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Abstract

Firms increasingly use networks of alliances to pursue innovation. The current

innovation literature has offered insights into how direct ties (between a focal

firm and its partners, forming direct alliances) and indirect ties (between a

focal firm's partner and its partners' partners but not including the focal firm,

forming indirect alliances) function as independent antecedents to corporate

innovation. It is, however, unclear how direct ties and indirect ties work in

combination to impact innovation in a focal firm. Moreover, because different

subtypes of financial or marketing alliances may operate with distinct gover-

nance structures and offer heterogeneous or incoherent resources for

exchange, similarity in financial or marketing alliance subtypes, defined as the

degree of overlap in financial or marketing alliance subtypes between direct

and indirect ties, may significantly influence the extent to which corporate

innovation can benefit from these ties. This study aims to examine the com-

bined impact of direct and indirect ties on a focal firm's innovation by consid-

ering the moderating role of similarity in financial or marketing alliance

subtypes. The results obtained by analyzing a longitudinal dataset extracted

from US firms operating in the biotechnological and pharmaceutical industries

support our hypotheses. Direct ties and indirect ties in combination have a

negative effect on innovation as measured by patents and this effect is less neg-

ative when similarity in financial alliance subtypes is greater but more nega-

tive when similarity in marketing alliance subtypes is greater. We extend the

innovation and alliance network literatures by offering novel evidence that

direct and indirect ties in combination may diminish a focal firm's innovation

and that such a negative combined effect depends on similarity in financial or

marketing alliance subtypes.
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1 | INTRODUCTION

Allying with other organizations has proved critical in
helping firms develop innovation (Phelps et al., 2012;
Zhang et al., 2019). Alliances established by a focal firm,
that is, direct alliances, and those established by its part-
ners and partners' partners excluding the focal firm, that
is, indirect alliances, form a network of strategic alliances
(Baum et al., 2000; Phelps, 2010). Centering on the focal
firm, direct alliances create direct ties and indirect alli-
ances create indirect ties. As such, innovation in a focal
firm could be simultaneously influenced by direct ties
and indirect ties in its strategic alliance network. This
phenomenon can be seen in many industries, including
the biopharmaceutical sector which is the empirical con-
text of our study, where new product development
requires knowledge inputs from a wide spectrum of
fields, requesting firms operating in the biopharmaceuti-
cal industry to form alliances with a range of organiza-
tions (Mazzola et al., 2018; Powell et al., 2005;
Schilling, 2015). Taking Johnson & Johnson as an exam-
ple, the company was, as of 2001, maintaining direct ties
with, among other firms, Celltech, Alere, and Alza as
well as indirect ties with, among other firms, Abbott, Cel-
gene, and Merck, as shown in Figure 1. The current liter-
ature suggests that innovation in a focal firm such as
Johnson & Johnson can be individually influenced by
direct and indirect ties (solid and dashed lines in
Figure 1, respectively; Ahuja, 2000; Jiang et al., 2020), but

it remains unclear regarding a critical question: How do
direct and indirect ties in combination influence innova-
tion in a focal firm?

From the structuralist perspective, network exchange
theory posits that the collective effect of direct and indi-
rect ties depends on the structure or configuration of ties
in an alliance network (Borgatti & Halgin, 2011;
Burt, 2004). Adding an indirect partner to a direct tie will
create a tripartite relationship that may strengthen the
relative power of a direct alliance partner (Borgatti &
Halgin, 2011). Because of this, the tripartite relationship
could distract the direct alliance partner's attention and

Practitioner points

1. Although direct ties and indirect ties may
individually enhance a focal firm's innovation,
their combination hurts firm innovation.

2. To alleviate the negative combined effect of
direct ties and indirect ties on a focal firm's
innovation, the firm should establish financial
alliances with similar subtypes as to its indi-
rect financial alliances.

3. When establishing marketing alliances, a
focal firm should avoid alliance subtypes that
are similar to its indirect marketing alliances.

FIGURE 1 Johnson & Johnson's alliance network in 2001. Nodes are Johnson & Johnson and its direct (connected by solid lines) and

indirect alliance partners (connected by dashed lines). Edge labels indicate subtypes of alliances.
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consume resources that the direct partner would devote
to the direct alliance (Aggarwal, 2020; Ahuja, 2000), indi-
cating a combined constraining effect of direct and indi-
rect ties on a focal firm's innovation. Although network
exchange theory offers inspiring insights into the com-
bined effect of direct and indirect ties on innovation, few
empirical studies however have examined this effect by
considering the importance of such tripartite relation-
ships (Beckman & Haunschild, 2002; Lee, 2007; Rojas
et al., 2018).

Moreover, a focal firm could establish research and
development (R&D) alliances, financial alliances, and
marketing alliances to access and acquire innovation
inputs from a range of partners (Aggarwal, 2020; Cui &
O'Connor, 2012). For example, as shown in Figure 1,
Johnson & Johnson established a R&D alliance with
Celltech through a direct tie, a marketing (distribution)
alliance with Closure-Medical through a direct tie, and
its direct partner DRI Capital and indirect partner
Celgene established their own financial (investment) alli-
ance. Prior studies have focused on R&D alliances and
offered ample evidence indicating the important role that
R&D alliances play (Cui & O'Connor, 2012; Mariotti &
Delbridge, 2012). However, the extant literature, surpris-
ingly, lacks in-depth studies on the roles that financial
and marketing alliances play in influencing innovation in
a focal firm. Financial alliances and marketing alliances
are often embraced to address key challenges in the inno-
vation process (Cui & Xiao, 2019; Gilding et al., 2020;
Powell et al., 2005). However, the network content of
financial and marketing alliances is different: financial
resources are easier to deploy and transfer but marketing
resources tend to be context-specific and harder to trans-
fer and absorb (Bello et al., 2010; Lee & Chang, 2014), so
it is important to examine the roles that financial and
marketing alliances play in driving firm innovation.

In this respect, any analysis of financial and market-
ing alliances should begin by acknowledging several
important subtypes of both types of alliances. For exam-
ple, financial alliances include joint ventures, investment
alliances, equity alliances, and options alliances, whereas
marketing alliances include co-marketing alliances, co-
promotion alliances, and distribution alliances
(Agostini & Nosella, 2017; Sorescu & Spanjol, 2008). In
Figure 1 it can be seen, for example, that Johnson &
Johnson, through direct (solid lines) and indirect ties
(dashed lines), established subtypes of financial alliances
including acquisition, investment, and equity alliances as
well as subtypes of marketing alliances including distri-
bution and co-promotion alliances. Distinct subtypes of
financial or marketing alliances are designed with differ-
ent governance structures, scopes of collaboration, and
partners' roles and responsibilities (Das & Teng, 2000;

Rojas et al., 2018; Sampson, 2007). It has been recognized
that different subtypes of financial or marketing alliances
are associated with distinct resources to be exchanged
and varying governance mechanisms (Choi, 2020). For
example, a co-promotion alliance requires more frequent
interactions between partners than a distribution alliance
(Agostini & Nosella, 2017). It is thus necessary to exam-
ine similarity in financial or marketing alliance subtypes
between direct and indirect ties (in brief, similarity in alli-
ance subtypes), that is, the degree of overlap in financial
or marketing alliance subtypes between direct and indi-
rect alliances that constitute an alliance network.
Although the concept of similarity in alliance subtypes
has not been addressed in the extant literature, we deem
it important to a focal firm's innovation because it reflects
which resources and knowledge can be shared and how
they can be shared with partners, representing the con-
tent aspect of alliance networks (Aggarwal, 2020;
Cui, 2013; Phelps et al., 2012).

This study aims, then, to investigate the combined
effects of direct ties and indirect ties on a focal firm's
innovation by considering the moderating roles of simi-
larity in financial or marketing alliance subtypes. We
examine our hypotheses in the setting of the US biophar-
maceutical industry, where technological innovation is
common and characterized by long development cycles,
high costs, high risks, high rewards, and frequent collab-
orations (Devarakonda & Reuer, 2018; Mazzola
et al., 2018; Pisano, 2006). In addition, financial and mar-
keting alliances are common in this industry and play
important roles in promoting innovation (Gilding
et al., 2020). Results obtained by analyzing a longitudinal
dataset (comprising 411 firms involved in about 4000 alli-
ances) show that direct and indirect ties in combination
have a negative effect on a focal firm's innovation as mea-
sured by patents and that this negative effect is weaker
when similarity in financial alliance subtypes is greater
but stronger when similarity in marketing alliance sub-
types is greater.

Our research makes two main contributions to the
innovation and alliance network literatures. First, we are
among the first to examine the combined effect of direct
and indirect ties on corporate innovation, offering a more
complete understanding of how alliance networks impact
a focal firm's innovation. Although the network literature
has widely acknowledged the important role of direct
and indirect ties as independent drivers of innovation
(Beckman & Haunschild, 2002; Lee, 2007; Mazzola
et al., 2018; Rojas et al., 2018), few studies have specifi-
cally analyzed the combined impact of these two types of
ties. Based on network exchange theory, we suggest, and
find, that adding an indirect tie to a direct tie may change
the original power and positional advantage of the direct

YANG ET AL. 849
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partner, undermining the advantages of being connected
in alliance networks. In so doing, we enrich the innova-
tion literature by examining how tripartite relationships
as represented by the simultaneous consideration of
direct and indirect ties in alliance networks impact corpo-
rate innovation.

Second, we contribute to the emerging alliance net-
work literature by offering a novel concept—similarity in
alliance subtypes between direct and indirect ties—which
enriches the network literature by providing more
nuanced evidence of the interplay between the content
(composition) and structure of alliance networks in
influencing innovation. Prior studies provide insights into
how financial, marketing, and R&D alliances may con-
tribute differentially to innovation (Choi, 2020; Cui &
O'Connor, 2012). The extant literature still lacks highly
granular knowledge about how alliance subtypes, espe-
cially regarding similarity in financial or marketing alli-
ance subtypes, play their roles in impacting a focal firm's
innovation. In addition, most existing interfirm network
studies focus on the impact of network-structure factors,
such as network position and structural holes, on innova-
tion (Gilsing et al., 2016; Mazzola et al., 2018;
Schilling, 2015). The novel concept of similarity in alli-
ance subtypes proposed in our study acknowledges the
importance of network content and indicates that coher-
ence in the purposes of subtypes of financial or market-
ing alliances can affect the extent to which innovating
firms could benefit from network structures, suggesting
that network content functions as important boundary
conditions that alter the impact of network structures on
a focal firm's innovation.

2 | THEORETICAL BACKGROUND

2.1 | Direct ties, indirect ties, and
innovation

Extant research shows that some characteristics of a stra-
tegic alliance network, such as the number or quality of
ties, the strength of ties, the length of ties, or network
structure, can affect the resources, knowledge, and infor-
mation that a focal firm can obtain from the network
(Phelps et al., 2012; Zhang et al., 2019). In an alliance
network, a focal firm could form two kinds of connec-
tions: direct ties and indirect ties. Both direct ties and
indirect ties provide innovation benefits to a focal firm.
Direct ties benefit innovation by providing knowledge-
sharing, complementarity, and scale while indirect ties
benefit innovation by offering additional inputs beyond
direct ties (Ahuja, 2000). The current literature reveals an
inverted U-shaped relationship between direct ties and

core and noncore technology development while indirect
ties have a positive effect on noncore technology develop-
ment (Vanhaverbeke et al., 2012). In addition, when a
focal firm is directly connected with many organizations,
enabling it to hold a critical or central position in a net-
work, its partners are more willing to share with and
transfer their knowledge to that firm (Rodan &
Galunic, 2004; Salman & Saives, 2005). In addition to the
information that a focal firm can acquire from its direct
partners, the firm can also attract new alliance partners
that form alliances with its indirect partners, leading to
triadic closure among these firms (Zhelyazkov, 2018).

The current literature pays inadequate attention,
however, to the combined effect of direct ties and indirect
ties. Network ties can be assessed by several measures
such as eigenvector centrality, betweenness centrality,
and closeness centrality (Mazzola et al., 2015; Mazzola
et al., 2018; Salman & Saives, 2005). However, these mea-
sures leave out many details involved in interaction
between direct ties and indirect ties in strategic alliance
networks. Therefore, a more in-depth examination of
interaction between direct ties and indirect ties is still
needed.

2.2 | Similarity in alliance subtypes
between direct alliances and indirect
alliances

In social network studies ties, such as kin ties or acquain-
tance ties, are differentiated by type based on their char-
acteristic edges, reflecting the content of a network
(Koka & Prescott, 2002; Phelps et al., 2012). To reflect
network content, strategic alliances can be classified
according to the nature of the involved alliance partners,
such as universities, customers, and suppliers, as such
partners may offer distinct resources, knowledge, and
support (Cui, 2013). More often, strategic alliances are
categorized on the basis of their main functions, such as
financial operations, marketing, and R&D, given that alli-
ance functions determine what resources can be shared
and how those resources are shared (Cui & Xiao, 2019).
In the biopharmaceutical industry, companies face multi-
ple tasks when attempting to access new knowledge, rais-
ing funds, or commercializing new inventions (Gilding
et al., 2020), requiring them to establish a variety of alli-
ances to address these challenges (Gilding et al., 2020;
Powell et al., 2005). With respect to knowledge- and tech-
intensive industries, prior studies have conducted insight-
ful investigations of the positive role that R&D alliances
or collaborative R&D activities play in impacting firm-
level innovation (Aggarwal, 2020; Choi, 2020; Cui &
O'Connor, 2012; Martínez-Noya & Narula, 2018;
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Sampson, 2007). The enlightening insights from these
prior studies offer a guide for investigating the role that
subtypes of financial and marketing alliances play in
affecting the combined effect of direct and indirect ties
on firm innovation, an area that has been relatively
understudied.

Financial alliances are formed to acquire and allocate
financial factors and resources, such as cash flows, prop-
erty rights, shareholder exchanges, cost-sharing, revenues,
and profits (Ozmel et al., 2013; Pahnke et al., 2015). In
general, financial alliances offer fiscal capital and financial
information that firms can use to facilitate the timely and
successful development of innovations (Baum et al., 2000;
Pahnke et al., 2015; Sorescu & Spanjol, 2008). There are
four main subtypes of financial alliances: joint ventures,
investment alliances, equity alliances, and option alliances
(De man, 2013; Gilsing et al., 2016; Sorescu &
Spanjol, 2008). Financial alliances offer partners access to
financial resources that are generic in nature and function
as unabsorbed assets, suggesting that such resources can
be easily absorbed and redeployed (Tan & Peng, 2003;
Teirlinck, 2020; Zahra & George, 2002).

Marketing alliances are established to conduct joint
marketing activities, including advertising, distribution,
sales, and promotion (Agostini & Nosella, 2017;
Fjeldstad & Sasson, 2010; Lee & Chang, 2014). Marketing
alliances are innovation-friendly because they can pro-
vide partners with market insights into customer needs
and preferences as well competitive intelligence about
industry practices related to pricing, promotion, and dis-
tribution (Bucklin & Sengupta, 1993; Cui & Xiao, 2019;
Tolstoy & Agndal, 2010). There are also four subtypes of
marketing alliances: marketing alliances, co-marketing
alliances, co-promotion alliances, and distribution
alliances (Agostini & Nosella, 2017; Fjeldstad &
Sasson, 2010; Lee & Chang, 2014). In the biopharmaceu-
tical industry, each of these four subtypes of marketing
alliances has its own emphasis. Marketing alliances
focus on brand development and relationship-building.
Co-marketing alliances focus on providing therapeutic
solutions for consumers or analyzing the market.
Co-promotion alliances involve promoting specific drugs,
while distribution alliances involve sharing channels for
active pharmaceutical ingredients or drugs, including dis-
tribution licenses for domestic and international markets
(De Man, 2013; Gilding et al., 2020). As such, each sub-
type of marketing alliances operates under its own gover-
nance structure and offers distinctive partner-, task-, and
project-specific resources which are difficult to transfer
and absorb.

The above discussions indicate that financial or mar-
keting alliance subtypes are meaningful for a focal firm's
innovation in its alliance network. First, financial or

marketing alliance subtypes determine which resources,
knowledge, information, and other benefits a focal firm
can access and acquire from its alliances. For example,
joint ventures and equity alliances differ greatly, as the
former require establishing a child company of partner-
ing firms whereas the latter require only one partner to
purchase another partner's equity without establishing
an independent organization (Choi, 2020). Similarly, co-
promotion and distribution alliances also differ. Co-
promotion alliances require joint efforts by partners to
advertise, propagate, and promote ideas, products, and
services, whereas distribution alliances are formed to
share marketing channels (Agostini & Nosella, 2017; De
Man, 2013). As such, these various subtypes of financial
and marketing alliances determine which resources,
information, and knowledge can be shared and acquired
in particular alliances.

Second, distinct alliance subtypes also require specific
governance mechanisms to motivate partnering firms to
pool complementary resources, skills, and knowledge,
while in the meantime limiting the corresponding risk of
misappropriation (Choi, 2020; Sampson, 2007). For exam-
ple, partners in a co-marketing alliance need to interact
with each other more frequently than partners in a distri-
bution alliance, indicating that the frequency of interac-
tion between partners differs greatly across subtypes of
alliances (Bucklin & Sengupta, 1993). As such, different
subtypes of financial or marketing alliances require dif-
fering cooperating procedures, business norms, manage-
rial routines, and distributions of common gains (Rojas
et al., 2018), determining how resources, knowledge, and
skills are to be shared or acquired. In Table 1, we summa-
rize the differences between distinct subtypes of financial
or marketing alliances in resource exchange and gover-
nance mechanisms.

Given the differences between distinct subtypes of
financial or marketing alliances shown in Table 1, simi-
larity in alliance subtypes between a focal firm's direct
and indirect alliances thus determines the degree of
coherence or heterogeneity regarding which resources,
knowledge, and skills are to be shared or acquired in the
firm's alliance network and how they are to be shared or
acquired. As such, the focal firm's direct and indirect ties
constitute the structure of its alliance network, whereas
similarity in alliance subtypes reflects the content of this
network. With this in mind, this study examines the com-
bined effect of direct ties and indirect ties on a focal firm's
innovation along with the moderating roles of similarity
in alliance subtypes. In so doing, we address the impact
of a focal firm's network structure on its innovation as
well as the boundary effect of network content on this
impact. Figure 2 depicts our conceptual framework and
research hypotheses, which we develop next.

YANG ET AL. 851
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3 | HYPOTHESIS DEVELOPMENT

3.1 | Effects on innovation of interaction
between direct ties and indirect ties

Network exchange theory holds that the distribution of
relational outputs in a network is an exchange relation-
ship and the distribution of collaborative results depends
on the power of each actor, which is partially determined
by network structure (Cook & Richard, 1978). Specifi-
cally, holding all else equal, an actor that occupies a dom-
inant position in a network enhances other actors'
reliance on that dominant actor. Because its bargaining
power is stronger, the dominant actor can access
resources more easily than others but probably has no
obligation to share its resources equally with its partners
(Cook & Richard, 1978; Easley & Kleinberg, 2010).

We therefore argue that direct ties and indirect ties in
combination should have a negative impact on a focal
firm's innovation, specifically its patentable innovation.
First, network exchange theory posits that the addition of
indirect alliances to a focal firm's alliance network can
change the network structure, which could affect the
allocation of network resources to the focal firm

(Borgatti & Halgin, 2011). For example, when a new
alternative alliance which creates an indirect tie for
Firm A, as shown in Figure 3, is formed, the initial bal-
ance between Firms A and B is dissolved and Firm A,
which is supposed to be the focal firm, becomes less pow-
erful (Xia, 2011). That is, Firm A becomes peripheral and
finds itself disadvantaged as compared with the power it
wielded in its previous position when the network con-
sisted only of Firms A and B (Borgatti & Halgin, 2011;
Easley & Kleinberg, 2010). Thus, adding an indirect tie
(between Firms B and C) may undermine Firm A's net-
work advantage, because in the new tripartite relation-
ship Firm B determines whether or not to invest
corresponding resources and knowledge into the A–B or
B–C alliance (established by Firms A and B and Firms B
and C, respectively). As such, Firms A and C become
more heavily dependent on Firm B, giving Firm B more
power (Gulati & Sytch, 2007). Firm B can now exclude
Firm A or Firm C from its exchange relationships,
whereas Firms A and C must compete for Firm B's lim-
ited resources, knowledge, and attention, consequently
reducing Firm A's patentable innovation.

Second, the resource-based view of alliances suggests
that resource transfer in indirect alliances may cause

Firm innovation

Similarity in financial 

alliance subtypes

Indirect ties

Similarity in marketing 

alliance subtypes

Direct ties

FIGURE 2 Conceptual framework and research hypotheses

Firm

A

Firm

B

The focal firm Direct partner

Firm 

C

Indirect partner

FIGURE 3 Direct alliance and indirect alliance exchange in a strategic alliance network.

YANG ET AL. 853

 15405885, 2022, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jpim

.12639 by Z
hongshan U

niversity, W
iley O

nline L
ibrary on [04/05/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



information redundancy and overload problems that may
increase innovation costs and prevent a focal firm from
benefiting from direct alliances (Das & Teng, 2000;
Lavie, 2006; Mariotti & Delbridge, 2012). A focal firm
does not have direct access to or control over the
resources involved in its indirect ties and therefore has to
rely on direct alliance partners to transfer these
resources. As such, the resources the focal firm obtains
from indirect ties are less mobile and more difficult to
absorb. Therefore, the cost of mobilizing resources
accessed through indirect ties to be transferred to direct
ties is high (Ahuja, 2000). Because of causal ambiguity,
resources accessed through indirect ties are also more dif-
ficult to integrate with those accessed through direct ties
(Das & Teng, 2000; Sarkar et al., 2009). Information
redundancy between direct and indirect ties may over-
load a focal firm's capacity to absorb diverse new knowl-
edge, reduce its capacity to innovate, force it to
overspend on existing innovation projects, and reduce its
operational efficiency, thus diminishing its innovation
inputs and outputs (Burt, 2004; Vanhaverbeke
et al., 2012). In addition, from the perspective of patent
regulations, patentable innovation applications are
required to be original and cannot infringe on the scope
of the rights granted through existing patents
(Demaine & Fellmeth, 2002). When a focal firm main-
tains too many indirect alliances, patenting by its indirect
alliance partners can limit the patentable scope of its
direct alliance partners or even itself, which in turn will
reduce its patentable innovations.

To summarize these considerations, we thus propose:

Hypothesis 1. In combination, a focal firm's
direct ties and indirect ties in its alliance net-
work have a negative effect on innovation.
Specifically, when the interaction term of the
focal firm's direct and indirect ties rises in
value, the focal firm's innovation decreases.

3.2 | Moderating effects of similarity in
financial alliance subtypes

We argue that similarity in financial alliance subtypes can
weaken the negative combined effect of direct and indirect
ties on a focal firm's innovation. First, the governance
structures associated with distinct financial alliance sub-
types are similar, reducing the concern that a focal firm
may lose its positional advantage in a tripartite relation-
ship in its alliance network. Alliance governance mecha-
nisms include contractual arrangements, co-investment
requirements, and revenue-sharing rules (Choi, 2020;
Das & Teng, 2000). The combination of similar

governance mechanisms and shared routines reduces
information asymmetry and ambiguity (Sampson, 2007).
Financial alliance activities, such as exchanging assets or
raising capital, follow standard operating procedures and
generally agreed-on contract structures and terms
(De Man, 2013). When similarity in financial alliance sub-
types reaches high levels, direct alliances and indirect alli-
ances tend to share common operating routines,
knowledge bases, and even collaborative visions (Phelps
et al., 2012; Soh, 2003), reducing competition but increas-
ing collaboration between direct and indirect alliance part-
ners. As such, similarity in financial alliance subtypes
similarity also reduces the likelihood that a focal firm will
lose its network position in tripartite relationships.

Second, because financial resources represent unab-
sorbed organizational slack, they are readily available,
easy to absorb, and effortlessly redeployed for other pur-
poses (Tan & Peng, 2003; Teirlinck, 2020), thus mitigat-
ing network redundancy and information overload.
Financial slack provides firms with financial resources
that can be utilized and deployed without specific restric-
tions and can be used flexibly (Kuusela et al., 2017). The
more financial slack a focal firm has, the better the firm
can pursue resource-consuming strategies such as
advancing technological frontiers and maintain multiple
projects in parallel (Kuusela et al., 2017), creating more
patents. In the biopharmaceutical industry, when finan-
cial alliance subtypes between direct alliances and indi-
rect alliances become similar, financial resources
obtained from indirect ties are more likely to flow into
direct ties. Moreover, the homogeneity and coherence of
information flow in direct and indirect ties make the
transferred knowledge more easily assimilated, trans-
formed, and exploited for innovation purposes (Das &
Teng, 2000; Zahra & George, 2002). As such, similarity in
financial alliance subtypes provides the focal firm with
ample and readily absorbable financial resources which
can easily be deployed to overcome information redun-
dancy and overload in its alliance network. We therefore
propose:

Hypothesis 2. When similarity in financial
alliance subtypes between direct and indirect
alliances increases, the negative combined effect
of direct ties and indirect ties on a focal firm's
innovation weakens (becomes less negative).

3.3 | Moderating effects of similarity in
marketing alliance subtypes

We suggest that, in light of two considerations, similarity
in marketing alliance subtypes may strengthen the
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negative combined effect of direct ties and indirect ties
on a focal firm's innovation. First, in the biopharmaceuti-
cal industry, governance mechanisms in marketing alli-
ances focus more intently on knowledge protection and
constraints on information flows, increasing the concern
that a focal firm could lose its positional advantage.
Firms pay great attention to protecting their proprietary
marketing know–how when engaging in marketing col-
laborations (Gilsing et al., 2016; Lee & Chang, 2014).
When faced with similar indirect alliances, direct alliance
partners will strengthen the protection of their core
knowledge against imitation (Ritala & Hurmelinna-
Laukkanen, 2013). Such protection is usually carried out
using any of several methods, such as formal contractual
mechanisms, isolating mechanisms, and business secrets
(Lavie, 2006; Zhao et al., 2021). Knowledge protection
persuades alliance partners to strictly monitor collabora-
tive behaviors involving goals, obligations, and knowl-
edge exchange and transfer (Devarakonda & Reuer, 2018;
Hoetker & Mellewigt, 2009). As such, partners become
more protectionist and more competitive if similarity in
marketing alliance subtypes increases, undermining and
endangering a focal firm's positional advantage in tripar-
tite relationships.

Second, because marketing resources are difficult and
costly to assimilate and integrate into a focal firm's other
resources (Bello et al., 2010; Bucklin & Sengupta, 1993;
Lee & Chang, 2014), similarity in marketing alliance sub-
types may exacerbate resource redundancy and informa-
tion overload. In the biopharmaceutical industry, every
marketing alliance has its own specific knowledge
domain, focuses on a specific product, and serves a partic-
ular market segment (Gilding et al., 2020). For example,
marketing campaigns and experiences with AIDS drugs
from one marketing alliance may not be applicable to can-
cer therapies that are promoted by another marketing alli-
ance. In addition, marketing knowledge, such as the
experience gained by negotiating with agencies for the dis-
tribution of a drug across regions, is tacit, experience-
based, and noncodifiable, making marketing knowledge
difficult to share and transfer (Aggarwal, 2020). Although
similarity in marketing alliance subtypes makes it easier
to transfer marketing information and resources between
direct and indirect ties, the transferred marketing informa-
tion and knowledge are incoherent and difficult to absorb,
transform, integrate, or exploit in innovation activities
conducted by a focal firm (Zahra & George, 2002). Because
similarity in marketing alliance subtypes eases knowledge
flow but does not facilitate knowledge assimilation, it may
exacerbate network redundancy and information overload
for a focal firm, reducing its innovation outputs
(Lavie, 2006; Vanhaverbeke et al., 2012). In addition, low
similarity in marketing alliance subtypes increases the

diversity and heterogeneity of inputs and complementary
assets for developing patentable innovation in the focal
firm (Cui & O'Connor, 2012; Teece, 1998). This could
reduce the negative combined effect of direct and indirect
ties on the focal firm's innovation.

Based on the above discussion, we hypothesize:

Hypothesis 3. When similarity in marketing
alliance subtypes between direct and indirect
alliances increases, the negative combined
effect of direct ties and indirect ties on a focal
firm's innovation becomes stronger (more
negative).

4 | METHODOLOGY

4.1 | Sample and data

We tested our research hypotheses by analyzing a longitu-
dinal firm-level panel dataset for a period running from
1990 through 2001, focusing on alliance activities in the
US biopharmaceutical industry. A sample of firms operat-
ing in this industry is suitable for studying the effects of
strategic networks on innovation. First, the 1990s wit-
nessed the establishment of collaboration between science
and business in biotechnology. In the biopharmaceutical
industry, the business environment changed rapidly dur-
ing this period (Evens & Kaitin, 2015). Molecular medicine
came to the fore and developed rapidly. First-in-class
drugs involving gene-to-medicine emerged and changed
the entire industry. The number of biotechnology compa-
nies exploded from 100 firms in 1980 to more than 4000
by the end of the 1990s (Giovannetti & Morrison, 2000).
Before 1990, alliance activities in the industry were rela-
tively scarce (Aggarwal, 2020). The year 1990 thus pro-
vides a good starting point for this study. In addition, the
year 2001 was an important turning point, as total sales in
the industry reached nearly 15,000 million USD (in 1989 it
was under 2000 million USD) and total investments
peaked in 2000 (Pisano, 2006, p. 5, 141).

Second, because new knowledge and technology
breakthroughs drive development in the biopharmaceuti-
cal industry, competitive advantage resides in innovation
(Schilling & Phelps, 2007; Wuyts & Dutta, 2014). Patent-
ing is an important mechanism for protecting technolo-
gies and maintaining competitive advantage, so firms are
keen on applying for patents in the industry (Gilding
et al., 2020). Therefore, patents provide a reliable mea-
sure of innovation output for biopharmaceutical compa-
nies. We performed robustness tests based on the number
of patent citations that occurred five years after patent
application.
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The dataset is constructed from three sources. Patent
data are gathered from the NBER citation dataset (Hall
et al., 2001). Information on alliance activities is drawn
from the Recap database. Firm-level attributes and demo-
graphics are acquired from the Compustat database. The
alliance networks we construct include all sampled firms
and other kinds of organizations (such as private firms,
universities, public research institutions, and hospitals)
that formed alliances with the sampled firms during the
period. Our data do not include information related to
alliance termination dates, which are rarely reported
(Schilling, 2015; Schilling & Phelps, 2007). To solve this
problem, we follow prior research (Schilling &
Phelps, 2007) in assuming a 3-year life span for all alli-
ances. That is, we use a moving 3-year window to estab-
lish an unbalanced panel dataset. We merge the three
data sources into one panel dataset based on Global Com-
pany Key (GVKEY) to ensure that all observations in the
final panel appeared in all three data sources. We limit
our sample to publicly listed companies to ensure data
availability and completeness. Following the above steps,
the sampling frame includes 411 firms (SIC Code 2833,
2834, 2835, and 2836) and about 4000 strategic alliances
spanning one decade. This selection strategy does not
lead to sample selection bias because it is very common
for firms in the biopharmaceutical industry to apply for
patents, forge alliances, and go public (Powell
et al., 2005). To measure the network index, we construct
adjacency matrices for every period.

4.2 | Variables

4.2.1 | Dependent variable

The dependent variable is innovation output, which is
measured by patent applications, letting Pit represent the
number of patents applied for by firm i in year t. Patent
applications typically take a long time to be processed
and patents applied for are granted in or after year t. For
each sampled firm, the value of innovation outputs is
zero when it did not apply for any patents in a given year;
otherwise, we record the number of applications. Patent
applications can capture the complete timing of the inno-
vation process (Griliches, 1990) and patent data have
been used widely to measure firm-level innovation out-
put (Gilding et al., 2020; Schilling, 2015; Schilling &
Phelps, 2007) as patents include unique new high-quality
knowledge (Ahuja & Katila, 2001). Studies also show that
at least 50% of patents are involved in commercialization
attempts and more than 50% of patentees pay patent
maintenance fees for at least 10 years, which indicates
that patents have great economic value to their holders

(Griliches, 1990). In our data, the maximum value of the
variable is 1223 and the minimum value is zero. The skew-
ness of the distribution of the variable is 6.18, which means
the distribution has a long, fat tail. It should be noted that
appropriability can be achieved through mechanisms other
than patenting, such as trademarks, secrecy, and technolog-
ical complexity (Barros, 2021). Although patents have been
regarded as a suitable measure of innovation in the bio-
pharmaceutical industry, it may not be readily suitable for
other industries (Bessen & Meurer, 2008).

4.2.2 | Independent and moderating
variables

Direct ties
Consistent with prior studies, direct ties were measured
by degree centrality (Ahuja, 2000). This metric equals the
number of a focal firm's direct alliance partners.

Indirect ties
For a focal firm, the number of its indirect ties equals the
number of organizations it can access within two steps
minus the number of its direct ties. These indirect firms
are indirectly connected with the focal firm through its
direct alliance partners.

Similarity in alliance subtypes
We refer to Aggarwal (2020), Cui (2013), and Cui and
O'Connor (2012) to calculate similarity in alliance sub-
types between direct ties and indirect ties through the fol-
lowing process:

Step 1
We generate a dummy variable that equals one if an alli-
ance includes a certain alliance subtype and zero if the
alliance does not include that alliance subtype. Financial
alliances include four subtypes: joint ventures, invest-
ment alliances, equity alliances, and option alliances.
Marketing alliances also include four subtypes: market-
ing alliances, co-marketing alliances, co-promotion alli-
ances, and distribution alliances. Therefore, for each
direct tie or indirect tie, eight dummy variables deter-
mine whether an alliance belongs to a certain alliance
subtype or not.

Step 2
We use the following equation to measure similarity in
alliance subtypes between a certain direct tie and its con-
nected indirect tie. In the equation, Firm A is the focal
firm, Firm B is the focal firm's direct partner, and Firm C
is Firm B's partner but not the focal firm's partner, as
denoted in Figure 3.
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Similarity

¼The number of overlapped alliance subtypes of theAB tie and theBC tie
The number of overall alliance subtypes of theAB tie and theBC tie

For example, if alliances involved in an indirect tie were of
the same subtypes as those in its matched direct tie, the
similarity in alliance subtypes between these two ties is one.
The similarity in alliance subtypes ranges from zero to one.

Step 3
The number of direct alliances and the number of indirect
alliances differs significantly between firms. To control for
the network-size effect, we measure two kinds of similarity
in alliance subtypes for a focal firm and control for net-
work size by calculating the mean of the similarities in
alliance subtypes in the focal firm's two-step network.

Step 4
To control for relationships between direct partners such
as in triadic closure, we weight the values of similarity in
alliance subtypes by the clustering coefficient. The cluster-
ing coefficient is used as a tool for examining the connec-
tion between directly linked actors (McMahan &
McFarland, 2021). Specifically, it measures the proportion
of actual ties that exist between alliance partners that are
directly connected to a focal firm as compared with the
ties that could develop between all alliance partners.

4.2.3 | Control variables

To minimize confounding effects and alternative expla-
nations, we control for several important firm-level and
network-level factors that may affect the process involved
in and the outcomes of innovation activities. The inde-
pendent variables and control variables in the analyses
are lagged by 1 year to ensure that the dependent vari-
able in the current period does not influence the results
for the independent variables and control variables in the
previous period. The variables used in this study are
described in Table 2.

Number of R&D alliances
Frequent knowledge-sharing and creation in R&D alli-
ances may have a strong effect on a focal firm's innova-
tion (Zhang et al., 2019), so we include the number of
R&D alliances as a control variable.

Prior ties
Prior alliance experience influences trust and knowledge-
sharing between alliance partners (Choi, 2020;
Phelps, 2010). We therefore control for the number of
prior alliances with the same partner.

Proportion of indirect ties
Differences in the number of direct and indirect ties may
have differing effects on innovation (Ahuja, 2000). In
addition to controlling for the numbers of direct ties and
indirect ties, we also control for the proportion of a focal
firm's indirect ties among its one- and two-step ties.

Interactive alliance mechanism
The degree of interaction between alliance partners may
affect a focal firm's innovation. We refer to Choi (2020) to
construct this variable based on specific alliance tasks.
We first assign scores for inter-partner interaction accord-
ing to the tasks involved in an alliance, that is, pooled
tasks (0), sequential tasks (1), and reciprocal tasks (2).
We then sum all a focal firm's scores to measure the
degree of interaction intensity.

Ownership arrangement
When both direct and indirect alliances involve equity
arrangements such as joint ventures or equity purchases,
the shared equity may facilitate joint patenting by firms
in both alliances (Das & Teng, 2000). Accordingly, we
control for the number of shared equity arrangements
between a focal firm's direct and indirect alliances.

R&D expenditures
We control for a focal firm's R&D expenditures because
they positively affect innovation outputs and are strongly
correlated with patent counts (Rojas et al., 2018).

Assets in mergers and acquisitions
In addition to gaining external resources through strate-
gic alliances or arm's-length transactions, firms can also
obtain and acquire external resources and knowledge
from mergers or acquisitions (M&As). It has been shown
that M&As influence innovation significantly (Ahuja &
Katila, 2001). We, therefore, include total assets acquired
through M&As in the current year as a control variable.

Firm size
Corporate size may affect innovation outcomes
(Ahuja, 2000; Phelps, 2010). The larger the firm, the more
resources it can invest in innovation activities and the
more likely it is to innovate. A large company may also
deploy more departments with alliance-related responsi-
bilities, which can impact the flow of knowledge between
alliance partners. We use the natural logarithm of the
number of employees and total sales to assess firm size.

Internal resources
The availability and quality of internal resources affect a
firm's innovation outcomes. The combination of internal
and external knowledge can benefit those outcomes
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(Wuyts & Dutta, 2014). Thus, we construct three variables
to reflect a focal firm's internal resources: the value of its
cash; its property, plant, and equipment; and its intangible
assets. These resources reflect the availability to a focal
firm of cash flow, tangible assets, and intangible assets.

Corporate performance
We use a focal firm's market value in the current year to
measure its performance. Corporate performance may
have a negative impact on innovation owing in part to
the problematic search mechanism but it might also have
a positive impact because of threat rigidity (Mone
et al., 1998). Firms that have achieved superior perfor-
mance in the past are better situated to innovate success-
fully. Therefore, a focal firm's past performance is likely
to affect its innovation outcomes in the current period.

Time trends and year effects
To control for changes in macroeconomic conditions or
industrial environments (Schilling & Phelps, 2007), we
also include year dummy variables.

4.3 | Model specification

Insofar as the dependent variable, the number of patent
applications, is a count variable, for which the means
(27.97) and variances (100.1) exhibit wide differences, we
use a negative binomial regression model rather than
Poisson regression to test our hypotheses (Hilbe, 2011).
Following previous studies (Dawson & Richter, 2006), we
examine the combined effect of direct ties and indirect
ties on a focal firm's innovation (Hypothesis 1) using a
two-way interaction term and the moderation effects of
similarity in financial/marketing alliance subtypes
(Hypotheses 2 and 3) using a three-way interaction term.
To reduce the threat of multicollinearity, we construct
interaction terms after each variable is mean-centered.

To avoid the influence of outliers and extreme values
in the regression analyses, we perform a 98% winsoriza-
tion on the dependent variable. To avoid spurious regres-
sion problems, a stationarity time serial and unit root test
is required (Maddala & Shaowen, 1999). Because the
panel data are unbalanced, we use the Fisher test and

TABLE 2 Overview of variables used in the statistical model

Variables
Data
source Description

Dependent variables

Patent applications NBER Number of patent applications captured in year t + 1

Patent citations NBER Citation number of patent applications in year t + 1 till 2006

Independent variables

Direct ties Recap Number of strategic alliances of the focal firm

Indirect ties Recap Number of strategic alliances not directly linked to the focal firm but indirectly linked

Similarity in financial
alliance subtypes

Recap The similarity degree of financial alliance subtypes of direct ties and indirect ties of the
focal firm (see text for full description)

Similarity in marketing
alliance subtypes

Recap The similarity degree of marketing alliance subtypes of direct ties and indirect ties of the
focal firm (see text for full description)

Control variables

Number of R&D alliances Recap Number of R&D alliance

Prior ties Recap Number of collaborations between the focal firm and alliance partners

Proportion of indirect ties Recap The proportion of indirect ties to all 1- and 2-step ties

Interactive mechanism Recap Interaction intensity between alliance partners

Ownership arrangement Recap the number of shared equity arrangement between direct alliances and indirect alliances

R&D expenditures Compustat Total expenditure of R&D ($M)

Mergers & acquisitions Compustat Total amount of mergers and acquisitions ($M)

Cash Compustat Total amount of cash ($M)

Employment Compustat Log of number of employees

Intangible assets Compustat Total amount of intangible assets ($M)

Property Compustat Value of property, plant, and equipment ($M)

Sales Compustat Log of the amount of sales

Market value Compustat Market value ($M)
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verification method augmented by a Dickey–Fuller test
(Maddala & Shaowen, 1999). The test results show that
the data do not have a unit root, the sequence is stable
(Chi-square = 1005.78, p = 0.004), and there is no corre-
sponding trend problem. The mean of the variance infla-
tion factor (VIF) of the variables is 3.98 and the
maximum value is 7.58, indicating that multicollinearity
is not a concern. To address the potential for heteroske-
dasticity, we adopt robust standard errors.

4.4 | Heterogeneity

Endogeneity might affect the relationship between stra-
tegic network and innovation outcomes as a result of
omitted variables or reverse causality. Although previ-
ous studies have shown that network structure is an
exogenous variable and can be included in regression
models (Phelps, 2010), we still adopt several tactics to
eliminate the potential for endogeneity to confound our
results. First, to minimize confounding effects and alter-
native explanations, we control for several important
firm-level and network-level factors that may affect the
process and outcomes of innovation activities. Second,
to ensure that causality flows from network ties to inno-
vation outputs rather than in the reverse direction, the
independent variables and control variables in all
models are lagged by 1 year. Moreover, we address the
cross-sectional heterogeneity problem. In panel data,
even after controlling for important characteristics of a
focal firm, there remain heterogeneous factors that are
difficult to observe but may impact the focal firm's pat-
ent applications. Fixed-effects models or random-effects
models are estimated to control for unobserved time-
invariant or time-varying factors. A fixed-effects model
assumes that the unobservable factors are fixed and
unchanging over time, whereas a random-effects model
assumes that the unobserved factors can be divided
into individual effects and random effects. Thus, a
random-effects model requires unobservable factors and
explanatory variables to be uncorrelated, which is a
more stringent constraint. We use a Hausman test to
determine whether we should use a fixed-effects model
or a random-effects model to address heterogeneity
(Sun et al., 2021).

5 | RESULTS

5.1 | Statistical results

Descriptive statistics and the correlation matrix are
reported in Table 3, showing that, on average, the firms

in our sample applied for 28 patents, had 5 alliance part-
ners, and maintained about 50 indirect partners per year.

Table 4 presents the results obtained with four nega-
tive binomial regression models we used to test Hypothe-
ses 1, 2, and 3. Model 1 is a baseline model that includes
only the control variables, providing a benchmark for
examining how direct ties, indirect ties, and similarity in
alliance subtypes interactively impact a focal firm's inno-
vation. Model 2 provides results that show the combined
effect of direct ties and indirect ties on innovation. The
results derived from Models 3 and 4 indicate the modera-
tion effect of similarity in financial and marketing alli-
ance subtypes, respectively. The values of the Akaike
Information Criterion (AIC) and the Bayesian Informa-
tion Criterion (BIC) in Models 2, 3, and 4 are lower than
their values in Model 1, indicating that these models
achieve better model fit than Model 1 (Cameron &
Trivedi, 2013, pp. 199–200). We also report the p-values
of the Hausman test results and the models chosen.
When a p-value is not significant (p > 0.05), there is no
difference between the estimation results obtained with
the random-effects model and those obtained with the
fixed-effects model. When this happens, we choose the
results obtained with the random-effects model to test
our hypotheses.

Our Hypothesis 1 is supported, as the findings derived
from Model 2 and reported in Table 4 suggest that inter-
action between direct ties and indirect ties has a negative
and significant impact on a focal firm's innovation
(b = �0.0000679, p < 0.005). The findings also indicate
that the individual effect of direct ties or indirect ties on
innovation is positive (b = 0.00411, p < 0.005;
b = 0.00134, p < 0.001, respectively). Note that the over-
all effect of direct ties and indirect ties is still positive
even though the interaction term is negative. The results
derived from Model 3 show support for Hypothesis 2
(b = 0.0172, p < 0.001). The results derived from Model
4 support Hypothesis 3, as the three-way interaction coef-
ficient is negative and significant (b = �0.0134,
p < 0.001).

Based on the regression results, in Figure 4 we plot
the interaction effects of direct ties, indirect ties, and sim-
ilarity in alliance subtypes on innovation. Following the
prior literature (Dawson & Richter, 2006), we take the
mean minus one standard deviation as the criterion for
low indirect ties/similarity and the mean plus one stan-
dard deviation as the criterion for high indirect ties/simi-
larity. For the three-way interaction effects, we follow
Dawson and Richter (2006) and plot a regression fit line
based on indirect ties and similarity in alliance subtypes
for the role of direct ties on innovation in four separate
scenarios: high indirect ties–high similarity, low indirect
ties–low similarity, high indirect ties–low similarity, and
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TABLE 4 Results from testing interaction effects of direct ties, indirect ties, and similarity in alliance subtypes on patent applications

(negative binomial regression)

Variables Model 1 Model 2 Model 3 Model 4

Direct ties (DT) 0.00411** (0.00136) 0.00985*** (0.00148) 0.00361* (0.00145)

Indirect ties (IT) 0.00134*** (0.000130) 0.000900***
(0.000141)

0.00132*** (0.000141)

H1: DT*IT �0.00000679**
(0.00000217)

�0.0000168***
(0.00000257)

0.000000197
(0.00000258)

Similarity in financial alliance
subtypes (SFAS)

16.39*** (4.774) 14.86*** (1.992)

Similarity in marketing alliance
subtypes (SMAS)

�13.92*** (4.223) �28.17** (10.25)

DT*SFAS �1.420 (0.822)

IT*SFAS �0.0506 (0.0445)

H2: DT*IT*SFAS 0.0172*** (0.00270)

DT*SMAS 0.375 (1.160)

IT*SMAS 0.249** (0.0883)

H3: DT*IT*SMAS �0.0134*** (0.00330)

Number of R&D alliances �0.00929***
(0.00111)

�0.00986***
(0.00113)

�0.0121*** (0.00116) �0.0136*** (0.00118)

Prior ties 0.0113*** (0.00102) 0.0107*** (0.00107) 0.00961*** (0.00108) 0.00988*** (0.00108)

Proportion of direct ties 0.140 (0.0944) �0.424*** (0.105) �0.341** (0.107) �0.475*** (0.106)

Interactive mechanism 0.00936***
(0.000654)

0.00841*** (0.00100) 0.0106*** (0.00103) 0.0127*** (0.00107)

Ownership arrangement �0.00197 (0.00210) �0.00137 (0.00217) �0.0128*** (0.00245) �0.00208 (0.00221)

R&D expenditures �0.00000804
(0.0000167)

�0.00000627
(0.0000170)

�0.0000129
(0.0000170)

�0.0000194
(0.0000171)

Mergers and acquisitions �0.0000109***
(0.00000251)

�0.00000886***
(0.00000260)

�0.0000119***
(0.00000262)

�0.00000932***
(0.00000262)

Cash 0.0000205***
(0.00000260)

0.0000212***
(0.00000261)

0.0000305***
(0.00000280)

0.0000212***
(0.00000262)

Employment 0.787*** (0.0169) 0.791*** (0.0169) 0.781*** (0.0171) 0.785*** (0.0170)

Intangible assets �0.0000154***
(0.00000116)

�0.0000155***
(0.00000118)

�0.0000164***
(0.00000119)

�0.0000130***
(0.00000125)

Property �0.000000408
(0.00000142)

0.000000132
(0.00000147)

0.00000175
(0.00000149)

�0.00000215
(0.00000148)

Sales �0.00631 (0.0116) �0.0217 (0.0117) �0.0186 (0.0118) �0.0195 (0.0117)

Market value 4.81e�08 (5.82e�08) �3.63e�08
(5.90e�08)

�0.000000142*
(6.05e�08)

1.12e�08 (5.91e�08)

Year dummy variables Included Included Included Included

N 1976 1976 1976 1976

AIC 18,172.7 17,909.4 17,765.3 17,821.5

BIC 18,290.1 18,043.5 17,927.4 17,983.5

Hausman test FE, p < 0.001 FE, p < 0.001 FE, p < 0.001 FE, p < 0.001

Note: Standard errors in parentheses. *p < 0.01; **p < 0.005; ***p < 0.001.
Abbreviations: FE, fixed-effects model; RE, random-effects model.
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low indirect ties–high similarity. Figure 4 shows the two-
way interaction plot (Panel A) and three-way interaction
plots (Panels B and C). The results obtained from slope
difference tests as shown in Figure 4 are consistent with
the regression results. In Panel A of Figure 4, the slope of
the high indirect-ties scenario is slightly lower than that
of the low indirect-ties condition, supporting

Hypothesis 1. In Panel B of Figure 4, the slope of the con-
dition of low indirect ties and low similarity in financial
alliance subtypes is the lowest and negative, whereas the
slope of the condition of high indirect ties and high simi-
larity in financial alliance subtypes is the highest and
positive. The slopes of the other two scenarios (high–low,
low–high) fall between the slopes of the high–high and

FIGURE 4 Interaction effects of direct ties (DT), indirect ties (IT) and similarity in alliance subtypes on patent applications (low value

means �1 SD and high value means +1 SD). Panel A: The interaction between direct and indirect ties. Panel B: The moderating role of the

similarity in financial alliance subtypes. Panel C: The moderating role of the similarity in marketing alliance subtypes.
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low–low situations. These results are consistent with the
regression results and support Hypothesis 2. In Panel C
of Figure 4, the slope of the condition of low indirect ties
and low similarity in marketing alliance subtypes is posi-
tive, while the slope of the condition of high indirect ties
and high similarity in marketing alliance subtypes is neg-
ative, consistent with the regression results and support-
ing Hypothesis 3.

5.2 | Robustness checks

To test the robustness of the results, we first use patent
citations as an alternative measure of innovation output
and rerun the regression analysis. Patent citations reflect
the extent to which a focal firm's patents have been cited
by other patents, indicating the importance of these pat-
ents (Hall et al., 2001). By using patent citations, we can
control for the effect of frivolous patents, because frivo-
lous patents will not be cited often by other patent appli-
cations. The results, which are obtained using the same
controls as in the previous analyses (to save space, they
are not shown), are reported in Table 5. All control

variables in the model are lagged 1 year. As is the case
with the estimation results reported in Table 4, here the
coefficient of interaction between direct ties and indirect
ties is negative and significant (b = �0.0000616,
p < 0.001). Similarly, the coefficient of interaction between
direct ties, indirect ties, and similarity in financial alliance
subtypes is positive and significant (b = 0.0519, p < 0.005)
and the coefficient of interaction between direct ties, indi-
rect ties, and similarity in marketing alliance subtypes is
negative and significant (b = �0.0381, p < 0.01).

We conduct an additional robustness test that incor-
porates the centrality of the whole network. We use two
indicators as alternatives to degree centrality, reflecting
firms' positions in the entire strategic network: between-
ness centrality and eigenvector centrality (Mazzola
et al., 2015, 2018). Betweenness centrality indicates how
much control a given node has over the flow of informa-
tion in a network. Eigenvector centrality is calculated
based on degree centrality, considering the number of
partners of direct alliance partners. When two firms have
the same number of direct alliances, the firm with more
indirect alliances has higher eigenvector centrality. The
results are shown in Tables 6 and 7, respectively. These

TABLE 5 Results from testing interaction effects of direct ties, indirect ties, and similarity in alliance subtypes on patent citations

(negative binomial regression)

Variables Model 1 Model 2 Model 3 Model 4

Direct ties (DT) 0.0229* (0.0105) 0.0334** (0.0118) 0.0169* (0.0115)

Indirect ties (IT) 0.00219** (0.000787) 0.00215* (0.000870) 0.00237** (0.000838)

H1: DT*IT �0.0000616***
(0.0000149)

�0.000102***
(0.0000219)

�0.0000438*
(0.0000178)

Similarity in financial alliance subtypes
(SFAS)

24.44 (22.71) �0.642 (8.026)

Similarity in marketing alliance subtypes
(SMAS)

�4.682 (3.967) �42.66* (16.82)

DT*SFAS �6.006 (5.067)

IT*SFAS �0.233 (0.228)

H2: DT*IT*SFAS 0.0519** (0.0190)

DT*SMAS 5.718 (5.062)

IT*SMAS 0.482 (0.312)

H3: DT*IT*SMAS �0.0381* (0.0208)

Year dummy and control variables Included Included Included Included

N 1826 2029 1826 1826

AIC 14,722.7 14,595.9 14,501.9 14,502.9

BIC 14,849.5 14,753.1 14,572.7 14,573.7

Hausman test FE,
p < 0.001

FE, p < 0.001 FE, p < 0.001 FE, p < 0.001

Note: Standard errors in parentheses. The regression coefficients, standard errors, and significance levels of the main hypotheses are indicated in bold.

*p < 0.01; **p < 0.005; ***p < 0.001.
Abbreviations: FE, fixed-effects model; RE, random-effects model.
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TABLE 6 Results from testing interaction effects of betweenness centrality, indirect ties, and similarity in alliance subtypes on patent

applications (negative binomial regression)

Variables Model 1 Model 2 Model 3

Betweenness centrality (BC) 1.605* (0.672) 4.952*** (0.750) 0.994 (3.579)

Indirect ties (IT) 0.00189*** (0.000108) 0.00173*** (0.000115) 0.00299*** (0.000444)

H1: BC*IT �0.0164*** (0.00228) �0.0281*** (0.00280) �0.0110 (0.0115)

Similarity in financial alliance subtypes (SFAS) 17.37*** (3.370) 4.237 (3.885)

Similarity in marketing alliance subtypes
(SMAS)

�13.87*** (4.195) �8.775 (10.27)

BC*SFAS �433.5*** (53.6)

IT*SFAS 0.0488 (0.0348)

H2: BC*IT*SFAS 18.59*** (2.579)

BC*SMAS 417.0 (320.0)

IT*SMAS 0.137 (0.151)

H3: BC*IT*SMAS �19.42 (13.73)

Year dummy and control variables Included Included Included

N 1976 1976 2029

AIC 17,851.7 17,723.0 13,965.0

BIC 17,985.8 17,885.1 14,144.7

Hausman test FE, p < 0.001 FE, p < 0.05 RE, p = 0.763

Note: Standard errors in parentheses. The regression coefficients, standard errors, and significance levels of the main hypotheses are indicated in bold.
*p < 0.01; **p < 0.005; ***p < 0.001.
Abbreviations: FE, fixed-effects model; RE, random-effects model.

TABLE 7 Results from testing interaction effects of eigenvector centrality, indirect ties, and similarity in alliance subtypes on patent

applications (negative binomial regression)

Variables Model 1 Model 2 Model 3

Eigenvector Centrality (EC) �0.124 (0.0704) 0.0589 (0.0767) �0.460*** (0.0811)

Indirect ties (IT) 0.00181*** (0.000153) 0.00160*** (0.000160) 0.00217*** (0.000167)

H1: EC*IT �0.00103*** (0.000182) �0.00210*** (0.000215) �0.000519* (0.000206)

Similarity in financial alliance subtypes (SFAS) 28.13*** (4.707) 15.28*** (1.999)

Similarity in marketing alliance subtypes
(SMAS)

�17.05*** (4.342) �41.98*** (12.26)

EC*SFAS �168.9*** (32.31)

IT*SFAS �0.109 (0.0571)

H2: EC*IT*SFAS 1.436*** (0.168)

EC*SMAS 595.1*** (75.82)

IT*SMAS �0.305** (0.114)

H3: EC*IT*SMAS �1.350*** (0.254)

Year dummy and control variables Included Included Included

N 1976 1976 1976

AIC 17,822.8 17,634.1 17,683.4

BIC 17,962.5 17,801.8 17,851.0

Hausman test FE, p < 0.001 FE, p < 0.001 FE, p < 0.001

Note: Standard errors in parentheses. The regression coefficients, standard errors, and significance levels of the main hypotheses are indicated in bold.
*p < 0.01; **p < 0.005; ***p < 0.001.
Abbreviations: FE, fixed-effects model; RE, random-effects model.
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results indicate that the direction and significance of the
interaction terms are largely consistent with those indi-
cated by the previous results, although the interaction
term for betweenness centrality, indirect ties, and similar-
ity in marketing alliance subtypes is not significant. This

result may reflect the fact that the concept of similarity in
alliance subtypes precisely captures the difference in alli-
ance subtypes between direct ties and indirect ties, but
the concept of betweenness centrality captures not only
indirect alliance partners within two steps but also indi-
rect partners beyond two steps. In addition, betweenness
centrality reflects a centrality position in a whole net-
work based on shortest paths rather than the richness of
their direct and indirect connections, thus leading to a
nonsignificant coefficient.

5.3 | Additional analysis

The number of indirect ties may have a curvilinear effect
on corporate performance. Redundant ties have an
inverted U-shape effect on corporate innovation out-
comes (Vanhaverbeke et al., 2012). When collaborating
with others, firms may face the problem of the paradox of
openness: disclosing knowledge can help firms achieve
more inside–out innovations, but there is also the risk of
knowledge leakage (Laursen & Salter, 2014). Once the
threshold is crossed, returns from indirect ties become
negative. Specifically, redundancy caused by indirect ties
may occur only when a knowledge search is broad. We
conduct an additional analysis to test this effect. The non-
linear regression results are shown in Table 8 and in
Figure 5, with the control variables lagged 1 year. For
Table 8, in Model 1 we include the square term of indi-
rect ties. The coefficient of indirect ties is positive

TABLE 8 Results from testing interaction effects of direct ties,

indirect ties, and indirect ties squared on patent applications

(negative binomial regression)

Variables Model 1 Model 2

Direct ties (DT) 0.00602***
(0.00146)

0.00928***
(0.00256)

Indirect ties (IT) 0.00175***
(0.000191)

0.00312***
(0.000329)

IT*IT �0.000000946***
(0.000000278)

�0.00000222**
(0.000000765)

DT*IT �0.0000964***
(0.00000874)

DT*IT*IT 0.000000120***
(9.73e�09)

Year dummy and
control variables

Included Included

N 1976 1976

AIC 17,847.0 17,692.2

BIC 17,986.7 17,843.1

Hausman test FE, p < 0.001 FE, p < 0.001

Note: Standard errors in parentheses; *p < 0.01; **p < 0.005; ***p < 0.001.

Abbreviations: FE, fixed-effects model; RE, random-effects model.

FIGURE 5 Moderating effect of direct ties on curvilinear effect of indirect ties on patent applications (low value of direct ties means

�1 SD and high direct ties value means +1 SD)
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(b = 0.00175, p < 0.001), while the coefficient of the
square term of indirect ties is negative
(b = �0.000000946, p < 0.001), indicating that the effect
of indirect ties on innovation assumes an inverted U-
shape with a slightly negative effect. In Model 2, we
include interaction between direct ties and the square
term of indirect ties, and the coefficient is positive and
significant (b = 0.000000120, p < 0.001), indicating that
the effect of direct ties may flatten the noncurvilinear
impact of indirect ties squared on firm innovation. The
plot shown in Figure 5 is consistent with the regression
results in that the nonlinear relationship approaches the
linear relationship when direct ties are at high levels.

6 | DISCUSSION

6.1 | Theoretical contributions

Our study's theoretical contributions begin with its being
the first to examine the combined effect of direct and
indirect ties on a focal firm's innovation output as mea-
sured by number of patent applications. Although prior
studies offer insights into the positive impact of direct/
indirect ties on innovation (Ahuja, 2000; Baum
et al., 2000; Cui & O'Connor, 2012; Mazzola et al., 2018),
it is surprisingly rare for a study in the extant literature to
investigate the collective influence of direct ties and indi-
rect ties. Our findings from the biopharmaceutical indus-
try indicate that direct ties and indirect ties when
considered collectively have a negative impact on a focal
firm's innovation. This finding is consistent with the
structuralist view of networks, which suggests that the
addition of an indirect tie to a bilateral relationship will
create a tripartite relationship that endangers the original
bilateral relationship and gives the direct partner more
power (Borgatti & Halgin, 2011; Cook & Richard, 1978).
Our findings do not, however, agree with the connection-
ist view of networks, which assumes that indirect ties
expand the reach and richness of direct ties, offering
firms a broader pool of resources for developing their
own innovation (Koka & Prescott, 2002; Lavie, 2006).

The results obtained from our additional analysis show
an inverted-U shaped relationship between direct ties and
innovation, which suggests that having more indirect ties
may overburden a focal firm with information overload
and network redundancy (Koka & Prescott, 2002;
Lavie, 2006; Mariotti & Delbridge, 2012). In addition,
when we simultaneously consider the effects of direct ties
and the square term of indirect ties, the three-way interac-
tion term shows a positive impact on firm-level innova-
tion, suggesting that the effect of indirect ties depends
heavily on the structure of the direct ties. Taking these

findings together, our research reveals that the structures
of a focal firm's alliance network (including both direct
and indirect alliances) and the direct alliance network are
important factors that determine the extent to which the
focal firm could benefit from its alliance network.

Moreover, our study enriches the alliance network lit-
erature by developing a novel concept of similarity in
financial or marketing alliance subtypes to represent the
content of a focal firm's alliance network. Strategic alli-
ances differ by type and particular types of alliances such
as marketing and finance alliances also have distinct sub-
types (Cui & O'Connor, 2012; Martínez-Noya &
Narula, 2018; Sampson, 2007). Prior studies offer insights
into the importance of differentiating types of alliances
(Aggarwal, 2020; Choi, 2020; Cui, 2013; Cui &
Xiao, 2019). To move this line of inquiry forward, our
concept of similarity in financial or marketing alliance
subtypes adopts a more granular perspective to examine
differences and similarities in alliance subtypes between
direct and indirect ties. It is suggested that similarity in
financial or marketing alliance subtypes determines what
and how resources, information, and knowledge can be
shared and transferred within an alliance network, which
subsequently determines the network content and the
extent to which a focal firm could learn from its direct
and indirect partners. In so doing, we enrich the litera-
ture by showing the importance of network content or
composition in offering innovation potential (Baum
et al., 2000; Phelps, 2010).

Finally, our research also extends the extant innova-
tion literature by simultaneously considering the impacts
of the structure and content of a focal firm's alliance net-
work on its innovation outcomes. The structure and con-
tent of an alliance network go hand in hand (Phelps
et al., 2012) and, in this case, they should impact a focal
firm's innovation jointly rather than separately. In fact,
our findings show that similarity in financial alliance sub-
types, as compared with similarity in marketing alliance
subtypes, has a distinct moderating effect on the combined
impact of direct and indirect ties on a focal firm's innova-
tion. This finding shows that resources, skills, and knowl-
edge shared in various subtypes of marketing or financial
alliances are heterogeneous and, accordingly, a focal firm's
innovation output is simultaneously determined by the
structure and content of its alliance network.

6.2 | Managerial implications

The results of this research also provide several implica-
tions for managers. First, we suggest that managers
should obtain alliance profiles of potential alliance part-
ners through databases such as the Securities Data
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Company or Recap to scan and monitor the alliance sta-
tus of their indirect alliance partners. Our study shows
that indirect alliances play a dual role: they can transfer
additional information without incurring alliance costs
and can influence resource gains from direct alliances.
Switching costs and the limited availability of alternative
partners make it difficult for managers to have any effects
on indirect ties. However, understanding indirect alliance
partners can help managers gain a more comprehensive
view of the network environment (direct ties, indirect
ties, and alliance subtypes) in which a firm is embedded,
taking Figure 1 as an example. In addition, managers
should also consider the impact of indirect ties when
entering into new alliances. Generally, when selecting
alliance partners, managers tend to base their decisions
on partner characteristics, such as resource complemen-
tarity, resource compatibility, and knowledge heterogene-
ity. In fact, managers can select appropriate partners and
choose specific alliance content based on an existing alli-
ance structure and alliance content.

Second, when managing alliances or entering new
ones, managers should focus on specific subtypes of alli-
ances and adopt differentiated management strategies for
different subtypes of alliances. When designing alliance
portfolios, managers should consider alliance subtypes
because involvement with multiple alliance subtypes may
increase the heterogeneity of alliance resources and may
involve distinct governance mechanisms for knowledge-
sharing and resource acquisition. In addition, information
on alliance subtypes can be used to conduct appropriate
risk assessment and optimize innovation activities.

Finally, the empirical results reported here also confirm
that strategic networks may have a dark side when it comes
to firm innovation. Networks may be over-embedded, hold-
ing a firm hostage and limiting its directions when explor-
ing innovation opportunities. Furthermore, indirect
alliances in marketing networks can create excessive com-
petition and limit innovation benefits that firms can acquire
from direct alliance relationships. In a network environ-
ment, “the more the better” logic is not applicable. Man-
agers need to be astute in maintaining the breadth of their
firms' ties while avoiding the network trap. For example,
when managers perceive that both their direct and indirect
ties involve certain market-specific alliances, they need to
be aware that this may undermine a firm's ability to capture
the benefits of innovation from direct alliances.

6.3 | Limitations and future research
directions

This study is subject to several limitations and it also
offers several directions for future explorations. First, this

study selected firms in the biopharmaceutical industry to
control for industrial effects and to enhance the validity
of inter-firm comparisons. Caution should therefore be
exercised in generalizing our findings to other industrial
contexts. For example, in some industries firms protect
innovations through lead-time or secrecy rather than
through patents. Research conducted in these industries
could consider alternative options for measuring innova-
tion. Second, due to data limitation, we consider only one
important characteristic of alliance networks: similarity
in financial or marketing alliance subtypes. It would be
meaningful to further analyze interaction between alli-
ance attributes and partner attributes, for example, to
reveal how diversity in alliance subtypes and diversity in
partner types (e.g. companies, universities, or hospitals)
affect firms' innovation activities interactively. Future
studies could also explore similarity between alliance
contract terms for direct alliances and indirect alliances
to show how specific governance mechanisms and con-
tract term configurations could influence knowledge
flows. Third, limits on the availability of data make it dif-
ficult to measure many variables in alliance governance,
such as partner trust, governance models, and contract
completeness. These missing variables may cause endo-
geneity problems. Future research could explore the roles
these concepts play by combining methods such as ques-
tionnaires, contract text mining, and case studies. Future
studies could also seek to control for endogeneity using
instrumental variables and natural experiments. Finally,
because of data limitations, our sample interval spans
1990 through 2001. In the rapidly growing biopharma-
ceutical industry, alliance activities may differ in other
periods. Future research is thus needed to examine such
differences that may have differential impacts on the
relationship between network ties and innovation.
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