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Research summary: We take a microfoundational approach to understanding the origin of
heterogeneity in firms’ capacity to adapt to technological change. We develop a computational
model of individual-level learning in an organizational setting characterized by interdependence
and ambiguity. The model leads to organizational outcomes with the canonical properties of
routines: constancy, efficacy, and organizational memory. At the same time, the process generating
these outcomes also produces heterogeneity in firms’ adaptive capacity to different types of
technological change. An implication is that exploration policy in the formative period of routine
development can influence a firm’s capacity to adapt to change in maturity. This points to a host
of strategic trade-offs, not only between performance and adaptive capacity, but also between
adaptive capacities to different forms of change.
Managerial summary: Why are firms differentially effective at adapting to technological change?
We argue that firms differ in the adaptive capacity of the routines that underlie their capabilities.
These differences arise well before change occurs, and result because firms build routines that are
differentially responsive to signals of performance decline associated with technological change.
Thus, early managerial efforts to build superior productive efficiency must be complemented
by efforts to build superior adaptive capacity. Our theory suggests that managers can prepare
for technological change by implementing policies, in the formative period of organizational
development, that promote individuals’ exploration of novel actions. However, there are trade-offs
because preparation aimed at building adaptive capacity to one type of technological change may
limit adaptive capacity to other types of change. Copyright © 2016 John Wiley & Sons, Ltd.

INTRODUCTION
The development of the strategy literature has been
strongly influenced by two key themes: the drivers
of inter-firm performance heterogeneity, and the
factors underlying heterogeneity in the capacity
of firms to adapt to technological change. These
themes have evolved somewhat independently. The
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former focuses on endowments of unique resources
and capabilities (e.g., Barney, 1991; Peteraf, 1993;
Winter, 2000), while the latter focuses on factors such as complementary assets, organizational
interdependencies, and the nature of the change
itself (e.g., Henderson and Clark, 1990; Taylor
and Helfat, 2009; Tripsas, 1997; Tushman and
Anderson, 1986). In this article, we seek to link
these themes theoretically. We propose that the
same process underlying the emergence of routines,
which ultimately serve as building blocks of firm
capabilities, also endows firms with heterogeneity
in the capacity to adapt to technological change.
We suggest, moreover, that a manager’s strategic
choices during the formative period of a routine’s

Adaptive Capacity to Technological Change
development (e.g., via setting the organization’s
exploration policy) may serve as a critical lever,
enabling firms to systematically develop routines
that are differentially adaptable to alternate forms
of technological change.
Organizational routines have become an increasingly central theoretical construct in the strategy
literature because of their close link to firm capabilities (Teece, 1982; Winter, 2000, 2003), and
consequently, the question of whether and how
these routines might change has become important (Feldman and Pentland, 2003).1 Routines may
reflect managerial efforts to purposively coordinate
the actions of individuals—for example, through a
combination of standard operating procedures and
top-down hierarchy (Cyert and March, 1963; March
and Simon, 1958). At the same time, a substantial stream of the literature on routines characterizes their initial development as stemming from
a bottom-up process of learning (e.g., Cohen and
Bacdayan, 1994; Greve, 2008; Hodgson, 2008;
Hutchins, 1991; Knudsen, 2008; Levitt and March,
1988; Miner, Ciuchta, and Gong, 2008; Nelson and
Winter, 1982) that results in an organization-level
property that can be defined simply as “a repetitive
pattern of interdependent actions, involving multiple actors” (Feldman and Pentland, 2003: 96).2
These emergent routines then serve as the basis for
“continuity in the behavioral patterns” of organizations (Nelson and Winter, 1982: 96), and have been
thought to limit adaptation to external change (Hannan and Freeman, 1984; Leonard-Barton, 1992).3
1

The literature has employed a range of terms that broadly relate
to the term routines. As Cohen, Levinthal, and Warglien (2014)
discuss, a range of “recurring organizational patterns” have been
studied with labels such as routine, practice, standard operating
procedure, etc. They propose using collective performance to
describe such patterns, with the common denominator being that
these all involve “habit-based actions.” This idea is consistent
with what we model here; for simplicity (and because a broader
discussion of terminology is beyond the present scope), we retain
the term routine, recognizing that our use of this term is in the
spirit of this notion of “collective performance.”
2
See Becker (2004) for a review of the literature examining the
emergence of routines. Pentland and Feldman (2005) note that,
while standard operating procedures may indeed reflect top down
coordination, they may also reflect the outcome of a process of
codifying an emergent routine.
3
Routines reflect one of three mechanisms of organizational coordination (March and Simon, 1958; Thompson, 1967), which
additionally include hierarchical authority and inter-individual
communication. While routines may emerge from bottom-up
individual-learning, the literature has also recognized the important role that purposeful managerial action plays on them once
formed (March and Simon, 1958; Teece et al., 1997).
Copyright © 2016 John Wiley & Sons, Ltd.
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Yet, the literature also recognizes that the mechanisms of routine development do not abate after
routine emergence, and routines themselves are able
to adapt in dynamic settings (Feldman and Pentland, 2003). Recognizing that routines, as emergent
organizational properties, can and do adapt is a first
step, but it is not alone sufficient. What matters to
strategy scholars is to identify sources of systematic
heterogeneity. However, the extant literature offers
only a very limited understanding of how systematic
heterogeneity in the capacity of routines to endogenously adapt to technological change emerges and
evolves. Moreover, we have limited insight into the
ways in which managers might guide this process
through explicitly enacted organizational policies.4
To address this gap, we pursue a microfoundational approach (Barney and Felin, 2013; Felin,
Foss, and Ployhart, 2015; Foss and Pedersen, 2014;
Winter, 2013). We propose that the value of doing
so resides not in studying individuals’ behaviors
per se, but rather from identifying how individual behaviors interact and aggregate to generate
macro-level phenomena. Our approach is anchored
in individual-level learning and the formation of
“habit” (Winter, 2013). To the degree that routines
can be conceptualized as “structures of interlocking
individual habits” (Hodgson, 2008: 25), the evolving beliefs of individuals are central not only to the
emergence of routines (Becker, 2004; Greve, 2008;
Knudsen, 2008; Levitt and March, 1988; Miner
et al., 2008), but also to their endogenous evolution
and adaptation over time (Becker et al., 2005).
We computationally model a process that could
lead to the emergence of routines in organizations.
We build on the bandit model of individual learning under uncertainty (e.g., March, 1996; Posen
and Levinthal, 2012), extending this to an organizational environment in which one individual’s
actions impact the outcomes of the others in the
organization (Levinthal and March, 1993; Thompson, 1967). The individual-level learning process is
one in which individuals observe organization-level
outcomes, and then update beliefs based on these
outcomes. Individuals thus act in the context of substantial ambiguity (March and Olsen, 1975). As a
baseline result, our model of individual-level learning in an ambiguous organizational environment
produces outcomes with the canonical properties
of routines: constancy, efficacy, and organizational
4 See Foss et al. (2012) for a recent discussion that highlights these

issues.
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memory (e.g., Cohen and Bacdayan, 1994; Grant,
1996; March, 1994; Nelson and Winter, 1982).5
Moreover, these “routines” exhibit substantial heterogeneity in efficacy, consistent with their role as
drivers of inter-firm performance heterogeneity.6
Our core contribution is the recognition that the
same process which gives rise to routines and to
their performance heterogeneity also gives rise to
substantial heterogeneity in the ability to self-adapt
to technological change, a property we term adaptive capacity. We examine this adaptive capacity in
response to three different forms of technological
change that are all architectural in the sense that
change rewires interdependencies (Henderson and
Clark, 1990). We observe substantial heterogeneity
in adaptive capacity across these forms of change.
This suggests a fundamental link between the theory of routines (e.g., Cohen and Bacdayan, 1994;
Grant, 1996; Nelson and Winter, 1982; Winter,
2000), the corresponding theory of inter-firm performance heterogeneity (e.g., Barney, 1991; Helfat
and Peteraf, 2003; Penrose, 1959), and theories
explaining adaptation to change (e.g., Henderson
and Clark, 1990; Tushman and Anderson, 1986).
An important implication of our model is that
managerial policy in formative periods, during
which routines develop and grow, determines the
performance and adaptive capacity of routines in
maturity. In particular, we examine the impact
of a key managerial policy: the degree to which
individuals are encouraged by the organization to
explore alternative ways of performing their tasks
(March, 1991). We observe that such a policy in
the formative period of routine development can,
in maturity, impact not only performance, but also
adaptive capacity, differentially across alternative
5

These properties result from our model even in the absence
of inter-individual communication and hierarchical intervention. Nelson and Winter (1982) note that “the image of
coordination … presented involves no mention of authority
figures, backed by a system of incentives and sanctions, who
cajole or coerce the required performances from other members.”
6 With our model, we able to address one particular mechanism
through which routines emerge—namely, individual-level learning via performance feedback. We acknowledge, however, that
there are numerous other institutional factors that might shape the
emergence and development of routines over time—for example,
communication, codification, culture, and so on. Our use of the
term routines abstracts away from these various factors in order to
focus on one particular mechanism of routine emergence, together
with its implications for the strategy literature. While we refer to
the outcomes of our model (in cases where they exhibit constancy,
efficacy and organizational memory) throughout this manuscript
as “routines,” we do so as shorthand, and with this particular
caveat in mind.
Copyright © 2016 John Wiley & Sons, Ltd.

types of technological change. This results in a
set of managerial trade-offs, not only between performance and adaptive capacity, but also between
adaptive capacities to different forms of technological change.
In the next section we briefly review prior explanations for heterogeneity in the ability of firms to
adapt to change, focusing on the alternate forms
of technological change we model. In our computational model and subsequent analyses we aim to
understand the role that routines play in influencing heterogeneous firm adaptation to these forms
of change. We conclude by linking our results and
insights to the literatures in strategy, focusing in
particular on our contributions to understanding the
link between heterogeneity in routines and adaptation to technological change.

THEORETICAL FOUNDATIONS:
ADAPTING TO TECHNOLOGICAL
CHANGE
A large stream of the strategy literature has sought
to address the question of why firms differ in their
ability to adapt to technological change. In this
section we briefly review this literature, characterizing it across the dimensions of inducements and difficulty. We then discuss how routines might serve as
a possible explanation for inter-firm heterogeneity
in this context, focusing on their differential adaptability to alternate forms of technological change
that vary across these two dimensions.
Inducements and difficulty of adaptation
to change
Why do firms differ systematically in their likelihood of responding to technological change? Explanations in the prior literature on firm adaptation to
change can be segmented along two dimensions.
First, inducements in the form of perceived rewards
to organizational adaptation can influence firms’
willingness to undertake adaptive efforts. Second,
the difficulty of the required adaptive effort shapes
the likelihood that a firm’s response to change will
be effective.
A firm’s inducement to adapt to change has historically played a central role in the literature on
technological change. It is reflected in the relative
rewards associated with modifying a firm’s existing
activities as a consequence of the balance between
Strat. Mgmt. J., 38: 1212–1231 (2017)
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the perceived costs and benefits of doing so. For
instance, research examines how returns to investment in R&D are shaped by the radicalness of a
new technology (e.g., Arrow, 1962; Reinganum,
1983), arguing that an incumbent’s inducement to
respond is diminished because the new technology
may undermine the value of existing product lines.
More generally, a firm’s own resource base can
serve not only to promote, but also to inhibit adaptation to change. Factors such as resource dependence (e.g., Pfeffer and Salancik, 1978), customer
demands (e.g., Christensen, 1997; Christensen and
Rosenbloom, 1995), and supplier commitments
(e.g., Ghemawat, 1991) can influence the incentives
for engaging in adaptation. As an example, disruptive change is characterized by current rewards
to meeting the needs of existing customers that
blunt the short-term impetus to adapt (Christensen
and Bower, 1996). Likewise, complementary assets
serve to buffer a firm from the need to adapt (Teece,
1986; Tripsas, 1997). Beyond the latent inducement to change, the literature suggests that cognitive blind spots may inhibit managers’ recognition
of the necessity of, and inducements for, change
(e.g., Gilbert, 2005; Tripsas and Gavetti, 2000). In a
recent study, Wu, Wan, and Levinthal (2014) argue
that the same complementary assets that buffer the
firm may also inhibit the recognition of the need for
change.
A firm’s difficulty in adapting to change has also
played a central role in the literature on technological change. To some degree, the difficulty of adapting to change stems from the nature of the change
itself. The literature distinguishing between incremental and discontinuous change (e.g., Abernathy
and Utterback, 1978; Dosi, 1982; Tushman and
Anderson, 1986; Tushman and Romanelli, 1985),
for example, suggests that adapting to discontinuous change is more difficult than adapting to
incremental change. Disruptive change is, likewise,
thought of as reflecting a difficult type of change
as it may require the development of a new set of
firm capabilities (e.g., Henderson, 2006). Yet even
holding constant the nature of the change itself, difficulty of adaptation must be measured relative to
firms’ ability to respond. Firms may vary in ability
as a result of their distinct portfolio of capabilities,
as some capabilities may simply be better suited
than others for success in a particular environmental setting (Dosi, 1982; Tushman and Anderson,
1986).
Copyright © 2016 John Wiley & Sons, Ltd.
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The role of routines in influencing firm
adaptation
Absent in the discussion above regarding inducements and difficulty is any mention of routines. Yet,
the literature suggests that routines are a central
component of the explanation as to why firms differ in their ability to adapt in the face of technological change. Henderson and Clark (1990: 27),
for example, address how industry-level architectural changes can have profound implications for
the ways in which a firm’s activities are interdependent. Such changes create particular difficulties
because existing routines render a firm’s knowledge base “inert and hard to change.” Other streams
of the technology change literature likewise suggest a similarly important role for routines—for
example, Christensen and Bower (1996) argue that
the resource allocation process driving investments
into new technologies can be stymied by routines
geared to existing customer needs. Yet while the
technology change literature generally suggests that
routines may hinder adaptation, it is relatively silent
on how routines might at the same time be a systematic source of heterogeneity in the capacity of firms
to adapt to change (or likewise, heterogeneity in the
extent to which they hinder adaptation).7
Examining the process through which routines
arise in the first place may elucidate the origins
of such heterogeneity. The literature has often
conceptualized routines as emergent properties
that coordinate and direct action (Becker, 2004;
Cohen and Bacdayan, 1994; Nelson and Winter,
1982). Underlying this perspective on the origin
of routines is the central role of individuals, and
in particular, the “habits” of individuals that result
from learning (Hodgson, 2008; Winter, 2013).
In an organizational setting, individuals’ habits
co-evolve in an ambiguous environment. As Cohen
et al. (1996: 661) note, routines can be thought
of as residing “in the memories of the individual
actors for their respective roles in the overall
pattern.” Knudsen (2008: 131–132) echoes this
point, noting that “the definition of a routine as an
organization-level disposition is firmly rooted in
the human individual … individual habits are the
microfoundations of organizational routines.”
7

The one exception is that firms may differ in the extent of
routinization, and as such, older and larger firms, which tend to
be more routinized, are less able to adapt (Hannan and Freeman,
1984).
Strat. Mgmt. J., 38: 1212–1231 (2017)
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Conceptualizing alternate forms
of technological change
In line with Henderson and Clark’s (1990) view
that technological change can necessitate a rewiring
of a firm’s interdependencies, a difficult task given
the firm’s existing routines, we examine firms’
adaptive capacity in the context of alternate forms
of such architectural change. As we illustrate in
Figure 1, we conceptualize (and later model) these
three forms—incremental, discontinuous, and
entrapping—which differ along the dimensions
of inducements and difficulty discussed above.
Although these forms of change are not exhaustive
in their representation of the broader technology
change literature, collectively they offer a backdrop
against which we can investigate the sources of
systematic heterogeneity in the adaptive properties
of routines.
The first two types of change are high inducement, varying only in their difficulty. While “incremental” change is low difficulty, “discontinuous”
change is high difficulty, requiring substantial organizational effort. The third type of change, which
Copyright © 2016 John Wiley & Sons, Ltd.

Figure 1.
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This view of individuals as the central mechanism in the emergence and evolution of routines also
suggests that routines might change via changes in
individuals’ evolving beliefs (i.e., habits). Knudsen (2008: 131–132) points out that “there is
a recursive relation between routines and individual habits,” suggesting that routines not only
emerge, but also change, through changes in individual habits. The context in which individuals
operate—for example, the structure of interrelationships between individuals—shapes the process
of emergence and change: as Hodgson (2008: 25)
notes, “routines are more than mere aggregations
of habits, because they also depend on the emergent properties of the organization itself, emanating from structured causal relations and interactions
between individuals.” Routines, therefore, are likely
to change via “forces and actions of agents internal
to the routine,” with this change occurring “endogenously because human actors are involved in carrying out routines” (Becker et al., 2005: 776–777).
With this in mind, we propose a behaviorally
plausible model of the emergence of routines, and
in this context show how the process leading to their
emergence might at the same time endow them with
heterogeneity in their adaptive capacity to alternate
forms of technological change.

Inducement to Adapt
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we call “entrapping” change, reflects a key dimension of disruptive change (Christensen and Bower,
1996)—it is low inducement, but high difficulty.
For example, an established incumbent may be
doing well enough serving existing customers, and
thus, have reduced inducement to change. At the
same time, the change effort, should the incumbent
wish to get onto the new technology, would be quite
difficult. Of course, the entrapping change we consider abstracts from many of the other features of
the Christensen story (e.g., there is no technology
evolution).8

MODEL
Our model is anchored in the view that routines
emerge from individual performance feedbackbased learning (e.g., Cohen and Bacdayan, 1994;
Greve, 2008; Hodgson, 2008; Knudsen, 2008;
Levitt and March, 1988; Miner et al., 2008; Nelson
and Winter, 1982). In so doing, we make three
foundational assumptions. First, the basis of
individual action is beliefs about the merits of alternatives that result from experiential learning (Bush
and Mosteller, 1951; Dewey, 1922; March, 1996;
Winter, 2013). Second, individuals are interdependent with one another in an organizational setting
(Levinthal and March, 1993; Thompson, 1967).
Third, the environment in which learning occurs
is one of substantial ambiguity (e.g., Cohen and

8 We

do not intend to coin a new term here; rather, we use
entrapping as shorthand to capture one centrally important aspect
of disruptive change.
Strat. Mgmt. J., 38: 1212–1231 (2017)
DOI: 10.1002/smj

Adaptive Capacity to Technological Change

1217

c
Peak 1
0.425

b
0.85

0.425

Peak 2

0.425

a

Neighborhoods of peaks

c
a) Choice of the first individual (UP, DOWN)

b

0.425

0.6

b) Choice of the second individual (FRONT, BACK)
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Figure 2. Task environment. This figure illustrates eight possible combinations of three agents’ choices (patterns of
actions). Each of the cells represents a probability of success for the organization when the individuals execute a given
pattern of action. When agents select UP, FRONT, and LEFT, for example, the expected probability of success for the
organization is 0.85

Bacdayan, 1994; Levitt and March, 1988; March
and Olsen, 1975; Nelson and Winter, 1982).9
We employ the canonical multi-armed bandit model, which the extant literature suggests
accurately represents the psychological processes
underlying individual learning in complex settings
(Puranam et al., 2015).10 The bandit model takes
its name from a slot machine analogy in which an
individual plays a slot machine with multiple arms.
The arms can be conceptualized as alternative
approaches an individual has to performing a
given task (e.g., two ways of connecting pieces
of metal, weld or bolt). Each “task approach” is
associated with a specific probability of yielding
a success/payoff in a given period. These latent
payoff probabilities are ex ante unknown to the
individual, and thus, individuals cannot optimize.
Rather, individuals’ seek to enhance their efficacy
through a process of learning about the merits
of their task approaches by doing (i.e., trying the
approaches). We extend the bandit model, which
represents a single individual in isolation, to include
three individuals operating with interdependent
9

We follow Nelson and Winter (1982) in abstracting from hierarchical authority or purposeful efforts at coordination through
direct communication among individuals (we relax this in our
robustness analyses). Nelson and Winter (1982: 107) note in their
discussion of routines: “the image of coordination … presented
involves no mention of authority figures, backed by a system of
incentives and sanctions, who cajole or coerce the required performances from other members.”
10
Examples of the use of the single-individual multi-armed bandit
model are found in the fields of economics (e.g., Berry and
Fristedt, 1985; Gittins, 1979), computer science (e.g., Holland,
1975; Sutton and Barto, 1998), and management (e.g., Denrell and
March, 2001; March, 1991, 1996; Posen and Levinthal, 2012). See
Puranam et al. (2015) for a review of this class of models.
Copyright © 2016 John Wiley & Sons, Ltd.

payoffs.11 Individuals take action, observe the
resulting organizational performance, and then
update their individual beliefs regarding the merits
of their alternatives. Ambiguity arises for two
reasons: first, because individuals make simultaneous choices, leading to causal ambiguity from
the perspective of any given individual observing
the organization-level performance; and second,
because organizational payoffs involve a substantial
stochastic component.
Task environment and performance
The organizational task environment is defined
by the set of unique combinations of the task
approaches of the three individuals, which we refer
to collectively as the organization’s “pattern of
action.” Each of the three individuals undertakes a
different task, and has two alternative approaches
to performing their task. The task environment
contains eight patterns of action, as illustrated in
Figure 2. For each of the eight cells, the value indicated is the organization’s probability of receiving
a payoff of one (success) in a given period.
The organizational payoff values in our task environment are constructed, for simplicity and parsimony, so that two patterns of action yield an
11

Using a three-individual model suggests that a caveat may
be in order regarding how much we are able to say regarding
routines. On the other hand, Cohen and Bacdayan’s (1994)
study uses a two-person experiment, yet is widely recognized
as reflecting routine formation. Moreover, as Puranam, Alexy,
and Reitzig (2014: 164) suggest, the number of members is not
a defining feature of an organization: “the conceptualization of
an organization we have adopted precludes neither a dyad nor a
corporation from consideration as an organization.”
Strat. Mgmt. J., 38: 1212–1231 (2017)
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above-average payoff, and the remaining six yield
below-average payoffs. Below-average combinations have equal average payoffs, and the average
payoff of all combinations is set to 0.5. Consequently, there are two patterns of action we can
characterize as “peaks,” with organizational payoff probabilities of 0.85 and 0.6, respectively. The
remaining patterns of action have organizational
payoff probabilities of 0.425.12 As we discuss in
more detail in the Analysis section (and as we
later illustrate in Figure 4), this structure is useful
because it enables us to simulate different forms
of technological change (incremental, discontinuous, and entrapping) by changing the payoff matrix
in such a way that causes firms at the global peak
to experience changes that vary along two distinct
dimensions: inducements and difficulty.
Forming beliefs and taking actions
Each individual forms beliefs about the merits of
his or her two task approaches, and then takes
actions according to these beliefs.13 We define
Qint = (qi1t , qi2t ) as the set of beliefs for each individual i at time t regarding the payoff probability from a choice of task approach n. We
endow each individual with an uninformed initial
prior, Qin0 = (0.5,0.5), so that individuals are initially indifferent between the two alternative task
approaches. Individuals make simultaneous choices
regarding their task approaches in each period, and
receive feedback on realized organizational performance per the probabilities in Figure 2. Belief
updating follows the fractional updating structure
of Bush and Mosteller (1951) and March (1996). In
particular, the belief for a given individual regarding
the probability of success for a particular choice of
task approach at any given point in time t is simply
the average of the individual’s prior experience with
that approach.
In any given period, individuals’ choice of task
approach is a function of their beliefs about the merits of the alternatives, together with their decision
12 For

example, if the pattern of action is such that individual i = A
chooses task approach UP, individual i = B chooses approach
FRONT, and individual i = C choses approach LEFT, then the
organization will draw from a Bernoulli distribution with a mean
of 0.85.
13
The strength of an individual’s preferences, measured for
example as the distance between the beliefs each individual holds
over each of the two task approaches, is analogous to the concept
of “habit” in the routines literature.
Copyright © 2016 John Wiley & Sons, Ltd.

rule for acting on those beliefs. This decision rule
determines, conditional on their beliefs, the extent
to which they are willing to explore an alternative task approach. We conceptualize exploration
as resulting from an organizational exploration policy that influences the propensity of individuals
in the organization to explore (e.g., March, 1994;
Siggelkow and Rivkin, 2006), although we recognize that it may also be a function of individual-level
dispositions.14
We follow the prior literature on bandit models
in which a “softmax” rule determines how an exploration policy impacts actions (eg, Luce, 1959; Posen
and Levinthal, 2012; Sutton and Barto, 1998). In
the softmax rule, the parameter 𝜏 reflects the organizational exploration policy. It does not define the
choices that the individuals make, but rather, how
individuals act in response to their own beliefs. As
𝜏 → 0, individuals choose the task approach they
believe to be best at that time; and as 𝜏 → ∞ individuals become more exploratory, more likely to forgo
the alternative currently believed to be superior in
hopes of finding a better alternative. For individual i
at time t, the softmax rule maps beliefs to actions via
an equation describing the probability mn of an individual selecting a task approach n, where qn represents the corresponding belief from the vector Qint :
[
(
)] ∑
(
)
mn = exp qn ∕𝜏∕10 ∕ 2g=1 exp qg ∕𝜏∕10 .

ANALYSIS
The emergence of routines
As a first step, we examine the properties emerging
from our model. We hope to observe outcomes
with properties that, following Nelson and Winter
(1982), are characteristic of routines: constancy,
efficacy, and organizational memory.15 This will
14 Managerial

policy can influence individual actions through
multiple levers. In the hiring process, for example, firms often
choose individuals based on their propensity to explore (e.g.,
hiring practices at Google). Incentives and rewards, organizational
structures, and culture can also each be powerful organizational
drivers of individual-level exploration. As an example, consider
Facebook’s motto for many years: “Move fast and break things.”
Such an overarching cultural directive likely has implications
for how individuals act on and develop their own beliefs and
preferences.
15
Nelson and Winter (1982) note, in chapters 4 and 5, that routines involve “a smooth sequence of coordinated behavior that is
ordinarily effective relative to its objectives” with “no mention of
authority figures,” representing “the nature and sources of continuity in the behavioral patterns of an individual organization,”
Strat. Mgmt. J., 38: 1212–1231 (2017)
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Figure 3.

Emergence of routines. Holding exploration
policy fixed across time at 𝜏 = 0.5

form the basis of our subsequent analysis in which
we examine heterogeneity in adaptive capacity to
different types of change
In Figure 3 we present a set of organization-level
outcomes from our model. In these baseline analyses, we set exploration to a moderate level, 𝜏 = 0.5
(per Posen and Levinthal, 2012), reporting averages across 100,000 trials to reduce any statistical
artifacts.16 The measure of constancy captures the
realized level of stability in the patterns of action
across time. We measure it, in any given period,
as the probability that the pattern of action will
remain unchanged in the subsequent period.17 The
measure of performance captures the average realized result of the organizational pattern of action
in any given period, determined (stochastically) via
the mean probability of organizational success indicated in the corresponding box in Figure 2 (normalized on a 0–1 scale).
The constancy and performance lines in Figure 3
show that the process of individual learning over
time leads to both increased constancy and performance. There is substantial inter-firm heterogeneity in performance arising from our model. In
period 25, for example, variance in performance is
0.23, which is substantial relative to the average

with routines serving as “organizational memory,” in a way that
organizations “remember a routine largely by exercising it.”
16
This sample is sufficiently large that, unless otherwise noted,
any measured differences across alternative model settings are
statistically significant.
17 Specifically, we calculate constancy for a given round by
comparing the choices taken by each individual in that round with
those taken in the previous one. We assign 0 if the choice is the
same, and 1 if they differ. We record constancy as an average
across all three individuals.
Copyright © 2016 John Wiley & Sons, Ltd.
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performance of 0.52. To understand the composition of this performance heterogeneity, we examine the frequency with which firms select particular patterns of action. Approximately half (46%)
of the firms execute the best pattern of action,
while 16 percent execute the second best pattern
of action (these patterns have performance values of 0.85 and 0.6, respectively). The remaining firms execute a pattern of action that is in the
“neighborhood” (i.e., on an adjacent pattern) of
one of the two favorable patterns, with the associated patterns having average performance values
of 0.425.18
We also construct a measure of organizational
memory (Cohen and Bacdayan, 1994; Nelson and
Winter, 1982). To do so, we analyze how the
replacement of one of the three individuals (a
turnover event) impacts the observed pattern of
action. In the turnover event, a new individual
enters with no preference for either of her two
task approaches and does not communicate with
the replaced individual. Consequently, the replaced
individual’s entire stock of knowledge is lost. We
consider a routine to exhibit memory if the new individual is more likely than chance to behave like the
replaced individual, and as such, the organization
executes the same pattern of action it would have
executed had the turnover event not occurred.19
The reported values of the line labeled organizational memory in Figure 3 represent this probability,
showing an increase in organizational memory over
time.20
Ambiguity is central to the mechanisms by which
these various properties of routines—constancy,
performance, and organizational memory—result
from our model. Given the presence of interdependence across individuals, not only do a given
individual’s preferences across task approaches
shape the individual’s own actions, but one individual’s preferences shape other individuals’ actions
18 We

also examined how heterogeneity in performance changes
with the exploration policy, 𝜏. In the results presented here, we set
𝜏 = 0.5. We have examined the range of 𝜏 from 0 through 1. Over
this range, performance heterogeneity follows a U-shaped pattern.
These results are available on request.
19 We calculate the probability that within 100 rounds subsequent
to a turnover event the organization returns to the same pattern of
action it would have attained had the turnover event not occurred.
20 The patterns in Figure 3 remain qualitatively the same with
changes in 𝜏. Although for some high levels of 𝜏 (e.g., greater
than 5), constancy may drop to the point at which we might doubt
whether the action we observe can still be called a routine, for the
ranges of 𝜏 we consider here a routine will emerge at some point
in time during the simulation.
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as well. This property is critical to the emergence of
routines because it gives rise to local search, which
we also plot in Figure 3. Local search arises because
constancy of the actions of individuals—which
ultimately leads to the “repetitive, recognizable
pattern of interdependent action, involving multiple
actors” per the Feldman and Pentland (2003) definition of a routine—is necessary for any individual
to learn effectively in an ambiguous environment.21
Consider the pattern of organizational search
over time. In early periods, individual habitual
behavior is yet uninformed, and thus, any given pattern of action at the organization-level is equally
likely to be selected. This is an ineffective and
slow means of learning because it engenders causal
ambiguity due to the difficulty in mapping performance feedback to a particular individual’s action
(Gavetti and Levinthal, 2000; Zollo and Winter,
2002). As time progresses, given interdependence
between individuals, some level of constancy is
necessary for efficacious learning that enhances
performance because learning is more effective
when only one individual searches at a time. As
beliefs are formed and reinforced, an individual
will begin to form increasingly strong preferences
across task-approaches, which then sets in motion
a self-reinforcing process: as the extent of simultaneous exploration diminishes, the efficacy of learning increases, performance improves, individuals’
preferences across task approaches strengthen and
become increasingly habitual, actions become more
constant, and search becomes increasingly local.
The resulting organizational behavior has the
definitional characteristics of a routine: increasing constancy and performance over time, and
organizational memory. This does not imply that
performance is homogeneous. Even though all
firms and individuals are identical in terms of
the task environment they face and their initial
beliefs, search may stall at a suboptimal pattern of action. Organizational memory exists
21

Our definition of local search is at the organization level, and
not at the individual level. With three individuals, each of which
is a two-armed bandit, there are eight possible organizational
outcomes. Local search is defined as a situation in which one
individual changes her preferred task approach, and thus, the
organization moves “locally” from one adjacent cell in the
2 × 2 × 2 cube to the other. In the extant literature, local search
is an assumption (e.g., Ahuja and Katila, 2004; Cohen and
Levinthal, 1989; Cyert and March, 1963; Nelson and Winter,
1982). By contrast, in our model, local search is an outcome of
individual-level learning: we make no ex ante assumption that
the organization must search locally; rather, local search emerges
endogenously over time.

Copyright © 2016 John Wiley & Sons, Ltd.

because incumbent individuals’ preferences for
task approaches impact the performance feedback
received by a new individual on the choice of
a particular task approach. This, in turn, shapes
the new individual’s preferences and subsequent
action in a manner that makes the new individual
more likely than chance to behave like the replaced
individual.
Inter-firm heterogeneity in adaptive capacity
Our central argument is that routines are innately
heterogeneous in their capacity to adapt to technological change, just as they are heterogeneous
in their efficacy. In the technology change literature, as we noted earlier, routines are typically conceptualized as inhibiting organizational adaptation.
Our claim is not simply that routines may exhibit
a capacity to adapt (for a nice discussion see Feldman and Pentland [2003])—such a claim alone is
insufficient to be strategically relevant. Rather, from
a strategy perspective that focuses on inter-firm heterogeneity, we explore the possibility that routines
may differ systematically in their capacity to adapt
to technological change, and that this capacity to
adapt is managerially tunable.
We examine heterogeneity in routines’ adaptive
capacity in relation to three forms of technological
change to which our model is amenable: incremental, discontinuous, and entrapping change. These
forms of change can be distinguished from one
another along two dimensions: inducement to adapt
and difficulty of adapting to change (per the earlier
Figure 1). We illustrate these three forms of change
in Figure 4. Each of the nonstatus quo panels in this
figure reflects a shift in the task environment, and
Figure 4 illustrates the implications for each shift
from the perspective of a market leader (an organization previously on Peak 1).
In the case of incremental change, a leader (on
Peak 1) before the shock needs just one individual to change his or her preferred task approach
in order for the organization to return to Peak 1
after the change (“low difficulty”). At the same
time, expected organizational performance to the
current pattern of action post-shock drops from 0.85
to 0.425 (“high inducement”). With discontinuous
change, a leader (on Peak 1) before the shock
needs two individuals to change their preferred task
approach (“high difficulty”), while expected organizational performance again drops from 0.85 to
0.425 (“high inducement”). Finally, with entrapping
Strat. Mgmt. J., 38: 1212–1231 (2017)
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Peak 1:
mean org. payoff of 0.85
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Peak 2:
mean org. payoff of 0.60
Remaining Patterns:
mean org. payoff of 0.425
Reduced inducement:
mean org. payoff of 0.59

b
c

a

Focal Org. Pattern
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a) UP or DOWN
c) LEFT or RIGHT

b) FRONT or BACK

Figure 4. Three types of technological change. This figure illustrates the three forms of technological change. The
Status Quo organizational pattern involves the three individuals’ selected task approaches being (UP, FRONT, LEFT);
these choices result in Peak 1, which has a mean organizational payoff of 0.85. The three forms of change differ with
respect to “difficulty”—how many individuals must change their pattern of action to get back to Peak 1; and also with
respect to “inducement”—the magnitude of the drop in expected probability of organizational success. Example: Going
from Status Quo to Discontinuous Change means that the focal organizational pattern, which is at (UP, FRONT, LEFT),
needs to change to (UP, BACK, RIGHT) in order for the organization to stay at Peak 1. This is “high difficulty” since two
individuals need to change their preferred task approach. At the same time, the organization choosing (UP, FRONT, LEFT)
goes from a mean organizational payoff of 0.85 before the change with the Status Quo, to 0.425 after the Discontinuous
Change. This is “high inducement”

change, a leader (on Peak 1) before the shock also
needs two individuals to change (“high difficulty”),
but the post-shock expected organizational performance drops only to 0.59, instead of 0.425 as in
the other cases.22 This case thus represents a “low
inducement” form of change.
22

This specific value is chosen to satisfy several constraints
as we seek to minimize the difference between discontinuous

Copyright © 2016 John Wiley & Sons, Ltd.

We measure adaptive capacity to technological
change as the likelihood of the firm having the
same expected performance after the change as it

and entrapping as much as possible to ensure comparability. In
particular, the value must be below that of Peak 2 (0.6) and
higher than the floor (0.425). Within these constraints the lowest
inducement is the maximum value in this range.
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would have had if the change had not happened.23
To construct the measure, we first simulate the
organization through period 125 in the absence of
a change event, calculating the modal pattern of
action in the latter 100 periods. We then repeat
the calculation with a change that occurs at period
25, comparing it to what would have happened
had the change not occurred.24 We simulate 1,000
organizations over 1,000 trials each to estimate the
value of adaptive capacity.
In examining heterogeneity in adaptive capacity,
we consider both across and within change-type
heterogeneity. There are substantial differences
across types of technological change. The average
value of adaptive capacity is greatest for incremental change (0.354), moderate for discontinuous
change (0.131), and lowest for entrapping change
(0.085). There is also substantial heterogeneity
in adaptive capacity within a particular type of
change. The variance in adaptive capacity within
incremental change is highest, 0.064, while for
discontinuous and entrapping change the variance
is, respectively, 0.025 and 0.017. One implication
of this set of results is that it makes little sense
to talk about the extent to which routines are
adaptive (or inert) in general. Rather, the extent
of adaptive capacity is specific to a particular
type of change. This observation is important
in a strategy sense because, to the extent that
firms can shape the adaptive properties of routines, there will likely be substantial trade-offs
involved (we examine this possibility in the next
experiment).
Mechanisms underlying heterogeneity
in adaptive capacity
What explains heterogeneity in adaptive capacity
in our model, both across and within the three
23 Note that our definition of adaptive capacity involves moving to

the pattern with the same expected level of performance following
the shock. We examined an alternate set of measures based on
moving to the same or better pattern of action as well as based
on the time needed to return the original level of performance.
While there are some quantitative differences when employing
these alternate definitions, our results are qualitatively similar.
24
We select period 25 in which to introduce different forms of
technological change as this is the period in which constancy
passes 90 percent, and 95 percent of its long-run value. (We also
replicate the results with the change in period 100 and find
that the results are qualitatively similar.) In this period there
is substantial inter-firm performance heterogeneity, with this
heterogeneity resulting from the process of routine emergence
discussed previously.
Copyright © 2016 John Wiley & Sons, Ltd.

forms of technological change? The core mechanism underpinning our results involves individual beliefs regarding the merits of alternative task
approaches, and in particular, the degree to which
these beliefs are strongly ingrained.25 When a technological change occurs, individuals must readjust
their beliefs in response to the new environment.
For this to occur successfully, individuals must
be “dislodged” from their current beliefs about
the merits of the alternative task approaches. The
possibility of this occurring is a function of not
only any individual’s beliefs, but also of the properties of others’ beliefs. In this sense, a routine
is characterized by its “strength of preferences,”
which reflects the degree to which beliefs of individuals in the aggregate are strongly ingrained.
Strength of preferences underlies both the ability to search distantly as well as the willingness
to search, and via these joint effects, the adaptive capacity to different types of technological
change.
Average adaptive capacity decreases as we proceed from incremental to discontinuous, and then
to entrapping change. When a technological change
occurs, individuals must readjust their beliefs in
response to the new environment. For this to occur
successfully, individuals must be “dislodged” from
their current beliefs. At any given point in time,
the strength of preferences associated with a routine will determine the degree to which the routine will be capable of adapting to a given form
of technological change. As the level of difficulty
associated with technological change increases,
for example, from incremental to discontinuous
change, more distant search is required to adapt
to the change (i.e., two individuals must change
their beliefs versus just one). Thus, for a given
strength of preferences, a routine will exhibit lower
adaptive capacity to discontinuous (versus incremental) change. More interestingly, holding difficulty fixed, inducement associated with technological change is equally important. As the level of
inducement decreases, for example, from discontinuous to entrapping change, the challenge is not
one of a need for more distant search, but rather,
the willingness to search at all, which requires foregoing the current pattern of action that is only
mildly inferior. In this case, for a given strength
25

This mechanism is consistent with the claim that the emergence
of routines is closely linked to learned individual “habit” (Winter,
2013).
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of preferences, a routine will exhibit lower adaptive capacity as the inducement associated with the
change diminishes. Thus, difficulty and inducement
act together, via their effects on changing individual beliefs and routine-level strength of preferences,
to determine variation in adaptive capacity across
forms of change.
Individual beliefs, and the strength of preferences they embody, can also explain why adaptive capacity differs across firms within a particular
type of change. In this case, beliefs and strength
of preferences are influenced by two key drivers:
position and organizational path. The first driver,
position, relates to the particular pattern of action
on which the firm is coordinating at the time of
the shock—that is, whether this is Peak 1, Peak 2,
or the other patterns in the neighborhoods of these
peaks. Figure 5 shows that the performance quartile the organization is on has implications for the
level of adaptive capacity. To understand why this
is the case, consider what happens to industry leaders (Peak 1). A firm at Peak 1 receives positive
performance feedback 85 percent of the time (per
Figure 2). In each period, individuals update their
beliefs based on the new (organization-level) feedback. The reliably positive feedback tends to rapidly
solidify individuals’ beliefs, leading to habitual
behavior that is more firmly ingrained (i.e., success
affirms the beliefs of the individuals, making them
more certain of their current beliefs). Consequently,
the organization will be much more strongly bound
to the particular pattern of action. This is, in part,
why top performers (e.g., first quartile firms) tend
to be less adaptable to discontinuous or entrapping
change.
The second driver relates to the specific path the
organization took to get to that particular position
(pattern of action). Figure 5 shows that even within
performance quartiles there is substantial heterogeneity. We plot (along the vertical axis for each
quartile) the mean and distribution of individual values of adaptive capacity for the firms in our simulation. Heterogeneity occurs because firms may
have arrived at a particular position via very different paths. This is important because, conditional
on a firm’s position, the specific path the organization took to get to that position shapes the extent to
which individuals’ habits are strongly ingrained. In
turn, this impacts adaptive capacity.26
26

Figure 5 also shows that there are conditions under which our
model behaves as expected in the extant literature in the sense that
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We illustrate the implications of heterogeneity
in strength of preferences for a firm’s adaptive
capacity in Figure 6. This figure presents a scatter plot of organizations’ strength of preferences
versus adaptive capacity in t = 24 for firms that
are choosing the best pattern of action (Peak 1)
immediately pre-shock. An organization’s strength
of preferences at any given point in time is measured as the distance between the two values of each
individual’s belief vector, Qint . We decompose the
results across the three types of change, with the
fitted lines in the figures showing that, conditional
on choosing the best pattern of action pre-shock,
firms with individuals holding stronger preferences
for their task approach exhibit lower adaptive capacity to technological change. The negative slope is
greatest for incremental change, and gets smaller (in
absolute value) across discontinuous and entrapping
change respectively. This implies that for incremental change, heterogeneity in adaptive capacity is
more strongly driven by differences across organizations in the strength of preferences of their
members (than it is for discontinuous and entrapping change). Strength of preferences impacts adaptive capacity because, with behavioral habits more
strongly ingrained, search is more local, and consequently, adaptation to change is harder to achieve.
Managerial policy and heterogeneity
in adaptive capacity
Our model suggests that routines are heterogeneous
in their capacity to adapt to technological change,
both across different types of change and within a
particular type of change. This, in turn, suggests
that differences across firms in the adaptive capacity
of routines may help us to understand why firms
are differentially effective at adapting to change.
From a strategy perspective, the relevance and
importance of our adaptive capacity results rest
on the existence of a managerial policy that can
tune these adaptive properties of routines. Here,
we examine one such policy—a firm’s exploration
policy—that affects adaptive capacity, and discuss
the strategic trade-offs from adjusting that policy.
routines exhibit reduced adaptive capacity over time as feedback
reinforces current beliefs. This shows that our model reproduces
key features of the existing understanding in the literature. As
the figure shows, however, there is substantial heterogeneity in
adaptive capacity, even for entrapping change, and even among
firms in the top performance quartile.
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Figure 5. Heterogeneity in adaptive capacity across types of technological change. We keep 𝜏 fixed at 0.5. We simulate
1,000 organizations and divide this group into quartiles based on their performance in the five periods prior to the shock
(cumulative performance from the 20th to 24th round). For each organization, we then estimate adaptive capacity by
simulating 1,000 post-shock alternative futures. The figure shows the mean adaptive capacity for each performance
quartile, as well as individual values of adaptive capacity for all simulated organizations

Our earlier results point to the critically important formative period during which routines
emerge (Helfat and Peteraf, 2003). During the
formative period, routine-like behavior results
as individuals’ preferences for particular task
approaches strengthen, local search emerges, and
this in turn leads to increasingly effective learning
and enhanced performance. Thus, we examine
the implications of changing a firm’s exploration
policy, 𝜏, during the formative period of routine
development. In particular, we examine 𝜏 over
the range 0.1–1.0 during the first 25 periods;
we refer to this as the formative 𝜏. In period 25,
we introduce the change, and thereafter, for the
remainder of the simulation, we set 𝜏 to 0.25
(regardless of the value of 𝜏 during the formative
period). Consequently, differences in the observed
Copyright © 2016 John Wiley & Sons, Ltd.

adaptive capacity of routines arise only from
heterogeneity in managerial exploration policy in
the formative period.
Figure 7 displays the results, where adaptive
capacity is normalized by the average level of adaptive capacity to a particular type of change. At
a very high level, we observe that this managerial policy during the formative period of routine
emergence has a substantial impact on the long-run
properties of those routines (even though, in this
experiment, managerial policy post-shock is identical across firms). Increasing formative 𝜏 does not
necessarily increase adaptive capacity to change.
Underlying this result is that formative 𝜏 does not
linearly impact the strength of preferences associated with a routine. Low and high formative 𝜏 lead
to weaker preferences than does a moderate level of
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Figure 6. Strength of preferences versus adaptive capacity for firms at Peak 1 pre-shock. We simulate 1,000
organizations and record the strength of preferences for each organization in the period preceding the environmental shock.
We also estimate the value of adaptive capacity to each type of change by running 1,000 iterations for each organization
and recording the number of runs when the given organization managed to adapt to the change versus those when it did
not. We then produce a scatterplot to record the relationship between the strength of preferences just before the shock and
the resulting value of adaptive capacity, and superimpose a fitted line

formative 𝜏. With low formative 𝜏 search is insufficient, resulting in a poorly performing pattern of
action, and with high formative 𝜏 excess exploration by all members of the firm increases ambiguity, making learning very hard. In both cases,
preferences are weak, and poor patterns of action
are easily abandoned in the face of a shock. Moderate formative 𝜏 leads to the strongest preferences
for the pattern of action.
The relationship between formative 𝜏 and adaptive capacity (i.e., shape of the curve in Figure 7)
differs across the three types of technological
change. Incremental change tends to benefit
uniformly from an increase in formative 𝜏. By
contrast, the two more challenging forms of technological change, discontinuous and entrapping,
exhibit strong U-shaped properties. The marginal
returns to increasing adaptive capacity (slope of
the line) differ across the three types of change
Copyright © 2016 John Wiley & Sons, Ltd.

(e.g., at higher levels of formative 𝜏, the slope is
lowest for incremental change). Formative 𝜏 is
important not because of its impact on the level of
exploration, but rather, because it shapes the beliefs
that individuals hold about their alternative task
approaches, and thus, the extent to which habitual
behavior emerges and co-evolves into routine-like
recurring organizational patterns of action.
Moreover, formative 𝜏 conditions the returns to
exploring post-shock. In results available in the
Appendix, we show that the “optimal” level of
post-shock 𝜏 varies quite strongly with formative 𝜏,
with substantial differences across the alternative
forms of technological change. For example, in the
case of entrapping change, the concave shape of the
surface suggests that increasing formative exploration tends to reduce the level of post-shock exploration needed to adapt to such change. For incremental change, increasing formative exploration
Strat. Mgmt. J., 38: 1212–1231 (2017)
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Figure 7. Impact of formative exploration policy on
adaptive capacity. To estimate the effects of different
pre-shock exploration policies (formative 𝜏) on the subsequent adaptive capacity, we fix the post-shock exploration
policy (𝜏 = 0.25) and vary exploration policy in the initial
25 periods. We then compare the resulting adaptive capacity against a scenario where the initial exploration policy
is chosen at random

reduces sensitivity to the level of post-shock
exploration. That is, exploring in advance of
the shock shapes the properties of the resulting
routine such that under-exploring post-shock is
much less damaging. More generally, these results
suggest that the appropriate choice of post-shock
exploration is a function of how routines were conditioned by formative exploration. An interesting
implication of this observation is that two firms
having settled on the same pattern of action may
respond differently to the same shock because their
exploration in the formative period was different.
One way of interpreting these results is that a
higher exploration policy in the formative periods leads to greater adaptive capacity to all types
of technological change. Yet, this figure does not
imply that the “optimal” formative 𝜏 should be set
very high, because the figure does not take into
account the opportunity costs associated with alternative settings of 𝜏 during the formative period.
In setting formative 𝜏, there are substantial strategic trade-offs of two sorts. First, higher 𝜏 during the formative period may be suboptimal in
terms of performance during the formative period.
While increasing formative 𝜏 may increase adaptive
capacity, it may at the same time reduce a firm’s performance in the formative period.27

A second strategic trade-off stems from the observation that a firm does not know what type of
change will occur in the future. This is important
because the appropriate level of formative 𝜏 differs across types of change. Consequently, firms
may implement an organizational exploration policy that is, ex post, inappropriate for the realized form of change. To examine this possibility,
we consider the implications of setting low versus
high organizational exploration policy (𝜏 = 0.2 and
5) in the formative period. We then examine the
implications for post-shock (period 25–50) average performance, assuming the firm sets the exploration policy that maximizes performance in the
post-shock period. We find that exploration policy in the formative period has a significant and
lasting effect. As Figure 8 shows, under conditions
of incremental change, the best achievable performance is 44 percent higher for firms choosing a high
(relative to low) exploration policy in the formative period. Under discontinuous change, this performance advantage is 26 percent. High formative
exploration policy, however, does not always put
firms at an advantage. With entrapping change, the
best possible performance is 3.3 percent lower for
firms choosing a high (relative to low) exploration
policy.28
Robustness analyses
We conducted a number of robustness analyses to
examine the implications of embedded assumptions
in our model. In the Appendix, we include results
showing alternative information flow regimes, alternative task environments, skill-based learning, routine development under different levels of 𝜏, and
the joint effects of formative and post-shock 𝜏. We
also conducted analyses, available on request, to
examine alternative timings of the shock, alternative measures of adaptive capacity based on the
time needed to return to the original level of performance, and using different periods post-shock
to measure performance. While the results vary
quantitatively, the conclusions and insights with

28
27

We provide a more detailed example of this point in the online
appendix, which illustrates the performance decline (though with
increased adaptive capacity) that stems from increasing levels of
exploration.
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There will be a variety of additional costs that firms would
experience in preparing for different kinds of change. These
costs could be included exogenously in our model. However,
we conceptualize the cost in terms of lost performance as the
maximum additional change costs the firm would be willing to
incur.
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Figure 8. Post-shock performance advantage of high
formative exploration policy across different forms of
technological change. We calculate the post-shock performance advantage of high (relative to low) exploration
policy in the formative period. The high (low) exploration policy regimes are characterized by 𝜏 = 5 (𝜏 = 0.2)
for the first 25 periods. The technological change occurs
in the 25th period, and thereafter, the firm employs the
exploration policy that produces the best possible performance post-shock (period 25 through 50). Thus, any
observed difference in post-shock performance is due only
to exploration policy in the formative period. Positive values imply that high formative 𝜏 produces better outcomes
than low formative 𝜏, while negative values suggest the
opposite

respect to routine emergence and adaptive capacity are qualitatively robust to these alternative
assumptions.

DISCUSSION
We examine the proposition that inter-firm heterogeneity in the capacity to adapt to technological
change, as well as inter-firm heterogeneity in performance, stem from a common underlying process through which routines emerge. We develop
a microfoundational model of routine emergence,
anchored in behaviorally plausible assumptions
about individual learning in an environment characterized by interdependence and ambiguity (e.g.,
Hodgson, 2008; Hutchins, 1991; Levitt and March,
1988; Nelson and Winter, 1982).29 Our results
exhibit the canonical properties of routines: efficacy, constancy, and organizational memory (e.g.,
29

We show that the outcomes we observe arise under conditions
where our modeling assumptions map to those described by
the literature as leading to routine emergence. Although it is
possible that other processes—for example, rational choice game
theoretic models such as the Prisoner’s Dilemma (Dawes, 1980;
Rapoport and Chammah, 1965)—may result in similar outcomes,
such processes would not be consistent with the behavioral
assumptions made in the routines literature.
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Cohen and Bacdayan, 1994; Grant, 1996; March,
1994; Nelson and Winter, 1982).
Our primary contribution is the claim that routines may be a source of systematic heterogeneity in
the ability of firms to adapt to technological change.
While the literature has classically emphasized the
stability of routines (e.g., Cyert and March, 1963;
Nelson and Winter, 1982) and implications for
organizational inertia (e.g., Gersick and Hackman,
1990; Hannan and Freeman, 1984), over the last
two decades the literature has come to renew the
claim that routines can and do change (e.g., Feldman and Pentland, 2003; Knudsen, 2008). Yet, from
a strategy perspective, the relevant questions are not
whether routines can change, but rather: (1) Is there
systematic heterogeneity in the adaptive capacity of
routines to technological change; and (2) What are
the managerial levers that can be used to alter the
nature of this adaptive capacity? We suggest a candidate process through which such systematic heterogeneity in adaptive capacity might emerge, linking the theory of routines, the corresponding theory
of inter-firm performance heterogeneity, and theories explaining adaptation in the context of technological change.
Our contribution to understanding firm response
to technological change is based on taking a
forward-looking perspective, with the idea that
firms may take strategic steps to prepare for
technological change. One approach to such preparation may be structural—for example, ensuring
organizational ambidexterity (e.g., Stettner and
Lavie, 2014) by physically isolating agile subunits
(Tushman and O’Reilly, 1996) or maintaining
flexibility in current operations (Gibson and
Birkinshaw, 2004). Our results, which highlight
how managerial policy well before a change occurs
is central to building routines with the capacity
to adapt, suggest a complementary approach. By
utilizing alternative exploration policies in the
formative stages of routine development, managers
can build routines that are differentially adaptable
to alternative types of technological change. The
managerial cognitive challenge of such preparation
is then not one of recognizing change after it
occurs and responding appropriately (e.g., Eggers
and Kaplan, 2009; Tripsas and Gavetti, 2000), but
rather, one of forming forward-looking assessments of future change in order to grow routines
ex ante that exhibit the appropriate adaptive
characteristics.
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Our work on routines and their adaptive capacity
in the face of technological change takes a step
forward in furthering our understanding of how
firm capabilities might respond to change. Routines
are characterized in the literature as underpinning
capabilities (Winter, 2003), and capabilities are,
more generally, intertwined with firms’ ability to
respond to different forms of technological change.
This has implications for the broader theme in
the strategy literature addressing how firms renew
and reconfigure in response to discrete threats,
replenishing capabilities that have been devalued
by change (e.g., Agarwal and Helfat, 2009; Knott
and Posen, 2009; Simons, 1994; Teece, Pisano, and
Shuen, 1997; Winter, 2003). In particular, it points
to the importance of understanding the properties
of the routines on which capabilities are built, and
the path-dependent process through which they are
formed.
Our theory also links work in the knowledgebased view (e.g., Grant, 1996; Kogut and Zander,
1992) with work on strategic human capital (e.g.,
Campbell, Coff, and Kryscynski, 2012; Coff, 1997).
The literature has long held that routines are “repositories and carriers of knowledge” (Hodgson, 2008:
25). We show that organizational memory is a natural outcome of the process through which routines
emerge, and knowledge is thus not only in the minds
of (and embodied in the habits of) individuals, but
also in the connections between individuals. Consider employee turnover. We find that the exit of one
individual does not undermine the performance of
the routine. Even if the departing individual does
not explicitly transfer his or her knowledge to the
replacement person, the routinized behavior of the
remaining individuals will lead him or her to select
a task approach that resembles his or her predecessor. Thus, the knowledge embodied in the connections between individuals has the properties of tacit
knowledge. Once formed, such knowledge is not
subject to expropriation by individuals—it is inherently the property of the organization.30
Several aspects of our model offer opportunities
for future extensions. In particular, we purposefully
30

This raises the interesting question of what share of individuals
must depart for the tacit knowledge to be eroded, and how the
properties of the replacement impact this tacit knowledge. In work
not reported here, but available on request, we have examined
these questions, finding that as the share of departing individuals
increases, the extent of organizational memory decreases. We also
find that the stronger the preferences of the replacement (the extent
to which his or her habits are strongly ingrained), the weaker is
organizational memory.
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abstract away from various organizational issues,
including individual motivation, emotions, incentives, information asymmetry, heterogeneous utility
functions, information transfer, hierarchy, and varying forms of interdependence across individuals.
This suggests that some caveats may be in order
regarding the inferences we can make about organizational routines with our model of three interdependent individuals. As with any modeling effort,
however, our goal is not to offer a rich representation of organizations, but rather to illustrate a core
mechanism that could underlie learning and behavior in real organizations. Future research might
explore the degree to which enriching the stylized
view of organizations we put forth in this article can
result in a deeper understanding of the mechanisms
we examine here. Additionally, a key boundary condition of our model is that we focus on architectural
forms of technological change. Future work might
examine the role of adaptive capacity in the context
of nonarchitectural (e.g., component-related) technological change.
Beyond these modeling extensions, there are
several additional avenues for future research. In the
empirical domain, our notion of adaptive capacity
as a property of routines and capabilities suggests
that it may be fruitful for future empirical work
to verify the existence, and examine the causes
and consequences, of this property. There may also
be opportunities to conduct experimental work.
For example, our results suggest that learning by
interdependent individuals leads to the emergence
of local search. Would such an effect occur in a
controlled lab setting? To the degree that learning
is distributed among individuals, could we recover
a reliable pattern of search in such a setting? These
questions suggest a number of important avenues
for future research that stem from our model and
from the notion of adaptive capacity.
In sum, the microfoundational approach we pursue in this article furthers our understanding of the
role of routines in the context of firm adaptation
to technological change. It raises the interesting
possibility that managerial policy during routines’
formative period may greatly impact their adaptive
properties in maturity. This, in turn, has implications for how managers prepare for the possibility
of technological change. The challenge of adapting to such change is a central issue for firms and
remains a fertile domain of inquiry for scholars of
strategy.
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