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Abstract
The paper at hand presents a micro-founded network model which reproduces macro characteristics that correspond well with the real-world inventor
network of US patents between 1975 and 2009. Our focus lies on explaining
how prevalent local (among co-inventors of co-inventors) and global search
strategies for collaborators are. The relationship between the two strategies has changed during the last decades, as the empirical data reveal. In
particular, we ﬁnd that links between inventors are established mainly by
performing a local search and this eﬀect has become more prevalent over
time.
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1. Introduction
The analysis of social networks, established by social scientists,1 has early
been applied to the study of innovation diﬀusion [Abrahamson and Rosenkopf,
1997; Granovetter, 1978]. Social network analysis can answer questions on
the breadth and speed of certain innovations. Starting one step earlier,
on the level of inventions, similar research questions arise: where does the
knowledge incorporated in inventions come from? Diﬀerent pieces of knowledge provide the basis for new combinations of ideas, as Schumpeter called
innovations, and they are put together from teams of inventors. At the
same time, innovating becomes more and more interdisciplinary and the
team sizes of patents as well as publications increase [Wuchty et al., 2007].
Inventor networks are social networks and the same tools for their analysis as for other social network phenomena can be applied here. Since patents
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are a prerequisite for many types of innovations, patent network analysis is
an adequate (albeit imperfect) approach to investigate innovation collaboration. Patent documents display plenty of information and they are relatively
easy to access. By investigating who invents with whom (co-inventors on
each patent) a collaboration network can be constructed.
The resulting network is a snapshot of collaborations at the end of a
certain time period. The question of how the network has evolved to a certain structure have to be answered by using both, theoretical and empirical
methods. Models of network evolution are the theoretical background for
this purpose. A few attempts have been made to compare the outcome networks generated by the theoretical models with an empirical network, mostly
by means of a simulation techniques [see e.g. Toivonen et al., 2009, for an
analysis of various social network models]. However, existing research restricts most often to either descriptive statistics of real-world networks [e.g.
Gay and Dousset, 2005], or theoretical studies with or without a simulation
analysis [e.g. Marsili et al., 2004]. Some studies go deeper, but use a regional
limited database [cf. Fleming et al., 2007].
The paper at hand takes into account the three strands of analysis: empiricism, theory, and simulation. We use the large database of US patents
provided by the Harvard Dataverse Network Project in 2009 [Lai et al.,
2009]. This database extends the NBER patent database [Hall et al., 2001].
Only a few studies are based on these data up to now. The theoretical model
that we develop builds on previous ones in the literature, most notably
the growing network model of Jackson and Rogers [2007], where local and
global search mechanism are combined, the preferential attachment model
by Barabasi and Albert [1999], and the local search model of Ehrhardt et al.
[2006]; Marsili et al. [2004] for a network with a ﬁxed, predeﬁned size. This
new model generates networks which are astonishingly consistent with the
empirical inventor network, generated from the patent data. This indicates
that the mechanisms underlying the formation of the inventor network from
patents ﬁled in the US seem to be consistent with the model.
Caveats are that patent networks represent only a certain part of a collaboration network (depending on the possibility and the wish to protect an
invention, which are industry-speciﬁc) and that patent documents are not
exact, i.e. may have mistakes and the inventors listed have to be matched
with real persons. Nevertheless, important insights can be gained by analyzing them and the paper at hand contributes to a small but increasing strand
of research which focuses on the quantitative side of innovation network
analysis.
The remainder of the paper is structured as follows. In Section 2, the
relevant state of the art research is summarized. Section 3 contains the
theoretical model and discusses its assumptions. The empirical analysis of
the model in presented in Section 4. Section 4.1 describes the US patent
data and the corresponding collaboration network. Section 4.2 contains the
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estimation of the model parameters. A discussion of the results follows in
Section 4.3, before Section 5 concludes.
2. Background
The importance of collaboration in R&D activities and, within that, the
necessity to have face-to-face contacts, is known from innovation economics
literature [cf. Sorenson, 2003; Storper and Venables, 2004]. Co-inventors
spend quite a lot of time together and have a great chance to exchange
knowledge exceeding the current research project. This is supported by
existing patent literature that found signiﬁcant information ﬂows between
co-inventors [cf. Fleming and Frenken, 2007]. Since individual persons are
dispersed in (physical and social) space the inﬂuence of distance on collaboration is of interest and how individuals ﬁnd their collaboration partners.
There are diﬀerent measures of distance such as social, geographical, or
cognitive distance [cf. Boschma, 2005]. Several previous studies focused on
explaining citation patterns with distance measures [cf. Breschi and Lissoni,
2005; Jaﬀe et al., 1993; Singh, 2005]. For example, Breschi and Lissoni
[2005] analyzed empirically an Italian inventor network by looking how the
social network (co-inventorship) corresponds to citation patterns. They
found that indirect social connections help to overcome geographical distance for collaborations. Moreover, collaboration and, thus, the participation in an R&D network aﬀect the performance of companies. Therefore
it is of interest, how the connections are established. The partner must
have the right competences and some trust is required in order to cope with
the uncertainty of R&D projects. It is impossible to get perfect information about potential partners and the search strategy must keep track of
search costs. Ties are often repeated when they have been successful and
the next step is to search among the partners’ partners. In addition, there
is a random part in the search. Collaborators ﬁnd each other by meeting on
conferences or fairs, by random personal acquaintances, by job mobility between companies, and more. The result is a patent network with small world
properties: high clustering and rather short average distance. These ﬁndings
are supported by the works of Newman [2001, 2004] when analyzing scientiﬁc co-authorship networks and Fleming and Frenken [2007]; Fleming et al.
[2007]; Fleming and Marx [2006] analyzing patent data.
The question is now, which search strategy is more eﬀective for and more
prevalent in innovation processes: the search among partners’ partners or
a global search mechanism. Among others, Burt [2004] argues that having
structural holes (i.e. unconnected neighbors) in the network is the key point
to exchanging new information between groups while being economical. If
there are no links to far-distant parts of a network but only local links, then
the risk of a lock-in increases. Proponents of the social capital theory in contrast argue that a densely connected network fosters eﬃcient collaboration
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[e.g. Walker et al., 1997]. The density of links in such clusters make knowledge exchange fast and easy. These two diﬀerent points of view, structural
holes vs. social capital, can be reconciled by attributing their importance to
diﬀerent stages in the industry life cycle. Consider the evolution of an R&D
collaboration network [Cowan and Jonard, 2009]. In young industries, connecting diﬀerent components and collecting new ideas from diﬀerent parts of
the network can be an advantage, while in a more mature industry stronger
ties are fruitful for exploiting the technologies [cf. König, 2008, Chapter 1.9].
A similar concept is the notion of knowledge specialization versus knowledge
brokerage, or exploitation versus exploration (see Carnabuci [2005], Chapter
6). In an empirical study with US patents and patent citations, Carnabuci
[2005] ﬁnds that both types of behavior exist and they are related to the
stadium of the industry life cycle.
If the point of view is overarching and not industry-speciﬁc, there are industries in diﬀerent phases of the industry life cycle and a co-inventor analysis gives information about the average collaboration behavior. Jackson and Rogers
[2007] investigated how often links are globally formed in comparison to
network-based (local) links. The resulting model exhibits several features
common for social networks, namely short average distance between nodes
in the network, high clustering, skewed degree distributions, assortativity,
and a negative correlation of clustering with degree. The empirical analysis in Jackson and Rogers [2007] shows large diﬀerences between networks
regarding the network-based share of link formation. Unsurprisingly, the
link formation process of High School romances and co-authors of scientiﬁc
publications diﬀers. However, their model assumptions (on the microlevel
of why links are formed) are not validated except for a comparison whether
the overall model suits to the empirical data (on the macro-level of the aggregate network topology). Based on this model, Kovarik and van der Leij
[2009] explain link formation with risk aversion, while Campbell [2008] does
so with signaling willingness to cooperate. Overall, the literature on how
inventors form links is remarkably sparse and especially lacking a dynamic
view. To the authors’ knowledge, there are no empirical studies on the
background of link formation, which have to take into account psychological, sociological, and economic reasons at the same time. We argue that the
importance of face-to-face contacts or spatial proximity (as explained above)
should make the local search strategy more prevalent. Links to distant parts
of the network are important but exist much less often.
Hypothesis 1. Links between inventors are established mainly by performing a network-based search.
However, the search strategies need not be constant over time. A static
view neglects that a network is the outcome of interaction among the agents
and evolves over time. Whenever separated components of a network become connected a lot of new indirect links emerge and network properties
4

will change. Thus, the underlying link formation mechanism needs further
investigation. The challenge in link formation research is that there exist
on the one hand microeconomic concepts, which can hardly be tested and
on the other hand there are physics-based statistical models which are supported by empirics but which have no real behavioral foundation. There are
a few attempts to close this research gap and the paper at hand contributes
to that line of research.
Fleming and Frenken [2007] compared two patent networks, which differed in their small world characteristics. In a static-comparative analysis
they investigate the development of the networks over time. The inventor network of the Boston region had a much smaller largest component at
the end than the inventor networks in the Silicon Valley even though they
had comparable basic conditions. They found IBM to be the central actor
in the Silicon Valley linked to other companies and universities by former
employees. Thus, former employees of a central company have established
the critical links between subnetworks in the Silicon Valley network. Job
mobility has been an important part of the link formation process.
If the networks-based search was so important for the development of
a large network component in Silicon Valley the question arises whether
local search has become more important during the last decades. Two
forces pull in opposite directions. One one hand, improved information
and communication technologies facilitate cooperation over distance. At
the same time, passenger transportation costs have decreased and air travel
connections have improved. However, there are several studies available
that cannot ﬁnd an increase in innovation cooperation over distance [cf.
Dettmann and von Proﬀ, 2008; Howells, 1995]. On the other hand, globalization and the internet can lead to an information overload. For example,
the amount of scientiﬁc publications makes it impossible to be aware of all
specialists in your own ﬁeld of research. In order to cope with the abundant
information it is most likely that individuals rely on a recommender system
in the way that they ask among their colleagues about potential collaborators. This would lead to an increase in local search, i.e. link formation
among colleagues’ colleagues. We argue that the latter eﬀect of local search
is dominating the ﬁrst eﬀect of global search for innovation collaborations,
and even more so, as the knowledge based economy generates an ever growing knowledge base. In line with this point of view, we propose the following
hypothesis:
Hypothesis 2. Network-based search has become more prevalent during the
last decades.
In the following sections we introduce a formal model of how collaboration networks of inventors are formed and then proceed by estimating this
model using the one-mode projection network of inventors generated from
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USPTO patent data.2 These estimates and their signiﬁcance will allows us
to test the above mentioned hypotheses.
3. The Model
In this section we introduce a model for the process in which collaborations in an inventor network are formed. Building on the discussion in the
previous section, this model explicitly takes into account the fact that an
inventor can ﬁnd co-inventors through global and local search in the existing
network of inventors.
More formally, we consider the following network formation process
(G(s))Ss=0 for some S > 0. G(0) is the initial network. At every step
s = 1, 2, . . . , S links are created either (i) by a new inventor that enters
the network with probability p ∈ [0, 1] or (ii) with probability 1 − p by an
incumbent inventor already existing in the network G(s) = (N (s), E(s)),
consisting of a set of N (s) inventors and a set E(s) of edges between them.
(i) With probability p a new inventor enters. The entering inventor i ∈
/
N (s) selects mg ≥ 0 inventors from the network G(s) at random. We
denote the set of these inventors by NiG,E (s), with |NiG,E (s)| = mG .
For each inventor j ∈ NiG,E (s) a link is created with probability
(
)
pG,E = P G(s + 1) = G(s) + ij|G(s), j ∈ NiG,E (s)
=

E

E

E

eα1 +α2 dj (s)+α3 t
E

E

E

1 + eα1 +α2 dj (s)+α3 t

.

(1)

Here t = 1, . . . , T corresponds to a slowly varying time frame that
is constant over the steps s = 1, 2, . . . , S. Equation (1) captures a
global search mechanism. The entering inventor ∪
i then selects mL ≥ 0
inventors from the union of the neighborhoods j∈N G,E Nj (s) of the
i

inventors j ∈ NiG,E (s) uniformly at random. Let us denote the set of
these inventors by NiL,E (s), with |NiL,E (s)| = mL . For each inventor
k ∈ NiL,E (s) a link is formed with probability
(
)
pL,E = P G(s + 1) = G(s) + ik|G(s), k ∈ NiL,E
E

=

E

E

eβ1 +β2 dk (s)+β3 t
E

E

E

1 + eβ1 +β2 dk (s)+β3 t

.

(2)

Equation (2) corresponds to a local search mechanism.
2

The bipartite network of patents and inventors corresponds to a two-mode network and the projection of this network on the inventors is a one-mode network
[Wasserman and Faust, 1994]. See Grewal et al. [2006] for a similar analysis.
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(ii) With probability 1 − p, incumbent inventors, that have been added
already to the network, can form links. We assume that∑an incumbent
inventor i ∈ N (s) is selected with probability eρdi (s) / j∈N (t) eρdj (s) ,
ρ ≥ 0. This assumption considers that inventors with a large number
of collaborations are more active and thus more likely to initiate a
new collaboration. Inventor i then selects mG inventors l ∈ N (s)\{i}
uniform at random. Let the set of inventors selected in this way be
NiG,I (s), with |NiG,I (s)| = mG . For each inventor l ∈ NiG,I (s) a link is
created with probability
(
)
pG,I = P G(s + 1) = G(t) + il|G(s), l ∈ NiG,I (s)
I

=

I

I

eα1 +α2 dl (s)+α3 t
I

I

I

1 + eα1 +α2 dl (s)+α3 t

.

(3)

Equation (3) corresponds to a global search mechanism. Moreover, in(2)
ventor i selects mL inventors in her second-order neighborhood Ni (s).
∪
(2)
Let the set of these inventors be NiL,I (s) ⊆ Ni (s) ∪ j∈N G,I (s) Nj (s),
i

such that |NiL,I (s)| = mL . For each k ∈ NiL,I (s) a link is created with
probability
(
)
pL,I = P G(s + 1) = G(t) + ik|G(s), k ∈ NiL,I (s)
I

=

I

I

eβ1 +β2 dk (s)+β3 t
I

I

I

1 + eβ1 +β2 dk (s)+β3 t

.

(4)

Equation (4) corresponds to a local search mechanism. Through this
local search mechanism a total of mL links are created in expectation.
An illustration of the above mechanism of link formation can be seen in
Figure 1. It is interesting to note that for the case of p = 1, α2E = α3E =
β2E = β3E = 0 we obtain the model of Jackson and Rogers [2007]. Moreover,
in the case of p = 0 the model of Ehrhardt et al. [2006]; Marsili et al. [2004]
can be nested into our framework. We thus propose a general model of
network formation into which previous prominent models in the literature
can be casted.
4. Data Analysis
In the following sections we estimate the model that we have introduced
in the previous section. In Section 4.1 the data set is presented and a
number of descriptive spastics are shown and discussed. Next, in Section
4.2 the estimation strategy is introduced. The estimation results are then
presented in Section 4.3.
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Figure 1: Illustration of the link formation process. (Left) A link is created by an entering
inventor i through global search to inventor j ∈ NiG,E . Moreover, a link is created to a
neighboring inventor k ∈ NiL,E of j, k ∈ Nj , via local search. (Right) A link is created by
an incumbent inventor i to an inventor l ∈ NiG,I through global search. Moreover, a link
(2)
is created to a second-order neighbor k ∈ NiL,I of i, i.e. k ∈ Ni with k ∈ Nj and j ∈ Ni ,
via local search.

4.1. Sample
We have analyzed the USPTO patent data from 1975 to 2009 as provided by Lai et al. [2009]. The network of inventors has been constructed
by creating a link between any pair of inventors that has appeared together
on a patent. The resulting network is undirected.
Some summary statistics can be seen in Figure 2. We have focused on
four speciﬁc ones, since these have been used in characterizing the topological properties of networks in a wide range of related areas [Jackson, 2008].
In the ﬁgure we show the degree distribution p(d), the clustering-degree correlation C(d), average nearest neighbor connectivity dnn (d) and component
size distribution p(s) [Wasserman and Faust, 1994]. The degree distribution p(d) exhibits a power law tail showing that the network of inventors
is highly asymmetric with only a few inventors having a large number of
collaborations. We also see that the average degree is increasing due to
the addition of links to the network over time. The clustering coeﬃcient
C(d), measuring the tendency of co-inventors to have appeared on a patent
together, is relatively high and exhibits a decreasing trend with increasing
degree. This indicates the fact that highly connected inventors tend to be
connected, on average, with inventors who have not collaborated with each
other. The nearest neighbor connectivity dnn (d) is deﬁned as the average
degree of the neighbors of an inventor with degree d [Pastor-Satorras et al.,
2001]. It turns out that inventor networks are assortative, that is, high de8
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Figure 2: Empirical degree distribution p(d), clustering-degree correlation C(d), average
nearest neighbor connectivity dnn (d) and component size distribution p(s) constructed
from the US patent network. All network statistics seem to follow a stable power law.

gree inventors are connected to other high degree inventors while low degree
inventors maintain collaborations with other low degree inventors [Newman,
2004]. Finally, there exists a large connected component and a number of
smaller components in the inventor network. The distribution of the sizes
of the smaller connected components can well be described with a power
law. It is interesting to note from these descriptive statistics, that over a
wide range of values, the distributions can all be described by power laws.
Moreover the power law behavior of the distributions seems to be stable over
time.
For the purpose of parameter estimation we extracted only those patents
which fall into the USPTO patent category chemicals. In this way we retrieved 397018 from a total of 3684228 patents in all categories available.
The network of inventors in this class comprises of 294063 nodes and 532367
links.
4.2. Estimation Strategy
The model we have introduced in Section 3 describes the formation of a
network of inventors by to the creation of bilateral relations of entrants as
well as incumbents. Unfortunately, we do not observe the actual process of
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how inventors get to know each other and form collaborative ties over time.
However, what we do observe is the outcome of this latent partner search
process in terms of the patents ﬁled at the patent oﬃce, and from these
patents, the patent collaboration network after a certain period of time. We
take this collaboration network as a snapshot of the current co-patenting
network of inventors and compare it with the outcome network of our network formation process. Therefore, we indicate the path of network growth
by a series of snapshots of the observed co-patenting network. Because the
model describes the evolution of the network as a Markov chain, it yields
expectations on a network in one time step, given a network in the previous time step. Thus, our unit of observation is the change occurring from
one network snapshot to the next. The objective is to obtain an estimate
for which the model generates a network growth path which is close to the
observed one.
We obtain this estimate by the Generalized Method of Moments (GMM).
Our approach is strongly inspired by [Snijders, 2001], who also estimates a
Markov chain model of network formation on a series of network snapshots.
However, one diﬀerence is that we directly estimate our discrete Markov
chain model of network formation whereas [Snijders, 2001] makes his continuous. Whether the model is continuous or discrete does not make a fundamental diﬀerence. More important is the common Markov chain assumption
that the network forms in a series of subsequent elementary events and only
the last state of the network formation history matters for the next step.
This assumption is crucial for estimation because it implies that a process
of network formation which spans a longer time period can be perceived as
a sequence of shorter, independent network formation processes. This way a
longitudinal sample of a network can be perceived as a collection of several,
independent observations. This allows for estimating the models using the
Method of Moments (MoM), as in [Snijders, 2001], or the GMM, as in our
work.
Both the GMM and MoM yield estimates such that the population moments implied by the model correspond to the observed sample moments.
In the case at hand the sample moments are changes of the co-patenting
network statistics from one time step to the other and the population moments are the predictions of these changes by the model. For example, one
moment used in our estimation are changes of the degree distribution. In
order to identify the parameters of the model, one needs to specify at least
as many moment conditions as parameters. The diﬀerence between MoM
and GMM is that for MoM the number of moment conditions equals the
number of parameters whereas GMM allows for more moment conditions
than there are parameters. We adopt the GMM as it allows to incorporate
moment conditions on more network aspects and implications of the model.
The GMM estimator Θ̂ minimizes an objective function Q(Θ) which is
a weighted sum of moment functions ht over all observations t = 1, . . . , T ,
10

i.e.

[
Θ̂ = argmax QM (Θ) = argmax
Θ

Θ

T
1∑
ht
T
t=1

]0

[

]
T
1∑
W
ht ,
T

(5)

t=1

where W is the weighting matrix. Each moment vector function ht , relates
one observation to the model parameters w.r.t. the speciﬁed moments. The
idea that the sample moments equal the population moments ﬁnds its expression in the assumption that the expectation of the moment functions is
zero (E[ht ] = 0).
Our sample is a series of network snapshots (G(0), G(1), . . . G(t) . . . G(T ))
and in this sample, the principle unit of observation is the change occurring
from one network, G(t − 1), to the next network G(t). Changes of the corresponding network statistics (∆St = St − St−1 ) describe how the network
changes and, therefore, are appropriate moments for the estimation. The
estimation is conditional on the number of entrants. Therefore, given the
prior network G(t−1) and parameter estimates Θ̂, the model yields expected
network statistics, Ŝt , of a network as large as the observed network in terms
of size [see also Snijders, 2001]. The expected network statistics are used to
indicate the expected change (i.e. ∆Ŝt = Ŝt − St−1 ). The prediction error
of the model is then simply the diﬀerence of the expected and the observed
change statistics (ut = ∆Ŝt −∆St ). In our estimation, prediction errors enter
in two ways. Firstly, the error is minimized by introducing the squared error
as moment function (ht = u2t ). Secondly, as the model describes a Markov
chain in which errors are uncorrelated over time, a further set of moment
functions is obtained by multiplying each error with its lag (ht = ut ut−1 ).
Preventing correlation of lagged errors is advantageous because it further
releases the eﬀect of time on the modes of partner choice.
Network characteristics of interest have been discussed in the previous
subsection. The shape of the degree distribution, clustering distribution,
and nearest neighbor connectivity are all likely to aﬀect many network processes; most notably the diﬀusion and accumulation of knowledge [Rogers,
1995]. Our model closely relates to these distributions because the speciﬁc
relation of global and local partner search in combination with preferential
attachment is able to generate speciﬁc shapes of the distributions. Technically, this is important for identiﬁcation of the model parameters because
the expected moments need to vary with the parameters. The remaining
issue is to choose those statistics which indicate how the network grows from
one instance to the next. Because the statistics should be roughly on the
same level for estimation, we replace the clustering coeﬃcient by the number of triangles and the nearest neighbor connectivity by the size of the 2nd
order neighborhood. For each network measure an empirical and a theoretical (expected) histogram is constructed which displays the average change
of a network measure by degree classes. Each column of the histograms
represents one moment and one error is the diﬀerence between a column of
11

the empirical and the expected histogram. Because the degree distribution
is highly skewed, the binning of the histograms is logarithmic. This has the
eﬀect that the bins become larger for higher degrees and, thereby, each bin
includes a comparable number of nodes. The estimation results presented
in the next section are based on ﬁve bins which include nodes of degree (0),
(1, 2), (3, . . . , 7), (8 . . . 20), and (20 . . . max).
Stochastic approximation. The GMM estimate Θ̂ is found by minimizing the
quality function QM (Θ), as described in Equation 5. In order to actually
calculate the value of QM (Θ), one would need to evaluate the moment
functions, ht . These moment functions involve expected network statistics
E[S(G(t))], given the parameter vector Θ and the observed network in the
prior period G(t − 1), i.e. ht = f (E[S(G(t))|Θ, G(t − 1)]). Because there
exists no closed-form solution for E[S(G(t))], we obtain the expectation using
a Monte Carlo simulation of the Markov chain described by the model in
Section 3. We then apply an appropriate search algorithm in the parameter
space of Θ in order to ﬁnd the minimum of the quality function QM (Θ).
Note that the quality function QM (Θ) generated by Monte Carlo simulations is itself a random variable. The average over an inﬁnite number of simulations would be needed to compute the actual expectation of
QM (Θ). However, since our network formation process is a Markov chain,
we can use the fact that a realization (simulation) of the process comes
arbitrarily close to the expected value if the network is large enough [see
e.g. Benaim and Weibull, 2003]. The networks we are analyzing are large
(see Section 4.1) and thus we can take the value of the quality function
QM (Θ) of a single simulation for a given parameter set Θ as a suﬃciently
close approximation to the actual expected value. This makes our numerical
estimation remarkably faster.
Since no exact solution of E[S(Gt )] is available, the quality function
QM (Θ) is stochastic and we need to rely on Monte Carlo simulations to
ﬁnd its minimum using stochastic approximation techniques [Pﬂug, 1996].
Stochastic approximation provides the toolbox for optimizing stochastic
functions, that is functions including a random component as it is given
by the quality function QM (Θ). In order to approximate the solution to
equation 5, we rely on the gradient-free stochastic perturbation algorithm
proposed by Spall [2003, ﬀ. 150]. This method is similar to a steepest
descent method such as for example the Newton-Raphson algorithm with
fast convergence in stochastic settings. For a general overview on stochastic
approximation see also Pﬂug [1996].
4.3. Results
Estimation restrictions. Preliminary results have been obtained for a restricted sample as well as a restricted set of parameters. The restricted
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sample is based on all chemical patents3 ﬁled by the USPTO with two or
more inventors. The co-patenting network is accumulated from 1975 to 1995.
The subsequent period from 1995 to 2000 is used for estimation which yields
5 time periods. This sample is used to obtain ﬁrst estimates of the time eﬀect
on local and global network search. However, assuming that the decision
making of entrants and incumbents does not diﬀer, we force the parameters
to be equal for both. Thus, for Equations (1) to (4) we set αk = αkE = αkI
and βk = βkE = βkI , for k = 1, 2, 3. Furthermore, the parameter ρ, which
models the probability of selecting an incumbent to initialize collaborations,
is ﬁxed at a value of 1. This choice leads to selection probabilities being
proportional to the degree of the inventor. Finally, in order to reduce computational load, we chose to make the sets of potential collaborators small
and set m = mL = mG = 10. In the near future, the parameters which
model the decision of the inventors (i.e. the parameters α’s, β’s, and ρ)
are going to be estimated separately and the sets of potential collaborators
(i.e. the mG , mL ) are going to be increased in size until their eﬀect on the
simulation results becomes zero.
Preliminary results. The results give a clear indication in favor of the hypotheses that local search becomes more prevalent over time. Table 4.3
presents the estimation results for two models. In both models we observe
a signiﬁcant negative time trend for global attachment (α3 ) and a positive
time trend for local attachment (β3 ) (signiﬁcant in model A). Considering
the standard errors, in both models the local and global time trends are
clearly diﬀerent from each other. Local search increases relative to global
search over time.
The estimates also reveal theoretical insights on models of network formation. In model A, the preferential attachment eﬀect is set to zero and
in model B it is left free for estimation. For interpretation of the negative
sign of the preferential attachment coeﬃcient, consider that incumbents are
chosen to initialize a collaboration proportional to their degree. Therefore,
a negative sign does not necessarily imply that there is no preferential attachment eﬀect in model B. It rather suggests that selection proportional to
degree is too strong. Nevertheless, we clearly see that the introduction of
a preferential attachment eﬀect has a very strong eﬀect on the probability
that an entry step occurs. This means that in models of network growth
the entry of new nodes in the network and preferential attachment among
incumbents potentially trade oﬀ and are likely to generate similar network
structures. Actually both models yield predictions which ﬁt very well the
empirical distribution as shown in ﬁgure 3.
3

Patents in main class one of the US patent classiﬁcation
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Table 1: Estimation of the time eﬀect on global (αk ) and local (βk )
search moderated by preferential attachment

Model A
Intercept
Pref. Attach.
Time
Intercept
Pref. Attach.
Time
Entry step

(α1 )
(α2 )
(α3 )
(β1 )
(β2 )
(β3 )
(p)

-1.160***
!0
-0.163***
-1.322***
!0
0.602***
1.000***

No. of time periods T
Quality function Q

Model B

(0.038)

-1.048***
-0.470***
-0.282***
-1.519***
-0.440***
0.256
0.362**

(0.037)
(0.208)
(0.135)
(0.127)

5
24

(0.057)
(0.051)
(0.027)
(0.137)
(0.064)
(0.204)
(0.178)

5
20

* p < 0.1; ** p < 0.05; *** p < 0.01 result from two-tailed z-tests of
coeﬃcients being zero. If ‘!0’, parameter is set to zero.
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Figure 3: Comparison of the empirical statistics for the degree distribution p(d), clusteringdegree correlation C(d), average nearest neighbor connectivity dnn (d) and size of the
second-order neighborhood N (2) . The empirical distributions correspond to the inventor
network which evolved from 1995 to 2000. The theoretical distributions correspond to
numerical simulations with the estimated parameter sets for Model A (without preferential
attachment eﬀect) and Model B (with preferential attachment) for the same time period.
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5. Discussion and Conclusion
In this paper we introduced an extension of the network growth model
of Jackson and Rogers [2007]. Our model allows for link formation among
incumbents and models explicitly the agent’s collaboration decisions. The
introduction of a preferential attachment eﬀect in the collaboration decision
of the agents shows that entries and link formation among incumbents are
capable of aﬀecting the shape of the distributions of the network statistic
in similar ways. The estimates of the model indicate that the evolution
of inventors networks probably needs to be explained by a combination of
both. Most importantly, this working paper provides a ﬁrst intuition on
how the relative importance of local and global search changes over time.
Whereas the importance of global search seems to decrease, local network
search seems to become more important. In future work we will investigate
in more detail the temporal change in the parameters governing the inﬂuence
of local vs. global search.
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