmaceutical industry

The last twenty-five 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. The application of molecular biology to pharmaceutical
industry has had an enormous impact on the nature of pharmaceutical R&D,
on the organizational capabilities required to introduce new drugs and on the
patterns of industry evolution.

The case of the molecular biology revolution lends itself to a study of the de-
tailed mechanisms of industrial transformation and of the co-evolution between
scientific knowledge and organizational capabilities, industry structure and in-
stitutional settings (see Henderson, Orsenigo, Pisano, 1999). In this paper, the
evolution of the institutional arrangements that govern research activities in
pharmaceutical research after the ”molecular biology revolution” is explained
referring to a fine-grained analysis of the fundamental features of scientific and
technological knowledge bases within the field.

According to the molecular biology paradigm, the route to understanding
of human organism (nature) is through the dissection of the system in its con-
stituent parts, followed by the study of these parts. The properties of the whole
-and hence its behavior- are the sum of the properties of the parts, while patholo-
gies are analyzed in terms of specific alterations of the molecules that constitute
the human organism. This philosophy has had profound effect on the methods
of inquiry, leading scientists to pursue the pattern: “study: dissect, identify,
classify, and dissect further” (Testa, Meyer, 1995, p. 6).

The application of molecular biology to drug research is the result of a sci-
entific/technological paradigm according to which the achievement of deeper
knowledge on the nature of the human organism is a necessary condition for the
development of powerful and selective therapeutic solutions. Coherently with
this view, the discovery of new drugs has started to be strongly connected with
the generation of knowledge on the phenomena associated with the complex
systems that are faced by drug researchers.

In fact, the so-called “molecularization” of physiology, pathology and phar-
macology, corresponds to a principle according to which for the development of
new powerful and selective drugs, search has to penetrate deeply into the human
organism to unravel the biochemical interactions at the cellular, infra-cellular
and, most, important, at the molecular level (see Vos, 1991).



In this perspective, for the development of new powerful and selective drugs it
is necessary to generate theories that yield an increasingly “deeper” explanation
of processes that take place at higher levels of organization of matter into the
organism.

With reference to the range of possibilities for therapeutic intervention, the
convergence at the level of scientific explanation guaranteed by the progress
of fundamental knowledge corresponds to the identification of longer and more
complex chains of causal events.

In fact, for almost all the more complex pathologies, the inner dynamics
of knowledge has been leading, in a first stage to a branching of a priori hy-
potheses on plausible research trajectories. Whilst new scientific explanations
and discoveries can lead to deeper knowledge and, moreover, more fundamental
explanations of the nature of processes that happen in the human organism can
focus search at a given level of analysis, the very same achievements generate
new hierarchies of sub-hypotheses.

This dynamics creates a dilemma: by definition, more fundamental theories
explain more but, simultaneously, they multiply the number of points of entry
for the discovery and the development of new therapeutic treatments.

In other words, these achievements can lead to a process of divergence, with
an increase in the number of possibilities to intervene in the disease process.

Moreover, due to the high co-specialization between research techniques and
biological targets, a proliferation is observed in the number of trajectories, tech-
niques, and ex ante conceivable exploration strategies.

Within this context, technologies such as genomics , gene sequencing, trans-
genic animals, and molecular biology have started to supply the industry with
a huge number of novel biological targets thought to be relevant to a vast array
of diseases defined at the molecular level and developing highly sensitive assays
incorporating these targets.

Over time, major improvements have been made in the technologies avail-
able for identifying and cataloguing genes in complex organisms. New tech-
nologies include high-throughput methods for sequencing genes, for monitoring
and comparing their expression in different situations and for following their
inheritance in families prone to particular diseases. These technologies depend
crucially on the integration of molecular biology with robotics, and analytical
instrumentation. The integration of these disciplines has started to provide
powerful capabilities for generating, capturing and analyzing large volumes of
data concerning genes and their expression, making it possible for the first time
to mount a systematic search effort to discover and characterize the genes and
biochemical pathways which underlie human diseases.

The rapid increase in the number of potential targets and the size of com-
pound libraries resulting from advances in genomics and combinatorial chem-
istry, respectively, have created a significant opportunity to discover greater
numbers of lead compounds for development into medicines.

However, the increasing numbers of targets and compounds have created
severe bottlenecks in the drug discovery process. In particular, these bottlenecks
result from the difficulty of quickly and cheaply analyzing function and disease



relevance of newly discovered targets.

Moreover, despite the substantial growth of biological knowledge on the hu-
man organism at the cellular, molecular and genetic levels, the discovery and
development of drugs has continued to be a lengthy, expensive and often un-
successful process. In fact, pharmaceutical R&D deals with a system — the
human body — far more complicated than any mechanical or electronic system.
There are so many and complex receptors, functions, and biochemical reactions,
than the design of a new drug relies on speculation and trial and error exper-
imental activities carried out under conditions of strong uncertainty (see also
Gambardella, 1995).

Within this context, during the Fighties and Nineties new developments in
solution phase and solid phase chemistries, high-throughput screening technolo-
gies (HTS), information technologies, and combinatorial chemistry have sub-
stantiated a “revenge” of the chemical paradigm, with the development of re-
search technologies devoted to achieve a higher breadth of applications, mea-
sured in terms of the number of disease areas that the technology may be applied
to.

As an example, combinatorial chemistry enables rapid and systematic as-
sembling of a variety of molecular entities, or building blocks, in many different
combinations to create tens of thousands of diverse compounds that can be
tested in drug discovery screening assays to identify potential lead compounds.

These large libraries have now become available to be tested against both es-
tablished and novel targets to yield potential lead compounds for new medicines.
Such vast numbers of compounds present a substantial challenge to the drug
discovery process and have created a need for faster and more efficient screening.

High-throughput screening (HTS) methods make possible the screening of
vast populations of compounds via automated instrumentation (complex work-
stations capable of performing several functions with the help of mechanical
arms or simpler automated dilution devices).

In extreme synthesis, while several thousand genetic targets could not have
been addressed with the methods of conventional medicinal chemistry, the de-
velopment of combinatorial chemistry libraries, together with new techniques for
high-throughput screening and ever-improving bioinformatic tools, has gradu-
ally made possible to test a large number of potential drug targets against an
even larger number of chemical entities.

More generally , during the Nineties a set of generic research technologies
came to light within the industry, from Polymerase Chain Reaction, protein
structure modeling, rapid computer based drug assay and testing, recombinant
chemistry techniques, drug delivery systems, chemical separation and purifica-
tion techniques.

In order to point out the most important results of this brief review of the
evolution of research strategies and heuristics in pharmaceutical innovation, a
distinction can be raised between a first regime of search, that dominated until
the beginnings of the Nineties, with research techniques relatively specific to
fields of application ( Co-specialized techniques), and a second driver of growth,
that arose afterwards, characterized by the emergence of new generic research



tools (Transversal technologies).

In the case of Co-specialized research technologies, the design of each new
drug tends to require individual analysis and lessons learned from the design of
one therapeutic cannot be immediately transferred to the development of other
classes of drugs.

On the contrary, Transversal research technologies tend to be:

i) applicable to multiple biological targets and diseases;

ii) dynamically coupled with more Co-specialized research techniques.

In particular, the dynamic coupling we refer to can be considered as the result
of the fact that, given the complexity of the human organism, the interaction of
a Transversal technology with Co-specialized ones —and, more generally, with
specific research programs in the fields of molecular biology, molecular genetics,
immunology , biochemistry, physiology and clinical science— tends to be char-
acterized by the absence of a complete ordering as several programs can not
function as guides according to a linear model of the innovative process.

In the next Section, we analyze the structure and evolution of organizational
decompositions and relationships observable within the industry. Our aim is to
detect the basic properties of the structural evolution of the network of col-
laborative agreements and, moreover, to come to a test of our conjecture of a
correspondence between structural/dynamic features of technological evolution
and structural/dynamic features of organizational /industrial evolution being in
place.

In order to appropriately analyze the structural/evolutionary properties of
network and to collect information useful to draw conclusions about the corre-
spondences between trajectories of technological evolution and patterns of indus-
trial dynamics, we cannot refer to everyday language.

As a consequence, in the Section that follows we introduce techniques that
enable the calculation of the fundamental quantifiable features of network struc-
ture and evolution.



3 The evolution of the industry network

3.1 Data

This section analyzes the transformations in the organization of innovative ac-
tivities occurred within the international pharmaceutical industry in the last
twenty years.

Graph theory and discrete mathematical representations of networks are
used to analyze the evolution of the relational structure peculiar to the organiza-
tion of innovative activities of pharmaceutical industry following the emergence
of new molecular biology.

Data cover the period between 1978 and 1997. The data set has been built
integrating information drawn from a proprietary database on more than 14.000
R&D projects in pharmaceutical industry and, as far as collaborative agree-
ments are concerned from: Bioscan, Recombinant Capital, IBI’s Actions and
Companies Databases, anmual reports (SEC files) and specialized press (Scrip,
Spectrum,).

Table 1 — The collaborative agreement data set

Type of contract # || Technology #
License 3039 || Miscellanea 958
Research 1359 || Drug Delivery 650
Development 1641 || Monoclonals 489
Equity 860 || Screening 463
Collaboration 818 || Recombinant DNA 405
Supply 453 || Synthetics 364
Option 445 || Oligonucleotides 348
Distribution 388 || Combinatorial Chem. 217
Marketing/Promotion | 326 || Gene Sequencing 207
M&A 321 || Gene Expression 193
Joint Venture 226 || Rational Drug Design | 127
Asset Purchase 186 || Transcription Factors 107
Manufacturing 169 || Cell Therapy S.C.F. 103
Warrant 108 || Phototherapy 36
Loan 93 || No Information 389
n.a. 26 || Total 5056

On the whole, the collaborative agreements data set considered for this paper
covers 5056 agreements and 9785 research projects carried out by 2278 firms and
institutions. Among them, 651 units have been classified as “Incumbent Firms”
(INC: firms founded before 1973); 1372 units have been classified as “New
Biotechnology Firms” (NBF': firms founded after 1973) and 274 units have been
considered to be “Institutions” (INST: Universities, Hospitals, Public/Private
Research Institutions).



Table 1 synthesizes information on contractual nature and technological con-
tent for the agreements we considered.

Starting from the complete database, the subset consisting of the R&D agree-
ments has been selected. As a result, a total of 3973 agreements signed by
1709 Firms and Institutions have been extracted. The RE&D agreement data
set contains information on 349 INCs, 1112 NBFs and 248 INSTs. Merger and
Aquisitions have been taken into account by collapsing information relative to
the firms engaged in consolidation deals starting from the date of subscription.
After controlling for the effects of external firm growth via Mergers and Ac-
quisitions (M&A) it is possible to notice that, especially in the Nineties, M&A
activities strongly contributed to the process of hierarchization of the net.

Table 2 classifies agreements according to stage of signing. More than 88%
out of the total number of collaborations were subscribed in preclinical research.
Furthermore, more than 73% of the total number of R&D agreements include a
licensing contract.

Tab. 2 — Classification of RED agreements according to the stage of signing

Phase %
Discovery 47.08
Lead molecule 17.09
Formulation 15.89
Preclinical 8.49
Clinical I 3.72
Clinical II 4.74
Clinical IIT 2.99

3.2 Methodology

In the literature, the set of collaborations among firms in a given industry is
broadly conceptualized as a network. In this section, the network is rigorously
defined as a graph and the formal apparatus required to analyze its structural
evolution is introduced. In graph theoretical terms, the overall network of col-
laborations is referred to as a digraph (oriented graph; see Harary, 1969; Harary
et al., 1975). From a structural point of view, this is by far the most informa-
tive description of the network we can set up given the characteristics of the
RE&D dataset. In our analysis of R&D relationships, the digraph appear to be
characterized by a time orientation, which is the result of the possibility to dis-
tinguish, for any given project, firms/institutions that act the Originators (O)
from firms/institutionsm that act as Developers (D). In addition, the graph has
been ordered on the basis of the time of firms entry within the network; that is
to say, each node of the graph has been indexed by date of entry.



As a result, we are able to carry out our analysis in a dynamic framework .

Particularly, two different time dimensions have been distinguished by treat-
ing the overall data set on collaborations as a digraph: one defined at a micro
level (the distinction project Originator/project Developer), the other defined
at a macro level (the emergence of the overall industry network as a product of
new firms entry and new agreements).

In order to appropriately define the notion of a digraph, we have to introduce
a definition of what a network (net) is.

A net is generally defined (see Harary et al., 1965; Slepian, 1968; Diersel,
1997) by the following axiom system:

1- A finite and non-empty set V' of elements v called “vertices” ;

2- A finite set F of elements e called “edges”;

3- A function f whose domain is E and whose range is contained
in V;

4- A function s whose domain is F and whose range is contained
in V;

A digraph (oriented graph) is a net which does not include neither loops
(f(e) # s(e) Ve € E) nor parallel edges (f(e;) = f(e;) and s(e;) = s(e;) =
e; =e; Ve, e; € E).

Within the context of this paper, structural proprieties of the network of
R&D agreements are investigated by interpreting sets V', E and functions f ,
s in the following way:

1- V : The set of Firms/Institutions (F/Is), that have at least
one R&D project in their pipelines; a set of projects may be then
associated to each F/I. In other words, v should be thought as the
set of projects of F//I, while V should be thought as the collection
of the project sets corresponding to each F/T;

2- E : The set of pharmaceutical R&D projects included in the
data set;

3- v, : F/Is that started an R&D project (O). In addition, v,
denotes the set of projects originated by F/I v;

4- vq : F/Is that have got an R&D project without having orig-
inated it (D). In this case, v4 denotes the set of projects developed
by F/I v.

It follows that for each F/I v =v,+ vyg;

Ag a consequence of the above definitions, every edge e within the graph is
an oriented edge defined by a couple (v,, v4).
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As far as our empirical analysis on the dynamics of network structure is
concerned, we take into account only the subset of the R&D projects for which
vg = d(V) is defined.

That is to say, only projects associated to two or more F'/Is are considered.

In order to analyze the dynamics of the digraph, the following variables are
introduced:

tq4(e) = month of signing of the R&D agreement; between v, and
Vd 3

to(e) = month of starting of an R&D project by v,;

t(v) = the year of founding of v € V.

By definition, t4(€) > t,(e), Ve € E,Yv € V.
Moreover, the dynamics of the digraph is studied by introducing a time order
on maps v, = o(V) and vg = d(V). In particular:

To = mintg(e(vg, vo)) : the month in which v, signs its first agree-
v,

ment as an Originator, Ve € E,Yv € V;
T4 = minty(e(vg,v,)) : the month in which vy signs its first
va

agreement as a Developer, Ve € E Vv € V;
Te = mintq(e(vg,v,)) = min (7,, 74) : date of entry within
v v
the network (the month in which v signs its first agreement), Ve €
E Vv eV,

By definition, t4(e) > t,(e) = mint,(e) > t(v,),Ve € E,Yv € V, where
Vo
mint,(e) is the year in which v, began its first project. It follows that, given
Vo

the possibility of distinguishing the Originator from the Developer for every
agreement in our data set, every edge of the digraph may be interpreted as a
time-oriented edge.

In other words, with reference to the structural evolution of the pharmaceu-
tical R&D network, a time ordering has been established according to both the
year of foundation and the year of entry of any given F/I within the network.

It is important to notice that both orderings identify complete orderings.
On the contrary, the time—oriented graph generated by the distinction between
Originators and Developers will be showed to correspond to a partial order set
(see Asratian et al., 1998, Ch. 10).

Given the connection between oriented graphs and partially ordered set, we
can analyze the time-oriented graph as a time partially ordered set T = (T, =).
According to ordered set theory, a non-empty subset C = {t1, %2, ..., tx} C T such
that ¢, = to = ... = fy is called a chain. If C = T, the time order is complete.
Moreover, two elements of T are said to be comparable if they appear together in
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the same chain C. Conversely, non-empty set of pairwise incomparable elements
is called an antichain. Finally, the partition of 7 into disjoint time chains
corresponds to a time decomposition of the network.

In synthesis, we have introduced a multiplicity of perspectives to be consid-
ered in order to characterize all the relevant dimensions of graph structure and
dynamics.

In the sections that follow, concepts introduced so far will be integrated into
a coherent analytical framework to characterize the industrial structure which
emerges from the combination of multiple drivers of stability and change.

3.3 Data analysis

In this section, the analysis of the main structural properties of the digraph is
carried out in order to unravel, on the one hand, the determinants of struc-
tural inertia and persistence and, on the other hand, the drivers of structural
instability and change.

In order to accomplish this goal four major steps have been undertaken (for a
similar approach in the field of social network analysis see Atkin, 1977; Doreian,
1980; Pattison, 1993).

1. — Some generic properties of the evolution of the graph have been an-
alyzed. In particular, we observe that over time the graph expands almost
exponentially and that such growth is essentially driven by entry of new F/Is,
while the density of the graph slightly decrease;

2. — Some regularities, which take the form of permanent structural prop-
erties of the digraph, have been identified. We detect high levels of structural
stability, both in terms of degree of asymmetry and intransitiveness, despite the
steady rate of growth of the overall network. Moreover, the digraph is shown to
be “time reverse”, as time order and time orientation are inversely related .

3. — The existence and the sources of structural instability whithin the
graph are investigated. Any regularity detected at the level of the structure of
the graph might be in fact the result of a large variety of underlying generative
dynamic processes. In particular, as a reference point (a sort of null hypothesis),
we may consider a conservative process. The characteristics of this inertial
process are such that, at any point in time, it would reproduce the same invariant
structural properties. If the dynamics of the network over time were captured
by such a process, one would observe a process of smooth structural change,
despite the intense growth of the network. Given the fact that the growth of
the network is driven by entry, structural inertia could be considered as the
effect of a gradual, incremental, exogenous technological dynamics. In this case,
given the téme reversal phenomenon we mentioned above, it would be possible
to state that the source of structural stability should be located at the level of
the process driving the entry of new Originators. In turn, this would suggest
the existence of an incremental and cumulative dynamics within the relevant
knowledge bases. However, the empirical analysis carried out in order to test the
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structural inertia hypothesis has revealed two major sources of deviation from
such a conservative process. On the one hand, a strong first mover advantage
effect by firms which entered the network before 1981 is observed. On the other
hand, some important destructuring patterns have been identified for the years
following the peak of entry of 1992, that are incompatible with the structural
inertia hypothesis.

4. — The most important departures from the structural inertia hypothesis
have been examined using the notion of Canonical Decompostion of a bipartite
graph (Dulmage Mendelsohn, 1958; 1959). This procedure allows us to identify
two categories of F/Is, characterized by the role played in the network dynamics:
specifically, a group of F/Is, which interact locally with specific F/Is (nodes),
and another group whose interactions are “delocalized”, not being restricted
to a particular category of partners. What is even more interesting, is that
F/Is belonging to any one of these two categories are immediately identifiable
by the nature of competencies they embody. The former are active in those
technological sub-fields we defined as Co-specialised, the other are active in
Transversal technologies.

In synthesis, our empirical analysis reveals that major changes in the network
structure took place in correspondence with major shifts occurring at the level
of the underlying scientific and technological bases.

In order to properly detect that relation, we have built an original formal
apparatus for the representation of the structural evolution of a network of
interacting economic F/Is.

Let us now report the details of our empirical analysis.

1. — For the period of time between the ending of 1985 and the beginning of
1997, Figure 1 shows the number of firms founded per year, the number of R&D
projects started/ended per month and, finally, the one-year moving average of
monthly subscribed R&D agreements. Over time, the number of ties grows
substantially in proportion to the number of firms within the network. As a
consequence, we point out a steady decrease in the density of the net that moves
from about one per cent at the beginning of the Eighties to less than 0.15 per cent
in 1997. The analysis of patterns of entry by NBF's in pharmaceutical industry
reveals the existence of two peaks in 1988 and 1992. Both R&D projects and
collaborative agreements are driven by flows of entry, with an average time lag of,
respectively, two and three years (see also Oliver, 1993; Orsenigo et al., 1998). It
is interesting to notice that the number of collaborative agreements parallels the
number of R&D projects over the whole time period but after 1992. Starting
from 1992 two different patterns can be observed. From 1992 to 1994 it is
possible to observe a higher growth in the number of R&D projects as compared
to that of agreements; on the contrary, since 1994 an opposite pattern has been
in place, possibly reflecting the dominance of a set of collaborations based on
new general—purpose research technologies such as genomics and combinatorial
chemistry.
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2. — Coherently with the methodology developed so far, the network of
agreements at time 7 can be represented as a digraph G, (E, V), whose vertices
V and edges E consist, respectively, of F'/Is active in pharmaceutical research
and development (V') and of R&D formal collaborations among them (E) drawn
up by time 7. The digraph G can be represented by an adjacency matriz G <=
A(G) = |ayj]; a;; = 1 if an edge e(4,j) does exist in G, and a;; = 0 otherwise.
Matrix rows consist of all the vertices V; (Developers), while matrix columns
consist of all the vertices V, (Originators).

Rows and columns vectors define, respectively, the two sets of projects vy
and v,.

InDegree and QutDegree of vertex v; are sums of matrix entries over row
and column i. The total Degree of vertex v; equals the sum of InDegree and
OutDegree. Because of the absence of self loops, the main diagonal entries are
all zeros.

As we have already pointed out, the set of vertices can be ordered according
to the time of entry into the network. Consequently, it is possible to permute
the adjacency matrix in order to obtain a matrix A(G)<, = [a;;]<-, where
i e {l,.,n},j € {l,..,m}, with {r4(1) <..<74(i) <..<7g(n)}, and
{Te() <. <7, (J) €. <15 (m)}; 1 < 7 < 217, where T is the month in
which relationships take place.

Afterwards, it is possible to pass from A(G)<, to A(G)<r4+1 by adding rows
and columns corresponding to F/Is entering the network at time 7+ 1 and
updating the entries of the new matrix according to latest agreements.

Under certain circumstances, we shall use a more concise representation of
the digraph structure at time 7, by considering the block matrix B (G) <r(0)
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obtained by collapsing rows and columns of matrix A(G)<, that correspond
to F/Is belonging to a common cohort of entrants defined by the time period
8 = [1,7 + 6) (Generation).

Entries b;; of B (G)gr(e) indicate the total number of agreements between
Generations ¢ (Developers) and j (Originators) (see Table 3).

The analysis of the structural properties of the digraph has led to the fol-
lowing results:

2.1. — The digraph is asymmetric.

For almost all relationshi s
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Originator on o r ro t
ar
13D 1993BioCryst; Merck KGaA DirectedDiversity ThermoFluor cc,tbs;
U ffmetrix() 1991]A mersham Pharmacia Biotech; Beckman GeneChip, genomics library, gene expression, 0;
Coulter; Eos; Gemini Research; Gene Logic; gene discovery, bacterial GeneChip probe arrays, ol
Genetics Institute; Howard Hughes Medical inflammation, breast cancer, gene discovery, G-
Institute; Lilly; Merck & Co; Novartis; Pfizer; |protein coupled receptor pathways, prostate cancer
Roche, Gene i man Gen me ien e
n yte
Ulanex 1991/Aurora Pharmacophore Directed Parallel Syn., ALANET cc
UiphaGene 1993Genetics Institute FLEX, geneticslibraries g; gl
WUriad (9 1991|Genovo; Hoechst Marion Roussel; Harvard gene expression regulation technology ]
University; Stanford University
UrQule (9 1993Abbott; ACADIA; Aurora; ICAgen; Monsanto; [Directed array, Mapping array cc
Ontogeny; R W Johnson Research Institute;
Roche Bioscience; Sankyo; Scriptgen; Signal;
Solvay; Wyeth Ayerst
urora () 1995Axys, Becton Dickinson; Warner Lambert, Genomics technology, Aurora screening technology, |g;
)Allelix; Bristol-Myers Sqwbb Cytovig; L|||y, fluorescent tbs
Merck & Co; Roche Bioscience; SIDDCO
Uxys (9 1997|Parke Davis, Pharmacia & Upjohn; Protein New targets database, combinatorial chemistry, cc,
Design, Luminex; ymoGenetics RAMMP, Lic1uid arrays, paracrine/endocrine 0;
signalling mol ecul es gene database ol
Cadus 199ZGenome Therapeutlcs SmithKline Beecham IAPEX; LIVING CHIP tbs;
M i of echnology (o]
(Camb. Antib. () | 19901 COS; Progenitor; Wyeth Ayerst ProxiMol, ProAb g; gl
\Camb. Comb. 1997|Dainippon; Oxford Molecular ICombinatorial chemistry technology cc
[Cognetix 1993Merck & Co; SIBIA ICombinatorial chemistry, conopeptide libraries cc;
\CombiChem () 1994/[COS; Ono; Roche Bioscience DISCOVERY ENGINE cc
|CuraGen (%) 1993Biogen; Genentech; ArQule Quantitative Expression Analysis; PathCalling g,
database; Multiplex Interaction Assay al; p;
GeneCalling database; SegCalling; CombiGen tbs
\Digital Gene 1995lllinois University; Polish Academy of Sciences;[Total Gene Expression Analysis 0;
Technologies Salk Institute; Scripps Clinic and Research
Foundation; State University of New Y ork;
University of Indiana
IDiscovery 1993 [Combinatorial chemistry, cyclin dependent kinases, |cc.,
[Technologies receptor tyrosine kinases, itbs;
IDyax (9 1995Affymax; Bristol-Myers Squibb; Burnham phage display technology cc
I nstitute; Cambridge Antibody Technology;
Chiron; Chugai; Corvas; Cytogen; DuPont;
Genzyme; Merck & Co; MorphoSys, Pharmacia
& Upjohn; Scios
[EnzyMed () 1994Merck & Co BIOACTIV cc.
Gemini esearch| 1996Affymetrix; CeNeS; Chiroscience; Kyowa PHENOBASE g
Hakko; Queensland Ins. of Medical Research
Gene Logic () 1995Japan Tobacco; Organon rEST database, Flow-Thru Chip, GENE EXPRESS, |g;
M ultiplex Selection of Transcri ption Factors, READS al;
VIRIA tbs
Genetics 1980Bayer; Chiron; Chugai; Genentech; Immunex; |DiscoverEase s}
Institute (%) Kirin Brewery; Ontogeny; Rhone-Poulenc
Rorer; Sankyo; Scios
Genome 1992 Genomics technology, gene expression profiling, 0;
\Pharmaceuticals protein interaction mapping p
Genome 1991Bayer; Bristol-Myers Squibb; Hoechst Marion  [PathoGenome ol;
[Therapeutics (%) Roussel; Schering Plough g
Genometrix 1993GeneM edicine DNA microarray technology g
GENSET 1989Genetics Institute Identification of 5 Prime Sequences, Signal Tag, ol;
Functional Polymorphic Scanning g




Originator on o r ro t
ar
IGenzyme () 1981Bayer, PaineWebber R& D Partners, Merck &  |[Combinatorial chemistry, COMPILE, screening cc.,
(o] technology, p53/MDM?2 interaction inhibitors, Solid  |tbs
Phase Epitope Recovery SPHERE
[Hfuman Gen me | 1992Genetic Therapy; Isis; Transgene; SmithKline [Human cDNA database, genomics technology, 0;
ene (Y Beecham; Merck KgaA; Schering Plough; microbial genome database ol
Synthelabo; Takeda
\Hyseq (9 1992K irin Brewery; Perkin EImer, University o HyChip, SEQUENCING BY HYBRIDIZATION, 0;
a i ornia at San _rancisco gene discovery, cardiovascular disease ol
IGEN (9 1982)Abbott; Agouron; Amgen; Bristol-Myers ORIGEN ths
Squibb; Peptide Therapeutics; Pfizer; Schering
Plough; ZymoGenetics
[Incyte (9 1991JLilly; Monsanto; Roche, Abbott; Pfizer; AureusGEM, CandidaGEM, LifeSeq Atlas, LifeSeq |g,
ISchering AG; Schering Plough, Abbott; Ariad; |FL, mGSD-library, GSD-screen, PathoSeq. ol
IAstraZeneca; BASF; Bristol-Myers Squibb; ths
Genentech; Glaxo Wellcome; Hoechst Marion
Roussel; Johnson & Johnson; Novartis; Novo
Nordisk; Organon; Pharmacia& Upjohn;
Rhone-Poulenc Rorer; Roche; SmithKline
Beecham, Scriptgen
IRORI 1995Bristol-M. Squibb; Rhone-Poulenc Rorer Combinatorial chemistry cc.
[KOSaN 1995Chiron Combinatorial chemistry cc.
ILexicon Genetics| 19959DuPont; Merck Genome Research Institute; DOWNSTREAM GENE TRAPPING, LexGene, g
ZymoGenetics OmniBank
ILy»x (9 1992BASF; DuPont; Hoechst Marion Roussel Massively parallel signature sequencing g
Molecumetics 1992Bristol-Myers Squibb M olecuSet, SMART Library Technology cc.
IMorphoSys 1992/Chiron; DuPont HUCAL, self-assembling multimeric and multivalent |cc;
istructures, trinucl eotide-directed mutagenesis, 0;
sel ectively-infective phage thbs
Myriad 1991|Bayer; Schering AG Genomics tech., island hopping gene seq., ProNet g, dl
INeoGenesis 1997|Inspire Pharmaceuticals NeoMorph, Mass Coded Drug Discovery cc., th
INeXstar 1995Fujisawa; Glaxo Wellcome systematic evolution of ligands by exp. enrichment  |cc
INOVALON 1996Boeh. Ing.; Genzyme; Millennium; SARCO BIOMOLECULAR RECOGNITION SYSTEM Tbs
lOxford 1992)Ares Serono; Bayer; BioChem Pharma; Pfizer; |combinatorial chemistry cc.
Usymmetry (‘) IV ertex
\Panlabs (9 1970Arena; Berlex; Bristol-M. Squibb; Genelabs; OPTIVERSE Cc
Geron; Karo Bio; Synthelabo; UCB, Tripos
\Peptide Th. () 1986lLilly; Novartis, Medeva RAPID, MolVaD cc.; tb
\Pharmacopeia(?)| 1993AstraZeneca; Bayer; Daiichi; Novartis, ECLIPS cc
Organon; Schering AG
|Progenitor () 1992Cambridge Antibody Technology IATLAS, genomics technology, embryonic stem cell, |g
rowth factor receptor gene, yolk sac stem cell
ibozyme () 1992Chiron; Glaxo Wellcome; Parke Davis, Roche [Target Validation & Discovery, RNA editing 0;
Bioscience; Schering AG thbs
|Rosetta Inph. 1997Bristol-Myers Squibb; Lilly Genome Reporter Matrix, Biochips g
ISangamo 1995A straZ eneca; Bayer; DuPont; Japan Tob.; Universal GeneTools g
ioSciences Millennium; Pfizer; S.K.B.; Targeted Gen.
IScotia 1994SuperGen Combinatorial Lipids cc
IScriptgen (%) 1993Boehringer Ingelheim; Lilly; Roche IATLAS, SCAN ths
\Sphinx (Lilly) (9 | 1987|Chugai; Kyowa Hakko; Taisho combinatorial chemistry cc
ISynteni (%) 1994/Geron; Monsanto; Schering Plough GEM g
Telik () 1986/Sankyo; Scios, Sosei TRAP thbs
Trega 1990Bristol-M. Squibb, Biogen; Isis; Parke Davis,  |combinatorial biology, ChemFolio, Tea-Bag cc
IBiosciences () Northwest Neurologic; Procter & Gamble
Tripos (9) 1979Bristol-M. Squibb, Arena Ph.; MDS Panlabs, ChemSpace, LeadQuest cc
Karo Bio, Menarini; Hoechst M. R.
Xenometrix () 1991]Affymetrix; Aurora; Cerep; Gene Logic; Genomic library, gene response profiles, human cell [g;
GeneTrace Systems; Genzyme; Incyte; PHASE- [line-based ol
1 Molecular Technology; SmithKline Beecham
Xenova (*) 1986Bristol-M. Squibb; Parke Davis; AstraZeneca__ [NatChem, QTC, ASSET ths, cc




