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Drawing on patent data for approximately 500 firms over 20 years, we advance recent theory
on firm boundaries and test these propositions for the first time. We first provide evidence for the
existence of knowledge complementarities between vertically related activities in a firm’s value
chain by showing that firms face increasing (decreasing) performance in conducting downstream
activities (i.e., patent litigation) the less (more) they outsource related upstream activities (i.e.,
patent filing). We then propose and empirically demonstrate that vertical integration benefits
through learning differ from vertical outsourcing costs through forgetting. We show that firms
can partly offset these hidden outsourcing costs by sourcing similar upstream products from
internal and external suppliers. Copyright  2010 John Wiley & Sons, Ltd.

INTRODUCTION

A fundamental question in strategy research is
how firms should draw their boundaries. One
major problem with the dominating, transaction
cost economics (TCE) viewpoint is that it focuses
on one transaction at a time and therefore lacks
a systemic approach (Argyres and Liebeskind,
1999; Puranam, Gulati, and Bhattacharya, 2008).
The knowledge-based view (KBV) of the firm
addresses this shortcoming. One of its key con-
tributions is the distinction between an activity A

and the knowledge required to profit from that
same activity, say, KA. By focusing on knowledge
bases rather than on isolated transactions, the KBV
offers a more realistic way to analyze firm bound-
aries. Among the important contributions drawing
on the KBV that refine the simple TCE-based pic-
tures of firm boundaries (e.g., Dyer and Hatch,
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2006; Dyer and Singh, 1998; Hatch and Dyer,
2004; Helper, MacDuffie, and Sabel, 2000; Parmi-
giani, 2007; Rothaermel, Hitt, and Jobe, 2006;
Santos and Eisenhardt, 2005), Brusoni, Prencipe,
and Pavitt (2001) and Jacobides and Billinger
(2006) are most directly related to this research.
Both provide instances of knowledge-based com-
plementarities between internal and external sourc-
ing (Puranam et al., 2008) that unfold across dif-
ferent layers of a firm’s value chain. Brusoni et al.
(2001) provide one important learning-based argu-
ment for why corporations do not outsource their
entire production of a given upstream activity, call
it A, to more efficient markets despite the lack
of transactional hazards. The authors find that,
in times of technological change, excessive out-
sourcing of supply technologies creates opportu-
nity costs of not learning about alterations in the
supply segment through internal production. These
(opportunity) costs of outsourcing upstream mate-
rialize further downstream in the firm’s value chain
and are reflected in the firm’s lessened ability to
integrate external supplies into its core downstream
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production activities, say B. Hence, failing to do
A leads to a decrease in the knowledge required
to perform well in doing B (↓ A ⇒↓ KB), which
we denote as ‘vertical outsourcing costs’ in this
paper. Jacobides and Billinger (2006) find support
for the same type of knowledge-based complemen-
tarity between activities that are vertically related
in the value chain—however, within a different
empirical scenario. The authors show that par-
tially integrating a novel upstream supply activity
A may help a firm adjust its downstream produc-
tion knowledge base KB , thereby increasing the
marginal value of carrying out production activities
B in-house. The authors coin the term ‘dynamic
benefits of vertical architecture’ (hereafter also
called: dynamic benefits of vertical integration) in
order to describe how the knowledge complemen-
tarities between doing A and benefitting from B

unfold over time (↑ At ⇒↑ KB,t+τ ).
These intriguing insights about the existence of

knowledge complementarities across value chain
activities trigger further research questions. First,
along a basic empirical dimension, large-scale evi-
dence for the existence of cross-activity, know-
ledge-mediated complementarities is currently
lacking. As scholars we would like to see the
fundamental vertical complementarity argument
underlying earlier case-based works to withstand
a more robust econometric test. Second, and more
importantly from a theoretical standpoint, the
question emerges whether vertical outsourcing
costs (Brusoni et al., 2001) and dynamic bene-
fits of vertical integration (Jacobides and Billinger,
2006) are always flipsides of the same coin as
standard neoclassical economics would suggest. In
fact, the prior study of both vertical outsourcing
costs and vertical integration benefits was con-
ducted in settings whereby firms would benefit
from the acquisition of new knowledge in one
way or another. However, such scenarios in which
the firm’s learning (Cohen and Levinthal, 1990;
Argote, 1996) is the mechanism by which knowl-
edge complementarities arise may differ substan-
tially from those in which firms are concerned
with actually forgetting (Walsh and Ungson, 1991;
Olivera, 2000) existing knowledge in the pro-
cess of outsourcing. At present, however, limited
knowledge exists about such hidden vertical out-
sourcing costs through forgetting (henceforth also
called ‘hidden outsourcing costs’), whether they
exist, and how they may differ from learning-based
benefits of vertical integration.

In this paper we attempt to address the two sci-
entific gaps previously described by (1) providing
a large-scale study of knowledge complementar-
ities in general, and (2) analyzing in more detail
the hidden outsourcing costs through forgetting.
We study knowledge complementarities between
outsourcing upstream and downstream activities
within a firm’s value chain on an unbalanced
panel dataset of approximately 500 firms over
20 years, comprising more than 6,000 firm-year
observations. We embed our empirical tests in
the firm’s intellectual property (IP) value chain
(Reitzig and Puranam, 2009; Somaya, Williamson,
and Zhang, 2007). Drawing on European patent
examination and litigation data for European firms
from the period 1980 through 2001, we analyze
how the degree to which a firm outsources patent
filing activities early in its value chain reduces
its (related) ability to detect IP competitors at a
later stage of its value chain. In order to deliver
on our first research goal, we argue and empir-
ically demonstrate that the firm’s later ability to
detect IP competitors is negatively affected by the
loss of relevant technological and legal knowledge
that results from outsourcing preceding patent fil-
ing activities across firms. In order to deliver on
our second research goal, we theoretically propose
that vertical outsourcing costs through forgetting,
if they exist, must show a distinct feature that
differentiates them from vertical integration bene-
fits through learning. Namely, variation in internal
and external knowledge bases should strictly add
to hidden outsourcing costs, thereby differentiat-
ing forgetting from learning (Schilling et al., 2003;
Sorenson and Sorensen, 2001). We provide empir-
ical evidence for this theoretical conjecture and
by doing so we manage to both show that hid-
den forgetting-related costs prevail in our data and
characterize them.

The rest of the paper follows a standard struc-
ture. We present our theoretical arguments and
hypotheses, followed by a description of our data,
empirical results, and discussion.

THEORY AND HYPOTHESES

Firm scope, knowledge complementarities,
and learning from doing

The understanding of the vertical scope of the firm
has been shaped by different leading theories. Clas-
sic TCE (Coase, 1937; Williamson, 1971, 1985)
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frames firm boundary decisions as ‘make or buy’
problems. At the level of the individual transac-
tion, the advantages firms gain by using external
markets and benefiting from suppliers’ economies
of scale and specialization must be traded against
the transactional risks such as holdup. Notwith-
standing its explanatory power, TCE shows sys-
tematic limitations in that it neglects considera-
tions that involve knowledge-related interdepen-
dencies between different transactions. The KBV
(Grant, 1996) complements TCE in that it offers a
more systemic gateway to understanding the ver-
tical scope of the firm (Argyres and Liebeskind,
1999). Importantly, by focusing on the knowl-
edge required to benefit from a transaction rather
than on the transaction itself, the KBV helps to
explain why firms engage in activities that appear
inefficient from a TCE perspective. For exam-
ple, a firm may source products and services
in-house for which a hazard-free external mar-
ket exists, if engaging in this in-house production
creates knowledge that benefits the firm (Parmi-
giani, 2007). Where carrying out a given activity
A increases the marginal value of a related activity
B that also affects the firm’s performance, scholars
speak of knowledge complementarities.

Knowledge complementarities can unfold in var-
ious ways. For the purpose of this paper a dis-
tinction into two categories appears helpful. On
the one hand, the marginal effect of conducting
activity A on the value of carrying out activity
B may unfold within the same layer of a firm’s
value chain. As an example, internal and external
suppliers may share knowledge of improvements
in internal (A) and external (B) production pro-
cesses and technologies, thus enabling each other
to enhance their efficacy and effectiveness (Dyer
and Hatch, 2006; Dyer and Singh, 1998; Gulati,
Lawrence, and Puranam, 2005; Hatch and Dyer,
2004; Helper et al., 2000). For the sake of brevity,
we denote such relationships as ‘horizontal com-
plementarities’ throughout this paper.

On the other hand, recent theory has also conjec-
tured that knowledge complementarities can unfold
across different layers of the value chain—these
are henceforth called ‘vertical complementarities.’
Here, conducting a given upstream activity
increases the marginal value of engaging in a
different downstream activity in a firm’s value
chain—or vice versa. Case-based evidence for this
type of complementarity has been provided for
two scenarios that appear to be mirror images of

one another. On the one hand, firms’ performance
of conducting their core downstream activity has
been shown to decrease when they excessively
outsource knowledge-coupled upstream activities
(Brusoni et al., 2001) and to thus create out-
sourcing costs to the firm, which we call verti-
cal outsourcing costs. On the other hand, firms
may become better at carrying out a focal down-
stream activity when partially integrating a related
upstream activity. The latter benefits are referred
to in the literature as ‘dynamic benefits of vertical
architecture’ (Jacobides and Billinger, 2006).

In this paper we focus on vertical knowledge
complementarities. With regard to these comple-
mentarities, current theory predicts a negative rela-
tionship between the rate of outsourcing upstream
activities and downstream performance, all else
being equal. We will look at this relationship as a
linear one, bearing in mind, however, that the exis-
tence of more complex functional forms must not
be dismissed offhand.1 We thus posit in sufficiently
broad terms:

Hypothesis 1: All else being equal, increasing
(decreasing) the rate of outsourcing upstream
activities will decrease (increase) a firm’s down-
stream performance

Hidden knowledge losses—the vertical costs
of outsourcing through forgetting

So far, scholars have assumed the mechanism
underlying vertical knowledge complementarities
to be a ‘learning mechanism’ in the spirit of Cohen
and Levinthal’s (1990) seminal paper. The logic
is easily understood in the case of the benefits
resulting from vertical integration (Jacobides and
Billinger, 2006); however, it is also central to Bru-
soni et al.’s (2001) argument. In their study of the
aircraft manufacturing industry, the downstream
costs incurred through excessive outsourcing of
upstream control systems supplies are the oppor-
tunity costs of missed learning in times of techno-
logical change: in this case, the missed opportunity

1 Brusoni et al. (2001) suggest that there may be a threshold
level of excessive outsourcing beyond which downstream per-
formance dips become particularly pronounced. Parmigiani’s
(2007) work makes it appear possible that integration, hybrid
integration, and complete outsourcing are not ordered but dis-
crete choices, and that different expectations on the impact
of downstream performance may result altogether. We explore
these options empirically without hypothesizing them explicitly,
and mention them briefly in our Discussion section.
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to learn about what it takes to optimally integrate
digital electronics control systems into planes, as
opposed to hydromechanical control devices.

However, whereas learning may be an impor-
tant mechanism in understanding the creation of
knowledge complementarities (Darr, Argote, and
Epple, 1995; Kogut and Zander, 1992; Pisano,
1994), it appears equally important to consider
the mechanism of forgetting when seeking to
understand the consequences of losing an existing
knowledge stock. The loss of ‘organizational mem-
ory’ (Cyert and March, 1963; Huber, 1991; Levitt
and March, 1988; March and Simon, 1958) may
severely set back the performance of firms (Parise,
Cross, and Davenport, 2006).

To the extent that creating vertical knowledge
complementarities through learning and losing
them through forgetting are different processes;
however, it may be that vertical outsourcing costs
and vertical integration are no longer just mirror
images of the same phenomenon, as current theory
suggests. Instead, they may reflect inherent dif-
ferences in their underlying mechanisms. Interest-
ingly this theoretical possibility—that firms lose
already-existing knowledge across adjacent activ-
ities as a consequence of forgetting through out-
sourcing—has not thus far been examined in the
literature on firm boundaries, and its specificities
are not well understood.

The literature that can shed light on these
characteristics of organizational forgetting across
value chain activities is that on organizational
memory.2 Within this domain, one stream of
research appears particularly relevant when carv-
ing out the differences between learning (through
integration) and forgetting (through outsourcing):
the literature on knowledge-retention means. A
series of knowledge-retention mechanisms have
been discussed in the past (Olivera, 2000; Walsh
and Ungson, 1991): routines and production rules
(Cyert and March, 1963; Nelson and Winter,
1982), files (Campbell-Kelly, 1996), computer-
based information systems (Huber, 1991), and
individuals (Simon, 1991) and—most directly
related to this paper—the products they manu-
facture (Hargadon and Sutton, 1997; Olivera and
Argote, 1999). However, if internal production is

2 This partly encompasses the literature on individual memory/
forgetting.

to help prevent the forgetting of existing knowl-
edge in the presence of outsourcing, the knowl-
edge created from the remaining internal produc-
tion must correspond to the knowledge potentially
lost through outsourcing. In a multiproduct firm,
in which internal and external sourcing happens
across a range of different product categories, this
insight results3 in a prediction that holds if verti-
cal outsourcing costs are driven by a process of
forgetting: the more similar the profiles of vol-
umes a firm outsources and retains are across
product categories, the smaller the total vertically
related knowledge loss will be to the firm, all else
being equal (notably the overall outsourcing vol-
ume across all products).

The logic pertaining to this proposition directly
follows from its four underlying assumptions,
which we deem unproblematic in the context of
this paper.4 First, there is a minimal level of inter-
nal production needed to prevent forgetting in
one given product category, say P1, that increases
strictly with the volume of work being outsourced
in that same category.5 Second, the functional form
of this relationship between the outsourcing rate
and the degree of forgetting is identical across all
product categories, P1 –Pn, that a firm is engaged
in. Third, pending better knowledge, we assume
that the magnitude of knowledge complementari-
ties between internal and external sourcing is con-
stant across product categories. Forth, and again
pending better knowledge, we assume that differ-
ent product categories draw on different knowl-
edge bases.6 Under these conditions, if forgetting
can be avoided by internal production, and if the

3 The respective assumptions needed are few and realistic. We
elaborate on them further below.
4 Note that if the assumptions were not fulfilled on a given
dataset, this should only translate into a conservative bias in
empirical tests pertaining to Hypothesis 2, thus making it more
difficult to find evidence for Hypothesis 2. We elaborate on this
in our Discussion section.
5 This assumption elaborates on earlier work (Brusoni et al.,
2001) suggesting that threshold levels of internal sourcing exist
that allow firms to maintain an updated knowledge base that
prevents them from missing learning about emerging opportu-
nities in their market environment. We analogously argue that
such thresholds of sufficient internal sourcing to prevent for-
getting prior knowledge exist. Pending better knowledge, we
furthermore assume that these thresholds are proportional to the
amount of knowledge that can be lost through external sourcing.
6 That is, that internal production in category P1 can not counter
knowledge losses that occur through external sourcing in cate-
gory P2.
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volume of internal production necessary to pre-
vent forgetting is proportional to the volume out-
sourced for any product category (Assumption 1),
it follows naturally that, in a multiproduct firm,
forgetting is minimized when the volume distribu-
tion of activity across product categories is similar
for internal and external sourcing, all else being
equal (and provided Assumptions 2–4 also hold).

If we then define the distribution of a firm’s
internal sourcing across product categories
upstream as its internal upstream knowledge base,
and the distribution of its external sourcing across
product categories upstream as its external up-
stream knowledge base, then similarity7 between
these two knowledge bases should help the firm
counter forgetting, and consequently reduce total
downstream knowledge losses. We thus posit that
the following holds whenever firms run the risk of
losing knowledge by increasing their overall out-
sourcing rate:

Hypothesis 2: All else being equal, the more sim-
ilar the knowledge bases underlying upstream
activities performed internally and externally,
the higher a firm’s downstream performance will
be.

Note that this logic holds if and only if a mech-
anism of forgetting drives the vertical knowledge
losses. The rationale depicted in Hypothesis 2 is
plausible only when the point of reference for the
knowledge loss is the firm’s own prior knowl-
edge—as is the case when we speak of forgetting.
As soon as one focuses on missed learning oppor-
tunities instead of forgetting, this point of reference
changes to what the firm could have learned about
changes in its technological environment had it
sourced products differently (both internally and
externally). In this latter case, similar shares of
internal/external sourcing across the firm’s prod-
uct categories should not reduce knowledge losses
from missed learning under a reasonable set of
assumptions.8 In turn, however, this means that

7 Note that by definition the value of similarity is bound between
0 (when the firm does not internally source in the same product
category as externally, and vice versa) and 1 (the ratio of
internally sourced goods to externally sourced goods is the same
for each product category).
8 The extent of learning opportunities should be related to the
pace of (knowledge) changes that are likely to vary across dif-
ferent product areas. At least this is what the entirety of the litera-
ture on life cycle differences across different industries suggests.

if upstream similarity increases downstream per-
formance, at least some of the vertical outsourcing
costs must be driven by a mechanism of forgetting.

EMPIRICAL SETTING, DATA,
AND ANALYTICAL METHODS

Analyzing corporate patenting
activities—linking hypotheses to our empirical
stage

In order to address our research questions, we set
up our analysis in the firm’s IP value chain (Reitzig
and Puranam, 2009). Studying the patent-related
activities of firms provides a formidable testing
ground for our questions because it allows us to
track knowledge-coupled vertically related activ-
ities over time (patent filing and patent enforce-
ment) and their degree of outsourcing (degree of
patents filed by external lawyers), as well as related
performance measures for both activities (rate of
granted patent applications and, particularly impor-
tant for this paper, the rate of detected competi-
tors).9

Figure 1 (upper part) depicts a firm’s styl-
ized IP value chain (adapted and refined from
Reitzig, 2007, for the purpose of this paper).
The IP-generation process (mainly research and
development [R&D]) precedes the patent protec-
tion stage and subsequent exploitation (includ-
ing branding, licensing, etc.). Patent enforcement
(including reactive and proactive litigation),
although still a legal activity, succeeds patent filing
in the value chain. The different types of activity
are highly specialized and are therefore carried out
by separate individuals in many firms. However,

Given the literature in the field of learning and forgetting it seems
rather implausible that new-learning and not-forgetting through
internal production in a given product category are perfectly
symmetrical processes. Optimal new-learning should therefore
not require similar distributions between external and internal
sourcing across product categories but can vary depending on the
pace of change in those areas. Therefore dissimilar distributions
between external and internal sourcing across product categories
do not necessarily lead to an increase in missed learning oppor-
tunities. Based on this reasoning, it appears that there is no
simple functional relationship between upstream (dis)similarity
and (missed) learning. Upstream (dis)similarity, the way it is
defined here, is hence characteristic for forgetting prior knowl-
edge, not for acquiring new knowledge or missing opportunities
thereof.
9 In-depth interviews we conducted with several patent experts
confirm the suitability of our research design given our research
objectives. More information on these exploratory interviews is
available from the authors.
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Figure 1. Firm’s stylized internal intellectual property value chain with timing sequence of
knowledge generation and losses

recent research also indicates that cross-functional
involvement enhances the likelihood of leverag-
ing IP successfully, suggesting that the different
units interconnect by drawing on partly overlap-
ping knowledge bases (Reitzig and Puranam, 2009;
Somaya et al., 2007).

The link between Hypothesis 1 and our chosen
setting

The vertical complementarities we study in this
paper occur between (upstream) patent filing and
proactive (downstream) patent enforcement activ-
ities. Patent filing and patent enforcement are two
separate activities (see Figure 1, top half); how-
ever, the two draw on partly overlapping knowl-
edge sets. More specifically, the process of drafting
a patent application and filing it at the patent office
entails identifying so-called prior art—generating
knowledge highly relevant for the subsequent
patent enforcement process. A patent’s prior art
encompasses all knowledge—whether it exists in
written form, as a product, or contained in some
other fashion—disclosed to the public before the
patent was applied for (Knight, 1996; O’Connell,
2008). It constitutes the benchmark of patentabil-
ity of the patent application under investigation,
and allows the patent office to determine whether
the current application is novel and nonobvious
enough to merit patent protection.

Thus, the more (less) a firm outsources its
patent filing activities, the more (less) it leaves
prior art identification and interpretation to external
lawyers. Prior art identification potentially carries
an important interim by-product, however, which

is knowledge about technology competitors. This
interim information unfolds its value for the firm
only when combined with further in-house knowl-
edge of the firm’s broader technology strategy.
The information is of no additional value when
held by external lawyers, as these legal suppliers
lack the broader picture of the firm’s technology
strategy.10 Information on technology competitors
gained from the patent filing process crucially
complements the firm’s further technology intelli-
gence,11 enabling it to identify potential technology
competitors early on and to attack them proactively
as part of its enforcement strategy. Likely the most
important proactive legal weapon in the European
Patent Office (EPO) system is the so-called opposi-
tion procedure (Harhoff and Reitzig, 2004), which
firms can use to seek invalidation of their competi-
tors’ patents at comparatively low cost. Successful
oppositions require both (1) the early identification
of target competitor patents (within nine months
of the competitor patent being granted) and (2) an
in-depth understanding of the existing prior art in
the field in order to identify potential points of
attack. According to the interviews we conducted
for this study (more information available from the

10 For the same reason, buying-in competitor technology intelli-
gence from external law firms as a substitute product to compen-
sate entirely for internal knowledge losses (Hargadon and Sutton,
1997, Olivera and Argote, 1999) proves difficult. Moreover,
coordination between in-house strategists and external lawyers
becomes excessively costly.
11 Note that our estimations confirm this allegation. Even when
controlling for outsourcing of downstream (litigation) activities,
the effect of upstream (patent filing) outsourcing on downstream
performance remains visible. Thus the detection of competitors
cannot be left to external lawyers only. We return to this point
in our Discussion section.
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authors), firms appear to be better on average, all
else being equal, in meeting both aforementioned
conditions the more patent filing they carry out
in-house. Conversely, they struggle to meet either
one of the conditions when excessively outsourc-
ing their patent filing activities. In times of tech-
nological change, the performance loss may be a
consequence of not staying up to date with tech-
nology knowledge. Nevertheless, even in less tech-
nologically turbulent environments, the dismissal
of in-house attorneys—individual repositories of
corporate memory (Simon, 1991)—leads to sig-
nificant knowledge losses. Consequently, we sug-
gest that a firm incurs performance gains (losses)
related to patent enforcement the more it integrates
(outsources) its patent filing services. More specifi-
cally, the number of detected potential competitors
should decrease with the number of patents the
firm applies for externally, all else being equal.

The link between Hypothesis 2 and our chosen
setting

A crucial construct in Hypothesis 2 is knowledge
base similarity between internally and externally
sourced upstream activities. In our empirical set-
ting, this corresponds to the similarity between
the knowledge bases required to generate inter-
nal as opposed to external patent filings. Knowl-
edge bases required to file patents are multidi-
mensional. By design, the procedural knowledge
bases (Stinchcombe, 1990) for internally and exter-
nally sourced patent filings are identical—in both
cases a patent agent searches prior art and drafts a
patent application, a standardized legal document.
Yet the specific content of the applications, that is,
the description of existing and novel technology,
often differs between applications drafted in-house
and externally. This is because a large fraction of
patenting-active firms today are multitechnology
firms. When these firms outsource a part of their
patent filing activities to external law firms, dif-
ferent patterns of transaction heterogeneity may
result depending on the firm’s decision making.
Take the example of any given firm that is equally
active across two different technology areas T A1

and T A2, where T A1 and T A2 are the empirical
representations of our more abstractly formulated
product categories P1 and P2 (see Hypothesis 2)
above. When the firm decides to outsource 50 per-
cent of its total patent filing activities, it has a
continuous spectrum of outsourcing combinations

to choose from; however, the two extreme cases
are the following: either the firm entirely drops
its in-house patent filing activities for one of its
technology areas, say T A2, or it cuts the num-
ber of in-house applications for T A1 and T A2

equally across both areas and ends up outsourcing
50 percent of its filing activities to an external law
firm for each of the technology areas. In the first
case, the firm’s internal and external transactions
become more heterogeneous (He and Nickerson,
2006) along a technological dimension than in the
second case, and the firm loses more of its knowl-
edge base in one of the technology areas. In the
first case, the distribution of effort spent on T A1

and T A2 internally will not resemble the distribu-
tion of effort spent on T A1 and T A2 externally,
leading to dissimilar in-house and external knowl-
edge bases. In the second case, the knowledge
bases will be similar. In our data, we can distin-
guish between 30 different technology areas12 that
have been clustered in such a way that it appears
reasonable to assume that two patent applications
within one technology area will draw on far more
similar knowledge than two patent applications
that fall into two different technology areas.13

Furthermore, testing the mechanism underlying
Hypothesis 2 requires an empirical stage in which
hidden outsourcing costs are likely to exist. Our
setting should warrant this condition, as Figure 2
illustrates. The overall outsourcing rate is increas-
ing and hidden outsourcing costs, if they exist at
all, should consequently be detectable in our data.

Finally, embedding our tests in the firm’s patent-
related value chain is particularly interesting for
another institutional reason: there appear to be
hardly any direct costs associated with outsourcing
patent filing activities. Patent filing creates primar-
ily ‘efficiency’ benefits for the firm (Santos and
Eisenhardt, 2005), at least when one focuses on the
success of patent filing as an upstream activity in
isolation. As we show in a different paper (Reitzig
and Wagner, 2009), a firm’s sheer performance

12 The distinction of 30 different technological areas in the
EPO system dates back to the Organisation for Economic Co-
operation and Development (OECD, 1994), and the categoriza-
tion and its predecessors are widely used in similar studies. We
use the updated version of 11 October 2000 (personal commu-
nication by Ulrich Schmoch, ISI Institute).
13 See Hinze, Reiss, and Schmoch (1997). The cluster representa-
tion suggests that patent applications rarely draw on knowledge
from two different technological areas. Some minor overlaps
exist, however. In turn, this also means that our Assumption 4
should be relatively well fulfilled.
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Figure 2. Outsourcing trend across the entire sample

in turning patent applications into patent grants
increases linearly with the rate of outsourcing of
patent applications to external law firms. Major
specialization advantages of the external lawyers
are likely to account for the finding. Such a setting
in which no horizontal complementarities from fil-
ing patents externally and internally exist appears
particularly appropriate for our analysis of vertical
outsourcing costs.

Patent data

We first obtained information on individual patent
application filings and then aggregated the data to
the firm-year level, as we are interested in the
ability of firms to successfully source IP activ-
ities. This microlevel approach not only allows
us to determine the extent to which single firms
engage in outsourcing activities but also yields a
variety of measures related to the technical and
legal characteristics of their patent applications. It
is important to capture such aspects because the
success of turning applications into valid patent
rights depends on both the novelty of the under-
lying invention and the legal sophistication used
to carry out the filing. The data source we used
for our analyses is available through the EPO’s
official online source, EPOLINE Register Plus
(see www.epoline.org; data extracted April 2003).
We collected patent information for the 504 most
active European patent applicants at the EPO.14

14 Patent applicants had to have filed at least 100 patent applica-
tions at the EPO during our observational period to be included
in our sample. Although this threshold may seem arbitrary, the
results of our analysis are robust to different thresholds. More-
over, we put considerable effort into the cleaning of applicant
names (note that the EPO may refer to the same applicant using
different spellings, etc.). For all firms in our sample we consol-
idated names (standardizing information on legal structure and
geography, and so on, to the extent that it would make sense for

Non-European applicants were excluded from our
study because they are subject to EPO regulations
requiring representation at the EPO by a European
patent attorney (see EPO, 2000 for more details);
their inclusion would potentially distort our out-
sourcing measure in that these applicants have no
choice between integrating and outsourcing their
patent-related activities.

In total, almost 1.2 million patent applications
were filed at the EPO between 1980 and 2001,
and European applicants account for 575,945 of
these applications. The 504 firms in our sample
account for about 45 percent (257,567) of the
latter applications. Note that we further excluded
all patent applications for which the EPO had
not published a grant decision by April 2003,
which left us with a final sample of 189,332
patent applications.15 In the following section, we
describe the variables we derived from this data
source.

this analysis) using automated routines. Furthermore, a signifi-
cant effort also went into the manual consolidation of subsidiary
companies with parent companies for the largest 104 applicants.
For these latter applicants, additional manual cross-checks on
name spellings were carried out. That said, however, it is likely
that our data will remain afflicted with some noise in this regard
(especially for smaller firms) given its longitudinal and cross-
sectional dimensions. Remaining errors should be unsystematic,
however.
15 Because the data collection was carried out in 2003, granting
decisions for patents filed in the years shortly before 2001
(especially between 1998 and 2001) suffer from truncation. By
dropping the pending cases, we incur a systematic selection
bias that artificially increases opposition-to-filing rates in recent
years. In order to test whether the bias has a major impact
on the robustness of our findings, we carried out separate
regressions (not reported in this paper) on subsamples of older
patents for which granting decisions would be more completely
observable. The findings confirm that the selection bias is of
no major relevance for this paper; however, the significance of
the similarity measure in Model 3B becomes less stable when
turning to older patent applications.

Copyright  2010 John Wiley & Sons, Ltd. Strat. Mgmt. J., 31: 1183–1201 (2010)
DOI: 10.1002/smj



Hidden Outsourcing Costs 1191

Variable definitions and measures

Dependent variable

We are interested in relating a firm’s downstream
performance at the firm-year level to the rate of
outsourcing upstream activities. Both our inter-
views and prior literature (Reitzig, 2007) suggest
that within the IP value chain, this downstream
performance is reflected in the firm’s ability to
detect targets for proactive litigation.16 We thus
conceive of downstream performance as the firm’s
ability to identify competitor patents and litigate
against third parties’ IP rights, relative to the firm’s
effort invested into IP. Dividing the number of
oppositions filed in year t (downstream perfor-
mance numerator) by the number of applications
of the focal firm filed in the same year (down-
stream performance denominator)—in order to
proxy for the overall importance the firm attributes
to using patents—appears to be a suitable measure.
For methodological reasons, which we explain in
more detail below, our actual dependent variable
becomes the firm-year downstream performance
numerator, a count variable (see ‘Model Speci-
fications and Econometric Issues’). The firm-year
downstream performance denominator enters as an
independent variable in our regressions.

Independent variables

We are interested in measuring the outsourcing
rate of upstream activities that increase the value
of engaging in a downstream activity. Within the
IP value chain, engaging in upstream patent filing
increases the firm’s ability to identify competitor
patents (see prior discussion). We thus compute
the firm-year rate of patent filing outsourcing as
our relevant upstream outsourcing measure. Our
data allow us to distinguish, at the patent level,
whether the patent was filed by in-house attorneys
or whether the applicant was represented by an
external patent professional. This information is
not readily available in the EPOLINE data, but
has been generated by closely examining infor-
mation on each applicant’s and representative’s

16 Although identifying litigation targets may sound trivial at first
sight, the task of spotting potentially conflicting patent rights
is not straightforward given the large number of annual patent
applications, which increased to more than 140,000 patent appli-
cations at the EPO in 2000, see http://documents.epo.org/pro
jects/babylon/eponet.nsf/0/3105be5bb9ac7dfbc12574240051c6
e2/$FILE/facts figures 01.pdf, p. 14, last accessed on 24 August
2009.

identity and address in the database. If European
applicants choose to represent themselves before
the EPO the ‘representative’ field in the database
remains empty and we code the cases as inter-
nally processed. If, however, the database contains
information on the representative’s identity, fur-
ther checks are carried out, as these cases may
not necessarily all be cases in which filing is truly
outsourced; for example, in some instances an in-
house IP department is listed as the applicant’s
representative. We identify these ambiguous cases
by comparing the information contained in the
‘applicant name’ and ‘representative name’ fields
of the database. If the applicant’s and represen-
tative’s names or addresses are (partly) identical,
we assume that these filings were processed inter-
nally. Finally, we cross-check this classification by
searching the representative information for strings
typically associated with internal patent depart-
ments (such as ‘IP department,’ ‘Patentabteilung’)
and external law firms (such as ‘& partner’). We
finally aggregate the patent-level observations and
compute the average share of outsourced patent
applications on the firm-year level to be included
in our regressions.

Further, we construct the upstream similarity
variable by measuring the technological similar-
ity of internally and externally processed patent
applications by comparing how similarly they are
distributed across 30 different technology areas
(see Footnote 12). We define two distribution
vectors f, the elements of which are the shares
of patents a firm files in each of the 30 dif-
ferent technology classes: one vector contains
the patents that have been processed internally
(fi ), and the other those that have been filed
externally (fo). A measure of proximity is then
given by the coefficient of uncentered correlation,

or Upstream Similarity = fifo
′

((fifi
′)(fofo

′))1/2 . If

the distribution of internal and external applica-
tions coincides, similarity will take a value of 1;
if there is no overlap in technology areas, the
value will be 0.17 The uncentered coefficient of

17 Zero values for internally or externally sourced production
require special attention, as the uncentered correlation coeffi-
cient is not defined for these values. In these cases, when firms
sourced zero products internally or externally, we set the value
for upstream similarity to 0 (which comes close to a smooth-
ing for the corner solutions). Also, it appears noteworthy that
the upstream similarity measure is susceptible to concentration
effects of a firm’s patenting activities across technological areas.
By controlling for such concentration effects (see our description
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correlation has been widely used in measuring the
technological proximity of patents (Jaffe, 1988).
Our similarity index is a refined measure of the
extent to which firms are making and buying the
same things—which is the case if the similar-
ity between internally and externally processed
patents in terms of technology is high.

Control variables

In order to truly capture vertical knowledge com-
plementarities in our research, we seek to elim-
inate the most obvious alternative explanations
that could corroborate our findings. Also, firms
may decide to outsource their patent filing services
under a series of constraints that could disguise
the relationships we attempt to examine. We con-
trol for alternative explanations using a variety of
additional variables computed at the level of the
firm-year.

One of the most obvious variables that could
confound our results is the firm-year rate of out-
sourcing downstream activities. In order to exclude
that our findings are spuriously driven by this fac-
tor, we compute a variable that proxies the degree
to which firms outsource their litigation activities
(at least in part) to external representatives.18

Moreover, a firm’s downstream performance
may be affected by other factors in addition to
the forgetting of related prior upstream knowl-
edge. Elaborating on but partly deviating from
earlier work (Brusoni et al., 2001), we argue that
the more narrowly a firm conceives of its mar-
ket upstream in times of change, the less likely it
is to acquire knowledge relevant for downstream
activities—irrespective of the firm’s degree of out-
sourcing. More specifically, we suggest that the
more concentrated a firm’s engagement in patent-
ing across few technology areas (whether through
internal or external patent filing), the more likely
it will fail to learn about emerging competitors
(= litigation targets) in times of technological

of upstream focus below), however, we empirically eliminate
undesired distortions in the measurement of upstream similarity.
18 Computing this variable appears to be the best way to control
for the alternative explanation that a firm’s downstream perfor-
mance is driven not by the degree of outsourcing upstream but by
outsourcing downstream activities themselves. This being said,
the nature of the variable we could compute from the given data
remains afflicted with some uncertainty. For a variety of reasons,
which we do not explain in detail here, the imperfection of this
variable should, if at all, introduce a conservative bias to our
estimations. More information is available from the authors.

change. Such change, however, will inevitably
matter in our data, which stretches over a period
of approximately 20 years. We thus compute an
additional control variable to describe the firm’s
upstream focus in each given year by creating a
vector that captures the firm’s concentration of
total annual filing activity (internal and external
filings) across the 30 different technology areas
mentioned above. Upstream focus is measured as

Upstream f ocusit =
30∑

k=1
s2
ikt , where sik is the per-

centage of patent applications filed in technology
area k (out of 30 different technology areas) for a
given firm i in year t . Upstream f ocusit , based
on 30 technology areas, is bound between 0.03 and
1. It will take on low values if a firm is active in a
wide range of different technological fields. It will
be high if most applications filed are concentrated
in a few fields. Upstream focus serves as a proxy
of how prone firms appear to miss out on learning
about changes in their technological environment
in general, given their overall patenting behavior.19

We control for industry-specific differences in
patenting behavior by calculating the share of
patents a firm holds in complex industries (com-
plex industry share). The motives to patent differ
greatly across industries. At a high level, how-
ever, it is widely held that patent filing strategies
vary mostly between discrete and complex indus-
tries (Cohen, Nelson, and Walsh, 2000; Kusonaki,
Nonaka, and Nagata, 1998). Discrete technologies
are characterized by a relatively strong product-
patent link, for example in pharmaceuticals or
chemistry; whereas in complex industries, products
are likely to build on technologies protected by a
large number of patents held by various parties.
Just as firms’ patent filing and litigation strate-
gies differ between these types of industry, their
outsourcing patterns might be driven by industry
context. In this paper, we control for industry-
specific effects by computing a firm’s yearly share

19 More sophisticated proxies could theoretically be constructed
that would better link ‘missed learning’ to both the actual level
of a firm’s external sourcing and actual changes in the firm’s
technological environment. Constructing and focusing on such
measures, however, appears to be worth a research project of its
own and is clearly beyond the scope of this paper in which we
merely seek to add an additional control that we do not interpret
quantitatively. Finally, it is noteworthy that upstream focus, by
capturing possible performance-related effects stemming from
the concentration of a firm’s patenting across technology classes,
acts as a control that facilitates an unambiguous interpretation
of results pertaining to upstream similarity.
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of patent applications related to complex technolo-
gies.20 This approach might appear simplistic, but
is one of the very few ways to disentangle industry
effects from firm-specific effects for those corpo-
rations that are active in various industries at the
same time.21

We also include a variable for firms’ capacity
limits to hire internal staff, limits that are due to
fluctuations in the demand for upstream activities.
The need to accommodate and smooth out fluctu-
ations in workload is a prime reason for outsourc-
ing human-capital-intensive tasks to external con-
tractors (Abraham and Taylor, 1996; Houseman,
2001). Moreover, unexpected (large) increases in
demand for services often lead to situations in
which internal departments cannot cope with work-
load peaks and must therefore employ external
contractors. We control for such fluctuations by
measuring the steadiness of a firm’s demand for
patenting services over time and construct a basic
volatility measure of a firm’s application stream,
which is computed as

F luctuationit

=

√√√√1

5

j=t∑
j=t−4

(PAij −
j=t∑

j=t−4

PAij/5)2

j=t∑
j=t−4

PAij/5

.

With PAit representing the number of patent
applications filed by applicant i in year t , this is
simply the standard deviation of the applications of
the preceding five years normalized by the average
number of applications of the preceding five years.
We normalize the measure to account for the
increased relevance that absolute fluctuations have

20 As a major robustness check to this way of modeling industry-
specific differences, we tested parts of our results against findings
obtained using an alternative approach originally proposed by
Reitzig and Puranam (2009). In essence, we went back to our
raw data and normalized every patent-level observation by its
yearly industry mean. We then reconstructed our dataset using
the normalized raw data and replicated our regressions on the
data using ordinary least squares (OLS) fixed-effect estimations.
The findings we obtained were highly robust across the two
different estimation techniques.
21 The distinction of which patents are related to complex tech-
nologies is based on the technology class, provided by the patent
office and listed on a patent application. Based on those cate-
gories, we classify each patent application as related to a com-
plex or to a discrete technology by employing the classification
scheme of Cohen et al. (2000).

for firms issuing few applications (compared with
those that issue many).

We include the variable cumulative upstream
activities, which captures the fact that firms with
larger patent portfolios can, at least in our set-
ting, use their scale in upstream activities to
partly substitute for downstream engagement via
a knowledge-unrelated mechanism. Here, we mea-
sure the firm’s cumulative number of patent appli-
cations over time. As is well known from the liter-
ature, a firm’s ability to force its competitors into
cross-licensing agreements may serve as a partial
substitute for proactive patent litigation (Hall and
Ziedonis, 2001). The stock of total patent applica-
tions serves as a control for the firm’s ability to
substitute litigation. Moreover, this variable may
convey a firm’s cumulative learning in the field
of patenting over time, which may influence the
firm’s organizational forgetting rate in return.

The firm’s ability to generate knowledge from
the process of preparing for a patent application is
a function of the technological quality of the inven-
tion, partly reflected in the patent characteristics.
The literature identifies a variety of bibliographic
indicators that measure a patent’s technological
quality (Reitzig, 2004): the number of claims, the
number of different states in which patent protec-
tion is being sought, whether the application was
initially filed under the Patent Co-operation Treaty,
whether the applicant requested accelerated exami-
nation, the number of different technology classifi-
cations a patent has been assigned by the examiner,
the total number of references, as well as the share
of type A and the share of type X references to
previous patents a patent application contains, and
the number of references to nonpatent documents.
We first compute all of the aforementioned nine
indicators at the patent level. We then aggregate
each indicator individually to the firm-year level.
The resulting nine firm-year level variables are
included in our regressions to control for content
quality.

In order to capture unobserved effects associated
with institutional changes of our empirical setting
over time, we include year dummies (year fixed
effects) in all of our regressions. Thus we can con-
trol for the fact that the European patent system has
experienced a large increase in patent applications
over the last few decades, which has led to organi-
zational problems at the EPO (Harhoff and Wag-
ner, 2009) and related institutional capacity limits.
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Moreover, some changes in the regulatory frame-
work have occurred that might influence firms’
patenting behavior. Also, we control for country-
specific differences by including dummy variables
for applicants from the three largest European
applicant nations at the EPO (Germany, France,
and the United Kingdom) and use applicants from
the remaining states as the reference group.

Model specifications and econometric issues

Optimally, we would like to relate downstream
performance (firm-year number of oppositions/
firm-year number of patent applications) as the
dependent variable to the independent variables,
notably outsourcing rate of upstream activities.
However, this dependent variable would be bound
between 0 and 1. This condition leaves us with a
nontrivial estimation problem. The two-sided cen-
soring of our data represents a major infringement
of standard Gauss-Markov assumptions, suggest-
ing the use of a Tobit model instead of OLS.
However, to the best of our knowledge, there exists
no Tobit model that could account for firms’ fixed
effects in a panel. Therefore, capturing unobserved
heterogeneity appears crucial given the exploratory
nature of this study.

Given the difficulties, we therefore approach the
estimation problem differently. We employ a panel
count data model based on Poisson regression,
rearranging the estimation problem so that the
denominator of the downstream performance ratio
(firm-year number of patent applications) appears
as an independent variable (see below for details),
and the numerator of downstream performance, a
count measure (firm-year number of oppositions),
becomes our dependent variable. In this way the
Poisson model22 indirectly caters to our estimation
challenge without loss of information. At the same
time, however, we can now control for unobserved
heterogeneity by eliminating (conditional) fixed
effects (CFE). Finally, in order to exclude the CFE
results suffering from a systematic selection bias,23

22 While the Poisson model is restrictive because it implies
the assumption that the variance of λit is equal to its mean,
we prefer this model to the more flexible negative binomial
model. It is known that the negative binomial model is highly
sensitive against violations of the underlying assumptions, while
the Poisson model is consistent as long as the mean specification
holds (Gourieroux, Monfort, and Trognon, 1984).
23 As is well known, panel Poisson CFE models drop observa-
tions for those firms whose independent variables do not change

we compared the results of the CFE Poisson model
to those of a simple panel Poisson and checked on
the robustness of our findings.24 In the following,
we describe in more detail how the panel Poisson
model can cater to our estimation problem.

Following Hausman, Hall, and Griliches (1984),
we choose a basic Poisson count estimation. In the
Poisson model, the count variable depit for firm i

in year t is assumed to follow a distribution as
follows:

depit |λit ∼ Poisson(λit ) (1)

We consider specifications of the form λit =
E(depit |Xit) = exp(Xitβ), where Xit is a vector
containing our independent and control variables.
Additionally, we allow λit to be a function not only
of observable variables Xit but also of unobserved
firm-specific effects. These firm-specific effects are
assumed to be time invariant and might be inter-
preted as differences in the possession of capa-
bilities or other factors that influence a firm’s
success in generating and litigating IP rights. In
the following, we denote these effects as µi and
introduce them in a multiplicative way (Cameron
and Trivedi, 1998; Hausman et al., 1984). Conse-
quently, our final regression model can be written
as

depit |λit , µi ∼ Poisson(λit ) (2)

with

λit = E(depit |Xit , µi) = exp(Xitβ + µi). (3)

A reformulation of Equation 3 yields the more
familiar log-linear form with

log(λit ) = log(E(depit |Xit , µi)) = Xitβ + µi.

(4)

Since, initially, we are not interested in the
absolute number of yearly oppositions filed by the
firm but rather in the share of yearly oppositions
filed relative to the total number of applications
filed per year, we include the logarithm of the
total number of patent applications PAit to the
set of independent variables. The average share of

over time. This could introduce a systematic selection bias. By
comparing the panel Poisson CFE results to those of a simple
panel Poisson model, we obtain an understanding of the magni-
tude of this effect.
24 More information is available from the authors upon request.
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oppositions relative to patent applications λ̃it can
then be expressed as

λ̃it · PA
γ

it = λ̃it · exp(γ log PAit )

= exp(Xitβ + µi + γ log PAit ). (5)

Note that λ̃it · PAit in Equation 5 can be inter-
preted as the count of oppositions filed by firm i in
year t. γ in Equation 5 is a measure of the returns
to scale in patent filing. Whereas a unit change
in a variable xk leads to a change in the con-
ditional mean by the amount E(depit |Xit , µit ) ×
βk and, therefore, to a proportionate change in
E(depit |Xit , µit ) by βk, the coefficient γ has to
be interpreted as the elasticity of the number of
firm-year oppositions filed with regard to PAit .
If the estimated value of γ is significantly differ-
ent from 1, the share of filed oppositions is not
proportional to the yearly number of patent appli-
cations. In particular, a coefficient larger than 1
could be interpreted as evidence of positive returns
to scale from patent filing activities. The estimated
coefficient β can be interpreted as the effect of
the independent and control variables on the share
of filed oppositions relative to patent applications
because the total number of patent applications is
included in the regressions.

EMPIRICAL RESULTS

Table 1 contains summary statistics for the major
variables used in the following analyses. Table 2
provides the Pearson correlations between the

major variables of interest. We find low to moder-
ate correlations across all variables.

Our main results from the multivariate Poisson
regressions are presented in Table 3. Table 3 sum-
marizes the tests we conducted in connection with
Hypotheses 1 and 2.

In Hypothesis 1, we postulated that a firm’s
downstream performance (as measured by the
patent opposition/patent application ratio)
decreases (increases) the more (less) the firm
sources upstream services (patent filing services)
externally. Table 3, Column A, provides empiri-
cal support for this hypothesis. The coefficient for
the outsourcing rate has a negative effect on the
downstream performance numerator, whereas the
effect of the log (downstream performance denom-
inator) is positive. The tests are carried out on
our entire sample. It also indicates (coefficient of
log(downstream performance denominator ) <1)
that firms that patent frequently are less likely than
other firms to engage in downstream activity rela-
tive to the size of their patent portfolio.

Also, Column B of Table 3 confirms Hypothesis
2. Although the degree to which a firm outsources
upstream (patent filing) services reduces its down-
stream (litigation) performance, similarity between
internal and external upstream activities can, as
a main effect, offset this total knowledge loss to
some extent, as expected.

DISCUSSION AND CONCLUSIONS

Little research exists on how a firm’s perfor-
mance is influenced by how it draws its boundaries

Table 1. Descriptive statistics

Variable Obs Mean Std. dev. Min Max

Downstream performance numeratora 7960 1.75 5.79 0 113
Downstream performance denominatora 7960 23.78 50.89 1 661
Outsourcing rate of upstream activitiesa 7960 0.48 0.45 0 1
Upstream similaritya 7960 0.20 0.34 0 1
Cumulative upstream activitiesa 7960 238.11 654.32 1 9,757
Upstream focus 7960 0.47 0.28 0.06 1
Fluctuations in the demand for upstream activitiesa 7960 6.81 12.98 0 363
Complex industry sharea 7960 0.70 0.46 0 1
Outsourcing rate of downstream activitiesa 7960 0.68 0.19 0 1
German applicant (0/1) 7960 0.42 0 1
UK applicant (0/1) 7960 0.12 0 1
French applicant (0/1) 7960 0.19 0 1

a Variable computed at the firm-year level.
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Table 2. Correlation of major variables

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) Downstream performance
numerator

1.00

(2) Downstream performance
denominator (log)

0.40 1.00

(3) Outsourcing rate of upstream
activities

−0.11 −0.18 1.00

(4) Upstream similarity 0.16 0.36 −0.14 1.00
(5) Cumulative upstream activities 0.60 0.43 −0.11 0.21 1.00
(6) Upstream focus −0.18 −0.50 0.08 −0.13 −0.20 1.00
(7) Fluctuations in the demand for

upstream activities
0.09 0.14 −0.05 0.13 0.30 −0.04 1.00

(8) Complex industry share 0.08 0.24 −0.01 0.05 0.09 −0.19 0.04 1.00
(9) Outsourcing rate of

downstream activities
−0.09 −0.07 0.24 0.00 −0.08 0.00 −0.05 −0.05 1.00

(Leiblein, Reuer, and Dalsace, 2002; Rothaermel
et al., 2006). Even less research focuses explic-
itly on the link between firm performance and
knowledge complementarities of vertically related
activities (Brusoni et al., 2001; Jacobides and
Billinger, 2006). Large-scale evidence for these
recent theoretical advances is lacking entirely.
Finally, the possibility of firms losing existing
knowledge through forgetting by outsourcing ver-
tically related activities—here termed ‘hidden out-
sourcing costs’—has been neither explicated theo-
retically nor tested empirically. Our results provide
an initial attempt to close these knowledge gaps
and to reinforce and refine the recent theoretical
understanding about the link between firm bound-
aries and firm performance.

The first aim of the paper was to put recent
theoretical conjectures on vertical knowledge com-
plementarities, gained from case-based work, on
more solid empirical ground. Despite the usual
limitations of large-scale tests as well as limi-
tations specific to our design,25 our findings as

25 We mention two potential caveats in particular. First, our
measure of institutional capacity constraints at the EPO is
imperfect in that we capture only aggregate capacity constraints
across industries. As is known from the literature (Harhoff and
Wagner, 2009), however, these capacity constraints may play out
in distinctly different ways across industries. Thus, our measure
may imperfectly capture the true capacity constraints for highly
technologically specialized firms. Second, despite our efforts to
exclude endogeneity distortions in our design, we cannot rule out
that more complex selection effects are at work in our sample
that we cannot capture with the present estimations. We deem the
problems minor given the various cross-checks we ran, however,
particularly given the confirmatory results of alternative dummy
variable estimations (Parmigiani, 2007). More information is
available from the authors upon request.

illustrated in Column A of Table 3 quite clearly
indicate that firms’ downstream performance (in
our setting, their ability to detect competitors for
proactive litigation purposes) decreases (increases)
the more (less) they outsource the preceding ver-
tically related upstream services (in our setting,
patent filings). A shift from complete integration
to complete outsourcing upstream leads to a 27
percent drop in litigation performance in our data.
We interpret these findings to confirm the relation-
ships we hypothesized in Hypothesis 1. We can
exclude that our results are a spurious effect driven
by the firm’s outsourcing of downstream (litiga-
tion) activities themselves. Moreover, our results
are robust across various specifications that include
fewer controls. The systematic selection bias intro-
duced by the CFE Poisson model is desirable,
given that we want to look at firms for which
knowledge complementarity matters.26 Naturally,
our findings, although expressed in general form,
are ultimately obtained within a particular context.
Hence, we seek to control for as many context-
specific variables as possible to ensure that our
central claim appears to be independent of the

26 The conditional fixed-effect model specifically drops those
firm-year observations when downstream success rates (oppo-
sition) are constant over time. In our sample, the vast majority
of these observations are cases in which firms file absolutely no
oppositions. These firms are to be considered structurally differ-
ent from the rest of the sample in that they appear to attribute no
value to downstream activities at all; hence, knowledge comple-
mentarities between upstream and downstream activities should
consequently not matter to them either, and it is desirable to
exclude them from the estimations. This being said, results are
quite robust across specifications even if we do not account for
conditional fixed effects (results available upon request).
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Table 3. Main results from the multivariate Poisson regressions

Downstream performance numerator

A B

Downstream performance denominator (log) 0.361∗∗∗ 0.351∗∗∗

[0.018] [0.018]
Outsourcing rate of upstream activities −0.312∗∗∗ −0.318∗∗∗

[0.059] [0.059]
Upstream similarity — 0.074∗∗

[0.037]
Upstream focus −0.675∗∗∗ −0.689∗∗∗

[0.090] [0.090]
Share of outsourced downstream activities 0.583∗∗∗ 0.588∗∗∗

[0.107] [0.107]
Fluctuations in the demand for upstream activities −0.003∗∗∗ −0.003∗∗∗

[0.001] [0.001]
Cumulative upstream activities (coefficient × 1000) −0.139∗∗∗ −0.142∗∗∗

[0.012] [0.011]
Complex industry share −0.051 −0.051

[0.033] [0.033]
German applicant 0.285∗∗∗ 0.285∗∗∗

[0.058] [0.058]
UK applicant −0.058 −0.058

[0.085] [0.085]
French applicant 0.072 0.072

[0.100] [0.100]

Year dummies YES YES
Content quality YES YES

Observations 6154 6154
Number of firms 373 373
Log-likelihood −7000.5 −6998.6

Downstream performance as a function of upstream outsourcing rate (conditional fixed effects Poisson models, standard errors in
parentheses). Dependent variable split into numerator (= number of patent oppositions) and denominator (= number of patent
applications). Denominator enters as explanatory variable in rearranged Poisson model.
Significantly different from 0 at the ∗ 10% level, ∗∗ 5% level, ∗∗∗ 1% level based on two-sided t-tests.

peculiarities of our empirical testing ground. These
control variables show the expected signs for the
most part; in particular, as we expected, the more
concentrated a firm’s overall patenting engage-
ment across few technology categories, the more
it misses out on learning about potential com-
petitors, which leads, in turn, to lower litigation
activity downstream.27 Moreover, we find confir-
matory evidence that firms with less downstream
dependence (i.e., firms with larger patent portfolios
as reflected by their cumulative upstream activi-
ties), an important construct in empirical settings
related to patent litigation, need to rely less on

27 A knowledge-unrelated mechanism for this finding would
involve the assumption that focused firms have less need for
downstream litigation. We cannot rule out that this mechanism
plays a role, but it does not strike us as particularly relevant.

downstream activities (and hence file fewer oppo-
sitions). It is likely that the variable does not,
as one could have thought ex ante, reflect prior
learning on the firm’s part because it does not
offset the knowledge losses from outsourcing.28

National idiosyncrasies in using specifically Euro-
pean litigation procedures exhibit an effect that
is independent of firm-specific attributes. Also,
firms that apply for more patent applications in
a given year suffer stronger performance dips than
do firms that apply for fewer patents. Finally, out-
sourcing downstream activities to litigation experts
increases downstream performance in Model 3A
(Table 3, Column A)—which is plausible but not
of major interest in this study as it does not sub-
stitute the effect of upstream outsourcing.

28 At least, no corresponding main effect is visible.
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The second aim of the paper was to refine our
understanding of the differences between vertical
integration benefits and vertical outsourcing costs,
if they exist. Particularly, we wondered whether
firms simply forget existing knowledge through
outsourcing. Our empirical setting appears highly
suited to study such hidden outsourcing costs. If
they exist at all, they should prevail in situations
when the outsourcing rate increases, just as is
the case in our data (see Figure 2).29 Moreover,
our setting appears suited for our tests for a sec-
ond reason. Namely, hidden outsourcing costs, if
at work, should be the only outsourcing-related
costs within the design we have chosen, as other
outsourcing-related costs appear to be negligible
in our setting.30 In turn, however, this means that
our data lends itself particularly well to the large-
scale examination of hidden outsourcing costs, as
these costs may explain to a large extent why
firms would still not outsource all of their upstream
activities.

As for Hypothesis 1, the context-specificity of
our data and the reference to underlying and par-
tially untested assumptions31 require us to inter-
pret our findings with respect to Hypothesis 2
cautiously. Within these confines, however, we
find empirical support for our second hypothe-
sis, although it is somewhat less stable than for

29 The overall average trend of more patent filing services being
sourced from external sources over time does not apply to
all firms in our sample. In order to exclude that our results
for upstream similarity would misleadingly be driven by the
learning of the subsample of firms that upscale their vertical
activities over time, we ran a series of robustness checks. More
information is available from the authors upon request.
30 Notably, within the IP value chain the outsourcing of upstream
(patent filing) services is associated with substantial efficiency
gains for firms as long as performance is measured solely along
a dimension of upstream performance (patent grant success) (see
Reitzig and Wagner, 2009).
31 We are unable to test whether all of our core assumptions are
being fulfilled. We therefore chose a different approach to assess
the distortions arising from a potential infringement of one or
several assumptions we make. Namely, we wondered whether
any potential combination of suppositional infringements could
cause our similarity to pick up knowledge-related effects other
than forgetting through outsourcing. Barring any such visible
combination of infringements, we conclude that any violation
of our assumptions will, at best, introduce a conservative bias
into our estimations. Additional note: characterizing forgetting-
related outsourcing costs by alternative measures that draw on
different assumptions led to counterintuitive results. More results
are available from the authors.

Hypothesis 1.32 To summarize, our results sug-
gest that hidden outsourcing costs do exist and that
they differ conceptually from their seeming flipside
of vertical integration benefit. In more detail, we
find that sourcing similar upstream services (patent
applications) in-house and from external suppliers
increases downstream performance, all else being
equal. As theorized, our interpretation is that simi-
lar internal and external sourcing patterns upstream
lead to an increased retention of knowledge inside
the corporation that will compensate for some of
the vertical outsourcing costs through forgetting.33

Notably, this also implies that forgetting through
outsourcing is one of the mechanisms at work in
our data.

That said, the forgetting of prior knowledge and
the missing of learning opportunities, a distinctly
different mechanism driving vertical knowledge
costs, may jointly account for the overall verti-
cal knowledge losses through outsourcing that we
detect. Although we cannot provide conclusive
evidence that firms did miss learning opportuni-
ties through excessive external sourcing, it does
appear as though, more generally speaking, fail-
ing to acquire downstream-related knowledge from
upstream activities harmed firms in our sample.
As in Model 3A, more narrowly focused firms
spot fewer competitors than other firms also in
Model 3B.

Despite its limits, we believe that the analysis in
this paper contributes to the literature on innova-
tion management as well as organization design
more broadly. Recently, the literature on firms’
strategic use of IP has begun to address questions
of organizational structure (Reitzig and Puranam,
2009; Somaya et al., 2007; Wagner, 2007). This
paper extends the current stream of research by
refining the picture of specialization advantages
and coordination needs (Reitzig and Puranam,
2009; Somaya et al., 2007) in the IP value chain

32 We ran a series of robustness checks in an attempt to exclude
that the findings for Hypothesis 2 are driven by specificities of
our data. Not all robustness checks support Hypothesis 2 equally
well; however, we can confidently exclude that our results are
regression artifacts that are spuriously driven by limitations of
our data, notably truncation. More information is available from
the authors upon request.
33 Looking at the marginal effect (percentage change in the
number of expected oppositions filed), retaining similar knowl-
edge can mitigate only about seven percent of the knowledge
loss in litigation caused through the outsourcing of patent fil-
ing, which we calculate to be 27 percent in Model 3B when
going from complete upstream integration to complete upstream
outsourcing.
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in that it reflects on the boundaries of the innova-
tive firm (Cassiman and Veugelers, 2006; Pisano,
1990; Wagner, 2007). Our research suggests that
knowledge complementarities exist not only within
the domain of IP generation (e.g., R&D see Cas-
siman and Veugelers, 2006) but also across the
spectrum of vertically related IP-protection tasks.
Firms appear to face a trade-off between lever-
aging the direct benefits from outsourcing patent
filing activities to external markets and losing
litigation-related knowledge. How the elucidation
of this trade-off depends on environmental con-
straints, particularly the strength of the appropri-
ability regime (Cohen et al., 2000), remains an
open question to be addressed in future studies.

Our findings are also likely to be relevant to
a broader audience of organizational scholars. At
a more general level we consider our findings to
be an empirical confirmation of recent theoreti-
cal advances in the knowledge-based theory of the
firm. Building on arguments of knowledge com-
plementarity across (vertically related) activities,
and adding the perspective of organizational mem-
ory (Cyert and March, 1963; Huber, 1991; Levitt
and March, 1988; March and Simon, 1958) to the
discussion, we propose and empirically test the
existence of hidden outsourcing costs. Our current
results confirm the existence of knowledge-based
complementarities between adjacent activities in
firms’ value chains and represent the first large-
scale test for these conjectures. Our results also
indicate that understanding the outsourcing-driven
knowledge-loss phenomenon along the value chain
requires applying lenses that are more sophis-
ticated than simple cost-benefit analyses, which
fail to consider the particularities of organiza-
tional learning versus forgetting. Whereas standard
economics would merely equate dynamic vertical
integration benefits with the opportunity costs of
knowledge losses from the outsourcing of verti-
cally related activities, we propose and find dif-
ferences between the processes of forgetting and
acquiring knowledge. Most importantly, a cautious
normative interpretation of our findings suggests
that vertically integrated firms should avoid tak-
ing the (short-term) bait of outsourcing without
considering its potential impact on their perfor-
mance in preceding or subsequent steps of the
value chain. Such considerations may lead firms
to outsource their core activities in a seemingly
inefficient way in that they try to source similar

activities both internally and externally to avoid
knowledge losses.

Within the confines of our specific empirical
design, we can make some additional interest-
ing and novel quantitative observations. Although
retaining knowledge through targeted upstream
outsourcing (= high similarity between internally
and externally sourced upstream production)
reduces vertical outsourcing costs, it cannot offset
them entirely. Furthermore, vertical outsourcing
costs are subject to the volume of total upstream
activities sourced by the firm, stressing the impor-
tance of implementing routines and procedures,
particularly in large firms that can counterbal-
ance the undesired evaporation of knowledge that
accompanies outsourcing. Finally, it appears from
specifications not presented in this paper as though
hidden outsourcing did not rise nonlinearly in the
level of upstream outsourcing. One future avenue
that appears to be particularly promising to us is
the study of further differences between integration
benefits through learning and forgetting-related
outsourcing costs. The sparse literature on orga-
nizational learning versus forgetting suggests that,
more often than not, forgetting through outsourc-
ing may happen more rapidly than learning through
integration. This is a consequence of the asym-
metries that occur when filling and emptying the
‘knowledge retention bins’ (Olivera, 2000; Walsh
and Ungson, 1991). Little is known about firms’
memory and forgetting as opposed to their learn-
ing (Shafer, Nembhard, and Uzumeri, 2001). The
existing experimental and empirical evidence sug-
gests several reasons, however, why firms should
forget faster than they learn, the most universally
applicable being personnel turnover (Benkhard,
2000; Darr et al., 1995;). Such turnover should,
all else being equal, always inhibit a firm’s learn-
ing and accelerate its forgetting. Data in addition
to ours are needed, however, to empirically inves-
tigate these questions.
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