
The open innovation (OI) paradigm emphasizes the importance of integrating inbound and outbound flows of tech-
nology to increase a firm’s innovation performance. While the synergies between technology inflows and outflows 
have been discussed in conceptual OI articles, the majority of empirical studies have typically focused on either 
the inward or the outward dimension of OI. According to recent reviews of OI literature, there is a need for fur-
ther research that takes an integrated perspective on this topic and studies the combination of the inbound and 
outbound dimensions of OI. This paper follows these calls by focusing on technology licensing as the main con-
tractual form for OI, and by investigating the relationship between technology in-licensing and out-licensing activ-
ities at the firm level of analysis. In particular, this paper argues that technology in-licensing positively influences the 
volume of technology out-licensing through two mechanisms. The first – resource-based – occurs because in-licensing 
investments expand and enrich the firm’s technology base, thus increasing its value and, as a result, creating more 
opportunities for out-licensing. The second – capabilities-based – occurs because, due to commonalities between 
technology in-licensing and out-licensing in terms of performed tasks and required skills, repeated execution of in-
licensing transactions contributes to the development of higher out-licensing capabilities and, as a result, increase 
out-licensing volume. These arguments are tested using a panel dataset of 837 Spanish manufacturing firms over the 
period 1998–2007. Consistent with the predictions, the empirical analysis shows that higher investments in in-
licensing and more extensive in-licensing experience lead to superior volumes of technology out-licensing. These 
results contribute to research on OI and licensing, by empirically showing the existence of positive interactions 
between technology inflows and outflows and of synergies in the development of absorptive and desorptive capacities.

Introduction

O
pen innovation (OI) has become a critical

management model in technological innova-

tion. It is defined as the “purposive inflows

and outflows of knowledge to accelerate internal inno-

vation, and expand the markets for external use of

innovation, respectively” (Chesbrough, 2006, p. i).

This definition emphasizes the importance of a bi-

directional technology flow, taking place from outside

to inside the firm (inbound OI), and from inside to

outside the firm (outbound OI). Through inbound OI, a

firm accesses discoveries and technologies of others

and integrates them into its own innovation processes.

Instead, through outbound OI a firm transfers proprie-

tary technologies to external actors for commercial

purposes (Bianchi, Cavaliere, Chiaroni, Frattini, and

Chiesa, 2011; Bianchi, Chiaroni, Chiesa, and Frattini,

2011). Both inbound and outbound OI can take multi-

ple forms (Bianchi, Croce, Dell’Era, Di Benedetto, and

Frattini, 2015). Among the most frequently used,

inbound OI includes mergers and acquisitions, joint

ventures, and in-licensing. Outbound OI entails spin-

offs, technology sale, inter-organizational collabora-

tions, and out-licensing (Lichtenthaler, 2005).

Prior studies in OI research have typically focused

on technology flows occurring in a single direction.

The majority of these studies have considered inbound

OI as the focus of their analysis (Laursen and Salter,

2006; Leone and Reichstein, 2012), and only a few of
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Hung and Chou (2013) find that the interaction

between inbound and outbound OI positively influen-

ces the firm’s financial performance. Cassiman and

Valentini (2015) show that organizations that engage

simultaneously in buying and selling technologies

enjoy larger sales of new products, but at the expense

of a more than proportional increase in R&D costs.

While these two studies examine the joint effect of

technology inflows and outflows on a firm’s overall

economic and financial performance, they do not

explore whether a relationship exists between the two

flows and what form it takes.

The same limitation applies to the vast stream of

research on R&D alliances. Studies in this field

explore how firms improve their innovation perform-

ance by engaging in strategic R&D alliances. These

studies show that R&D alliances have a positive influ-

ence on the innovation outputs and competitive

advantage of the firms involved in these inter-

organizational relationships (Jiang and Li, 2009; Mow-

ery, Oxley, and Silverman, 1996; Stuart, 2000), with

issues like physical and cultural proximity of technol-

ogy sources (Capaldo and Messeni Petruzzelli, 2015;

Coff, 2003; Ganesan, Malter, and Rindfleisch, 2005;

Lane and Lubatkin, 1998; Reuer and Lahiri, 2014;

Sampson, 2007), organization and management models

for R&D alliances (Capaldo and Messeni Petruzzelli,

2015; Uzzi, 1997) and R&D alliance experience

(Capaldo and Messeni Petruzzelli, 2011; Hoang and

Rothaermel, 2005; Sampson, 2005) determining the

intensity of the innovation gains. R&D alliances

research aims to explain under what conditions the

inter-organizational technology flows taking place

between the firms involved in the R&D alliance drive

superior innovation outputs. However, it does not

explain how and through what mechanisms inbound

and outbound technology flows influence each other.

For this reason, R&D alliances research typically over-

looks the interplay between the two technologies

flows, inside and outside the focal firm.

This paper attempts to fill this gap by empirically

investigating the influence of technology inflows on

technology outflows at the firm level. Technology

flows represent a particular form of knowledge flows

(as illustrated by Easterby-Smith, Lyles, and Tsang,

2008). This paper focuses on technology flows only, in

the form of technology licensing. Technology licensing

is defined as a “transfer of technology by means of a

contract of industrial property rights” (Guadamuz,

2005, p. 591). Licensing agreements can include also

contractual agreements for the use of trademarks,
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them have explored outbound OI (Bianchi, Campo-

dall’Orto, Frattini, and Vercesi, 2010; Lichtenthaler 
and Ernst, 2007). An integrated view of both OI 
dimensions, which Enkel, Gassmann, and Chesbrough 
(2009) name “coupled process” in OI, has instead 
received far less attention. Coupled OI processes entail 
a two-way interaction between the focal firm and 
external sources of technology, whereby the focal firm 
makes a combined use of both technology inflows and 
outflows. Firms aiming to maximize the returns from 
their R&D investments are thus suggested to act both 
as buyers and sellers in the expanding markets for 
technologies (Arora, Fosfuri, and Gambardella, 2001). 
This paper examines whether and how technology 
inflows have an impact on technology outflows.

To the best of our knowledge, only two recent stud-

ies have investigated inbound and outbound OI jointly.



service marks, and copyrights (Woznick, 1996), but

none of these forms of licensing are the focus of this

study. Through in-licensing, firms acquire (the rights

to use) technologies developed by external organiza-

tions and therefore realize inbound OI. Instead,

through out-licensing, firms commercialize (the rights

to use) internal technologies to outside partners,

thereby realizing outbound OI. These transactions

allow technology inflows and outflows to take place,

respectively.

Examining technology licensing, rather than R&D

alliances or other forms for OI, allows us to separately

consider the inbound and outbound dimensions of

technology flows. In particular, the formalized nature

of licensing agreements allows capturing the direction,

amount, and value of technology exchange between

the focal firms and external actors. By tracking licens-

ing in- and out-payments, it is possible to assign a

measure of quantity and quality to the technology

exchanged, which represents a contribution of this

study. Moreover, licensing has become increasingly

popular as a form for OI. Firms’ increasing propensity

to activate licensing agreements prompted some schol-

ars to talk about a “pro-licensing era” (Granstrand,

2004), as the value of these transactions worldwide

has approached US $100 billion annually (Athreye and

Cantwell, 2007). This growth is, however, not equally

distributed among firms. For instance, regarding out-

licensing, the above-mentioned growth is the conse-

quence of the increase of licensing business in a

minority of already active licensors, with the remain-

ing companies failing to realize significant monetary

returns from outbound OI (Lichtenthaler and Ernst,

2007).

Does technology in-licensing play a role in explain-

ing these large differences across firms in terms of vol-

ume of technology out-licensing? To answer this

research question, this paper distinguishes between

two potential effects of in-licensing on out-licensing

volume. The first is related to the amount and quality

of the technologies in-licensed. Using arguments from

the resource-based view of the firm (Barney, 1991),

this paper argues that larger investments in in-

licensing result in higher volumes of revenues from

out-licensing. The rationale is that inbound OI helps a

firm expand and enrich its technology portfolio, mak-

ing it more attractive to external organizations and

thus leading to higher levels of outbound OI. This

view is consistent with prior studies conceptualizing

patents and the underlying technologies exchanged

through licensing agreements as resources (Markman,

Espina, and Phan, 2004; Schilling and Steensma,

2002). The second is related to prior experience in in-

licensing deals. Drawing on the capabilities-based per-

spective (Lichtenthaler and Lichtenthaler, 2009) and

on a recent study elaborating on the benefits of licens-

ing experience (Bianchi and Lejarraga, 2016), the pres-

ent study proposes that, due to commonalities between

inbound and outbound OI in terms of performed tasks

and required skills, repeated execution of in-licensing

transactions contribute to the development of out-

licensing capabilities and, as a result, to higher out-

licensing volumes of revenues.

The conceptual framework of this paper is tested

using a panel data set of 837 Spanish manufacturing

firms observed during a 10-year time frame (from

1998 to 2007). The longitudinal nature of the present

analysis allows to take into account the delays between

technology creation and exploitation, which can be

particularly long in technological innovation processes

(Ahuja and Katila, 2001; Sampson, 2005). The find-

ings support the existence of a 2-year time lag before

technology inflows originating from in-licensing have

an impact on the outflows enabled by technology out-

licensing. Moreover, the empirical analysis shows that

both investments and experience in in-licensing posi-

tively influence the volume of out-licensing.

The present study provides a number of contribu-

tions to innovation research, from both a theoretical

and an empirical point of view. First, it sheds more

light on the “coupled process” in OI (Enkel et al.,

2009), providing original insights on the two-way

interaction model involving simultaneously technology

inflows and outflows between the focal firm and exter-

nal sources of technology. Second, this paper offers

new contributions to technology licensing research by

focusing on the relationship between inward and out-

ward technology flows, and analyzing the effects of

in-licensing determinants on out-licensing volume.

Third, the study extends the understanding of technol-

ogy creation and exploitation processes by adopting a

capability-based perspective. In particular, it comple-

ments existing research by providing additional sup-

port to the existence of a time span between the

acquisition of external technology and the ability of

the firm to understand, absorb, and transform it, in

order to ultimately generate new knowledge (Lane,

Koka, and Pathak, 2006). Finally, the use of a

“distributed lags” empirical procedure represents one

the first attempts in OI research to analyze the pres-

ence of a time delay that may occur between technol-

ogy inflows and outflows.



recently paid by scholars and managers to understand-

ing the drivers of superior out-licensing performance,

this issue appears particularly timely and important.

Therefore, this paper provides a detailed investigation

of the impact of in-licensing on out-licensing volume.

In the following, it argues that this impact may depend

on the size of in-licensing investments and on the extent

of in-licensing experience.

In doing so the theoretical framework relies on

both the resource-based view of the firm (Barney,

1991) and the capability-based perspective (Lich-

tenthaler and Lichtenthaler, 2009). The combination of

these two theories enables us to analyze in depth the

complex mechanisms behind technology out-licensing

and its dynamic interaction with in-licensing activities.

As such, technology out-licensing volume is the result

of two interconnected determinants, i.e., the technol-

ogy portfolio of the firm and its ability to exploit it on

the market for technologies.

As in-licensing is one of the most efficient ways

enabling companies to source external technology, it is

part of the resources creation process at the basis of

the competitive advantage of the firm. Technology

acquired through in-licensing can enrich or comple-

ment the technology portfolio of the focal firm and,

therefore, increase the internal resources available for

the generation of new technology, in line with the

resource-based view (Bianchi et al., 2015).

However, out-licensing volume produced by a firm

may be influenced not only by the size and quality of its

technology basis, but also by its ability to effectively acti-

vate and manage transactions in the market for technolo-

gies. Given the high transaction costs involved in

technology trade (Arora and Gambardella, 2010), the

quality of the technology may not be per se the only

determinant of the out-licensing volume, but—other

things being equal—the possibility to leverage technology

licensing-specific capabilities can reduce the uncertainty

and complexity involved in the transactions. Based on a

capability-based perspective, this paper suggests that the

experience in related activities, such as in-licensing, ena-

bles the firm to develop such specific capabilities, which

can ultimately benefit out-licensing volume (Bianchi and

Lejarraga, 2016; Lichtenthaler and Ernst, 2007).

The Impact of In-Licensing Investments on Out-
Licensing Volume

A resource-based perspective suggests that the volume

of technology out-licensing achieved by a firm may

depend on valuable, rare and difficult to imitate

The paper proceeds as follows. In the next section, 
it provides a review of the literature on technology in-

licensing and out-licensing and introduces the research 
hypotheses. Then, the empirical sections describe the 
dataset and the methodology, and present the results of 
the econometric estimates. Finally, a discussion of the 
main findings, in terms of theoretical and managerial 
contributions, concludes the paper.

Research Hypotheses

An important contribution of OI research to prior inno-

vation studies, such as those focused on absorptive 
capacity or user-driven innovation (Cohen and Levin-

thal, 1990; von Hippel, 1986), is the explicit integration 
of inbound and outbound technology flows (Lich-

tenthaler, 2011). While the relationship that exists 
between technology inflows and outflows is emphasized 
in theoretical OI research (Chesbrough, 2003; Enkel 
et al., 2009; Lichtenthaler and Lichtenthaler, 2009), it 
has received very limited empirical attention. Some 
exceptions are reviewed hereafter. Walter (2012) inves-

tigates both in-licensing and out-licensing transactions 
and their distinct potential to generate superior stock 
market returns, but he does not examine the anatomy of 
the interactions between the two OI modes. Studies on 
cross-licensing (see, among the others, Grindley and 
Teece, 1997) document the existence of bi-directional 
technology flows among partners, which are simultane-

ously technology buyers and sellers in the context of a 
single licensing deal. The birth and diffusion of markets 
for ideas allow firms to more easily adopt coupled OI 
processes, by buying and selling ideas and technologies 
at the same time, playing the roles of seekers and solv-

ers (Natalicchio, Petruzzelli, and Garavelli, 2014). 
Adopting a firm-level perspective, Lichtenthaler (2008) 
and van de Vrande, de Jong, Vanhaverbeke, and de 
Rochemont (2009) perform a cluster analysis showing 
that firms that combine inbound and outbound OI enjoy 
a higher operating margin than those companies that 
have opened their innovation processes only in one 
direction. In these articles, balanced open innovators are 
those firms that engage in coupled OI processes. Results 
by Hung and Chou (2013) and, although to a smaller 
extent, by Cassiman and Valentini (2015) highlight the 
economic benefits from pursuing a two-sided approach 
to OI. However, while these studies focus on the joint 
effects of technology inflows and outflows on the firm’s 
overall performance, they do not examine the influence 
of one flow on the other. Considering the attention



resources, such as the amount and quality of the tech-

nologies made available for commercialization (Bar-

ney, 1991; Bianchi, Frattini, Lejarraga, and Di Minin,

2014). In addition to the technology generated inside

the firm, typically within its R&D unit, a firm’s tech-

nology basis can be expanded and enriched through

the acquisition of technologies from external sources

(see Bianchi et al., 2015).

In-licensing is a form through which external tech-

nology acquisition may be implemented and therefore

it may feed the technology portfolio of a firm with

novel technologies from close or distant fields (Rigby

and Zook, 2002). The current rapid technological pro-

gress and convergence require companies to build and

maintain expertise in multiple technology domains

(Grant, 1996). In-licensing is a suitable method

through which firms gain access to the latest techno-

logical developments wherever they occur (Laursen

and Salter, 2006), thus fighting competency traps and

inertia (Levinthal and March, 1993). Laursen, Leone,

and Torrisi (2010) find that firms that rely on in-

licensing perform a wider exploration of the techno-

logical landscape—more distant from their existing

technological portfolio—compared with firms that do

not in-license.

Technology acquired from external sources can

then be recombined with internal assets and create

original and difficult-to-imitate resource configurations,

whose aggregated value is greater than the individual

worth of each single asset (Flemming and Sorenson,

2004; Kogut and Zander, 1992). The broader variety

of technology portfolios achieved by firms that

intensely invest in in-licensing enables the generation

of a larger number of technology combinations, which

may represent valuable out-licensing opportunities as

the firm looks for external partners to complete their

development and to commercialize the resulting prod-

ucts (Bianchi et al., 2014). A notable example of this

mechanism is the approach to innovation adopted in

Procter & Gamble (Brown and Anthony, 2011).

In-licensing also provides firms with a time advant-

age, as it speeds up the invention process (Markman,

Gianiodis, Phan, and Balkin, 2005). This occurs by

avoiding repetition of R&D tasks as well as by focus-

ing internal R&D resources on fewer and probably

more complex innovation problems (Leone and Reich-

stein, 2012). Rapid processes are particularly important

in technological innovation today, where knowledge

capital depreciates sharply, losing significant value in

few years (Ahuja and Katila, 2001). In-licensing thus

contrasts the decay of the value of the technology

portfolio, maintaining its attractiveness to external

partners.

In-licensing also contributes to the reduction of the

level of R&D risks. In-licensed technologies are typi-

cally at an advanced stage of development and have

better proven performance (Atuahene-Gima, 1993;

Roberts and Berry, 1984). A technology portfolio char-

acterized by a lower level of uncertainty can facilitate

the accomplishment of out-licensing deals. Indeed,

uncertainty about the value of technology, which is an

intangible, idiosyncratic, and predominantly tacit good,

is a key barrier to technology trade and to the develop-

ment of markets for technologies (Arora and Gambar-

della, 2010).

In light of the above arguments, this paper suggests

that firms with larger investments in in-licensing

develop a more valuable and attractive technology

basis that, in turn, translates into a higher volume of

out-licensing. Thus the following hypothesis is

presented:

H1: Firms with larger in-licensing investments
achieve higher out-licensing volume.

The Impact of In-Licensing Experience on Out-

Licensing Volume

The development of capabilities is cumulative and

dependent on past experience (Teece, Pisano, and

Shuen, 1997). Repeated engagements in the focal

activity, in this case licensing, activate an organiza-

tional learning process (Levitt and March, 1988). This

process implies the adaptation of existing routines, the

interpretation of past actions, and of their effective

implementation as a basis for current and future

actions and processes (Fiol and Lyles, 1985). The iter-

ation of “doing, learning, and doing some more”

allows the creation, retention, retrieval, and use of

essential knowledge that enables firms to perform

licensing activities in improved ways. Although

involving the same contractual form, the managerial

challenges of in-licensing and out-licensing may be

different. For the former process, it is critical to iden-

tify suitable technologies in the external landscape,

whereas the latter process requires searching for profit-

able market applications for the firm’s own technolo-

gies (Lichtenthaler, 2011). However, the nature of the

licensing process points to the existence of several

commonalities between in-licensing and out-licensing.

Although they are executed in the opposite direction,



deals. Greater in-licensing experience also provides a

firm with external visibility and market exposure,

which may foster market pull effects, reduce transac-

tion costs, and ultimately facilitate the accomplishment

of out-licensing deals at favorable conditions (Lich-

tenthaler and Ernst, 2007). As a consequence of their

embeddedness in the markets for technologies, fre-

quent licensee firms can collect information on licens-

ing opportunities from their technology suppliers and

develop a reputation as a reliable partner, whose col-

laborative behavior can be traced over multiple

transactions.

Therefore, the following hypothesis is presented:

H2: Firms with more extensive in-licensing experi-
ence achieve higher out-licensing volume.

Sample and Method

Data

The hypotheses are tested using data originating from

the Spanish Business Strategy Survey (SBSS), an

annual survey on a representative sample of Spanish

manufacturing firms. The survey was conducted by the

SEPI Foundation, and financed by the Spanish Minis-

try of Industry, Tourism and Commerce.1 This dataset

complements information about Spanish industry from

the “Industrial Survey” of the National Institute of Sta-

tistics (offering aggregate information at a sectoral

level), and the “Central of Balances” of the Bank of

Spain (providing information about financial activities

of companies).

The dataset includes a population of manufacturing

companies with more than 10 employees in the year

when the survey was launched (1990), observed during

the period 1998–2007. As the dataset collects data

from 1998 to 2007, it can include also firms with less

than 10 employees, as they could have left the com-

pany in the years between the launch of the survey

(1990) and 1998. The sample is widely representative

of the population of the firms in industrial Spanish sec-

tors, as it follows both the exhaustive and random

sampling criteria. Moreover, the questionnaire was

sent to all firms with more than 200 workers and to a

random sample of firms with less than 200 workers,

but more than 10 workers.

This survey has been extensively used for other

empirical studies in innovation, as it provides fine-

1More detailed information of the survey is available at www.funep.es. See Ben-

eito (2003) for a detailed description of the data.

the processes of acquiring and commercializing tech-

nology through licensing require the execution of simi-

lar activities, such as technology and market 
intelligence, partner selection, technology transfer and 
contract monitoring, and the ownership of equivalent 
skills of technical and legal nature, such as in intellec-

tual property valuation and negotiation (Lichtenthaler 
and Lichtenthaler, 2009).

Many firms have recently implemented organiza-

tional changes by establishing licensing departments 
that are responsible for both buying and selling tech-

nologies. This may be related to the complementary 
capabilities necessary to both acquire and sell technol-

ogy, and so employers simultaneously involved in in-

and out-licensing become more experienced in their 
job by alternatively sitting on both sides of the table 
(Bidault and Fischer, 1994). When instead firms man-

age inbound and outbound OI as stand-alone activities, 
by handing the former over to the R&D function and 
the latter to the legal department without coordination, 
they forego these synergies (Lichtenthaler and Lich-

tenthaler, 2010). As a result, leading open innovators 
international companies, such as Procter & Gamble, 
IBM, and Cisco have developed an organizational 
structure aimed at balancing inbound and outbound 
technology transfer, achieving a co-evolution of capa-

bilities and transaction costs based on learning effects 
in the market for technologies (Jacobides and Winter, 
2005).

Moreover, prior research has found that companies 
that take advantage of technology acquisition more fre-

quently engage in revenue-generating licensing trans-

actions, thus acting as brokers in their networks (Lowe 
and Taylor, 1998; Stuart, Ozdemir, and Ding, 2007). 
Employing a complementary perspective, and focusing 
on out-licensing experience, Bianchi and Lejarraga 
(2016) find that prior experience in out-licensing posi-

tively affects licensing revenues at a decreasing rate. 
They report that the effect of out-licensing experience 
on licensing revenues is strengthened in companies 
with a higher proportion of workforce endowed with 
advanced skills, whereas it is reduced in companies 
with a higher proportion of low-skilled employees. 
The findings of these studies may suggest positive syn-

ergies between the capabilities required to proficiently 
execute in- and out-licensing, like absorptive and 
desorptive capacity, respectively.

Based on these elements, this study argues that 
repeated execution of in-licensing transactions may 
thus generate useful expertise that can be leveraged 
for successfully initiating and concluding out-licensing

http://www.funep.es


grained information about R&D and innovative activ-

ities at the firm level, and it represents one of the most

comprehensive statistical sources about the Spanish

manufacturing industry. Different versions of the data-

set have been used in other studies on innovation (see,

among the others, Beneito, 2003, 2006; Bianchi and

Lejarraga, 2016; Bianchi et al., 2014; Kotlar, De Mas-

sis, Frattini, Bianchi, and Fang, 2013; Un, 2015). The

focus on the manufacturing sector is particularly valua-

ble in the context of the present research, because

manufacturing organizations do not rely on out-

licensing as their only technology exploitation mode,

like some nonmanufacturing organizations do (technol-

ogy transfer offices of research centers or universities,

innovation intermediaries, and patent trolls). Manufac-

turing firms may decide whether to exploit their tech-

nologies internally, through new product development,

or externally, by means of out-licensing. For this rea-

son, the sample of manufacturing firms helps us to

explore how technology in-licensing impacts technol-

ogy out-licensing, in a setting where the latter is not

the only technology exploitation path. Moreover, due

to the short life-cycle and fast obsolescence of their

products, manufacturing companies are forced to rely

more on innovations that come from external sources

(Tushman and Anderson, 1986). This means that OI

can take an important role in their innovation strategy.

SBSS is particularly appropriate here as it reports the

annual amounts of firms’ in-licensing investments and

out-licensing revenues, which represent the core ele-

ments of this study. As such, by controlling for the

internal development of new products, the influence of

in-licensing investments and experience on out-

licensing volume can be better isolated. Further, as

also suggested by Un (2015), Spain is a good setting

to study the proposed research question because it is a

developed country with a level of technology in

between the most advanced and backward countries.

As such, Spanish manufacturing firms are a suitable

ground for research in technological innovation,

because of the increasingly high investments in R&D

and innovation and the relative challenges in exploit-

ing their potential economic benefits (Bianchi et al.,

2014; Griffith, Huergo, Mairesse, and Peters, 2006).

Considering that the focus of this study is on the

relationship between firms’ out- and in-licensing activ-

ities, from the overall dataset population it includes

only the firms that report their out-licensing volume.

In particular, the sample used for the analyses includes

companies that report their out-licensing volume in at

least 9 out of 10 years of the dataset’s time span.

Thus, the empirical analysis is performed on a panel

of 837 firms over the time period 1998–2007. The

panel is unbalanced, as some firms stopped providing

information during the sample period for several rea-

sons, such as mergers or shutdowns. It implies that

throughout the period 1998–2007 some firms are

included in the panel dataset only for some years.

Table 1 shows the breakdown of the sample by

industries, and the corresponding average of in-licensing

investments and out-licensing volume (measured by rev-

enues). Consistent with previous studies (see Arora and

Gambardella, 2010; Arora et al., 2001), there is consid-

erable heterogeneity across industries in the use of

licensing. The data in the sample suggests that industries

like chemicals, plastics, and transportation equipment

exhibit higher out-licensing volume, consistently with

Bianchi and Lejarraga (2016). Also, in-licensing invest-

ments have a larger value than out-licensing revenues,

which is aligned with previous studies (van de Vrande

et al., 2009) that find that in-licensing is a far more

common OI practice than out-licensing.

Variables

Since the dataset used spans 10 years (1998–2007), all

observed panel variables represented in currency

amounts (Euro) are corrected to constant currency

terms. By doing so, all these variables are adjusted to

the comparable values. For example, one unit (Euro) of

the variable in the first year of the sample (1998)

weights around 36% more than one unit of the variable

in the last year of the sample (2007). A similar

approach has been proposed in prior panel data studies

(Henderson and Cockburn, 1996; Lilien, Morrison,

Searls, Sonnack, and von Hippel, 2002).2 The nominal

monetary values in the dataset were deflated by using

information on inflation from the Spanish National

Institute for Statistics (INE), taking the first year consid-

ered in the analysis (1998) as the reference year.

Dependent variable. To measure the firm’s volume

of technology out-licensing, the annual revenues

earned from out-licensing of technology to external

organizations is used. This monetary variable has been

used in previous studies on outbound OI (Bianchi

et al., 2014). The measure is given in Euros, and

because it is a highly skewed variable, its natural loga-

rithm is calculated and used, as commonly done in

2This inflation-adjustment procedure is frequently used in other panel data studies

because it strengthens the statistical models (Arellano and Bond, 1991).



other similar studies (Gambardella, Giuri, and Luzzi,

2007). This variable is named Technology Out-

licensing Volume(i, t) (TOLV(i, t)).

Independent variables. The survey provides the

monetary in-licensing investments made by a firm each

year. In particular, this measure captures the amount of

money spent to in-license technologies from external

organizations. Technology in-licensing investments cap-

ture both the quantity and quality of the acquired tech-

nologies. As regards the former, larger in-licensing

investments should allow a bigger number of technolo-

gies to be in-sourced. As regards the latter, larger in-

licensing investments should allow the focal firm to

acquire more innovative, advanced and/or proven tech-

nologies. Overall, a firm that invests more in in-

licensing should enjoy more valuable additions to its

technology basis, thus increasing its potential for subse-

quent exploitation.

Because the values of in-licensing investments are

given in Euros and have a highly skewed distribution,

the natural logarithm of the variable is employed. In the

study the name of this variable is Technology In-

licensing Investments(i,t) (TILI(i,t)). This variable has

been used by other studies (Beneito, 2006; Bianchi and

Lejarraga, 2016) and is here applied to test H1. The

methodology employed follows a “distributed lags” pro-

cedure (Ahuja and Katila, 2001), as three different time

lags are introduced for the in-licensing investments vari-

able: 1-year lag, which measures annual in-licensing

investments in the year prior to the observed out-

licensing volume (the dependent variable); 2-year lag,

which measures annual in-licensing investments made

two years prior to the observed out-licensing volume;

3-year lag, which measures annual in-licensing invest-

ments made three years prior to the observed out-

licensing volume. These different lagged measures are

included in separate empirical models as well as com-

bined together in a single model. Time lags are used to

account for temporal precedence: technology inflows

may take some time before they actually have an effect

on technology outflows.

To test H2, which deals with the influence of in-

licensing experience on out-licensing volume, two

slightly different but complementary variables are

used. The first, Number of Years Firm In-Licensed(i, t)

(NYFIL(i, t)), counts the number of years in which each

firm has engaged in in-licensing activities, prior to the

observed out-licensing revenues. A similar approach has

been used by Bianchi and Lejarraga (2016), but in the

current study the in-licensing experience is calculated

within a three-year window. By restricting the time

Table 1. Sample Breakdown According to Industry’s Mean Volume of Technology Out-licensing and

In-licensing Investments in Euros

Industry No. of Firms

Mean Volume of Technology

Out-licensing

Mean Investments in Technology

In-licensing

1. Meat products 23 0 46.08

2. Food and tobacco 84 10,451.97 317,636.00

3. Beverage 11 0 52,093.59

4. Textiles and clothing 66 0 10,926.55

5. Leather, fur, and footwear 21 94.07 197.22

6. Timber 22 0 7,034.15

7. Paper 31 1,434.91 11,965.45

8. Printing 44 118.50 5,267.15

9. Chemicals and pharmaceuticals 57 111,868.00 624,100.70

10. Plastic and rubber products 53 218,468.45 131,011.90

11. Nonmetal mineral products 57 9,699.22 193,823.50

12. Basic metal products 35 1,291.13 104,378.10

13. Fabricated metal products 90 0 18,686.63

14. Agricultural and industrial

machinery and equipment

64 11,307.00 42,810.03

15. Computer products, electronics,

and optical

12 7,054.63 14,253.22

16. Electric materials and

accessories

43 0 83,309.41

17. Vehicles and accessories 46 41,771.07 5,356.126.00

18. Other transport equipment 14 166,502.00 136,897.20

19. Furniture 46 911.02 6,151.30

20. Other manufacturing 18 0 73,442.54

Total Mean 837 29,048.60 (EUR) 359,507.84 (EUR)



period used to measure in-licensing experience to three

years, it is assumed that recent experience is more rele-

vant in affecting out-licensing than experience on in-

licensing deals concluded in the more distant past. So,

if in 2003 the firm has in-licensed technologies in both

2001, 2002, and 2003, the value of the variable Number

of Years Firm In-Licensed in 2003 is 3. Instead, if the

firm has in-licensed only in 2001 and 2003, the count

variable will take the value of 2.

The second variable used to test H2 is Firm Contin-

uously In-Licensed(i, t) (FCIL(i, t)), which measures

instead the firm’s continuous, uninterrupted, engagement

in in-licensing, considering a three-year time window

(as for NYFIL, the same year in which the out-licensing

volume is observed and the two preceding years). It is a

binary variable that takes the value of 1 if the focal firm

continuously in-licensed in all three years, and the value

of 0 if it did not. The rationale for including in-licensing

continuity in the empirical analysis is to capture the

extent to which the learning-by-doing knowledge accu-

mulated from experience deteriorates when a firm stops

performing the focal activity (namely, in-licensing) or

performs it in an intermittent way.

Control variables. The control variables included

enable us to better assess the effect of in-licensing

investments and experience on out-licensing volume.

The variable R&D Intensity(i, t) (RNDI(i, t)) captures

the firm’s overall technology development investments

and innovative capacity. It is calculated as the ratio of

the annual R&D investments over yearly sales. It repre-

sents an important control in the context of the current

research, as this variable has been commonly used in

previous literature as a measure of absorptive capacity

(Zahra and George, 2002). Higher R&D intensity may

allow a firm to better search, assimilate, transform, and

exploit the in-licensed technologies, and thus may influ-

ence its technology exploitation potential.

The models also control for the patenting activity

of a firm, which is measured as the count of new pat-

ents registered by the firm in the observed year (Pat-

ent Portfolio(i, t) (PP(i, t))). This variable captures a

firm’s innovativeness, and it is particularly important

as the majority of licensed technologies are patented

(Bianchi and Lejarraga, 2016).

Number of New Product Innovations(i, t) (NNPI(i, t))

is used to measure the firm’s output of its internal

technology exploitation activity in the form of new

product development. Also, this variable represents a

key control in this study because it allows us to con-

sider the alternative, internal path available to firms

for exploiting their technologies, and so to better

assess the role of in-licensing on the firm’s pursuit of

the external exploitation channel by the means of out-

licensing. Other things being equal, a higher rate of

new product development may reduce the firm’s reli-

ance on out-licensing, as the firm could primarily

apply new technologies into new products.

Following Bianchi et al. (2014), the variable Manu-

facturing Assets(i, t) (MA(i, t)) also controls for the

intensity of complementary manufacturing assets in

the firm, which is calculated as the ratio of the value

of a firm’s tangible fixed assets over total assets. This

variable may influence the decision of whether a given

technology should be out-licensed externally, as

opposed to internally incorporated into products. The

lower the manufacturing assets intensity, the more

likely a firm will rely on out-licensing.

The models include also controls for firm Size(i, t)

(SIZE(i, t)), measured as the total number of employees

in the firm, and firm Age(i, t) (AGE(i, t)), calculated as

the number of years from the year of foundation of the

company. Finally, industry and year dummies have also

been included in all the statistical models to control for

shocks and other unobservable changes related to indus-

try- and time-specific characteristics, respectively.

Methodology

This paper aims to investigate the influence of technol-

ogy in-licensing on out-licensing volume at the firm

level. This section explains the methodological proce-

dure applied.

All statistical models in this study use the same

dependent variable, which is Technology Out-

Licensing Volume(t). As it is a “sales” type of vari-

able, it is typically highly correlated with its lagged

values (Arellano and Bond, 1991). Therefore, to

account for this issue the lagged dependent variable

among the covariates, labeled as Technology Out-

Licensing Volume(t21) has been included in the models.

Additionally, the relationship between technology in-

licensing and out-licensing may be endogenous in its

nature, because a positive association between in-licensing

and out-licensing might also be driven by reverse causality

and unobserved heterogeneity. The out-licensing volume

is closely related to unobservable characteristics, such as

chief executive officer or top management team character-

istics, or the technological nature of the innovation. If

these unobservable characteristics also influence the pro-

pensity of a firm to in-license technology, a spurious



� Model 1 uses the Technology In-Licensing Invest-
ments(t21) – TILI(i, t21) as an independent variable:

TOLVði; tÞ5a1b1 � TOLVði; t21Þ1b2 � TILIði; t21Þ

1c1 � RNDIði; tÞ1c2 � PPði; tÞ1c3 � NNPIði; tÞ1

1c4 �MAði; tÞ1c5 � SIZEði; tÞ1c6 � AGEði; tÞ1gðiÞ1eði; tÞ

� Model 2 uses the Technology In-Licensing Invest-
ments(t22) – TILI(i, t22) as an independent

variable:

TOLVði; tÞ5a1b1 � TOLVði; t21Þ1b2 � TILIði; t22Þ

1c1 � RNDIði; tÞ1c2 � PPði; tÞ1c3 � NNPIði; tÞ1

1c4 �MAði; tÞ1c5 � SIZEði; tÞ1c6 � AGEði; tÞ1gðiÞ1eði; tÞ

� Model 3 uses the Technology In-Licensing Invest-
ments(t23)—TILI(i, t23) as an independent

variable:

TOLVði; tÞ5a1b1 � TOLVði; t21Þ1b2 � TILIði; t23Þ1c1

�RNDIði; tÞ1c2 � PPði; tÞ1c3 � NNPIði; tÞ1

1c4 �MAði; tÞ1c5 � SIZEði; tÞ1c6 � AGEði; tÞ1gðiÞ1eði; tÞ

� Model 4 uses the Technology In-Licensing Invest-
ments(t21)—TILI(i, t21), Technology In-Licensing
Investments(t22)—TILI(i, t22), and Technology In-
Licensing Investments(t23)—TILI(i, t23) as independ-

ent variables:

TOLVði; tÞ5a1b1 � TOLVði; t 21Þ1b2 � TILIði; t 21Þ

1b3 � TILIði; t 22Þ1b4 � TILIði; t 23Þ1c1 � RNDIði; tÞ1

1c2 � PPði; tÞ1c3 � NNPIði; tÞ1c4 �MAði; tÞ1c5 � SIZEði; tÞ

1c6 � AGEði; tÞ1g ið Þ1e i; tð Þ

� Model 5 uses the Number of Years Firm In-Licen-
sed(t)—NYFIL(i, t) as an independent variable:

TOLVði; tÞ5a1b1 � TOLVði; t 21Þ1b2 � NYFILði; tÞ

1c1 � RNDIði; tÞ1c2 � PPði; tÞ1c3 � NNPIði; tÞ1

1c4 �MAði; tÞ1c5 � SIZEði; tÞ1c6 � AGEði; tÞ1gðiÞ1eði; tÞ

� Model 6 uses the Firm Continuously In-Licen-
sed(t)—FCIL(i, t) as an independent variable:

TOLVði; tÞ5a1b1 � TOLVði; t 21Þ1b2 � FCILði; tÞ

1c1 � RNDIði; tÞ1c2 � PPði; tÞ1c3 � NNPIði; tÞ1

1c4 �MAði; tÞ1c5 � SIZEði; tÞ1c6 � AGEði; tÞ1gðiÞ1eði; tÞ

In all equations the subscripts i and t refer to firm and

time (year), respectively; a represents the constant

term; b1, b2, b3, and b4 are the regression coefficients

3This enables us to include in our models the autoregressive component of the

dependent variable, and also to partially capture the effect of the out-licensing

experience (investigated more in detail in Bianchi and Lejarraga, 2016).

correlation between in-licensing and out-licensing follows 
because of unobserved heterogeneity.

For these reasons, we employed a dynamic panel 
data approach, and more specifically a system GMM 
estimation procedure. The dynamic panel data 
approach is suitable considering that in the used panel 
dataset the dependent variable is autoregressive, and 
it is highly dependent over time. Under this condition 
the system GMM is the most appropriate choice. Fur-

ther, the system GMM enables us to take into consid-

eration the endogenous nature of the relationship 
between in-licensing and out-licensing (for a similar 
approach see Blundell and Bond, 1998; Colombo, 
Croce, and Murtinu, 2014; Grilli and Murtinu, 2015). 
Articles by Roodman (2009a,2009b) provided further 
guidance in the choices for a suitable statistical pro-

cedure. The system GMM estimation was chosen also 
because of the following reasons: (i) the dataset fits 
the criterion of “small T, large N,” which means short 
time series and large number of firms (in the case of 
the final sample, T 5 10 years and N 5 837 firms); (ii) 
we assumed a linear functional relationship; (iii) vari-

ables included in the models are not strictly exoge-

nous, and could be correlated with past or current 
realizations of the error.

All regressors (except age, year dummies, and 
industry dummies) are assumed endogenous. By means 
of system GMM, the lags of the endogenous regressors 
were used to control for this issue. The choice of lags 
is made through adjustments with the Hansen test, 
which has been used to assess the validity of instru-

ments used in the models (results are reported in Table 
3). The instrument matrix is collapsed in order to limit 
the number of instruments.

All six statistical models include Technology Out-

Licensing Volume(t) as dependent variable, and a one-

year lagged value of the dependent variable (Technol-

ogy Out-Licensing Volume(t21)) in the right part of 
modeling equation.3 To make regression equations 
more understandable, each model is reported below:



of the corresponding independent variables; c1, c2, c3,

c4, c5, and c6 are the regression coefficients of the cor-

responding control variables; g(i) represents an unob-

served individual specific effect; and e(i, t) is the error

term of the i-th cross-sectional unit.

Results

Table 2 contains descriptive statistics and correlations

of the study variables. To assess the potential threat of

collinearity, the variance inflation factors (VIF) were

estimated. Results confirm that no VIF is greater than

6.56, which is significantly lower than the commonly

used maximum VIF threshold of 10 (Hair, Anderson,

Tatham, and Black, 1998; O’Brien, 2007). So, the

empirical test proceeds with the dynamic panel data

analysis.

Table 3 reports the results from the system GMM

estimation performed, including all six models that are

described in the previous section.4 All the regressions

shown in Table 3 passed the Hansen tests, reassuring

us about the validity of the instruments employed.

Models 1, 2, 3, and 4 test the effect of technology

in-licensing investments on technology out-licensing

volume (Hypothesis 1). Models 1, 2, and 3 show the

influence of different time lags for in-licensing invest-

ments, separately. Model 1 displays a positive—but

not significant—influence of in-licensing investments

on out-licensing volume in 1-year lag. Instead, the

coefficients of the 2- and 3-year lags are positive and

strongly significant (p< .01). Model 4 has as input all

three lagged variables for technology in-licensing

investments and investigates their effect on out-

incensing volume. This joint analysis confirms the sig-

nificant positive coefficients of 2- and 3-year lag varia-

bles (p< .1 and p< .01, respectively), whereas 1-year

lag variable is still positive but not significant. To fur-

ther explore the results shown in Model 4, an addi-

tional test on the joint effect of the three lagged

variables related to technology in-licensing invest-

ments has been performed by the use of a Wald test

on the sum of the three coefficients. The joint effect is

positive (0.255) and the Wald test rejects the null

hypothesis that such sum is equal to 0. All in all, the

empirical results support H1 as they indicate a positive

influence of in-licensing investments on out-licensing

volume. In particular, they show the time pattern of

Table 2. Product Moment Correlations and the Summary Statistics

1 2 3 4 5 6 7 8 9 10

1. Technology

out-licensing

volume (t)

1

2. Technology

in-licensing

investments (t)

0.21*** 1

3. Number of years

firm in-licensed (t)

(current, lag-1 and

lag-2 year)

0.20*** 0.93*** 1

4. Firm continuously

in-licensed (t) (current,

lag-1 and lag-2 year)

0.16*** 0.90*** 0.93*** 1

5. R&D intensity(t) 0.24*** 0.12*** 0.11*** 0.08*** 1

6. Patent portfolio (t) 0.35*** 0.17*** 0.15*** 0.12*** 0.22*** 1

7. Number of new

product innovations (t)

0.04*** 0.03** 0.03** 0.03** 0.09*** 20.00 1

8. Manufacturing assets (t) 20.12*** 20.08*** 20.08*** 20.06*** 20.14*** 20.07*** 0.00 1

9. Size (t) 0.23*** 0.34*** 0.29*** 0.27*** 0.14*** 0.10*** 0.02 20.04*** 1

10. Age (t) 0.10*** 0.15*** 0.17*** 0.14*** 0.09*** 0.05*** 0.03** 20.08*** 0.13*** 1

Number of observations 7396 7396 7396 7396 7396 7396 7396 7396 7396 7396

Mean 0.26 1.19 0.28 0.07 0.56 0.56 2.43 80.92 244.52 28.31

Standard error 1.80 3.73 0.83 0.26 2.23 6.54 16.27 18.21 642.01 21.76

Minimum 0 0 0 0 0 0 0 0 3 1

Maximum 18.22 19.28 3 1 98.92 233 426 100 10,180 172

Note that industry and year dummies are included in the analysis, but are not presented in the correlation matrix.

*** p-value< .01; ** p-value< .05.

4The significance and specifications of the dummy variables are not reported,

because of their marginal importance in the context of this research.



the effects of in-licensing investments on out-licensing

volume, with investments made in the preceding two

years playing significant influence on the amount of

revenues that a firm earns through technology out-

licensing. This positive effect is stronger when consid-

ering the in-licensing investments made three years

before.

Models 5 and 6 examine the influence of technology

in-licensing experience on technology out-licensing vol-

ume, as stated in H2. Model 5 includes as independent

variable the count of years in which the firm has in-

licensed technologies. The regression coefficient for this

variable is positive and significant (p< .05). Model 6

presents as independent variable the dummy indicating

whether a firm has continuously in-licensed technology

in a three-year window. The regression coefficient for

this variable is positive and strongly significant

(p< .01). So, both models find that a firm’s prior in-

licensing experience has a significant positive effect on

out-licensing volume, thus supporting H2.

As regards controls, they show a positive and sig-

nificant effect for firm’s R&D intensity and patent

Table 3. Results from the System GMM Regression

Dependent variable:

Technology out-

licensing volume(t) Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Technology in-

licensing

investments(t21)

0.021 (0.015) 0.008 (0.033)

Technology in-

licensing

investments(t22)

0.049*** (0.016) 0.087 (0.045)

Technology in-

licensing

investments(t23)

0.192*** (0.033) 0.161*** (0.038)

Number of years

firm in-licensed(t)

0.157** (0.063)

Firm continuously

in-licensed(t)

1.014*** (0.228)

R&D intensity(t) 0.090*** (0.011) 0.060*** (0.014) 0.184*** (0.030) 0.173*** (0.041) 0.041*** (0.009) 0.023 (0.012)

Patent portfolio(t) 0.057*** (0.002) 0.045*** (0.002) 0.055*** (0.004) 0.053*** (0.004) 0.050*** (0.002) 0.045*** (0.002)

Number of new

product

innovations(t)

20.001 (0.001) 20.001 (0.002) 0.004 (0.003) 0.004 (0.004) 0.000 (0.002) 20.001 (0.001)

Manufacturing

assets(t)

20.001 (0.002) 20.002 (0.002) 20.001 (0.006) 20.002 (0.007) 20.002 (0.002) 20.002 (0.003)

Size(t) 0.000 (0.000) 0.001** (0.000) 20.000 (0.000) 20.000 (0.000) 0.001*** (0.000) 0.001*** (0.000)

Age(t) 0.000 (0.001) 20.001 (0.001) 20.003 (0.002) 20.005 (0.003) 20.001 (0.001) 20.003 (0.001)

Technology out-

licensing

volume(t21)

0.414*** (0.017) 0.390*** (0.023) 0.137*** (0.035) 0.134** (0.055) 0.402*** (0.025) 0.421*** (0.026)

Year effects (year

dummies)

Included Included Included Included Included Included

Industry effects

(industry

dummies)

Included Included Included Included Included Included

Number of groups 837 837 837 837 837 837

Number of

observations

7396 6576 5752 5732 7396 7396

Number of

instruments

83 81 79 80 81 81

Hansen 46.75 48.45 33.03 32.53 45.41 44.36

Notes: Standard errors in parentheses next to coefficient estimates. Constant terms included in the estimates (coefficients omitted in the table). Esti-

mates are derived from the two-step system GMM estimator with finite sample correction (Windmeijer, 2005). Hansen is the test of the validity of

the overidentifying restrictions based on the efficient two-step system GMM estimator. Moment conditions of endogenous variables start from t23

(t22) for instruments in levels (differences). AR1 and AR2 tests confirm the presence of first-order serial correlation, but exclude second-order serial

correlation, respectively (tests omitted in the table).

*** p-value< .01; ** p-value< .05.



portfolio on out-licensing volume throughout all the

six models.

Finally, with respect to the dynamic nature of the

employed panel dataset, the coefficient of the 1-year

lagged technology out-licensing volume is always pos-

itive and significant (p< .01), as expected.

Robustness Checks

To test the robustness of the above findings three

different sets of checks are performed. First, accord-

ing to the approach of Bianchi and Lejarraga (2016)

a further model including the workforce’s skills as

an additional control variable has been tested. As

they show that advanced skills of workforce posi-

tively impact the out-licensing performance, this

could potentially influence also the results. Obtained

results are consistent with those presented in Table 3

(results are available upon request from the authors).

Second, as only the firms that report their out-

licensing revenues in at least 9 of the 10 years

between 1998 and 2007 were included in the final

sample, this may generate a problem of sample selec-

tion bias. To test for the existence of a sample selec-

tion bias, Wooldridge’s (1995) variable addition test

has been applied, following the methodology proposed

by Semykina and Wooldridge (2006), which is appro-

priate in the presence of unobserved heterogeneity and

endogenous regressors. The first step consisted of esti-

mating a probit model on companies reporting or not

reporting their revenues from technology out-licens-

ing.5 In the second step, the estimated coefficients of

this first model were used to obtain the inverse Mill’s

ratio control factor for all firms that constitute the

dataset’s overall population. Finally, this time-varying

ratio was inserted in the main system GMM regres-

sions as a variable controlling for the unobserved het-

erogeneity that affects a firm’s probability of being

sampled.6 The results for all the models indicate that

inverse Mill’s ratio coefficients are not statistically sig-

nificant, meaning that no remarkable sample selection

bias exists in the analysis, therefore firms reporting

licensing revenues do not significantly differ from the

others. Moreover, the inclusion of the inverse Mill’s

ratios does not significantly influence the main results

of this study, which remain in line with the main ones

presented in Table 3 (results are available upon request

from the authors).

Finally, the main system GMM regressions were

replicated on the SBSS sample of 2014 firms between

the time period 1998–2007, following Bianchi and

Lejarraga (2016). This enables also to relax the con-

servative approach used to build the sample for the

main analyses discussed in the previous section. The

results are in line with the main findings presented in

Table 3 (results are available upon request from the

authors).

Discussion and Conclusion

This study empirically investigates the influence of

technology inflows on technology outflows, two key

components of the OI model. Particularly, it focuses

on licensing as a main contractual form for OI, and

shows that larger investments in in-licensing and more

extensive in-licensing experience drive superior vol-

ume of technology out-licensing.

This paper has implications for research into OI

and licensing, primarily. With regard to OI, the study

offers a holistic perspective on the OI paradigm, inte-

grating inbound and outbound approaches. While such

a perspective is common in theoretical OI articles, it

has not been so in empirical studies, which have typi-

cally focused on either the inward (Laursen and Salter,

2006) or the outward dimension of the model (Bianchi

et al., 2010). The results about the positive relationship

between in-licensing and out-licensing suggest that

there is a need for jointly observing inbound and out-

bound OI processes, and it provides empirical support

to the concept of coupled OI process, which has been

proposed by Enkel et al. (2009) but limitedly tested.

The positive influence that in-licensing exerts on

out-licensing volume supports the results by Lich-

tenthaler (2008) and van de Vrande (2009), who find

that firms opening up their innovation processes tend

to do so in both directions. The balanced open innova-

tors mentioned in these studies are those organizations

that actively engage in both external technology acqui-

sition and commercialization, which means that they

adopt coupled OI processes. Their approach may

derive from an integrated technology strategy that is

open to the innovation opportunities offered by the

external environment (Chesbrough, 2003).

The positive relationship between in-licensing and

out-licensing is observed despite the phenomenon

5Dependent variable in this model is the binary variable taking value 1 if the

company reports out-licensing revenues, and value 0 if it does not. Independent

variables for the probit sample-selection model are variables that describe general

firm characteristics (size, age, industry, and R&D intensity) and a dummy variable

capturing whether the firm reported the amount of in-licensing investments or not.
6A similar methodology has been applied in the papers by Colombo, Grilli, Mur-

tinu, Piscitello, and Piva (2009) and Colombo et al. (2014).



formed, before it can be applied. External technology

goes under three types of learning throughout this pro-

cess—exploratory learning, transformative learning,

and exploitative learning (Lane et al., 2006). This

work supports this, as it shows that recent technology

in-licensing investments do not have any influence on

the current out-licensing volume, however former tech-

nology intakes and experience with inbound technol-

ogy transfers have a significant and positive influence

that even becomes more significant as the focus shifts

from a 2-year to a 3-year time gap.

From an empirical point of view, the use of a

“distributed lags” procedure to study the effects of in-

licensing investments on out-licensing volume repre-

sents another contribution of this study. Few research-

ers in OI research have used this methodological

approach (Ahuja and Katila, 2001), notwithstanding

the long duration of innovation processes and the exis-

tence of significant delays between causes and their

effects. The analysis of this study shows that the influ-

ence played by the technology acquired through in-

licensing on out-licensing revenues has a positive

effect after a certain period of time (i.e., two years),

and that this effect becomes stronger as the time

passes (i.e., three years). However, this does not mean

that this effect does not diminish in a longer time win-

dow (as knowledge decay perspective proposes). How-

ever, as the dataset is limited to 10 years of

observations, it limits the possibility to track the influ-

ence of longer time gaps. This is consistent with the

idea that external technology acquired through in-

licensing should be absorbed by the firm and adapted

to the existing technology and routines, in order to

incorporate it into operations and exploit it (Jansen

et al., 2005; Zahra and George, 2002).

This paper also contributes to the growing body of

research on technology licensing, which is a practice

that is gaining relevance in firms’ corporate strategies

as a way to exploit technology assets, which is com-

plementary or alternative to internal new product

development. In particular, the results of this paper

inform the debate on the determinants of out-licensing

volume. While prior studies (Bianchi, Cavaliere, et al.,

2011; Bianchi, Chiaroni, et al., 2011; Lichtenthaler

and Ernst, 2007) have examined different factors—

from organizational (like the establishment of a dedi-

cated function to licensing) to human (like the scien-

tific skills of the licensing managers), from resource

based (like the marketing resources of a firm) to pro-

cess based (like the systematic nature of the licensing

process)—this is one of the first studies to explore the

described by some scholars, according to whom more 
intense acquisition of external technologies may 
reduce the external technology commercialization 
potential of the firm. The logic is that in order to earn 
higher margins from its R&D activities and avoid act-

ing as a mere innovation intermediary, technology 
acquired from external sources should be exploited 
internally (also, clauses in the in-licensing contract 
may prohibit the firm to out-license the in-licensed 
technology). Similarly, to realize out-licensing oppor-

tunities, it is desirable to create the related technology 
internally. While these effects may occur at the level 
of a single technology, they do not seem to play a role 
at the firm level. Instead, the presented empirical anal-

ysis suggests that firms adopting OI might act as tech-

nology brokers in their industrial networks, by actively 
managing their portfolio of in-licensing and out-

licensing deals (Walter, 2012).

By considering in-licensing experience, this study 
advances the capability-based understanding of tech-

nology transactions. Consistent with the OI paradigm, 
which assumes complementarity between technology 
inflows and outflows, this paper provides evidence that 
in-licensing experience positively influences the vol-

ume of technology out-licensing. This result informs 
the vibrant OI debate by supporting the existence of 
synergies in the development of absorptive and desorp-

tive capacities. This evidence therefore complements 
existing anecdotal evidence of firms, like in the case 
of Lucent (Amesse and Cohendet, 2001), that, by 
engaging in bi-directional technology transfers, achieve 
a co-evolution of absorptive and desorptive capacity 
and their mutual reinforcement. The fact that absorp-

tive and desorptive capacities go hand in hand may 
support the conceptual framework developed by Lich-

tenthaler and Lichtenthaler (2009), according to which 
these two capacities, together with inventive, transfor-

mative, connective, and innovative capacities, are criti-

cal components of a firm’s ability to manage internal 
and external technology in OI processes.

In particular, the longitudinal nature of this study 
offers evidence for the process model of absorptive 
capacity (Jansen, Van Den Bosch, and Volberda, 2005; 
Lane et al., 2006; Todorova and Durisin, 2007). The 
process model of absorptive capacity depicts how 
external technology inflow is absorbed by the compa-

nies in stages. This view proposes that there exists a 
time gap before the technology inflow resonates on the 
technology exploitation outputs. This time gap exists 
because external technology first needs to be recog-

nized and understood, then assimilated and trans-



role of in-licensing related determinants, such as the

amount of investments and cumulated experience, on

the out-licensing volume. The presented empirical

analysis shows that, even if the same contractual form

is executed in the opposite direction, it is beneficial to

increase the volume of out-licensing, as a consequence

of resource-based and capabilities effects. By explor-

ing the effects of in-licensing experience on out-

licensing revenues, this paper complements previous

studies that have examined the role of different types

of experience, both task-specific and partner-specific,

on out-licensing volume (Anand and Khanna, 2000;

Kim and Vonortas, 2006), and out-licensing experience

(Bianchi and Lejarraga, 2016). The current study adds

to these a supplementary type of experience, which is

gained by performing a largely similar process but in

the opposite direction.

Finally, the paper also contributes to the growing

literature on market for technologies and ideas (for a

review, see Natalicchio et al., 2014). In particular, the

positive effects of technology inflows on outflows sug-

gest—as a promising future research direction—to

investigate whether and under what conditions knowl-

edge seekers with extensive experience in markets for

technology will be more likely to participate in these

markets as knowledge owners or solvers. This will

help improve the understanding of the complex

dynamics characterizing markets for technologies.

Managerial Implications

This study holds interesting implications for managers.

First, it highlights the positive impact that investments

to in-license technologies have on the volume of out-

licensing. The presented empirical results suggest that

in-licensing contributes to a richer and more valuable

technology base, which translates into higher revenues

from out-licensing. Managers attempting to increase

revenues from out-licensing should not focus only on

the internal creation of new technologies but also on

the acquisition of technology from external sources,

which can then be combined with internal resources

and generate lucrative resource configurations. Second,

the study informs managers that by increasing their

external technology acquisition activities, they will

likely increase their external technology commerciali-

zation volume as well. In other words, the adoption of

the OI paradigm is likely to occur in both dimensions,

which allows for leveraging the complementarities

between technology inflows and outflows. The finding

that in-licensing experience has a positive influence on

out-licensing, and so that absorptive and desorptive

capacities may largely overlap, is good news for man-

agers as it may facilitate the transition from a closed

innovation approach to an OI one. Finally, managers

should not expect immediate benefits in their out-

licensing business from intensely buying external tech-

nologies. In fact, it could take at least three years

before in-licensing investments pay off. Similarly,

managers are warned about the existence of technol-

ogy depreciation, which reduces the out-licensing

potential over time.

Limitations and Future Research

Some limitations of this study are worth noting. The pres-

ent work takes as level of analysis the firm, exploring the

influence of the overall in-licensing investments and

experience on the total out-licensing volume. Future

research should analyze this relationship at a technology

or project level to assess whether some complementar-

ities between technologies inflows and outflows exist at

this level of analysis. The variable for in-licensing invest-

ments gives an aggregate indication of the value of the

acquired technologies, but it does not provide information

about their stage of development or their relatedness with

internal technological resources. Moreover, the variable

used to capture in-licensing experience does not distin-

guish between firms that have executed many or few

deals within each year. This aggregate measure, due to a

limitation of the dataset, also does not enable us to distin-

guish between prior transactions undertaken with the

same or different partners.

Additionally, this paper has not considered how

contextual factors may influence the relationships here

investigated. Differences among firms may be substan-

tial: in-licensing and out-licensing may be positively

related in firms with highly diversified technology

portfolios, but this may not be true for technology spe-

cialist firms. Also the workforce characteristics and

their skills may act as a moderator, as shown by Bian-

chi and Lejarrage (2016) in the relationship between

out-licensing experience and licensing revenues.

Examining the moderating effects of these contextual

factors could be an interesting extension of this study.

An additional limitation of the dataset that has not

been mentioned in the paper is the lack of cross-

national comparison.7 Nevertheless, as recognized by

Un (2015), innovation systems have different

7The authors are grateful to an anonymous reviewer for this suggestion.
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characteristics across countries, and this heterogeneity 
should play a role in determination of firms’ approach 
to OI and management of in-licensing and out-

licensing flows. Further studies can analyze whether 
firms’ geographical origins (and locations), distinguish-

ing for example between emerging and advanced 
countries, impact the relationship between in-licensing 
and out-licensing. These geographical characteristics 
were not studied because of data limitation.

Finally, in this paper it has not been possible to 
study how the relationship between in-licensing and 
out-licensing may depend also on the characteristics of 
the acquired technology, such as radicalness, general-

ity, novelty, and relatedness with the firm’s technologi-

cal portfolio.8 Further studies should analyze the 
moderating (or mediating) effect of the characteristics 
of the externally sources technology on the role played 
by in-licensing activities in dynamically affecting out-

licensing strategies and performance.
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