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Understanding intra-industry boundaries is important because it offers insight into
firms’ strategic options based on their competences. Defining intra-industry heteroge-
neity in terms of the technological and customer competences that are required to
produce and sell different products in each submarket, this paper explores whether
the convergence of these competences, i.e., an increase in the degree to which compe-
tences can be leveraged across submarkets, exerts differential effects on the success of
industry incumbents versus entrants. Empirical evidence from the global semiconductor
manufacturing industry shows that convergence in both technological and customer
competences decreases entrants’ survival chances, whereas a lack of convergence in
any one of the two types of competence—that is, in one set of competences or another but
not in both—gives entrants sufficient room to gain a foothold in the industry and to
potentially disrupt incumbents. As a strategic response to disruption, multiplant in-
dustry incumbents can reposition themselves by changing their focus across submarkets
while not necessarily exiting the industry entirely. The paper contributes to the litera-
ture on industry evolution, disruption, and competitive dynamics and has implications
for future research and practice.

The relative fate of industry incumbents and en-
trants over the course of industry evolution has been
amajor topic of interest in themanagement literature
(Agarwal, Sarkar, & Echambadi, 2002; Christensen,
1997; King & Tucci, 2002; Klepper, 1996; Tripsas,
1997). Earlier studies on industry evolution have
documented primarily that industry incumbents have
advantages over entrants because of the convergence
toward homogeneous industry structures (Gort &

Klepper, 1982; Klepper, 1996; Utterback &
Abernathy, 1975). These studies have provided
broad conceptual schemes, such as scale advan-
tages in the mass production of standardized goods
(Klepper, 1996) or the coalescence of an industry
around a particular technology—dubbed a domi-
nant design—among many competing alternative
technologies (Anderson & Tushman, 1990; Utterback
& Suarez, 1993), followed by the industry’s consol-
idation into a stable oligopoly (through a shakeout)
(Klepper, 1997). Because of the focus on convergence
toward homogeneous industry structures, this tradi-
tional monolithic view of industry evolution often
favors industry incumbents and suggests that later
entrants have few or no opportunities for survival
(Knudsen, Levinthal, & Winter, 2014).

The industry evolution literature has gradually shif-
ted to studying industries that persist as segmented and
heterogeneous product markets that can offer oppor-
tunities for entrants (Adner, 2002; Argyres, Bigelow, &
Nickerson, 2015; Bhaskarabhatla & Klepper, 2014; de
Figueiredo & Silverman, 2007; Klepper & Thompson,
2006; King & Tucci, 2002). By dividing industries into
niches or submarkets, scholars have explored compet-
itive accounts of disruptive technologies (Adner, 2002;
Adner & Zemsky, 2005), entry into new market
niches (King & Tucci, 2002), and the repositioning of
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incumbents (i.e., abandoning a segment) as a strategic
response to industry change (Argyres et al., 2015; de
Figueiredo & Silverman, 2007). Further theoretical
underpinning is nevertheless needed to account for
variation in our understanding of intra-industry
boundaries. Many industries feature striking levels of
product variety that belie their limited Standard In-
dustrial Classification (SIC) codes (Bryce & Winter,
2009). These boundaries not only are a function of the
distinct technical knowledge but also may derive from
the demand environment, which has heterogeneous
and changing consumer needs (Adner & Levinthal,
2001; Tripsas, 2008). Moreover, to understand the
continuous restructuring of intra-industry boundaries,
we need to consider multiple submarkets coevolving
withinan industry (Klepper&Thompson,2006;Sutton,
1998), which recurrently shape firms’ strategic options
basedon their competences.1 Theexisting literaturehas
not focused on differentiating the competences needed
in each submarket and, particularly, the convergence
of these competences (i.e., an increase in the degree
to which competences can be leveraged across sub-
markets). What we need is a theory that explains how
the changes in the distinctiveness of submarketswithin
an industry affect the extent to which industry in-
cumbents or entrants have the competences that are
needed to compete in them. Only then can we un-
derstandcompetitivedynamicsandindustryevolution.

To fill this gap, in this study, I offer a competence-
basedviewof industry evolution. I argue that to explain
theselectionprocessbetweenindustry incumbentsand
entrants, intra-industry boundaries should be defined
in terms of the competences that are needed to serve
each submarket (Abernathy & Clark, 1985; Danneels,
2002). I distinguish between two types of competences
that togetherdetermine firmsuccess: technological and
customer competences of submarkets within the same
industry (Danneels, 2002, 2004; Mitchell, 1992).2

Technological competences refer to the ability to use

certain technologies to bring a product or service into
existence, such as capabilities involved in developing
and manufacturing products by using certain process
technologies, whereas customer competences refer to
the ability to address different customer needs with
these offerings, such as capabilities involved in de-
veloping product features, developing market applica-
tions, and understanding customers’ needs (Danneels,
2002, 2004; Priem, 2007).

Considering multiple independent submarkets that
remain non-converging (Sutton, 1998), industry in-
cumbents do not possess all necessary sets of compe-
tences tocompetewithentrants inall thesubmarketsof
an industry (e.g.,Sosa,2009). Inotherwords, the lackof
convergence in submarkets breaks the mechanism
through which industry incumbents dominate as
postulated in the traditional monolithic view. How-
ever, as the competence profiles of hitherto separate
submarkets evolve over time, some submarkets con-
verge, allowing firms to leverage their competences
across submarkets. I argue that while convergence in
both technological and customer competences favors
industry incumbents over entrants, as occurred in the
U.S. tire industry (Buenstorf & Klepper, 2010),3 a lack
of convergence in either type of competence gives
entrants sufficient room to gain a foothold in the in-
dustry and to potentially disrupt industry incumbents
(Adner & Zemsky, 2005; Malerba & Orsenigo, 2002),
as occurred in the computer or laser industries
(Bhaskarabhatla & Klepper, 2014; Buenstorf, 2007;
Stieglitz, 2003).4 I use the term “disruption” to refer to

1 While there is no objective definition of submarkets, they
are often defined as specialized product clusters to which
firms in the same industry can be differentiated along nu-
merous dimensions, such as the technologies they use, the
product/services they offer, or the customer segments they
target (Sutton, 1998; Klepper & Thompson, 2006).

2 I choose to focus in particular on technological and
customer competences because they are the two key con-
ditions that are jointly needed to be successful in a sub-
market: firms should be able, first, to physically develop
and manufacture products (which requires technological
competences) and, second, to sell them to address different
customer needs (which requires customer competences)
(Mitchell, 1992; Danneels, 2002: 1102).

3 Buenstorf & Klepper (2010: 1567) find that the cord
tires submarket was initially independent from the fabric
tires submarket; however, over time, enhanced innovation
efforts in the cord tire submarket spurred a great wave of
entry and exit, making their products attractive to an in-
creasingly broad range of customers. The cord tires sub-
market began to poach sales from the fabric tire submarket.
However, because technological developments related to
cord tires also gradually built on fabric tires, the cord tire
submarket soon became tied to the fabric tires submarket.
Consequently, despite opening up opportunities for en-
trants, cord tires did not upset the dominance of leaders in
the tire industry. Incumbents’ dominance was reinforced.

4 This argument does not necessarily indicate that dis-
ruption will occur every time submarkets remain non-
convergent, but continued separation of submarkets is the
only way in which entrants can gain a foothold, after which
theymaypotentiallydisrupt incumbents.This argument is in
line with that of Christensen and his coauthors: Disruptive
innovation does not guarantee success; it is intended to ex-
plain an approach to competition (Christensenet al., 2004;
Christensen et al., 2015).
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the process through which entrants gain a foothold in
part of an industry by better adapting to the changing
ways of producing or selling products than industry
incumbents, which eventually flounder (Adner, 2002;
Christensen, 2006; Christensen, Anthony, & Roth,
2004; Christensen, Raynor, & McDonald, 2015; King
& Baatartogtokh, 2015). Hence, industry incumbents
(entrants) are characterized by less (more) flexibility
in adjusting to changes in the industry structure
(Leonard-Barton, 1992). As a strategic response to
disruption, multiplant industry incumbents can re-
position themselves by changing their firm scope and
product portfolio across submarkets while not neces-
sarily exiting the industry entirely (Sosa, 2013). Thus,
the success of industry incumbents or entrants in this
paper corresponds to continued plant operations in
a submarket—not survival at the industry level in
general (cf. Argyres et al., 2015).5 If no convergence
occurs in either type of competence, the continued
separation of submarkets results in the co-existence
of industry incumbents and entrants, as occurred in
the turboprop engine (Bonaccorsi & Giuri, 2000) and
shipbuilding (Thompson, 2005) industries.

The global semiconductor manufacturing industry
is used to test the predictions of this theory. In addition
to its economic and policy prominence, this industry
provides significant intra-industry heterogeneity; thus,
it is an ideal setting to test the theory. The industry en-
compassesvariousmanufacturing technologies (suchas
CMOS, Bipolar, and BiCMOS) and products with dif-
ferent key functionalities (such as DRAM,MPU, mixed
signal, and light-emitting diode (LED) chips). The find-
ings support the predicted relationships: submarkets
that converge around both a homogeneous technology
profile and a homogeneous market profile are more
likely to experience semiconductor manufacturing
production facility (fab) exits by entrants than by
industry incumbents. Entrants into submarkets with
convergence only in technological competences or
only in customer competences—but not in both—are

able to survive longer, providing the necessary con-
text to create disruptions.

These results highlight the importance of using a
competence-based approach to define intra-industry
boundaries and of considering the interaction be-
tween technology and the market convergence of
submarkets when analyzing the competitive impli-
cations of industry evolution. Regarding the first
point, I conceptualize the intra-industry structure by
differentiating the competences that are needed in
each submarket; i.e., I draw attention to the strategic
significance of competences at the submarket level
and their role in determining firms’ competitive po-
sitions, such as their long-term survival and reposi-
tioning. More specifically, following the influential
work ofAbernathy andClark (1985), this study is—to
my knowledge—the first to apply a competence
perspective to the dynamics of industry evolution.
Second, I consider the “convergence” dynamic to
determine how the evolution of the technology and
market dimensions of the intra-industry structure
determines firm success. In thisway, I can categorize
disruptions into two types—technology disruptions
and market disruptions—depending on where they
originate.

LITERATURE REVIEW

A large body of literature has analyzed the relative
fate of incumbents and entrants in the course of in-
dustry evolution (see Ansari & Krop (2012) for a re-
cent review). Here, I provide a brief synopsis of
this work to identify inconsistencies, unarticulated
assumptions, and gaps regarding three related ques-
tions: (1) What factors drive the convergence (or lack
thereof) of the intra-industry structure? (2) How do
technology- and market-related resources and com-
petences affect the relative prospects of incumbents
and entrants? (3) What are the strategic responses of
industry incumbents to disruptive industry change?

Convergence and Industry Evolution

In the industry evolution literature, a number of
models have been developed to investigate chang-
ing industry structures, particularly the redefinition,
blurring, or even removal of intra- and inter-industry
boundaries by converging technologies and markets
(Greenstein & Khanna, 1997; Lei, 2000; Stieglitz,
2003). Comparing earlier efforts with more recent
ones, one can observe the progression of models
based on exogenous changes (Gort & Klepper, 1982),
such as major innovations (Jovanovic & MacDonald,

5 While the majority of the industry evolution and
technology innovation literature considers that between
entrants and incumbents, one survivor wins while the
other dies (e.g., displacement, demise, or failure of in-
cumbents); I suggest that industry incumbents can also
make strategic moves—such as repositioning within the
industry by closing production facilities in certain
submarkets—as a response to changes in the intra-industry
structure and disruption by entrants. Significant ongoing
debate on this topic justifies my approach that disruption
does not necessarily constitute an existential threat
(Lepore, 2014; King & Baatartogtokh, 2015; Gans, 2016).
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1994) and dominant designs (Utterback & Suarez,
1993), as well as endogenous changes, such as the
scale2appropriability relationship (Klepper, 1996)
or uncertainty and sunk costs (Cabral, 2012), which
subsequently lead to the industry’s consolidation
into a stable oligopoly (through a shakeout) (Klepper,
1997). For instance, in the U.S. television, automo-
bile, and tire industries, the convergence of pre-
viously separate submarkets—e.g., black-and-white
vs. color TV, cord vs. fabric tires, and rural vs. urban
automobile users—did not offer sufficient opportu-
nities for entrants to survive, and entrants thus failed
to challenge industry incumbents’ dominance
(Buenstorf & Klepper, 2010: 1567). Convergence oc-
curs in these models because of the depletion of
product innovation opportunities. For example, in
Klepper’s scale2appropriability model (Klepper,
1996), product innovations open up new sub-
markets, but they are immediately imitated in the
subsequent period, and new demand is added to the
mainstream submarket’s total demand in favor of
industry incumbents, which eventually gain an in-
surmountable cost advantage over later entrants
(Klepper, 1996: 566).

More recently, the industry evolution literature
has also included customers and other stakeholders
in explanations of this convergence process (Argyres
et al., 2015; Benner & Tripsas, 2012; Bhaskarabhatla
& Klepper, 2014; Suarez, Grodal, & Gotsopoulos,
2015). For example, Argyres et al. (2015) argue that it
is not the dominant design that triggers convergence
of the within-industry structure, but rather the in-
troduction of a particular pioneering new product
design for which demand surges in an unexpectedly
intense way, which they call an “innovation shock.”
Examples of this phenomenon include the Ford
Model T, the RCA color TV, and the Apple Macin-
tosh, iPod, and iPhone. Similarly, Suarez et al. (2015)
propose the idea of a “dominant category”—the
conceptual schema to which most stakeholders ad-
here when referring to products that address similar
needs and that compete for the same market space.
For example, in the smartphone industry, producers
introduced products for which they claimed such
disparate categories as “handheld PDA,” “multime-
dia device,” “business tool,” “gaming device,” and
“handheld computer.” As the industry developed
further, this initial phase of categorical divergence
was followed by a phase of convergence to the
dominant category: the “smartphone” (Suarez et al.,
2015: 439).

In all these studies, industry evolution results in
convergence toward a particular technology or a

homogeneous product market, in which later en-
trants are left with neither viable opportunities to
gain a foothold nor chances for survival. In contrast,
a lack of convergence in the industry’s technologies
or markets gives entrants viable options to avoid
engaging in head-on competition with and being
eliminated by industry incumbents (Windrum &
Birchenhall, 1998). For instance, in semiconductor
manufacturing, technologies that are three and four
generations behind the frontier continue to be pur-
chased and used (Adner & Snow, 2010), giving en-
trants additional chances to break into incumbent
markets. The non-convergence of submarkets is not
covered in previous industry evolution models, ex-
cept in the underappreciated foundational work
of Sutton (1998). While the assumption of the full
appropriation of returns to innovation by industry
incumbents through the convergence of technolo-
gies andproductmarkets coherently explains “when
incumbents dominate,” it also restricts existing
models’ ability to account for a possible non-
converging submarket structure and opportunities
for disruption (cf. Danneels, 2004).

Technology- and Market-Related Resources
and Competences

In a parallel and closely related body of re-
search, innovation scholars have developed con-
cepts such as competence-destroying innovation
(Tushman & Anderson, 1986), architectural in-
novation (Henderson & Clark, 1990), and disruptive
innovation (Christensen & Bower, 1996) to explain
the dethronement of entrenched incumbents by
entrants. Technology-related arguments are based
on incremental versus radical innovations (Dewar&
Dutton, 1986; Henderson, 1993), whereas market-
related arguments are based on sustaining versus
disruptive innovations (Christensen, 1997). In-
cremental changes are often related to progress
along a technological trajectory defined by a tech-
nological paradigm, while radical changes are as-
sociated with the emergence of a new paradigm
(Dosi, 1982) that leads to intensified technological
competition or even to a complete breakdown of
competitive patterns (Anderson & Tushman, 1990;
Henderson & Clark, 1990). Consequently, a process
of “creative destruction” (Schumpeter, 1994) un-
folds, which opens up possibilities for new entrants
and eventually leads to the demise of established
firms (Foster, 1986; Utterback, 1994). In contrast,
sustaining and disruptive innovations focus on
whether the products of different submarkets
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address the needs of existing customers or of
emerging and different customers, respectively.
Scholars argue that incumbent firms with sustain-
ing technology may fail because of inefficient re-
source allocation between the original sustaining
technology and the new disruptive technology
(Christensen, 1997; Christensen & Bower, 1996).
Furthermore, an alternative market-related expla-
nation states that industry incumbents may be
better positioned to take advantage of new
technologies than entrants because they own or
have better access to complementary assets that
are needed to commercialize the product, such
as marketing, sales, and distribution (Hill &
Rothaermel, 2003; Rothaermel & Hill, 2005; Sosa,
2011; Teece, 1986; Tripsas, 1997). The explicit
assumption in all these studies is that although
technologies improve over time, preferences in
each customer segment remain relatively static
(Sood & Tellis, 2011; Tripsas, 2008). Thus, this
research does not address the role of changing
consumer needs in each submarket, particularly
the firm capabilities that are needed to address
these changing needs (Danneels, 2003).

While the complexity of incumbent2entrant dy-
namics can best be understood by concurrently an-
alyzing technology- and market-related resources
and competences over time, few studies have done
so (see, Abernathy & Clark, 1985; Clark, 1985 for
exceptions). For example, Abernathy and Clark
(1985) categorize innovations as being incremental
or radical in terms of their transilience on the tech-
nology and market sides—the capacity of an in-
novation to substantially change the technical
capabilities and market2customer linkages. Never-
theless, the existing literature has not focused on
differentiating the (technological and customer)
competences that are needed in each submarket.

Responding to Disruptive Industry Change

Along with entrants’ disruptive capabilities and
strategies, industry incumbents’ responses also play
an important role in how incumbents cope with in-
dustry change (e.g., Ferrier, Smith, & Grimm, 1999;
Jiang, Tan, & Thursby, 2011; Ross & Sharapov, 2015).
Depending on their ability and motivation to re-
spond, industry incumbents can consider various
strategic reactions to disruption, such as adopting,
ignoring, attacking, or fleeing from the disruption
(Charitou & Markides, 2003). Incumbent leaders
generally have more abundant and long-invested
resources than latecomers and can thus safeguard

themselves against the impending loss of the entirety
of the market (such as bankruptcy or exit from the
industry). As Gans (2016) states, “To be sure, facing
disruption is nopicnic. But it also isn’t the existential
threat that so many see it as.” Studies therefore need
to consider a broader range of incumbent outcomes,
not simply survival (Ansari & Krop, 2012).

Repositioning. Repositioning—that is, abandon-
ing a firm’s current positioning and adopting a new
one—has been understudied as a strategic response
to disruption (Wang & Shaver, 2014, 2016). Industry
incumbents facing disruption can strategically re-
position themselves by changing their focus across
submarkets, e.g., retrenching the operations in
a particular submarket while not necessarily exiting
an industry entirely (cf. Argyres et al., 2015; de
Figueiredo & Silverman, 2007). In the laser printer
industry, for example, certain manufacturers
repositioned to differentiate themselves from the
industry-dominant Hewlett Packard, while others
repositioned to follow the leader (de Figueiredo &
Silverman, 2007). Similarly, Argyres et al. (2015)
find that when the Ford Model T was introduced
in the U.S. automobile industry, firms in the low-
horsepower segment repositioned to middle- and
high-horsepower segments to avoid the competition
created by Ford.

While the majority of the industry evolution and
technology innovation literature considers that be-
tween entrants and incumbents, one survivor wins
while the other dies (e.g., displacement, demise, or
failure of incumbents); extant research lacks empir-
ical focus on the repositioning of multiplant multi-
product industry incumbents. Consider Intel, which
in 2015 operated 17 semiconductor manufacturing
production facilities (fabs) worldwide. Claiming
Intel’s possible disruption at the firm level will re-
quire the bankruptcy or exit of Intel from the entirety
of the industry, which is definitely less credible,
testable, and viable than claiming Intel’s reposi-
tioning within the same industry by closing one or
more of its fabs (while continuing operations in the
remaining ones and opening new ones in other
submarkets).

Synthesis

In summary, established theories of industry evo-
lution fail to show that more than one evolutionary
pattern in industry structure may arise in terms of
incumbent2entrant dynamics: (1) dominance of in-
cumbents, (2) disruption by entrants, and (3) the
continued separation of submarkets. The traditional
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monolithic view covers only the first outcome and
explains away the rest as “irregularities” (Klepper &
Thompson, 2006: 876). While these patterns are not
necessarily presented as mutually exclusive in the
literature, it is arguable that one can observe either
dominance of incumbents or disruption by entrants
when submarkets converge. In the next section,
I introduce a competence-based view of industry
evolution to show that the convergence of the intra-
industry structure—defined in terms of the critical
complementary competences to produce and sell
products of different submarkets—can account for
all these outcomes.

THEORETICAL DEVELOPMENT
AND HYPOTHESES

In my theoretical model, different submarkets
require different competences. As the competence
profiles of hitherto separate submarkets evolve over
time, i.e., they converge toward each other or not,
a selection process occurs between industry in-
cumbents and entrants. To evaluate this conver-
gence, I focus on two types of closeness between
submarkets: technology closeness and market close-
ness. Technology (market) closeness is related to
whether the technological (customer) competences
required in one submarket can be leveraged across
submarkets, thus affecting the degree to which in-
dustry incumbents can respond to disruption by
entrants from the technology (market) side.

To provide a simple illustration of the theory,
imagine the case inwhich only two submarkets exist
in an industry, S1 and S2.6 There can be incumbents
and entrants in both submarkets (denoted by In-
cumbent 1, Incumbent 2, Entrant 1, and Entrant 2,
respectively), and they are characterized by their
flexibility in adjusting to changes in the industry
structure (Leonard-Barton, 1992).7 Thus, while in-
dustry incumbents have higher adjustment costs
than entrants, they have had more time and re-
sources to invest in building the competences

needed to compete in the submarket (Argyres et al.,
2015). Entrants do not fully possess these compe-
tences because theyhavenot yet incurred sunk costs,
such as building multiple plants using a given tech-
nology. Starting at time t 5 0, each submarket has
a technology competence profile and a customer
competence profile (see Figure 1, left). The X vector
comprises the skill set and the knowledge base re-
quired in manufacturing processes within a particu-
lar submarket (Stieglitz, 2003). The C vector exhibits
the competences required in developing product
characteristics in a submarket that provide customer
benefits (functionalities) (Adner & Levinthal, 2001;
Benner & Tripsas, 2012; Danneels, 2002). The verti-
cal (horizontal) distance between S1 and S2 denotes
the technology (market) closeness (see Figure 1,
right), and this distance is updated every period. The
optimal competence profile to serve a submarket
changes over time both exogenously, in response to
technological and market changes, and endoge-
nously. Industry incumbents’ limited ability to adapt
increases their incentives to apply their (sub-
market’s) existing competences to other submarkets.
They can at most invest in related—rather than
unrelated—submarkets (Mitchell & Skrzypacz,
2015). Thus, Incumbent 1 and Incumbent 2 pull the
other submarket toward theirs, and this process en-
dogenously results in convergence between S1 and
S2. For example, in semiconductor manufacturing,
driven by investments by large-scale industry in-
cumbents, such as Intel in logic and Samsung in
memory, in the late 1980s, the technological com-
petence profiles of these two submarkets became
increasinglydominatedby theComplementaryMetal-
Oxide-Semiconductor (CMOS) technology (Jiang
et al., 2011). Through this convergence process,
previously separate logic and memory submarkets
were pulled toward one another, resulting in tech-
nology convergence between these two submarkets. A
similar counterforce for divergence can be argued to
endogenouslymove submarkets away fromeachother
byentrants’ investments inunrelatedareas (Mitchell&
Skrzypacz, 2015).

For simplicity, let us keep S1’s position constant,
and let S2 converge to S1. Hence, firms in S1 do not
need toupdate their competences—thus, Incumbent 1
alreadymatches the stable conditions inS1better than
Entrant 1—but firms in S2 do. At time t 5 1, S2’s
technology closeness to S1 increases, that is, S2’s
technological competences become increasingly sim-
ilar to those of S1. This leads to a more homogeneous
technological competence structure between the two
submarkets. Forced to adjust their technological

6 It is important to note that my claim is not for dyadic
submarket relationships in this paper. The empirical
analysis allows for multiple submarkets. I pursue an
industry-level homogeneity vs. heterogeneity argument,
which requires consideration of all submarkets interacting
with each other.

7 The inertia of industry incumbents is related to both
their age and size (Hannan&Freeman, 1984; Sutton, 1997).
In line with this consideration, industry incumbents are
later operationalized as firms that own more than 1 fab.
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competences to those of S1, Incumbent 2 will have
greater difficulty than Entrant 2 in adapting to the
new optimal competence profile.

The change of S2’s position in the competence
space favors Entrant 2 against Incumbent 2, but they
now face competition from Incumbent 1, who can
leverage its technological competences to compete
in S2. The real added value of incorporating the in-
dustry submarkets model into the incumbent2entrant
dynamics originates from the consideration of this ad-
ditional competition. To gain a foothold and survive,
Entrant 2 will require a differentiating competence
profile that is unlike that of S1. Non-convergence in
customer competences (i.e., unchanging market close-
ness) offers such a path. While S1 and S2 now use
a common portfolio of technological competences to
produce their products, these products are still sold to
different types of customers and satisfy different needs
(Figure 2, Technology convergence). Continuing our
previous example, although logic and memory sub-
markets converged within the technology dimension,
their products with distinct features continued to ad-
dress different customer needs, which leaves exposed
areas in the customer competence space that are not
covered by Incumbent 1, giving Entrant 2 sufficient
possibility to grow and gain a foothold in the industry.
Similar rationale applies to the symmetrical case,
where customer competences converge and techno-
logical competences remain non-convergent (Figure 2,
Market convergence).

Alternatively, now imagine the case inwhich both
types of S2’s competences converge to those of S1
(Figure 2, Technology and Market convergence).
This convergence denotes a more radical change in
S2’s competence portfolio with more uncertainty.

This time, Incumbent 2 will suffer even more from
adapting its competences than Entrant 2. However,
in this case, faster adaptation might result in disad-
vantages for Entrant 2. Organizational ecology’s in-
ertia theorem (Hannan & Freeman, 1984) claims that
under certain conditions, inertia and higher adap-
tation costs can be a selection advantage—for ex-
ample,whenenvironmental change is unpredictable
or when reorganizations ignite long and partially
unforeseen cascades of change (Péli, 2009). Péli
(2009: 358) states that the novelty of the Hannan2
Freeman argument is that there aremany contexts in
which survivors are chosen from organizations with
inertia (Hannan & Freeman, 1984: 155).8 Conver-
gence in both types of competences characterizes
such a condition: rapid adaptation exposes Entrant
2 to earlier and fiercer head-on competition against
Incumbent 1. Because Entrant 2 will not be able to
differentiate in any competence profile, it will even-
tually fail to gain a foothold and exit. Incumbent 2, on
the other hand, with its inert and routinized struc-
ture of operations, adapts later—but does so more
effectively—than Entrant 2 because Incumbent 2 has
more slack resources and capabilities, specifically
more integrative and strategic renewal capabilities
(Helfat & Campo-Rembado, 2016; Kapoor, 2013), or
more money, which enables it to endure the head-on
competition with Incumbent 1 better than Entrant 2.

FIGURE 1
Technology and Customer Competence Profiles of Submarkets

Technological
competence

profile

Technological
competence

profile

Technology
closenessMarket

closeness

Te
ch

n
ol

og
ic

al
 c

om
p

et
en

ce
s

X1

X11
X12

X1N

X21
X22

X2N

C1

C11
C12

C1M

C21
C22

C2M

C2

CM

X2

XN

Customer
competence

profile

Customer
competence

profile

Customer competences

S1

S2Submarket 1 (S1)

Submarket 2 (S2)

8 Other scholars in management (Posen & Levinthal,
2012; Stieglitz, Knudsen, & Becker, 2016), economics
(Keller & Rady, 1999), and biology (Stephens, 1991) like-
wise argue that highly dynamic environments undermine
the value of exploration and flexibility and that increased
dynamism requires less exploration and more inertia.
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In summary, inertia and higher adaptation costs
provide Incumbent 2 with a selection advantage
against Entrant 2 when both types of competences
converge.

The model above can be easily generalized in at
least three ways. First, by allowing S1 to converge to
S2, we can observe new competition between En-
trant 1 and Entrant 2 (instead of between Incumbent
1 and Entrant 2). This competition will also depend
on two new assumptions: (1) these submarkets con-
verge to each other with the same speed and (2) they
have the same size. Without these assumptions, for
example, if S2 converges toward S1 faster than S1
does to S2, then Entrant 2 will face a combination of
Entrant 1 and Incumbent 1.However, in any case, the
model is about the success of firms in the focal sub-
market; S2 in this illustration, either against In-
cumbent 1 (when S1 remains constant) or against

Entrant 1 (when S1 also converges). Second, we can
also allow the scale of submarkets to vary in the
model such that a larger scale of output in S1 makes it
more difficult for Entrant 2 to outcompete Incumbent
1. The scale differences across submarkets may dis-
advantage entrants because large-scale submarkets
provide firms with increasing returns to size and
decreasing average costs (Klepper, 1996). Further-
more, large submarkets have mostly larger firms
(Coad & Guenther, 2013). Thus, such differences
increase the minimum efficient scale for operat-
ing profitably, eventually engendering consolida-
tion and incumbent dominance. Finally, we can
also include multiple submarkets in the model. In
such a case, the reference point for convergence
changes from the center of one submarket to the
center of all submarkets, i.e., the industry average
(see Figure 3).

FIGURE 2
Technology and Market Convergence with Two Submarkets
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Hypotheses

Figure 4 shows different outcomes (i.e., dominance
of incumbents, disruption by entrants, or the contin-
ued separation of submarkets) with the existence (or
lack thereof) of convergence in technological and
customer competences across submarkets. Since the
increase in the degree of overlap is continuous rather
than dichotomous, the types of convergences are in-
dicated by arrows (cf. Danneels, 2002). In other words,
the typology consists of ideal types (Doty & Glick,
1994), but in practice, the evolution of the close-
ness measures is a continuous process (Christensen,
Anthony, & Roth, 2004).9

I begin with the quadrants that are asymmetric
in their convergence types. The upper-right quad-
rant is market disruption with convergence only in
technological competences. In this case, while firms
increasingly use similar technologies to manufacture
products of different submarkets, these products
continue to provide different functionalities that ad-
dress different customer needs. Because there is no
increase in market closeness, entrants have a higher
likelihood of surviving and breaking into incum-
bent markets. The cases of laser and machine tool
industries are good examples of this dynamic
(Bhaskarabhatla & Klepper, 2014; Guenther, 2009;
Stieglitz, 2003). In the U.S. laser industry, the devel-
opment of the diode-pumped solid state (DPSS) laser
by universities and government labs initiated an
integrative submarket phase, which resulted in

technology convergence across previously separate
submarkets. However, while the advent of the DPSS
lasers led to economies of scope in R&D, it did not
ensure that customers coalesced around a particular
product design (Bhaskarabhatla & Klepper, 2014:
1410). Products of different submarkets still offered
differentkey functionalities (e.g.,metal cutting,human
eye treatment, barcode scanning, CD playing, and
laser printing), requiring different customer compe-
tences. Similarly, Stieglitz (2003) and Guenther (2009)
show that in the machine tool industry, the advent of
(computerized) numerical controls fused the tradi-
tional submarkets of boring, milling, turning, and pre-
cision grinding. The new multi-functional automated
machining devices allowed these different submarkets
to rely increasingly on the same set of technological
skills in their production processes. However, the in-
dustry remained characterized by an immense prod-
uct variety—products with completely different key
functionalities, such as firearms, sewing machines,
and bicycles, required diverse customer competences.
The lack of convergence in customer competences
gave entrants survival advantages against industry
incumbents.

Hypothesis 1 (Market disruption): Entrants will fare
better than incumbents in submarkets that converge
only in technological competences.

The second quadrant is technology disruptionwith
convergence only in customer competences. In this
case, products of different submarkets target seg-
ments of consumerswith increasingly similar needs.
As they share more product characteristics, these
products are more likely to become substitutes
(Geroski, 1998; Porter, 1980). In contrast, we observe
a diverse set of technologies across submarkets that
do not converge toward any homogeneous structure.

FIGURE 3
Convergence with Multiple Submarkets where the Reference Point for Convergence Is the Center of all

Submarkets, i.e., the Industry Average.

Technology convergence Market convergence

9 This approach distinguishes this paper from themajority
of studiesmentioned in theprevioussection,whichbase their
arguments on discrete events, such as shocks or discontinu-
ities (Anderson and Tushman, 1990; Utterback and Suarez,
1993; Suarez and Utterback, 1995; Argyres et al., 2015).
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This case occurs primarily in high-technology in-
dustries inwhichmultiple technological trajectories
co-exist (Adner & Snow, 2010; Chesbrough, 2003). In
the event of disruption, industry incumbents’ tech-
nological competences are likely to be destroyed by
radically different technological competences, result-
ing in a change in industry dominance (Tushman &
Anderson, 1986). Two good examples of such mar-
ket convergence (and technology disruption) are the
computer and lighting industries (Bresnahan &
Greenstein, 1999; Sanderson & Simons, 2014). In the
computer industry, mainframes were sold to perform
general purpose tasks, whereas minicomputers were
sold to conduct highly specialized and repetitive sin-
gle tasks. Accordingly, these submarkets differed
substantially in terms of the customer competences
needed, where product characteristics addressed the
needs of customers in commercial offices versusmore
technically sophisticated customers in factories and
laboratories.Rapidand sustained technical innovation
led minicomputers to be increasingly employed for
more complex and general tasks, increasing the mar-
ket closeness between mainframe and minicomputer
submarkets. Firms that had previously supplied dif-
ferent customer segments now competed for the same
type of customers. However, the lack of convergence
in technological competences preserved different
trajectories of technological knowledge, incubating
technologies that would have failed had they entered
early directly against mainframe incumbents such
as IBM (Bresnahan & Greenstein, 1999: 2). In the
transformationof the industry, smaller entrepreneurial
firms have come to replace larger established ones. A
similar example can be found in the lighting industry
(Sanderson & Simons, 2014). LED technology was
first commercialized by an entrant, RCA, in 1971,
using scientific principles entirely independent from

conventional (incandescent and fluorescent) lighting
sources inuse.LEDs foundearlyapplication inhostile
outdoor environments such as traffic signals and ar-
chitectural lighting because of their extended life-
time, reduced frequencyofdifficult bulbchanges, and
not burning out suddenly. Over time, process in-
novation led to an increase in market closeness
through energy savings and quality improvements,
and LED lights became attractive replacements for
many buyers (Sanderson & Simons, 2014).10 Firms
required similar customer competences as those for
conventional sources of lighting. However, industry
incumbents’ technological competences were conse-
quently prone to becoming obsolete, especially be-
cause entrants in Taiwan, China, and Korea became
prominent in LED science. LEDs have now success-
fully substituted existing forms of lighting, including
fluorescent and incandescent.

Hypothesis 2 (Technology disruption): Entrants will
fare better than incumbents in submarkets that con-
verge only in customer competences.

The third (upper-left) quadrant represents the tra-
ditional monolithic view in which the industry life
cycle (ILC) is explained well in terms of conver-
gence towardhomogeneous submarket structure and
industry incumbents’ dominance (Klepper, 1996).
When one submarket experiences an increase in
both technology and market closeness to the center
of all submarkets, i.e., the industry average, the
combination of technology and market convergence
creates a valuable synergy (Henderson & Cockburn,
1994)—a complementarity—that buffers industry

FIGURE 4
Market and Technology Convergence and Incumbent2Entrant Dynamics
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10 Compared with incandescent bulbs, which normally
last 750 to 1,000 hours, LEDs last approximately 12,500
hours and use 75% less energy.
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incumbents from disruption by entrants (Tripsas,
1997) and reinforces their industry dominance
(Buenstorf & Klepper, 2010). In this case, entrants
have no opportunity to differentiate themselves from
industry incumbents. Klepper’s (1996) ILC model
and Klepper and Simons’ (1997) analysis of the four
U.S. industries, namely, automobiles, tires, televi-
sions, and penicillin, fall into this quadrant. For in-
stance, during the U.S. automobile industry’s advent
in 1895, varying types of manufacturing methods
(i.e., regarding size and types of engines (steam, elec-
tric, and internal combustion)) and varying types of
consumer needs (i.e., regarding rural and urban users
that valued different attributes in a car) were present.
Ford’s development of the Model T in 1908 ushered
technology convergence around “flexible mass pro-
duction” among all available manufacturing methods
(Jovanovic &MacDonald, 1994). Thiswas followed by
market convergence, as vanadium steel, a new alloy,
made cars both lightweight and powerful, making
them attractive to both rural and urban users. The
result was the dominance of incumbents.

Hypothesis 3 (Dominance of incumbents): In-
cumbents will fare better than entrants in submarkets
that converge in both technological and customer
competences.

The last quadrant (bottom-right) is the continued
separation of submarkets. In this case, we observe an
evolutionary pattern in which the persistence of in-
dependent submarkets, à la Sutton (1998), involves
a stable coexistence between industry incumbents
and entrants. In some cases, paradoxically to the
monolithic view (Klepper, 1996), submarkets do not
converge and remain, as Sutton (1998: 233) calls
them, “a set of isolated islands.” The continued
separation of submarkets has been observed in the
turboprop engine (Bonaccorsi & Giuri, 2000) and
shipbuilding (Thompson, 2005) industries. Among
turboprop engine manufacturers, even though high
concentration resulted in an oligopolistic structure,
the generalists and specialists coexisted. Because of
violations of appropriability conditions and lack of
scale and scope economies in R&D, manufacturing,
and marketing, it was not possible for the same
manufacturer to develop several versions of the basic
engine and dominate the industry by pursuing
a multi-product, multi-segment coverage strategy.
Thompson (2005) uses data from the U.S. iron and
steel merchant shipbuilding industry, where the
continued separation of submarkets occurred due to
geographical conditions that prevented large vessels
employed in the Great Lakes from entering western

rivers. Shipbuilding firms had to choose limited
locations, as they would only be able to serve those
areas where their ships could be used. The use of
different technologies for large and small ships also
prevented the technologies fromconverging, leading
to the continued separation of submarkets and the
coexistence of industry incumbents and entrants. In
line with this argument, I formulate the below hy-
pothesis to test the lack of effect of non-convergence,
i.e., the null effect (cf. Cashen & Geiger, 2004):

Hypothesis 4 (Continued separation of submarkets):
There will be a null effect on how entrants and in-
cumbents fare in submarkets that converge in neither
technological nor customer competences.

EMPIRICAL CONTEXT AND DATA

In this section, I describe the setting—the semi-
conductor manufacturing industry—and the quan-
titative data, supported by consultation from
industry experts. Because of its diversity and seg-
mented structure in terms of manufacturing tech-
nologies (such as bipolar, MOS, CMOS, BICMOS)
and products with different key functionalities—
that is, customer benefits derived from product
features—(such as analog, digital, power semi-
conductors, signal processing, and optoelectronics),
the industry provides a fruitful context with sub-
stantial variance to perform an empirical analysis.
The dataset also includes capacity and investment
levels, sales, entry, and exit. Three main features of
the semiconductor manufacturing industry make it
fit well with the theory. First, semiconductors can be
easily divided into submarkets (Sutton, 1998: 358).
Regarding both process technologies and key prod-
uct functionalities, I can distinguish between sub-
markets such as analog, discrete, MEMS,11 memory,
and logic chips, which can be further fragmented
into an array of specialized “secondary” submarkets,
such as mixed signal and linear chips for analog
products; LEDs, thyristors, and transistors for dis-
crete products; DRAMs and Flash chips for memory
products; and digital signal processing (DSP) chips,
microprocessors (MPUs), and microcontrollers
(MCUs) for logic product families. Semiconductor

11 MEMS stand for microelectromechanical systems,
which are miniaturized sensors with extreme reliability,
such as accelerometers and pressure sensors, which have
applications in smartphones, inkjet printers, automobiles,
projectors, and microphones. These include camera parts,
such as movement and direction sensors for mobile
phones, or accelerometers incorporated into airbags.
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products may be viewed as a compressed group of
electrical functions, where a function could be
amemory bit or a logic gate (Leachman & Leachman,
1999). An industry expert noted, “The nature of the
function determines which types of applications the
chip will serve, so the technologies, process steps,
and manufacturing tools that are required for pro-
ducing, for instance,MEMSchips andmemory chips
are completely different.” Semiconductor sub-
markets also have demand-side heterogeneity that
requires different customer competences. For ex-
ample, data-processing devices (e.g., PCs, note-
books, and servers) typically use MPUs, DRAM,
SRAM, and, more recently, NAND Flash memory
chips, whereas sensors (MEMS), MCUs, DSPs,
power, and analog chips can be found in modern
automobiles. Another industry expert noted the
following: “the design and marketing skills re-
quired for different businesses are very different. A
memory company cannot become a logic company
or a MEMS company overnight.” The hierarchical
structure of submarkets in the industry can be seen
in Figure 5.

The second feature of the industry that makes it
fit well with the theory is that new product cycles
emerge between semiconductor submarkets, which
provides convergence toward a more homoge-
neous industry structure. While aggregate trends

in the semiconductor manufacturing industry show
signs of maturity and a shortening ILC, a closer
examination of semiconductor submarkets reveals
different growth patterns between submarkets.
For example, recently, the DRAM memory sub-
market, whose products are used primarily in data-
processing applications (such asPCs, notebooks, and
servers), has stagnated and began flattening in
growth, while the flash memory submarket, whose
products are used primarily in mobile and embed-
ded applications (including smartphones and tab-
lets), has begun to take off.12 By the end of 2009, total
flash memory capacity installed in fabs surpassed
DRAM memory capacity, and the number of DRAM
producers consolidated from 98 in 1999 to 19 by
2015. Because both submarkets require similar tech-
nologies for production (primarily CMOS) and
because their different key functionalities on the
market side are also converging, these submarkets
might fuse in the future, forming a larger-scale
hybrid submarket (DRAM&Flash). This type of
restructuring and consolidation of submarkets
benefits memory incumbents, such as Samsung, as

FIGURE 5
Structure of Submarkets in the Semiconductor Manufacturing Industry
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12 According to Gartner’s market research, desktop PC
unit sales are expected to shrink by 6%, while tablet sales
are expected to increase by 3.6%, reaching 250 million
units in 2016, cannibalizing PC sales more every day.
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they have already invested significantly in CMOS
technology and memory chips.

Third, following Moore’s law,13 incumbents in
digital submarkets (recall from Figure 5 that digital
submarkets are memory and logic) allocate their
resources in producing chips more efficiently. This
efficiency orientation does not necessarily require
foresight into future markets and applications, leav-
ing ample room for alternative technologies and in-
novations that are not based on mere production
scaling. On the other side, analog, discrete, and
MEMS submarkets do not precisely follow Moore’s
law. Digital chip producers increasingly face the
need to integrate with the analog domain in which
they interface with sensors and control elements
(e.g.,MEMS). This need becomesmore pronounced as
silicon technology, and thus Moore’s law, approaches
its limits. Therefore, industry incumbents that are
dominant in digital submarkets are prone to possible
disruption from non-digital submarkets. For example,
the industry began to be affected by a new trend called
“More-than-Moore,” inwhichvalue is creatednotonly
by scaling production but also by incorporating dif-
ferent functionalities that are non-digital, such as
analog, sensing, and energy harvesting, which do
not necessarily followMoore’s law.Twoexamplesof
these products are system-on-a-chip (SoC) and system-
in-package (SiP). Therefore, the evolutionary dynamics
of semiconductor submarkets offer opportunities for
disruption by entrants.

Data

The core source of data is the Semiconductor
Equipment and Materials International (SEMITM)’s
World Fab Watch (WFW) dataset for the 1995–2015
period. These panel data of more than 1,000 fabs
per year worldwide consist of numerous variables,
such as product class (e.g., Analog, Discrete, Logic,
MEMS, and Memory), technologies, products, ge-
ometries, wafer sizes,14 fab capacities, equipment,

and construction costs. The initial data included
23,286 fab-year observations.While SEMITM tracks
important supply-side information used in semi-
conductor manufacturing, for other demand-side
data, such as sales in each submarket, I utilize the
VLSI Research and Yole DéveloppementTM data
on worldwide semiconductor sales per submarket-
year.

Because reliably following all the product cate-
gories within a fab over time is practically impossi-
ble, SEMITM focuses on the two major product types
of each fab (such as Discrete/LED or Logic/MPU).
The product class variable initially composed of a
maximum of 37 different types of product classes
(see Table 1). From these product classes, I allocated
foundries to their corresponding submarkets be-
cause the distinguishing feature of a foundry com-
pared to a fab of an integrated firm such as Intel is its
business model—contract manufacturing—rather
than the technologies or markets it focuses on.
Foundries are contract-basedmanufacturers, such as
the Taiwan Semiconductor Manufacturing Com-
pany (TSMC), which focus solely onmanufacturing.
For example, as made-to-order chip producers,
foundries might produce memory chips or logic
chips; therefore, I allocated them to these submarkets
accordingly.

Following my conversations with the industry
experts, I decided to exclude EPI, R&D, and Pilot fabs
from the analysis. EPI is not a submarket but rather
a specialized material—a nearly perfect crystalline
thin layer on wafers—that is required for some
devices. EPI fabs therefore do not produce devices
but instead deposit this layer for their customers,
i.e., device makers, and send the wafer to them to
fabricate the device. I also excluded R&D fabs and
pilot fabs, as these fabs do not necessarily belong to
a certain submarket; they are for early development
and production, and their capacity impact is not
substantial. Accordingly, I removed 389 EPI, 790
pilot, 1,999 R&D, and 504 R&D-Pilot fab-year obser-
vations. Finally, I excluded future fabs (1,798 fab-
year observations), as theWFWdataset includes fabs
that are rumored, announced, or under construction
but that are not yet in production. In total, the data
include five submarkets, namely, analog, discrete,
MEMS, logic, and memory, and 17,806 fab-year
observations for the analysis (see Table 1).

Descriptive Statistics and Patterns in the Data

In this section, I first provide detailed descrip-
tive evidence before I present the results of the

13 Moore’s law states that the number of transistors on
ICs doubles approximately every two years.

14 Wafers are disc-shaped silicon substrates on which
a number of integrated circuits (ICs) can be processed,
tested, and cut into individual dies. They can have di-
ameter sizes of 76.2 mm (30), 100 mm (40), 125 mm (50),
150mm (60), 200mm (80), 300mm (120), and 450mm (180).
Larger wafer diameters come with costly equipment and
machinery for fabs, but they also allow firms to produce
more chips per wafer, i.e., higher economies of scale are
obtained.
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regression analyses. The technologies that are used
in semiconductor manufacturing have become spe-
cialized over time, serving different purposes in
terms of each submarket’s diverse products. For
example, as mentioned above, CMOS has been the
dominant technology in digital submarkets, i.e.,
memory and logic (Jiang et al., 2011), as the prod-
ucts in these submarkets require very low power
consumption and very high integration. However,
CMOS is not the only dominant technology in all
semiconductor submarkets.15 In Figure 6, I present
the percentages of different key technologies that
are used in the analog, discrete, logic, and memory
submarkets for each year.16 As the figure shows,
CMOS is the predominant technology used in
the memory and logic submarkets (although its
predominance is decreasing because of the in-
creasing variety of specialized technologies),
whereasCMOS isnot thedominant technology in the
analog and discrete submarkets. Instead, bipolar

technology is more commonly used in these sub-
markets because of its advantages in high-speed
operation (e.g., communication systems) and high-
current drive capability for power applications (e.g.,
automotive).17

Similarly, Figure 7 shows the evolution of the
product side of semiconductors, i.e., their different
key functionalities. For example, while DRAM,
Flash, and SRAM products dominate the majority
of the production in the memory submarket, in the
logic submarket, MCU, ASIC, andMPU products are
observed. Both submarkets also use made-to-order
chip production (i.e., foundry business), which re-
quires similar customer competences, such as the
ability to conduct contract manufacturing, demon-
strating some overlap among these two submarkets
on the market side. In contrast, the analog and dis-
crete submarkets have different product portfolios:
while mixed signal or linear products dominate the

TABLE 1
Submarkets in the Semiconductor Manufacturing Industry

Initial product categories After organizing Submarkets

Analog/Linear Logic/Flash Analog/Linear Logic/System LSI Analog
Analog/Mixed Signal Logic/MCU Analog/Mixed Signal Memory/DRAM Discrete
Analog/Other Logic/MPU Analog/Other Memory/DRAM&Flash Logic
Discrete/Diode Logic/MPU&Flash Discrete/Diode Memory/Flash MEMS
Discrete/LED Logic/Opto Discrete/LED Memory/MRAM Memory
Discrete/Opto Logic/Other Discrete/Opto Memory/Other
Discrete/Other Logic/Power Discrete/Other Memory/SRAM
Discrete/Power Logic/System LSI Discrete/Power MEMS
Discrete/Rectifier Memory/DRAM Discrete/Rectifier
Discrete/Thyristor Memory/DRAM&Flash Discrete/Thyristor
EPI Memory/Flash Logic/DSP
Foundry/Dedicated Memory/MRAM Logic/Embedded
Foundry/DRAM Memory/Other Logic/Flash
Foundry/IDM Memory/SRAM Logic/MCU
Foundry/MEMS MEMS Logic/MPU
Foundry/R&D Pilot Logic/MPU&Flash
Foundry/System LSI R&D Logic/Opto
Logic/DSP R&D-Pilot Logic/Other
Logic/Embedded Logic/Power

15 In contrast, Jiang et al. (2011) claim that CMOS
replaced bipolar technology and that it became the domi-
nant design in the entire semiconductor industry. This
assumption does not hold when we examine the non-
digital semiconductor submarkets, such as analog or dis-
crete, where bipolar technology is more often used than
CMOS (see Figure 6).

16 MEMS is excluded from Figures 6 and 7 for ease of
presentation.

17 BiCMOS is another (hybrid) technology that was de-
veloped to integrate the advantages of bipolar and CMOS
processes. Logic and analog submarkets require this tech-
nologymore than other submarkets because their products
perform the intelligent control functions of actuators, such
as DC motors in the automotive industry. Furthermore,
some chips are manufactured with different material
technologies because their electronic properties are supe-
rior to those of silicon (e.g., SiGe, GaAs, polymers, carbon
nanotubes).
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analog submarket, the discrete submarket’s primary
products are diodes, LEDs, optoelectronics, and tran-
sistors. This diversity decreases the market closeness
between the submarkets. Different product charac-
teristics provide customer benefits (functionalities),
which in turn satisfy different kinds of customers (in
different chip applications). The customer compe-
tences required to offer customer benefits derived from
product features are different (Adner & Levinthal,
2001; Benner & Tripsas, 2012; Danneels, 2002), pro-
viding sufficient variance to test the hypotheses.

Theexistence ofdifferent submarkets that separate
diverse technologies and key functionalities of prod-
ucts prevents the industry from consolidating à la
Klepper and from forcing less efficient firms to exit
the industry. Inside the low-efficiency submarkets,
such as discrete, analog, and MEMS, firms almost
never need to reach the cutting-edge wafer sizes
(300 mm or 450 mm) or geometries (sub 0.2 micron)
in their fabs. Thus, submarkets buffer less efficient
manufacturers against the homogenization (or con-
vergence) of the industry’s technologies and mar-
kets. For example, while a 300-mm fab of Intel can

cause another 200-mm logic fab to shut down be-
cause the logic fab is less cost efficient in the same
submarket (logic), it will have a lower or no impact
on a 150-mm discrete fab, even if the discrete fab is
less cost efficient. For this reason, there are practi-
cally no new entrants in the memory and logic sub-
markets, whereas the discrete and MEMS
submarkets have recently attracted many entrants
because of their ease of entry and future demand
expectations. This pattern is shown in Table 2.

Entrants into the memory and logic submarkets
have almost no chance of survival because they face
large-scale industry incumbents, such as Intel and
Samsung. Entrants can thus succeed and gain
a foothold in only discrete, MEMS, and analog sub-
markets. As discussed previously, the existence of
submarkets breaks the mechanism that the tradi-
tionalmonolithic view suggests leads to incumbents’
dominance. The breakdown of this mechanism can
also be seen in the patterns of consolidation for dif-
ferent submarkets. Overall, in the memory and logic
submarkets, we observe exactly what Klepper (1996)
theorizes: cost-efficient incumbents reinforce their

FIGURE 6
Technology Profiles of Analog, Discrete, Logic, and Memory Submarkets
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dominance by focusing on process innovation.
Through wafer size enlargement, geometry shrink-
age, and capacity installations, incumbents grow in
size, causing new entries to decrease and to eventu-
ally stop. This process can be observed in Figure 8.

In contrast, in submarkets where “scaling manu-
facturing” and “commoditizing the product” do not
work, such as in the analog, MEMS, and discrete sub-
markets, completelydifferentpatterns of evolutioncan
be observed (see Figure 9). Compared with digital
submarkets, smallerwafer sizes andgreater geometries
pull down the minimum efficient scale and lower the
investments that are needed to operate a fab. Although
these submarkets’outputs increaseover time, sodo the
numbers of firms; thus, consolidation does not occur.
These indicationspoint to less favorable conditions for
industry incumbents’ dominance.

METHODS

The empirical model measures the impact of
the change in submarkets’ technology and market

closeness on entrant and incumbent chip manufac-
turers’ success (likelihood to exit or reposition
through fab closure) over time. Exitiljt is a multilevel
categorical variable that is equal to one if firm l stops
operating fab i in submarket j at time t and zero oth-
erwise. Fabs drop out of theWFWdataset onlywhen
they are no longer in operation, i.e., they are shut
down by the company. Thus, even when fabs are
acquired, sold, spun off, or renamed, they still exist
in the dataset and can be tracked with the same
assigned record identifier. For example, in the 1990s,
Motorola had over 40 fabs; however, it sold off its
semiconductor division into two separate compa-
nies: Freescale and ON Semiconductor. In 2015,
NXP acquired Freescale. These changes do not affect
the record identifier that remainswith that fabuntil it
is no longer in production.

There aremany reasonswhy fabs close or are sold,
such as market growth, turbulence, concentration,
fab age, etc. However, fab closure is a good measure
of performance in semiconductor manufacturing.
For example, the German DRAM chip producer,

FIGURE 7
Market (Product) Profiles of Analog, Discrete, Logic, and Memory Submarkets
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Qimonda, was the first company to close a 300 mm
wafer fab after itwent bankrupt in early 2009 because
of the economic crisis. ProMOS and Powerchip fol-
lowed Qimonda by closing their respective 300 mm
wafer fabs in 2013 because of the failure to find sales
for their chips and to remain in business against
competition from Samsung and Hynix.

To separate different effects of independent vari-
ables on industry incumbents and entrants, I con-
structed an incumbent dummy measure. Industry
incumbents are operationalized—in line with their
higher inertia compared to entrants—as firms that
own more than one fab in the industry (Dunne,
Roberts, & Samuelson, 1988). The rationale behind
this coding is straightforward: firms with one fab are
more flexible to changes than firmswith two ormore
fabs. I also discussed with industry experts the cor-
rectness of this operationalization. New firm entry
with multiple plants is not common in semi-
conductor manufacturing due to the high costs of
opening a new fab; the cost of new wafer fabs and
manufacturing equipment reaching $3 billion on
average (Uzunca & Cassiman, 2017). Thus, when
a new firm enters the industry, it typically enters
with a single fab. Furthermore, moving from one to
multiple product lines is considered a large mile-
stone for diversifying a company’s portfolio. Even
TSMC, the world’s largest dedicated independent
foundry, first entered the industry in 1987 with one
fab. The second fab was opened three years later,
in 1990.

Following the prior literature (Boeker, 1989;
Eisenhardt & Schoonhoven, 1990; Giustiziero &Wu,
2016; Li & Atuahene-Gima, 2001; McCann, 1991),
I also coded single-plant firms that had been active

in the industry for more than eight years as in-
cumbents.18 Therefore, for each firm, I coded In-
cumbent5 1 if either the firm had at least one fab for
more than eight years or had two ormore fabs. In this
way, I ensured that the inertia of industry incumbents
was related to both their size and age (Hannan &
Freeman, 1984; Sutton, 1997) (i.e., the number of fa-
cilities a firm has increases with firm age and size).
Likewise, this coding allowed me to categorize firms
as industry incumbents or not, regardless of what
their fabs produced. (Put differently, a firm cannot be
an incumbent in one submarket and an entrant in
another submarket.) On the other side, if an entrant
had been acquired by an industry incumbent—the
entrant had sold its fab and exited the industry—the
entrant’s fab was recoded thereafter as an incumbent.
Likewise, if entrants had entered by buying pro-
duction facilities from an incumbent—instead of by
building new plants—the fab was recoded thereafter
as an entrant. In this way, entrant firms account for
23.14% of the total number of firms in each year but
only 5.54% of the output of production. Industry
incumbents, on average, own 2.98 plants.

Measurement of Technology and
Market Convergence

Imeasured themaincovariates, technologyclosenessjt
and marketclosenessjt, as the average closeness be-
tween submarket j and all submarkets in the industry
at time t. The basis of this measure is the submarket-
level analog to the uncentered correlation approach

FIGURE 8
Evolution in Memory and Logic Submarkets (Consolidation)
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18 The results are robust to the use of alternative speci-
fications, such as 3, 5, and 11 years.
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suggested by Jaffe (1986), a measure commonly used
to capture the technology distance between firms. I
applied thismeasureat thesubmarket levelbyutilizing
data on the technologies used and the products pro-
duced by fabs in a given year.19 These data were not
readily quantified, as they are recorded as, and em-
bedded in, separate words in the dataset (e.g., CMOS,
BiCMOS, and MOS). I decomposed this information
into singlewords, cleaned them, and counted themost
frequently appearing technologies (and products) for
each submarket-year. This content-analysis approach
is commonly used in text mining and is standard in
data that are analyzed by counting words (Barroso,
Giarratana,Reis, &Sorenson, 2016; Ferrier et al., 1999).

This process provided an n-dimensional technol-
ogy vector, Xjt , and an m-dimensional market profile
vector, Cjt, whose elements are the counts of sub-
market j’smostused technologies andproducts at time
t, respectively, denoting the underlying technological
knowledge bases and product characteristics. This
approach is in line with Henderson and Cockburn
(1994), who use, in a similar vein, publications and
patents in a particular scientific area as proxies for

competences. The previously reported patterns in
Figures 6 and 7 show the evolution of these vectors. I
calculated yearly technology and market closeness
between submarket j and k as follows:

techjkt 5
XjtX 9

ktffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
XjtX 9

jt

��
XktX 9

kt

�r

marketjkt 5
CjtC 9

ktffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
CjtC 9

jt

��
CktC 9

kt

�r

This calculationyields a correlationbetween0and1.
For example, if submarket j’s technology profile
perfectly coincides with submarket k in year t, then
techjkt takes the value of 1. If the profiles do not co-
incide at all, i.e., if they are orthogonal, then the
closeness measure takes the value of 0. Repeating
this calculation for each submarket pair produces
a 5 3 5 technology closeness matrix and a 5 3 5
market closeness matrix for each year (with diagonal
values being 1). Subsequently, I calculated the aver-
age closeness to all submarkets from these matrices:

technologyclosenessjt 5
+5

k5 1techjkt

5

marketclosenessjt 5
+5

k5 1marketjkt
5

In so doing, I obtained one single technology (and
one single market) closeness measure for submarket
j in year t, denoting how close a submarket is to the
industry average with regard to the technologies that
they use or the key functionalities of products that

FIGURE 9
Evolution in Analog, Discrete, and MEMS Submarkets (Non-Consolidation)
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19 There are many approaches to constructing distance
measures in multi-dimensional technology and product
spaces (Bloom, Schankerman, & Reenen, 2013). I chose the
method first usedby Jaffe (1986) because of its ubiquity and
approved validity in the literature. The Jaffe measure is
obtained by constructing a weighting matrix between the
location vectors of different firms. I build on this idea but
seek to apply it by aggregating line of business data for
multi-technology and multi-product firms to construct an
analogous distance measure at the submarket level.
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they produce. The evolution of the technology and
market closeness measures are given in Figure 10.
Overall, the technology closeness between submarkets
hasadownwardpattern, in linewith thegeneralnotion
that the technologies that are used in semiconductor
manufacturing have become specialized over time
(Kapoor, 2013). On the other side, submarkets move
closer with respect to the market closeness. This up-
ward trend is also in line with “More-than-Moore,”
which compels firms to integrate different product
characteristics and functionalities in semiconductors.
The degrees of closeness also match the different pat-
terns of consolidation observed in Figures 8 and 9. The
submarkets with themaximum closeness to the others
in both types of competences, such as the logic sub-
market, experience dominance by incumbents. The
MEMS and discrete submarkets, being less close both
in technology and in market closeness, better fit the
case inwhich entrants have higher chances of success.

Given the focus on the convergence between sub-
markets and the dynamic nature of the closeness
measures, I included them in the analyses to exploit
their variations over time: increasing closeness means
convergence.

Control Variables and Model Specification

In all models, I included several control variables
thatmight have affected fab closure to ensure that they
didnot drive the results. These variables are defined in
Table 3. I also included submarket and country fixed
effects to account for any unobserved permanent het-
erogeneity that might have biased my results.

An event–history analysis technique, where a Cox
proportional hazards model (Allison, 1984) accounts
for theoccurrenceornonoccurrenceofanevent—here,

a firm’s closure of its fab per unit of time, is the model
specification used. I used thismodel to relate the set of
predictor variables to the logarithmic hazard rate of fab
exits per year. The Cox model was used for several
reasons. First, compared with other event history
techniques, it produceshigh-quality estimates in large-
sample studies such as this one, even when the great
majority of observations are censored (Tuma &
Hannan, 1984). Although the data are both left- and
right-censored, the Coxmodelmakes use of the partial
information in every case, as they were at risk during
each year of the observation window (Allison, 1984).
Second, the Cox proportional hazard model is gener-
ally used for semiparametric survival analysis, which
is based on separate logit regressions for each of the
sample units, but these separate regressions are pre-
sented in an aggregated format. In other words, when
continuous (rather than the categorical) variables are
usedon theright sideof themodel, theCoxmodel is the
preferred option. Third, the Cox model does not stip-
ulate any specific form of the baseline hazard function
(Morita, Lee, & Mowday, 1993).20 Finally, the Cox

FIGURE 10
Evolution of Technology (Left) and Market Closeness (Right) of Submarkets
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20 Parametric survival analysis requires a specification
of the baseline hazard model, such as exponential or
Weibull specifications. For example, my inspection of the
distribution of the Exitlijt variable showed that exponential
distribution seems to fit well. However, I observed that the
Weibull distribution is more valid because the departure
from exponential distribution is relevant for two reasons:
(1) the log likelihood is significantly improved, and (2) the
log p, which tests whether p 5 1 significantly rejects that
p 5 1 (the Weibull distribution, h0ðtÞ5ptp2 1, yields an
exponential distributionwhenp5 1Þ. Although the results
are robust with respect to parametric models, I use the Cox
model because of its elegance and computational feasibil-
ity (Cleves, Gutierrez, Gould, & Marchenko, 2004).
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proportional hazards model also accounts for serial
correlation through the use of time-varying covariates
(Allison, 1984).

The empirical model is as follows:

hðt,ZiÞ5h0ðtÞexp
�
Zi,l,j,tb

�

where h0ðtÞ is the unspecified baseline hazard rate, the
termZi,l,j,t is amatrixwhose columnscorrespond to the
explanatoryvariablesandcontrols (at the fab, i, the firm,

l, the submarket, j, and the industry levels at different
times, t), and b is a vector of coefficients. I estimate the
model by using the stcox command in STATA.

EMPIRICAL RESULTS

Table 4 reports themeans, standard deviations, and
correlations for the variables. I note the correlation
between technology convergence and market con-
vergence (r 5 0.463), which may tend to inflate the

TABLE 3
Definition of Independent Variables and Summary of Predictions

Variable Definition Prediction*

Industry/Submarket-level variables
TechnologyConvergencejt Year-over-year increase in submarket j’s technology closeness at

time t
H1-entrant:

Negative
MarketConvergencejt Year-over-year increase in submarket j’s market closeness at time t H2-entrant:

Negative
IndustryTurbulencet The sum of gross entry and gross exit rates in the industry at time t
SubmarketGrowthjt Total sales in submarket j at time tminus total sales in submarket j at

time (t 21), divided by total sales in submarket j at time (t 21)
SubmarketConcentrationjt The Herfindahl Index: the sum of the squared market shares of all

firms in submarket j at time t (based on firm output)
Firm-level variables
Incumbentlt One if firm lhasmore thanone fab at time t, andzero otherwise.One,

if firm l has one fab and is older than 8 years at time t, and zero
otherwise.

FirmAgelt Age of firm l at time t, set equal to t – year that its first fab started
production

Diversifiedlt Number of submarkets in which firm l owns at least one fab at time t
Fab/Plant-level variables
FabAgeit Age of fab i at time t, set equal to t – year that the fab started

production
FabUpgradeit One if fab i upgrades at time t, zero otherwise
Mergerit One if fab i is operating as part of a merger at time t, and zero

otherwise
JointVentureit One if fab i is operating as part of a joint venture at time t, and zero

otherwise
Spinoffit One if fab ihas been spun-off froman existing firm at time t, and zero

otherwise
Firm-submarket-level variables
NewFabljt One if firm l, upon closure of its existing fab in submarket j at time

t, opened a new fab in submarket j at time (t 2 1), t, or (t 1 1),
zero otherwise

Interaction variables
TechnologyConvergencejtpIncumbentlt Interaction term between TechnologyConvergencejt and

Incumbentlt
H1-incumbent:

Positive
MarketConvergencejtpIncumbentlt Interaction term betweenMarketConvergencejt and Incumbentlt H2-incumbent:

Positive
TechnologyConvergencejtpMarketConvergencejt Interaction term between TechnologyConvergencejt and

MarketConvergencejt
H3-entrant:

Positive
TechnologyConvergencejtp

MarketConvergencejtpIncumbentlt
Interaction term between TechnologyConvergencejt and

MarketConvergencejt and Incumbentlt
H3-incumbent:

Negative
Fixed effects
Submarketj , Countrym Submarket and country-level fixed effects

Note:Apositive (negative) prediction in the hazardmodelmeans that increasing that variable increases (decreases) the likelihood of closing
fab operations.
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standard errors in the regressions.21 However, the
variance inflation factors (VIF) for all variables are
below 3.0, with the average VIF for all the covariates
1.29, which is below the common threshold of 10
(Ryan, 1997). Furthermore, the correlation of the esti-
mated coefficients (not the variables) is also not high
(0.38) (obtained by the vce, corr command in STATA
after the estimation of the Cox model, as reported in
Table 5 below). Therefore, multicollinearity between
the variables is not considered a significant concern.

I report the resultsof theCoxmodel inTable5,where
I examine the likelihood to exit or reposition due to fab
closure. As Imentioned earlier, the success of industry
incumbents discussed in this paper corresponds to
continued fab operations in a submarket and not sur-
vival at the industry level in general (cf. Argyres et al.,
2015). In the first model, I introduce only the control
variables with the country fixed effects. Frommodel 2
onward, the two main independent variables, their
interaction, and the interaction of these three variables
with the incumbent dummyare included in a stepwise
manner. The joint Wald tests suggest that including
these interactions creates statistically significant im-
provements in model fit (p , .001). Given that I used
robust estimation, it is more meaningful to draw in-
ferences basedonWald tests rather than likelihood-ratio
tests. Because the coefficients are relatively stable across
modelsandbecauseModel5offers thebest fit (including
the full model), I focused on that model to test
Hypothesis 1–3.Model 6 runs a limited sample analysis
to test Hypothesis 4, with technology and market con-
vergencemeasures limited to their mean6 1 s.d. range,
which I believe is a good proxy for a stable submarket
structuretotest thenulleffect (cf.Cashen&Geiger,2004).

Thecoefficient forTechnologyConvergence inmodel
5 is negative and highly significant (b 5 210.86, p ,
.01): an increase only in the technology closeness of
a submarket to the average of the industry decreases
entrants’ likelihood of exit.22 A one-standard-deviation

increase only in technology closeness, exp (–10.76 *
0.128) 5 0.25 (25% of the base hazard rate), de-
creases entrants’ risk of exit by 75% (100% 2 25%).
The interaction between TechnologyConvergence and
the incumbent dummy yields a highly significant pos-
itive effect: the coefficient for Incumbent * Tech-
nologyConvergence inmodel5 isb5 9.534,p, .001. In
terms of effect size, a one-standard-deviation increase
in technology closeness, when Incumbent is 1, exp
((–10.86 1 9.534) * 0.128) 5 0.84 (84% of the base
hazard rate), decreases industry incumbents’ risk of
repositioning through fab closure by 16%. Compared
with the entrants’ decrease in the risk of exit from the
same change (75%), the decrease in incumbents’ risk
(16%) is smaller. Thus, convergence in only techno-
logical competences is more negative for industry in-
cumbents and less negative for entrants. This relative
difference in thedecrease in the riskof fabclosure (75%
for entrants2 16% for industry incumbents5 59%) is
economically consequential, as fabs in my dataset re-
flect considerable investment (the cost of new wafer
fabs and manufacturing equipment reaches $3 billion
on average). A similar result holds for Market-
Convergence, as the coefficients for that variable in
model 5 are negative and highly significant for entrants
(b5 266.65, p, .001) and positive and highly signif-
icant for industry incumbents (b5 20.28,p, .001).The
sumof these coefficients,246.37, indicates thatmarket
convergence reduces the risk of fab closure for both
entrantsand incumbents,but for incumbents, thiseffect
is weaker. Entrants fare relatively better than industry
incumbents when a submarket converges toward the
industry average only in customer competences. Thus,
I also find support for Hypothesis 2.

To test Hypothesis 3, I examine the interaction
term between TechnologyConvergence and Market-
Convergence. Hypothesis 3 states that industry in-
cumbentswill fare better thanentrants in submarkets
that converge to the average of the industry both in
technological and in customer competences. Con-
sistent with Hypothesis 3, the coefficient for the in-
teraction term is positive and highly significant for
entrants (b 5 78.53, p , .001) and negative and
highly significant for industry incumbents (b 5
226.94, p , .001). In terms of effect size, a one-
standard-deviation increase in market closeness,
when technology closeness is at its maximum (0.86),
exp((–66.65 1 0.86 * 78.53) * 0.07) 5 1.06 (106% of
the base hazard rate), increases entrants’ risk of exit
by 6%. For industry incumbents, the same increase
inmarket closeness, when technology closeness is at
its maximum, exp((20.281 0.86 *226.94) * 0.07)5
0.82 (82% of the base hazard rate), decreases

21 In line with the literature, this correlation shows that
technology and market convergence follow sequential
processes (Curran & Leker, 2011) and that technology
convergence precedes market convergence (Kim, Lee,
Kim, Lee, & Suh, 2015).

22 Note that in a survival regression, each coefficient
corresponds to the log scale and indicates the exact impact
of increasing one unit of the independent variable on the
likelihood to exit while keeping the other variables fixed.
Because the model is a hazard model, a positive (negative)
coefficient means that increasing that variable increases
(decreases) the likelihood of closing operations in a fab.
Also note that a positive sign for a coefficient is the same as
a hazard ratio higher than one.
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TABLE 5
The Influence of Technology and Market Convergence on the Likelihood to Exit/Reposition through Fab Closure,

Cox Hazard Model

(1) (2) (3) (4) (5) (6)

VARIABLES H1-3 H4

TechnologyConvergence
(H1 – entrant)

6.946*** 28.101*** 218.84*** 210.86*** 241.11
(0.694) (2.705) (2.763) (3.244) (62.79)

MarketConvergence (H2 – entrant) 27.505*** 238.71*** 262.93*** 266.65*** 2167.0
(1.361) (5.964) (4.042) (7.759) (125.6)

TechnologyConvergence *
MarketConvergence
(H3 – entrant)

40.48*** 71.84*** 78.53*** 197.0
(6.711) (6.200) (10.49) (170.3)

Incumbent 29.355*** 27.238*** 225.10
(1.688) (1.375) (37.77)

Incumbent * TechnologyConvergence
(H1 – incumbent)

11.89*** 9.534*** 39.43
(3.253) (1.992) (53.47)

Incumbent * MarketConvergence
(H2 – incumbent)

26.83*** 20.28*** 72.35
(4.811) (3.726) (91.73)

Incumbent *
TechnologyConvergence *
MarketConvergence

234.77*** 226.94*** 2113.7

(H3 – incumbent)

(8.293) (5.450) (130.8)

IndustryTurbulence 14.76*** 15.07*** 14.90*** 14.91*** 17.86*** 18.75***
(1.493) (1.065) (1.002) (0.947) (0.948) (5.266)

SubmarketGrowth 20.177 0.157 0.100 0.0974 0.0620 0.828*
(0.242) (0.241) (0.275) (0.266) (0.223) (0.455)

SubmarketConcentration 21.399 210.55*** 29.953*** 210.12*** 27.593** 23.057***
(2.894) (1.820) (1.645) (1.581) (3.819) (1.187)

FirmAge 20.0268*** 20.0244*** 20.0236*** 20.0232*** 20.0256*** 20.0235*
(0.00438) (0.00484) (0.00473) (0.00528) (0.00584) (0.0125)

Diversified 0.198** 0.0632 0.0561 0.0652 0.0718 0.105
(0.0864) (0.0772) (0.0777) (0.0800) (0.0803) (0.0986)

FabAge 0.0353*** 0.0352*** 0.0347*** 0.0346*** 0.0308*** 0.0215
(0.00234) (0.00282) (0.00261) (0.00249) (0.00455) (0.0139)

FabUpgrade 20.119 20.242** 20.245** 20.242** 20.264** 20.601**
(0.0995) (0.0991) (0.0978) (0.0980) (0.103) (0.260)

Merger 0.0558 0.0518 0.0536 0.0516 0.0662 0.170
(0.112) (0.109) (0.0901) (0.0896) (0.106) (0.190)

JointVenture 0.230*** 0.0146 0.0142 0.00621 20.00175 0.0561
(0.0774) (0.142) (0.141) (0.140) (0.147) (0.0405)

Spinoff 20.0902 20.172 20.186 20.169 20.126 0.393
(0.261) (0.247) (0.239) (0.235) (0.225) (0.470)

Newfab 1.836*** 1.703*** 1.717*** 1.723*** 1.746*** 2.112***
(0.189) (0.151) (0.145) (0.149) (0.164) (0.120)

Number of observations 15559 15559 15559 15559 15559 4568
Number of failures 1128 1128 1128 1128 1128 303
Number of subjects 1565 1565 1565 1565 1565 966
Country Fixed Effects YES YES YES YES YES YES
Submarket Fixed Effects NO NO NO NO YES YES
Log pseudolikelihood 27490 27373 27359 27356 27311 21584
Wald x2 (df) 5881.51 (5) *** 62.43 (4) *** 62.15 (4) *** 158.69 (4) *** 80.90 (4) *** 2.92 (3)
Wald test of incremental

addition to previous model (df)
110.84 (2) *** 36.39 (1) *** 197.98 (4) *** 445.96 (4) *** n/a

Note: Robust standard errors in parentheses.
*p , 0.1

**p , 0.05
***p , 0.01
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industry incumbents’ risk of fab closure by 18%.
This range of variation in the risk of fab closure (from
1 6 to 2 18%) is economically consequential be-
cause of the high costs of opening a new fab (Uzunca
& Cassiman, 2017).

Model 6 tests a limited sample analysis for testing
Hypothesis 4. I limited technology and market
closeness to their mean6 1 s.d. range to test the lack
of effect of non-convergence (cf. Cashen & Geiger,
2004). The results show that while the direction of
the above-discussed coefficients remained the same,
only their significance levels entirely disappeared.
Because the control variables sustain their signifi-
cance levels fromothermodels, the disappearance of
the significance levels in main covariates is not due
to having fewer observations. Thus, Hypothesis 4 is
also supported: there is a null effect on how entrants
and incumbents fare in submarkets that do not con-
verge in technological or in customer competences.

The remaining results in Table 5 point to several
other factors influencing a firm’s exit or reposition-
ing through fab closure. Consistent with prior re-
search, I find that industry turbulence—the sum of
gross entry and gross exit rates—has a strong positive
effect on fab closure (Sutton, 1997). I also find that
the concentration of firms in a submarket exhibits
a negative relationshipwith the hazard of fab closure
in that submarket. In concentrated industries, many
firms may be protected from competition, and con-
sequently, fab closure or exit rates are smaller (Caves,
1998). Similar to what King and Tucci (2002) theo-
rize and find about static and dynamic (transfor-
mational) experience, I also find that firms benefit
from static experience (the coefficient for FirmAge is
b 5 20.025, p , .001); in other words, experience
does not necessarily lead to inertia. For the “trans-
formational” experience, King and Tucci construct
a variable (prior transition experience) that measures
whether the firm had previously entered a submarket
other than its original one. For this, I added a control
variable,Diversifiedlt, whichmeasures the number of
submarkets in which firm l owns at least one fab at
time t. This variable captures second-order compe-
tences in a similar way as King and Tucci capture
experience gained from entering different sub-
markets. As they theorize and find, I also find that
firms with more diversified product portfolios—that
is, firms with more transformational experience—do
not necessarily benefit from it (the coefficient for
Diversified is b 5 0.072, p 5 0.372). As expected,
FabAge’s positive and significant effect reflects
that older fabs are more likely to be closed, and
FabUpgrade’s negative and significant effect

captures thatmature fabs undergoing an upgrade or
expansion are less likely to cease their operations.
Maybe the most important among all controls,
NewFab, which captures whether a firm abandons
an old fab and builds a newone to shift production to
newer, more efficient plants because its production
machinery is outdated, is positive and highly sig-
nificant. I created this variable in a conservativeway
to cover awide range of periods;NewFabljt 51 if firm
l, upon closure of its existing fab in submarket j at
time t,opened anew fab in submarket j at time (t21),
t, or (t1 1) and 0 otherwise.Other factors do not have
a significant effect on firms’ fab closure.

DISCUSSION AND CONCLUSION

In this paper, I characterize the competence-based
view of submarket industry evolution. I build a new
typology and a framework based on technology and
market convergence between submarkets and shed
further light onwhen incumbents dominate entrants
or are disrupted by them. I test the hypotheses on
apanel dataset includingover 17,000observations in
the global semiconductor manufacturing industry
and find support for the theoretical arguments. This
study makes several contributions to the industry
evolution literature by characterizing how changes
in other submarkets affect industry incumbents’ and
entrants’ chances of success in a submarket.

While prior empirical work on the homogeniza-
tion of industry structures has noted the importance
of technology-related explanations (Klepper, 1996;
Suarez&Utterback, 1995), the effect ofmarket-related
resources and competences (and the complementary
power of the two) on incumbent2entrant dynamics,
as reflected in their likelihood to exit or reposition
in different submarkets, has not been explored.
Focusing on submarket dynamics (including a better
industry definition based on them), I argue that the
evolution of the heterogeneous structure within an
industry, i.e., how submarkets converge to each other
toward a homogeneous industry structure, plays
a significant role in explaining these dynamics.

Submarkets put a powerful restriction on the pat-
terns of firms’ learning, competences, and behavior,
and the organization of innovative, manufacturing,
and selling activities (Sutton, 1998). However, it is
seldom used in strategic management to denote the
boundaries of knowledge growth and of exploit-
ability of competences within an industry. In that
sense, industry convergence is seldomclearlydefined
and empirically studied by strategy scholars. Ana-
lyzing the semiconductor manufacturing industry at
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the submarket level allowsme to shednew light on the
logic of structural changes in the industry over time.
Rapid and sustained technological innovation has led
semiconductors to continuously becomebetter, faster,
and cheaper, providing opportunities for both in-
cumbent and entrant firms to focus on new areas of
growth. Consequently, new submarkets using dif-
ferent process technologies and/or different prod-
ucts with distinct functionalities have emerged
(Chesbrough, 2003). These differences on the tech-
nology and market sides permit increased special-
ization based on submarkets incubating disruptive
technologies, which would have failed had they oc-
curred in a more homogeneous industry structure or
at the fringe of submarkets dominated by industry
incumbents (Bresnahan & Greenstein, 1999). I show
that, although the semiconductor manufacturing in-
dustry shows signs of maturity at the industry level,
closer examination of submarkets shows that the in-
dustry is continuously open to disruptions from both
the technology and market sides. Thus, the pace of
evolution with regard to submarkets’ positions in the
same industry affects the ability of industry in-
cumbents to respond to possible threats. As one can
see, this theoretical argument for incumbents’ dis-
ruption by entrants is different from Christensen’s
(1997) view, which is often criticized for being based
on the myopic behavior of industry incumbents that
miss opportunities because they favor current mar-
kets and customers over new ones. The argument
developed here for the occurrence of disruption is
based on a failure to possess the competences to
produce and sell products in different submarkets.23

Thus, one of the key elements of the theory of dis-
ruptive innovation—that “incumbents have the ca-
pability to respond but fail to exploit” (King &
Baatartogtokh, 2015)—does not apply to the theory
and findings of this paper. The main mechanism for
disruption is the incompetence—not myopia—of in-
dustry incumbents in selling their products to other
typesof customers.This argument ismore in linewith
what Priem, Sali, and Carr (2012: 352) state, “Alto-
gether, these works show how an incumbent’s in-
ability to identify future demand can cause failures in

the face of disruptive technology changes, thereby
challenging the universality of Christensen’s in-
novator’s dilemma and providing practical implica-
tions for innovation management.”

Achallenge in trying tounderstand the occurrence
of shakeouts is that it is difficult to untangle the
conditions under which industries converge to ho-
mogeneous structures—where one group of firms
grows and takes the lead by reinforcing industrial
leadership—from the conditions under which in-
dustries remain segmented and heterogeneous,
where no one group of firms dominates and leader-
ship often changes (Bonaccorsi & Giuri, 2000;
Klepper & Thompson, 2006). The ILC model’s argu-
ments regarding convergence and severe shakeouts
due to a change in incentives fromproduct to process
innovation does not leave any room for potential
disruptions by entrants. By “treating industries as
homogeneous” (Knudsen et al., 2014), the ILC liter-
ature effectively assumes away the likelihood that
the same industry can take distinct evolutionary
paths through different submarkets (Klepper &
Thompson, 2006: 875). The nature of this paper’s
setting allows me to take a major step toward disen-
tangling the conditions under which alternative in-
dustry evolution patterns can be observed. The
descriptive data suggested that thememory and logic
submarkets, where industry incumbents such as
Samsung and Intel operate, experience consolida-
tion, in line with the monolithic view of industry
evolution (Klepper, 1996). Quantitative analysis of
the likelihood of fab closure reinforced the conclu-
sions of the descriptive analysis, suggesting that
entrants in submarkets that converge toward the in-
dustry average both in technological and in customer
competences indeed have a lower likelihood of sur-
vival. Because of consolidation, manufacturers in
these submarkets are trimmed to a handful of firms.
However, in the analog, discrete, and MEMS sub-
markets, thesepatternsdonothold, as the companies
in these submarkets use different process technolo-
gies and produce different products that are sold to
different customers. Thus, the evolution of the
semiconductor submarket structure leads to the ex-
istence of two types of areas within the same
industry: (1) consolidated areas, where product
standardization leads to scale economies and sub-
sequently to consolidation into a stable oligopolistic
industry structure à la Klepper (through a shakeout)
dominated by early incumbent leaders, and (2)
areas characterized by Schumpeterian competition,
which supports, à la Sutton, the survival of entrants
against industry incumbents in terms of producing

23 A recent article in The Economist confirms this view:
“he (Christensen) should be treated as one voice among
many. There are types of disruptive innovation other than
the one he champions. Insurgents can revolutionize old
industries by using new technologies, but established
companies can use their superior war chests and man-
agement skills to invade adjacent industries” (The
Economist, 2015).
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and/or selling products in different submarkets.
Therefore, a fundamental attribute of the theory—
that different industry evolution patterns can be ob-
served through the evolution of submarket structure
from the technology and market sides—provides
novel insight into the question of “why shakeouts do
not occur” (Bonaccorsi & Giuri, 2000; Buenstorf,
2007; Cabral, 2012).

My concepts of technology and market closeness
also have implications for reconceiving industry re-
latedness in diversification (including M&A) re-
search. Though there is no univocal agreement about
the measurements of relatedness (Robin &Wiersema,
2003), the way I conceptualize and measure conver-
gence of an industry’s technologies and markets can
be used by various streams of literature measuring
corporate diversification (Robin & Wiersema, 2003)
or knowledge and technology relatedness (Breschi,
Lissoni, & Malerba, 2003). Similarly, the reposition-
ing of industry incumbents as a strategic response to
disruptions (Argyres et al., 2015; de Figueiredo &
Silverman, 2007) deserves more attention from strat-
egy and innovation scholars. Studies must consider
not only survival as a potential consequence of dis-
ruption but also a broader range of incumbent
outcomes—such as major changes in an incumbent’s
performance (Gans, 2016).

The theory that is developed and tested here is
applicable to all industries, regardless of whether
they are segmented into independent submarkets.
Industries comprising many submarkets, such as the
semiconductor manufacturing industry, may pro-
vide entrants with sufficient space to avoid head-on
competition with industry incumbents. By remain-
ing sufficiently distant from submarkets dominated
by large and cost-efficient incumbents, entrants can
have sufficient time and space to gain a foothold in
the industry and can avoid elimination due to con-
solidation. The key implication for firms is the need
to understand their differentiating factors at the
submarket level (technology or market). Consider
the transportation industry.Given the threat byUber,
the world’s most valuable startup, why can’t in-
cumbent carmakers dominate the personal trans-
port industry? Carmakers lack Uber’s experience as
a service provider or its deep knowledge of demand
patterns and customer behavior. This phenomenon
can be explained by the non-convergence of cus-
tomer competences.When there is insufficient space
to hide, industry incumbents eventually convert the
industry into one large, homogeneous market, such
as in theU.S. automotive, tire, andTV industries. For
industry incumbents, it is important to be responsive

and proactive when firms that have different com-
petences enter the industry.

In this regard, it is important to think about how
managers see the evolution of the submarkets in their
industry. The SmithCorona case (cf. Danneels, 2011)
provides a great example, as the CEO believed that
PCs and word processors or typewriters were in
fundamentally different markets andwould continue
to coexist. However, these submarkets converged.
This study has broader implications for incumbents,
highlighting the need to manage the tension between
continuing growth in their own submarkets and ex-
ploring new production technologies and new prod-
uct functionalities (Christensen, 1997). The literature
is deliberate when claiming the power of entrants in
displacing incumbents. For entrants, “success” is
defined as gaining some initial foothold in the in-
dustry (Knudsen et al., 2014; Malerba & Orsenigo,
2002).While acknowledging this fact, I confirm in this
paper that industry incumbents and entrants experi-
ence opposite effects from the evolution of the sub-
market structure, i.e., entrants’ “gaining foothold in
the industry” is actually related to the repositioning
of incumbent firms.

Overall, this paper canbe considered a step toward
advancing research examining the effect of industry
structures on competitive dynamics between in-
dustry incumbents and entrants. The extensive il-
lustration of submarkets S1 and S2 in the theoretical
development could be converted into a mathemati-
cal model (à la Klepper, 1996) or a simulation (à la
Harrison, 2004). This paper also complements the
current monolithic view to render it a more general
theory of industry evolution that can explain dis-
ruption by entrants. Future work can further im-
prove the framework developed here to reconcile the
complementary theories of Steve Klepper’s domi-
nance of incumbents through severe shakeouts and
Clayton Christensen’s disruption by entrants.
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