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Abstract

We present an evolutionary model of technology diffusion in which an old and a new
technology are available, both of which improve their performance incrementally over
time. Technology adopters make repeated choices between the established and the
new technology based on their perceived performance, which is subject to uncertainty.
Both technologies exhibit positive externalities, or performance benefits from others
using the same technology.

We find that the superior technology will not necessarily be broadly adopted by the
population. Externalities cause two stable usage equilibria to exist, one with the old
technology being the standard and the other with the new technology the standard.
Punctuations, or sudden shifts, in these equilibria determine the patterns of technology
diffusion. The time for an equilibrium punctuation depends on the rate of incremental
improvement of both technologies, and on the system's resistance to switching
between equilibria. If the new technology has a higher rate of incremental
improvement, it is adopted faster, and adoption may precede performance parity if the
system's resistance to switching is low. Adoption of the new technology may trail
performance parity if the system's resistance to switching is high.

The authors thank two anonymous referees for very helpful comments on a previous version of this
article. This research was fmancially supported by Xerox PARC and by the INSEAD R&D fund.



1. Introduction

In the age of gene technology, superconductors and supercomputers, it is often

claimed that innovations are mainly breakthroughs from existing technologies. For

example, it has been stated that new audio technologies may have failed to replace the

established audio CD because none has been able to offer the "necessary ten-fold

performance improvement" over the CD technology (Economist 1996). On the other

hand, it has been established that much technological progress stems from streams of

incremental improvements over time. In a number of industries it is also observed

that long periods of incremental improvement tend to be interrupted by short periods

of radical innovation (Abernathy and Utterback 1978, Utterback and Suarez 1993).

This pattern has been called "punctuated equilibrium," a term that originated in

biology (Eldredge and Gould 1972) and subsequently was adopted in the management

literature (e.g., Tuslunan and Anderson 1986, Mokyr 1990).

The question is what drives the interplay between the two: When is incremental

innovation dominant, and when (if at all) do radical changes in technology appear?

The literature presents a number of obstacles to switching between technologies. For

example, organizational inertia and stable industry constellations may prohibit

significant innovations for long periods until change is forced by a crisis. Cultural

"openness" may also foster or inhibit significant technological changes, and

interdependencies among multiple component technologies can prevent radical

innovations for compatibility reasons.

In this paper, we develop a model that offers a different explanation for punctuated

technology diffusion. In this theory, punctuated equilibrium may occur among

boundedly rational adopters who at any point in time choose the technology with the

better performance, although with an imperfect capability of evaluation. Punctuation

can happen if positive externalities as well as uncertainty in the evaluation of a new

technology are present in the system.
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After reviewing the relevant literature we present the basic model in Section 3. We

then demonstrate the full dynamic adoption behavior in the punctuated equilibrium

model in Section 4 through the use of computer simulations. Section 5 develops two

extensions: one with users differing in their attitude toward the new technology

(innovators and followers), and the other with users basing their adoption decision not

on current technology performance, but on expectations about future performance

evolution. Sections 6 presents three case examples, and Section 7 summarizes the

article's insights.

2. Literature Review

The acceptance and spread of new technology in a market or user community is

commonly referred to as diffusion. It is an important topic of research in several

disciplines, such as marketing, strategy, organizational behavior, economics, and the

history of technology. They offer several possible explanations for a punctuated-

equilibrium-like adoption of radically new technologies.

The classical diffusion model in the marketing literature is the S-curve model of

spreading innovations. S-curve growth (logistical growth) results when growth is

proportional to the established base (contagion) and to the remaining untapped

potential. This model has successfully been fitted to new product innovations in many

industries (e.g., Gurbaxani 1990). It was found that the diffusion speed is highly

industry-specific. The typical application of diffusion S-curves is to new products or

product categories opening up a new market potential, but not to the competition

between an established and a new technology (Kumar and Kumar 1992). The present

paper examines how a newly available technology diffuses in competition with an

established technology.

Abernathy and Utterback (1978) first pointed out that industries often go through

cycles of incremental innovations, punctuated by short periods of radical change. One

reason for this is the necessary initial uncertainty reduction about a new technology,

both for the providers and for the users, leading to instability and experimentation for
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some time. After the technology is better understood, an incremental era of

refinement sets in (Clark 1985, Tushman and Anderson 1986).

Organizational theorists show that another reason for long periods of incremental

change is "inertia," or the inability of organizations to change their procedures and

routines unless forced to do so by a crisis (e.g., Tushman and Romanelli 1985, Sastry

1994). A separate reason for an organization's inability to deal with new technologies

is closely linked to Clark's (1985) architectural uncertainty, which may negate the

usefulness of a firm's current set of procedures and thus prove "competence-

destroying," creating resistance to adoption. A third source of inertia is the external

environment in which organizations operate. The structure of complex products is

mirrored in alliances, associations and cooperations with interlocking interests, and a

new technology, independent of its merits, may be blocked because it upsets this

system of interests (Anderson and Tushman 1990). Specifically, firms that dominate

their market with an established technology may suppress new technology to defend

their market position and to prevent cannibalization of their dominant products

(Ghemawat 1991).

Similarly, historians of technology have demonstrated the role of the external

environment in the interplay between incremental and radical innovations over time.

Mokyr (1990) offers two possible circumstances under which radical innovations may

occur. First, social, economic, political, and religious factors in the environment

greatly influence how "receptive" society is for innovations, or whether they tend to

be suppressed.

In addition to the environment, however, the characteristics of the innovations

themselves play a role: First, if the innovation affects a large, complex system of

interdependent parts, a significant change may make a component incompatible with

the rest of the system and thus render the innovation infeasible. This is demonstrated

by the sailing ship, which changed unrecognizably between the 16th and 19th century

with only incremental innovations (Mokyr 1990, p. 294 f., see also Rosenkopf and

Tushman 1994). This argument refers not to the compatibility of group interests
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(which Anderson and Tushman 1990 emphasize), but to compatibility of the

technology components themselves. Second, an innovation that is location-specific

may not become widely accepted without further adaptation. As an example,

agricultural innovations took place very slowly over the centuries, partly because each

area had to adapt technology advances to their soil and climatic conditions (Mokyr

1990, p. 297).

To summarize, the following reasons have been put forward to explain the existence

of punctuated equilibria in technology diffusion: 1. A radical innovation creates

uncertainty (for producers as well as users), which needs to be resolved before wide-

spread adoption can occur. 2. The new characteristics of the technology may destroy

existing firm competences, which contributes to inertia within firms. 3. In addition, a

new technology may be incompatible technically with other components of complex

systems of which it is a part. 4. It may also upset the balance of cooperations and

interests in the business network that has evolved around the old technology and its

complements. 5. Finally, it may encounter resistance in society at large.

In this paper, we develop an analytical model of technology diffusion that offers a

different explanation for the existence of punctuated equilibrium behavior. Our model

argues that even in the absence of inertia l or compatibility issues (i.e. for a single-

component technology) punctuated equilibrium-type diffusion can happen, provided

that two factors are present: some positive network externalities or switching costs,

and (initial) uncertainty about the performance of the new technology. Network

externalities may cause multiple stable equilibria to exist, and performance

uncertainty may trigger a switch of the population between equilibria. The

equilibrium switch, or punctuation, may occur before the new technology has caught

up in performance, or the incumbent equilibrium may persist long beyond the time

when the new technology has become superior. We derive within the model under

which circumstances the expected time of the equilibrium switch is earlier or later.

I Here, inertia is used in the sense of "organizational resistance to change." Sometimes, inertia refers
in a much wider sense to any outcome of a superior technology not being adopted. In this sense, our
model offers an alternative explanation of inertia.
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Our model follows the tradition of evolutionary models of technological change

introduced by Nelson and Winter (1982). 2 Bulding on Nelson and Winter, later

authors have defined the evolutionary approach to technology diffusion as "the

diffusion of techniques and new products under conditions of uncertainty, bounded

rationality and endogeneity of market structures as a disequilibrium process"

(Silverberg et al. 1990, p.75). These authors have developed a model similar in spirit

to the present model (and also analyzed via simulation). Their model focuses on firm

market shares and pioneer advantage, depending on the amount of external (industry-

wide) learning, wheras our model emphasizes the technology and the possibility of its

sudden adoption across the user population.

We follow the evolutionary approach by first assuming that actors are profit driven

but unable to optimize because of bounded rationality. Actors simply choose the

"best" out of the currently available technologies, without being capable of perfect

evaluation or of anticipating the system equilibrium (the latter assumption will be

relaxed in Section 5). Second, our model focuses on the off-equilibrium behavior of

the system, or the system dynamics, until an equilibrium is possibly reached. Third,

the performance of a technology is endogenously determined in the model through

learning and adoption percentage.

Our model is also related to path dependence models with positive externalities, or

increasing returns (Arthur 1983 and 1994, David 1994). Path dependence models

emphasize that small initial advantages may determine which one of possibly several

competing technologies is chosen by the user community. Path dependence may have

several roots (David 1994): historically grown mutually consistent expectations, from

"sunk" investments in channels and coordination protocols, or from positive

externalities (benefits resulting from other users adopting the same technology, see

Granovetter 1978, Cusumano et al. 1992). Positive externalities are also referred to as

2 There also exists a literature on technology races in economics (e.g. Reinganum 1985), which applies
more to planned innovations in anticipation of competitive moves, but less to unplanned "radical"
changes.
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"bandwagon" adoptions (e.g., Abrahamson and Rosenkopf 1997). Such "critical-

mass" or "path-dependent" models have recently been attacked because of a lack of

empirical evidence and also because they imply that once the initial "perturbation" has

happened, the fate of the technology can no longer be influenced (Rogers 1991,

Liebowitz and Margolis 1995).

Positive externalities also play an important role in the present article, as wider

acceptance of the technology increases its usefulness (as in the case of the telephone)

or encourages the provision of complementary assets (such as application programs

for a PC platform). The difference is that we are focusing on when and how fast

technology adoption occurs, and how adoption is related to the underlying technology

performance. We do not focus on the path-dependent choice of which of several

competing new technology comes to dominate the market.3

A different definition of evolutionary models of technology diffusion refers to

"another application of a Darwinian logic that transcends the world of living beings"

(Mokyr 1996, p. 64), and the present article is closely connected to this approach as

well. The term "punctuated equilibrium" was coined by Eldredge and Gould (1972

and 1977), who used it to characterize evolutionary discontinuities caused by small

subgroups of a species becoming isolated, developing a significant new trait, and then

displacing their "mother species" in a very short period of time. This dynamic is

contrasted with continuous evolution within a species, which had been assumed to be

the dominant mode of evolution before ("gradualism"). The parallel to the model in

this article lies in technologies corresponding to species, and sudden adoption of a

new technology being a punctuation, compared to the gradualism of the old

technology evolving along its S-curve. The underlying choice processes are, of

course, different from the biological dynamics.

3 In fact, the "new" technology in Sections 4 and 5 will be chosen eventually with probability one,
since we assume that the "old"technology can no longer improve its basic performance. This
assumption reflects our interest in the explanation of equilibrium punctuations. Our model can also
be used to shed light on competing new technologies, in which case it may exhibit path-depent
technology choice.
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Some work in biology has formalized punctuation as switching between stable

equilibria in the system (Foster and Young 1990). Their model is similar to our

model, although they use the continuous-time limiting case for their analysis where

we use a discrete-time formulation. We characterize the parallels in more detail in

Section 3.

In summary, the contribution of this article lies in the combination of equilibrium

models in physics and biology (Ceccato and Huberman 1989, Peyton and Young

1990) with evolutionary models of technology diffusion (Nelson and Winter 1982,

Silverberg et al. 1990). The key resulting insight is that the combination of positive

externalities and performance uncertainty alone may cause a "catastrophic" (that is,

sudden and unforeseeable) adoption of a new technology, independent of the absolute

preformance comparison or other managerial and context variables.

3. The Basic Model

Consider an industry with N actors, for example, firms. The actors use a certain

technology to conduct their business, but at some point in time, a new technology

becomes available. Each firm can choose repeatedly to stay with the old technology

or to switch to the new one. For now, assume that there are no switching costs

between the teclmologies. 4 A firm does not evaluate technologies continuously, but

according to a Poisson process with rate a. The Poisson assumption is realistic and

well-established for situations where many events (here the firms' evaluations) have

independent sources. The assumption is not restrictive, since a can be made very

large. It ensures that firms do not evaluate technologies in lockstep, following a

common clock, but perform evaluations asynchronously, rather.5

Firms choose technologies based on performance. For now, we assume that all firms

are identical in the sense that they measure performance in the same way. This

4 To be relaxed in Section 6.
3 Synchronicity of evaluations, or the existence of a common "clock" may significantly influence the

dynamic behavior of the system, leading to complicated patterns and chaotic time paths that are not
realistic. For a discussion see Hubennan and Glance 1993a.
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assumption will be relaxed later. Call the current performance of technology i Pi,

where i =1 refers to the "old" and i = 2 to the "new" technology. Thus, the firms are

assumed to be capable of a performance-based choice at each evaluation, but not of

further optimization. Neither do firms anticipate the system equilibrium or act

accordingly; we will introduce expectations into the model in Section 5.

This basic performance is subject to several additional influences. First, both techno-

logies exhibit some positive externalities, or benefits from other users sharing the

same technology. We assume the externalities to be linear. 6 We let fi = ni / N denote

the fraction of firms that are currently using technology i (note that f2 = 1 - fi). That

is, 12 = 0 corresponds to all actors using the old technology, fi = f2 = 0.5 to each

technology being used by half the population, and f2= 1 means that all users have

adopted the new technology. We use f2 as the state variable of the system. Positive

externalities add an additional performance benefit of bi for each additional fraction of

technology i users, expressed byfi. bi is a technology-specific externality coefficient.

Second, the performance of the new technology is uncertain and can only be evaluated

up to a random component For concreteness, we assume that has a symmetric

exponential distribution with parameter /3 and density

(x) = 1/2 fi e-fix for x >= 0, and A (x) = 1/2 fi e ft' for x < 0.

Thus, has zero mean and variance 1/62. Each actor evaluates the technology

separately and independently, so the random components across actors are

independent and identically distributed random variables. The third additional

influence is an incremental performance increase of both technologies over time. For

the analysis of the simplest analytical model in this section, we take performance as

fixed in time for now. Sections 4 and 5 will incorporate performance improvement

rates over time.

6	 •	 •This is notationally convenient, and Arthur (1983 and 1994) argues that externalities often are linear
in practice, at least over part of their range.
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Using the approach of Ceccato and Huberman (1989) for punctuated processes, we

can now specify the performance of the two technologies as follows. Each user, when

	

evaluating technology i, measures the total performance	 which results as the sum

of the basic technology performance Pi and the additional externality benefit from

every additional user of the same technology.

G1 = P +.fl bi and G2 = P2 + f2 	b2 +	 (2)

Let us first compare the performance of the two technologies, as shown in Figure 1.

The horizontal axis is the state variable 12, where we drop the subscript for the

remainder of this Section to simplify notation. G2 increases over f, while the old

technology's performance decreases over f The slopes of the two curves in each

graph are the externality coefficients bi.

Performance
	

Performance

1 0

Figure 1: Technology Performance at a Fixed Point in Time

Two cases are shown. On the left-hand side of Figure 1, the new technology is so

inferior that even with all possible externality benefit it still cannot match its

counterpart's performance. In this case, there is exactly one equilibrium, with all

actors choosing the old technology (see, for example, Schelling 1978, p. 95 ff.). If the

new technology's uncertainty 1402 is large enough, there will be a few actors "trying

out" the new technology from time to time, but these trials will die out. The

equilibrium is stable, and the new technology is not adopted. If the relative

performance of the two technologies is reversed, then by the same argument, there

will be one equilibrium with all actors using the new technology.
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On the right hand side of Figure 1, the situation is different. The new technology is

inferior when all actors use the old technology, but superior when adopted by all

actors. The performance cross-over point is often referred to as "critical mass" (e.g.,

Schelling 1978, Rogers 1985). In our model, it is given by

i _  PI + b,– P2 

b, + b2

Whenever the cross-over f is interior, there are two stable equilibria, one with all

actors in one camp and one with all actors in the other camp. Both equilibria are

stable in the sense that every actor will find it more beneficial to stay with the

equilibrium than to deviate from it.

Consider a situation where the system starts out with all actors using the old

technology. The question is whether the system will ever cross over to adopting the

new technology. In the absence of uncertainty (/3 is very large), the answer is no,

since no actor wants to deviate from the initial equilibrium. With increasing

uncertainty about the new technology's performance, however, the chance that enough

actors may find the new technology appealing also increases, to bring the system over

the critical fraction of adopters where the performance curves cross. In that case, the

system switches to the other equilibrium, with the whole population adopting the new

technology. For any finite value of /3, the cross-over will occur with probability 1 at

some point as t approaches infinity. But how long will it take in expectation?

We can use the probability distribution of to characterize for any individual actor the

probability of choosing technology i at time t via:

1 e-tou)
X12 (f) = 

2

1– -1 el3D(1)2

if technology 1 is better,

if technology 2 is better,

where D(f) = PI + b1 - P2 - (b1 + b2) f is the "performance distance" between the two

technologies. Furthermore, 7710 = I - 772(1). Equation (4) implies that the technology

with a performance disadvantage is chosen with a probability that decreases

exponentially with the size of the handicap. The choice probabilities depend on the

uncertainty parameter /3 because high uncertainty (low A makes the performance
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handicap less imposing. The probabilities also depend on the system state f because,

with increasing penetration of the new technology, network externalities reduce the

established technology's performance advantage.

In order to characterize the dynamic behavior of the system, we now introduce a

system state evolution function g in the following way:

A .f) = (1– f )772 2 (f) — fit (f) •	 (5)

The first summand in the brackets corresponds to the expected fraction of actors

switching from the old to the new technology, and the second one to the expected

fraction switching away from the new back to the old technology. Thus g(f) is the net

growth off over one evaluation cycle. Multiplying g with the rate at which actors

evaluate technology performance, we have thus heuristically argued that the expected

change rate of the system state is described by

Id = ag(f)= cr[(1 -f)77,(D-.1771(f)]-dt
We are now in a position to define a potential function D(f) as the integral over g:

CI( f) = Cfg(x)dx.

We show in the Appendix that the minima of this potential function, or the zeroes of

the state evolution function g, indicate the most likely system states and thus

characterize system equilibria. This can also be seen intuitively by noting that a large

positive value of (27) indicates high values of g(x) for x > = f, implying that the system

state tends to move upward and has a low likelihood of reaching f Thus, the system

equilibria along with the minima of12 are characterized by g0= 0 and g'(f)< 0.

We can write g and 12 in terms of the parameters in the following way, observing that

D(0) = Pi - P2 + bp

{CPU) -2f 	 15- Tf

AP = —eftD(f) +2(1-f); 1 > i

1 efp(0) 
-e 	 +2-+2 J 1+.1. )2 +.1.2-12 f< 1

ow = j	 fl(bi+b2)	 2	 2	 J ----1
le fi;") –e111)(f) + 2_ (1+.22

f > .i.1	 13(11+b2 )

(8)

(6)

(7)
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0.6 - State Evolution g (f}

0.4 -
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0 	

-0.2 _
.6 	

0.4

0.2 - Potential Function fl ( .1)

0	 0.1	 0.2	 0.3	 0.4	 0.5	 0.6	 0.7	 0.8	 0.9	 1

Figure 2: Example of Evolution and Potential Functions

We have plotted a numerical example of the payoff functions, the system state

evolution function g and the potential function 12 in Figure 2. We see the two local

minima of S2, corresponding to the stable system equilibria, to the left and right, as we

argued qualitatively at the beginning of this section. These equilibria are not exactly

at the endpoints, since (depending on the uncertainty of /1) there is always a small

positive expected number of trials of the respectively inferior technology.

We are now in a position to describe the dynamic adoption behavior in our system.

First, if the system is not in equilibrium, it moves (in expectation) toward the next (in

a "downhill" direction in .0) local minimum of (2, governed by Equation (6). The

solution of (6) is an exponential, so adoption settles down at this equilibrium

exponentially fast. Here, g = 0, so no further movement occurs except random

fluctuations from which the system relaxes back to the equilibrium. However, with

0
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very low probability a random fluctuation may be sufficient to push adoption to the

other side of the maximum of .0 in Figure 2. If that occurs, the system will flip, and

adoption will settle at the other equilibrium. This is the punctuated-equilibrium

behavior of sudden technology adoption. In the Appendix we show that the steady

state probability of a certain system state is proportional to exp(-N D(f)). Therefore,

the expected time until a random fluctuation pushes the system to the other

equilibrium is proportional to expal N 412), where 412 denotes the "barrier" that

needs to be crossed, that is, the difference in height between the maximum of 12 and 12

in the equilibrium from which the system starts.8

Thus, the system may flip from the meta-stable equilibrium f = 0 in Figure 2 after a

long time, but it will take exponentially longer to flip from the global minimum

(because of the higher barrier). Thus, the global minimum of 12 may be viewed as the

final settling point of system adoption. Call f the value where .0 (f) achieves its

maximum. Then we can write the expected time to switch from the left equilibrium as

follows:

Expected	 )1xpected Time to Switch = e -AvEn(fs)-c" = exp 
772 (I*) - n2 (0) N + Nflf *2

bi + b2	2	
(9)

Equation (9) tells us what drives the expected time to switch from the initial to the

new equilibrium and how it may be influenced. 9 A large performance advantage (P1

- P2) of the established technology makes the "barrier" higher by requiring more trial

uses to trigger a switch. Increasing b2 makes the new technology more attractive and

reduces the expected switching time, while increasing b1 has the opposite effect. Low

performance uncertainty of the new technology (a large value of A makes it less

Equivalently, the probability that the system is pushed to the other equilibrium at a given point in
time is inversely proportional

8 A rigorous derivation of this relationship can be found in van Kampen 1981. The flip is formally
equivalent to particle decay in a bistable potential. Note also that the local minima of 12 correspond
to the evolutionary stable strategies (ESS) in the words of Foster and Young (1990), while the global
minimum off/is the stochastically stable equilibrium (SSE).

9 By the envelope theorem, we can analyze the marginal influence of the parameters on the expected
switching time without considering the change off*. If uncertainty is very high or externalities very
low, 12 may become flat, without a maximum. This corresponds to a system where the state f
"wanders" randomly because users switch back and forth continuously. We do not further analyze
this case, where behavior is dominated by uncertainty.
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likely that enough actors try out the new technology at any given time, increasing the

expected time until the triggering level of trials occurs. Finally, a large population

size N reduces the impact of any individual actor, and thus requires more trials at the

same time. All of these parameters influence the expected switching time

exponentially.

Thus, we have seen in the simplest version of our model how the system first moves

to the closest stable point exponentially fast and then performs small random

perturbations around it. However, the random fluctuations cause the system to switch

between equilibria after a "long" period of time whose expectation is described by (9).

Once the switch occurs, it is again exponentially fast and looks almost immediate in

comparison to the time that has elapsed until the switch occurs.

In this simple version, we have held the performance of the two technologies constant

over time. What happens when both technologies improve through incremental

innovations? In order to answer this question, suppose the system starts out with only

the old technology in use, as in Figure 2. For simplicity, suppose there is a constant

difference of d in improvement rates between the two technologies, that is, D(0)

changes linearly over time. If d is positive, the old technology will pull ahead, and the

likelihood of an equilibrium switch will continuously shrink over time. If, on the

other hand, d is negative, the new technology will reduce the performance gap over

time. In this case, adoption behavior depends on which of the following two things

happens first: One possibility is that the new technology will completely catch up in

performance before being fully adopted. However, externality benefits may keep the

incumbent equilibrium in place, possibly even to the point where the new technology

has become superior across the whole range off, when the incumbent equilibrium in

fact disappears. In this case, adoption of the new technology trails its performance

evolution. A second possibility is that the performance catch-up is very slow and that

the equilibrium punctuation may occur first and precede the catching up of the new

technology. In both cases, we may see punctuated-equilibrium behavior, that is, the

system switching from one stable equilibrium to another because of performance

uncertainty.
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Thus, we find two possible regimes of technology adoption, depending on how fast

one technology catches up with the other, and on how much the system parameters

support the possibility of equilibrium punctuation. In the next section, we present a

more realistic representation of performance improvement over time and demonstrate

the different adoption regimes with the help of simulations.

4. A Model With Usage-Dependent Technology Improvement

In this section, we introduce a more realistic representation of incremental technology

improvements over time. Suppose that actors evaluate technologies according to a

Poisson process, as in Section 3. In the realistic case, perceived technology

performance changes between evaluations not only because of positive externalities,

but also because of incremental improvements along an S-curve. The upper limit of

the S-curve implies an inherent performance ceiling that a technology cannot surpass,

denoted by Pi .

The improvement rate depends on three influences, which together determine how

quickly the technology "learns." The first influence is the installed base of current

users, since a larger market encourages improvement efforts. This source of

improvement can be interprted as "Learning-by-Doing," or the classical learning

curve effect (Levy 1965): it depends on the cumulative volume of technology use

only and happens "automatically."

The second influence is current performance, as increasing knowledge about the

technology opens up additional improvement opportunities. And third, improvement

is proportional to the remaining gap to the technology's inherent performance ceiling,

since achievement of the final portion of possible performance becomes increasingly

difficult to attain. A small constant c i determines how fast a technology advances

towards its performance ceiling. ci indicates the learning characteristics of the
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technology, such as the competence of its developers, or complexity. This is

summarized as follows:

(t) := (t) + c if(t)P	 P At)(t)	 .	 (10)

Both technologies are endowed with a beginning performance value P1(0). At time 0,

all actors use the "old" technology (i = I). At time t, an actor who chooses to perform

a technology evaluation compares the alternatives according to:

G i (t) = (t) + fi (t)bi +	 (11)

where 4(P i(t)) =	 (T3 - PI (t)) / P , and 4 is the same random variable as in Section

3, with technology-specific variance parameter f3i. Thus, technology performance

uncertainty is high when the technology is still far from its performance limit and thus

"new," and the uncertainty diminishes as the technology becomes well-understood

and advances toward its performance limit. Whenever an actor performs a technology

evaluation, it adopts the technology with the higher perceived performance, increasing

or decreasing f(t) by 1/N. The next time technologies are compared, the current

performance levels are updated by the incremental improvements.

Thus, this section adds performance S-curves with learning rates and performance

ceilings to the basic analysis in Section 3. The behavior of this extended model can

no longer be described analytically in closed-form. However, we can demonstrate

through simulations that the system's behavior still corresponds to the results of

Section 3, as is shown in Table 1. It presents the average equilibrium punctuation

time (defined as the last time the adoption fraction f = 0.5 is traversed) as well as its

standard deviation over 100 simulation runs. The "base case" model corresponds to

the parameters in Figure 3, where one sample path of the adoption is shown in detail.

Average punctuation time is 840 time units (note that the sample path in Figure 3

happens to switch faster at 700 units). In models 2 - 7, one parameter is varied at a

time.

The next three rows show that the system behaves as expected from Section 3:

Enlarging the population from 20 to 40 users slows punctuation (model 2), as does a
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decrease in performance uncertainty (model 4, /3 increased to 0.75). The system is

highly sensitive to changes in the uncertainty. Increasing the externality of b2 to 7

(model 3) accelerates punctuation time as the new technology becomes more

attractive with use.

Model mean time to
punctuation

standard deviation

1 base case 840 412

2 N = 40 1 199 435

3 b2 = 7 367 368

4 fl = 0.75 16 126 674

5 normal distribution, )6 = 0.5 674 500

6 15  = 7 430 265

7 c2 = 0.06 599 343

All averages are different from the base case at a significance level < 1% (based on a t-test).

Table 1: Simulated Long-run Punctuation Times

Model 5 examines the sensitivity of punctuation to the assumption of an exponential

performance distribution. A normal distribution with zero mean and matched

variance (o2 = 2/i) results in faster punctuation. The reason is that the exponential

distribution falls off faster than the normal, although it has a longer (but very thin)

tail. Thus, more perturbations of sufficient size occur for the normal, leading to faster

adoption. This comparison is reversed when uncertainty becomes low: For fl= 0.75,

the normal distribution leads to an average punctuation time of over 20 000, much

above the time in model 4. With such low uncertainty, the long tail of the exponential

is needed to bring about any trial of the new technology at all.

Models 7 and 8 in Table 1 show that the system's behavior follows what one expects

from looking at Equation (10): a higher performance ceiling 152 accelerates learning

of the new technology and thus adoption, as the difference between current and

maximum performance increases. Similarly, a faster learning rate c2 also accelerates

punctuation.

Below, we now show two example simulations in more detail in order to understand

the nature of the resistance of this system to adopting the new technology. Both
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exhibit a user population of N = 20 actors, who choose between the two competing

technologies. Technology 1, the "old" technology, is initially used by the entire

population, and it has an initial performance advantage of 2 units vs. 1 for its

competitor, not counting network externalities. Each actor performs a technolgy

evaluation at a rate of 0.05, or on average every 20 time units. Thus, over the whole

population, evaluations happen at a rate of 1 per time unit. The old technology has

perfectly-known performance (zero uncertainty), and the new technology has an initial

uncertainty of fi = 0.5, corresponding to a performance variance of 1. Performance

limits are (4, 5). Over time, the uncertainty of the new technology is reduced as it

approaches its performance limit.

Example of a punctuated equilibrium, where the new technology gains acceptance before
it has caught up in performance. The parameters are: P, = (4, 5); c, = (0.1, 0.04); b, =
(0.8, 5); = 0.5; a = 0.05; N = 20. The initial values of P, are (2,1). The curves correspond to
one sample path.

Figure 3: Punctuated Equilibrium Example, Base Case

Figures 3 and 4 show one behavior sample path of this system under two different

parameter constellations, simulated over 750 time units. The base performance of

each technology (before network externalities) over time is shown (corresponding to

the right-hand scale), as well as the evolution of the system state f (corresponding to

the left-hand scale).

Technology adoption in both examples is initially dominated by incremental improve-

ments of the old technology, which enjoys the full user base and thus advances

quickly toward its performance limit. Once it has reached the limit, it stagnates. The
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new technology is handicapped by a base-performance shortfall as well as the network

externalities benefits captured by the incumbent. It is therefore not capable of

attracting a permanent user group. The stable system equilibrium is at f2 = 0.

The system experiences random perturbations around the equilibrium, because users,

from time to time, try out the new technology. They are prompted by a positive

evaluation, which is made possible because of the new technology's performance

uncertainty. However, all of these users eventually revert back to the incumbent

technology and its superior performance.

Example of a punctuated equilibrium, where the new technology first catches up in
performance and only then gains acceptance. The parameters have been chosen such that
the time horizon is the same as in Figure 3: Pi = (4, 6); ci = (0.1, 0.15); bi = (2, 1); p =
0.5; a = 0.05; N= 20.

Figure 4: Technology Catch-up Example

Each adoption, even if temporary, helps the new technology to incrementally improve

its performance. Thus, it slowly progresses over time, narrowing the gap to the

incumbent. In Figure 3, the incremental improvement rate of the new technology is

relatively slow (c, = 0.04). However, network benefits are greater for the new, then

for the old technology (5 vs. 0.8). Thus, once the basic performance gap has narrowed

sufficiently, externalities make full adoption of the new technology an equilibrium. In

this case, the system may switch from one equilibrium to the other, even before the

new technology has caught up in performance. This is what we see in Figure 3:

Adoption precedes performance catch-up. After 680 time units, usage switches very

quickly (within 50 time units) from almost full dominance of the incumbent to full
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adoption of the new technology. Only afterwards does the new technology catch up in

base performance, driven by its large user base. This equilibrium is now permanently

stable, since effective uncertainty disappears as the new technology reaches its

performance limit and becomes incumbent. The equilibrium will persist until another

new technology appears.

The situation in Figure 4 differs from that in Figure 3 by the presence of faster

incremental improvements (c2 = 0.15), a higher performance limit of 6, but weaker

network externalities (b2 = 1) of the new technology. Now the new technology

incrementally improves to the point of clear superiority, but the network externality

benefit of the old technology maintains the incumbent equilibrium for another 150

time units before the system finally switches to the new permanently stable

equilibrium. Thus, complete adoption of the new technology trails performance

catch-up. Once the switch occurs, it happens very fast, within 35 time units.

The two examples in this Section show how the analysis of the simple model in

Section 3 illuminates system behavior in a more complicated model. Technology

performance and adoption are governed by incremental improvements as well as

equilibrium switches. Only incremental improvements are seen as long as one

technology dominates. In addition, incremental innovations help a new, rising

technology to narrow the relevant performance gap. Positive externalities may bring

about a switch between equilibria, preceding dominance of the new technology, as

seen in Figure 3. But externalities may also delay an equilibrium switch, as seen in

Figure 4. Here, the new technology catches up before the residual performance

uncertainty may allow a switch between equilibria. Adoption occurs only when the

incumbent equilibrium has in fact disappeared, the only equilibrium remaining at full

dominance of the new technology.

The more complete model in this section adds additional driving parameters, namely

the learning rates ci and the performance limits 75i , to the previous parameters, (P -

P2),(bi + b2), /3, and N. The former two parameters describe the relative performance
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progress (or learning) rates, and the latter the resistance of the system to switching. If

the new technology learns fast and the system exhibits strong resistance, it is likely

that the initial equilibrium will persist beyond the time when the new technology has

achieved superiority (externalities delay the switch). If, on the other hand, the new

technology learns more slowly and the system exhibits weak resistance to a switch,

adoption may precede performance parity.

5. Diverse Technology Preferences and Performance Expectations

In this Section, we present two extensions of the model. The first extension

introduces users that are not homogeneous in their performance evaluations. 1 ° The

diffusion literature, for example, speaks of "innovators," with a positive bias toward a

new technology, and "laggards," adopting only after everyone else, as specific groups

in the general population.

One possibility of distinguishing between the user groups is to vary their externality

coefficients. We introduce three different groups into the example from Figure 3. In

our population of twenty users, one group of five innovators has a doubled externality

benefit from the new technology, which makes it more attractive to them. The mass

of the population (ten users) has the same externality benefits as the overall average

population (and as in Figure 3). There are five conservative users with a bias against

new technologies, who perceive no network benefit from the new technology, b, = 0.

Thus, the average externalities over the whole population are unchanged.

Diffusion with these heterogeneous user groups occurs significantly faster than in the

base case (model 1 in Table 1): In a simulation of 100 runs, the average time point of

punctuation time (measured as the time when p=0 is passed) is 506, with a standard

deviation of 168. In the base case, in contrast, the average time of punctuation is 840.

10 See also Huberman and Glance (1993b) who examine the effect of diverse users in a static
framework.
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The technology enthusiasts ensure a higher "base level" of usage early on for the

technology, and thus its performance can improve faster, which leads to earlier full

adoption. Both the point of equal usage of both technologies and the time of full

adoption are reached roughly 300 time units earlier. In the end, even the conservative

group switches, because the old technology can no longer provide externality benefits,

and the new technology is now superior. This behavior is consistent with previous

models of diffusion, which also observe that diverse groups with differing adoption

biases may speed up technology diffusion, and it is also consistent with the

observation in biology that small populations are more likely to exhibit large

mutations.

The second extension that we present in this section introduces expectations by the

users about the future performance evolution of the two technologies. Users often

base their decision of whether or not to adopt a new technology, not on the current

performance, but on the performance they expect in the foreseeable future. This is

rational because they will use the technology for a period of time over which the

actual performance changes.

However, the future performance is stochastic and unforeseeable. A simple and

reasonable rule that adopters may use is linear extrapolation of the performance

evolution observed over the recent past. That is, a user compares the observed

technology performance today, at the current adoption decision, with the performance

observed the last time it performed an evaluation. It then linearly extrapolates the

trend for the same length of time into the future. The same extrapolation period is

used since users evaluate technologies according to regular intervals of rate a.

The reader may note that this extrapolated trend includes learning as well as the

effects of externality changes (caused by changed adoption numbers) and the effect of

performance uncertainty (the random variable ). This reflects a situation where users

compare the benefits they actually perceive from either technology, without analyzing

in detail how much of the improvement may stem from learning and how much from
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having fellow users of the same technology. This "total perceived" performance is

what is compared and extrapolated into the future.

Figure 5 shows the profound impact expectations may have on the diffusion pattern.

All parameters are the same as in Figure 3, yet diffusion occurs radically faster.

Expectations act as self-fulfilling prophecies by sustaining trends in adoption: If a

technology happens to have shown an improvement, this will be extrapolated, causing

more usage and thus more network externality benefits as well as faster incremental

performance improvements, further enhancing the extrapolated trend.
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Example of a punctuated equilibrium with expectations. The parameters are the same as
in Figure 3. Actors extrapolate the performance improvement since the last evaluation
into the future and base their current decision on the extrapolation.

Figure 5: Adoption Behavior With Linear Expectations

The trend brings the new technology up to 50% adoption after only 60 time units, but

then it reverses and pushes usage down again to 30% (f2 = 0.3). Full adoption is

reached after only 180 time units. Because of the large user base, the new

technology's base-performance P2 also grows fast and overtakes the incumbent after

140 time units."

The two examples in this section show how the system's resistance to switching

equilibria may be dramatically lowered by diversity of the user population or by users

	

0.9	 4,5

	

0.8	 4
0.7

	

0.2	 1

As before, the pattern is quite stable; over 100 simulation runs, the average time of full adoption of
the new technology was 180, with a standard deviation of 48.
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basing their adoption decisions not on current performance, but on expectations about

future performance.

6. Case Examples

No systematic empirical study is available to date that has examined technology

diffusion by equilibrium punctuation. However, three case examples may serve to

demonstrate the occurrence of equilibrium punctuation in practice.

Consider first the case of Digital Equipment's failed Alpha microprocessor. Digital

developed this technology to power the successor to its aging Vax line. It was vastly

superior to its competition at its market introduction in 1991, beating Intel chips by a

factor of three in speed. Nevertheless, it failed to capture a significant market share,

stagnating at 0.1% versus 92% for Intel in 1996. The business press cited mainly

Digital's marketing errors as a reason, but also mentioned Intel's and Motorola's

installed bases, leading to more application software being available for their chips,

and large switching costs: retooling a computer manufacturing facility costs $50

million (Business Week 1997).

The installed base causes positive externalities. In addition, true performance of a

new chip is uncertain and depends on the software used. Switching costs have not

been included in our model so far, but Figure 6 shows adoption behavior with

switching costs added and the parameters adjusted to Alpha's initial performance

advantage. Figure 6 shows that the added switching costs may make the market so

conservative that the new technology cannot gain a foothold even with a significant

performance advantage.12

The lesson from Figure 6 for the Alpha case is that system conservativeness may have

been the deciding factor instead of marketing errors. In 1997, Digital undertook one

12 In this sample path, punctuation occurs at t = 1275. The time scale in the Figure is 800 for compar-
ability with previous Figures. Note that actors in the simulation are "memoryless" and may try out
the new technology several times, where in reality, a Compaq gives it one try at most, which makes
the true situation even more conservative.
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more campaign to market the chip to high-tech niches and to sue Intel for patent

infringements. However, Digital has now de facto given up on the Alpha technology,

falling in line with Intel chips, and Intel assuming responsibility for maintaining the

Alpha technology for its existing users (Fortune, November 1997). Intel, in the

meantime, has developed a new high performance chip, the Merced, together with

Hewlett Packard.

The parameters are: P, = (4, 5); c, = (0.1, 0.04); b, = (0.5, 0.5); 0= 0.5; a = 0.05; N= 20.
The initial values of P, are (3, 4). Switching costs of 0.23 are incurred at each switch or trial.

Figure 6: Diffusion Example With Switching Costs

The second case is the successful adoption of gas turbines versus steam turbines in

power generation (this case is described thoroughly in Islas 1997). The gas turbine

was developed around 1900, 20 years after the invention of the steam turbine, and

from that time until the 1980s, the steam turbine dominated power generation in

market share and in the quality of its design. The gas turbine suffered from

uncertainty about its potential and reliability, and from the lack of production scale

and compatibility with electricity distribution. These externalities favored the

established steam turbine. Until 1985, gas turbines had a 15% share of the world

market, but dominate the market today with over 50%. This quick switch can be seen

as an equilibrium punctuation.

The gas turbine became widely used for jet engines directly after world war II.

Manufacturers then modified the design for applications in peak power production in

low load factor areas, a specialized niche in which the gas turbine had advantages with
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respect to compactness and flexibility. After having been proven in this niche, gas

turbines were adopted as auxiliary equipment for steam turbines, charging the boilers

and producing some extra electricity in the process. As the sophistication of the gas

turbines increased, they began to take the leading role in this "mixed cycle" starting in

the 1980s, at which point the equilibrium punctuation became possible. This case

shows how a separation of the market into niches (similarly to the first extension of

our model in Section 5) can be used to accelerate adoption or make it possible in the

first place.

A third case is the successful ascent of Microsoft's spreadsheet software Excel to

market domination. Excel was introduced in 1985, but by 1987, the established

market leader Lotus 1-2-3 retained a dominating market share of 73%. In 1990, Lotus

still commanded 64% of market sales (Business Week 1991), which shrunk to 46% in

1992 and 14% by August 1994. At the same time, Excel captured 52% of the market

(Computer Marketing 1993, Computing 1994). Again, this can be viewed as an

equilibrium punctuation: Excel grew from a distant second to domination within three

years, with the leader Lotus becoming an also-ran after ten years of market

domination.

Excel overcame Lotus's lock on the market (with externalities consisting of the same

user interface shared across computers and switching costs of training investment) by

tying its product to the emerging Windows platform. This created unique positive

externalities benefiting Excel exclusively. Lotus was half a year late in bringing out a

Windows-compatible version, which may have given Excel the critical opportunity to

establish a sufficient own presence. After that, the Lotus features, interface and

Windows integration were as good as Excel's or better, and Lotus also offered an

application suite (SmartSuite) in response to Microsoft's Office (InfoWorld 1991,

Desktop Computing 1993). Thus, Excel's victory seems to be driven by the

externalities rather than product features themselves.

In all three cases, the success or failure of the new technology could not have been

predicted due to the stochasticity and path dependence (dependence on individual
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events, such as Lotus 1-2-3 for Windows being late by six months). The cases also

demonstrate that the punctuation, once initiated, may occur very quickly. Finally, the

cases illustrate some of the managerial levers discussed earlier.

7. Outlook and Conclusion

In this article, we presented an evolutionary model of technology diffusion. An old

and a new technology are available, which both improve their performance

incrementally over time. At the outset, the old technology is used by the whole

population in a stable equilibrium. The performance of the new technology cannot be

perfectly evaluated and thus contains a random component. Both technologies exhibit

positive externalities, or performance benefits that result from others using the same

technology.

The new technology may gradually improve its performance through trial usage and

incremental improvements. However, it will not simply be adopted broadly even

when achieving performance superiority. Network externalities may cause two stable

usage equilibria to exist, one with the old technology being the standard and one with

the new technology the standard. In this case, the existence of performance

uncertainty may cause the system to switch between the equilibria.

Our results show that the expected time to adoption of the new technology is governed

by two key characteristics: the rate of incremental improvement, or learning, of the

new technology, and the system's resistance to switching between equilibria.

Learning increases with the installed base of current users, current performance, the

remaining gap to the technology's inherent performance ceiling, and the learning

capability of the technology itself. The learning capability of the technology (and its

owners) and its inherent performance limit are taken as exogenous parameters.

The system's resistance to switching equilibria increases if the size of the user

population is large, if the network externality benefits are small, if the performance
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advantage of the established technology is large, and if the uncertainty about the

performance of the new technology is low.

Technology diffusion is determined by punctuations, or sudden shifts, between the

two stable usage equilibria. We show with simulation examples that adoption may

precede performance parity of the new technology if its learning rate is slow and the

system's resistance to equilibrium switching is low. On the other hand, adoption of

the new technology may trail performance parity, with the incumbent equilibrium

being kept in place by its externality benefits, if the new technology learns fast, but

the system's resistance to switching is high.

In two model extensions, we have included two effects that may reduce the system's

resistance to switching equilibria. One is diversity of users with respect to their

appreciation of the new technology. The second is the existence of expectations about

future performance, on which individual adoption decisions are based. Both may

drastically speed up adoption behavior. On the example of the failed Digital

Equipment Alpha chip, we have illustrated how switching costs raise the system's

resistance to equilibrium punctuation. We have used three case examples from

industry to demonstrate equilibrium punctuations.

An additional feature that may be included in our model is adoption in growing

markets: when the user population N grows, an equilibrium punctuation becomes

more difficult over time, similar to the case of an uncertainty reduction. This may

lead to an adoption occurring early or never. Other interesting effects may be caused

by users influencing one another through their networks of contacts. This makes

externalities dependent on who the other users of the same technology are, which may

influence adoption in unexpected ways (see, for example, Abrahamson and Rosen-

kopf 1997). Finally, one may include a more highly developed model of expectations

or learning behavior in the model.

In summary, the simple model presented in this paper offers a new mechanism which,

through the presence of positive externalities and performance uncertainty alone, may
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lead to sudden adoption through equilibrium punctuation. This mechanism is

structurally related to earlier work in physics and biology, but has not been

demonstrated in the technology diffusion literature. We offer several parameters that

may allow management of an organization to influence whether the punctuation will

precede or trail performance parity of the new technology, and thus suggest

managerial actions to speed (or delay) adoption. The simple model may be extended

to include the influence of learning, diversity, expectations, or organizational

networks, on innovation diffusion.
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Appendix

Theorem 1. The maximum of the equilibrium distribution iy(f) of the system is
reached at the minimum of 12 (f2), which is characterized by the first-order condition
g(f2) =0.

Theorem 1 is a special case of Ceccato and Huberman (1989). Take the system state
as n = f2 N, the number of adopters of the new technology. By the Poisson character
of evaluations, no more than one actor switches technologies within a small time
interval. Then the probability that a user defects is a n 171 (n/N) (since currently n
actors use tech-nology 2), and the probability that a new adopter is added is a (N - n)
772( n / N). Thus, we can write the stochastic flow balance equations for the stationary
distribution P e(n) as

Pe (n + 1) a (n + 1) 7 '7 i (!,—, 1 ) = Pe (n) a (N — n) i 7 2 (i) V n E (0, • — , N).
The solution of this system of (N+1) equations is given by

Pe(n) = 0 IL[772(4)/771(i)] P(0)	 for Pe (0) > 0 .
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We want to determine the maximum of this probability distribution. In order to write
it in an appropriate form, we take logarithms on both sides:

In Pe (n)=	 Z1111772 ( ril ) – 111771 (i,;)] +111F; (0) .
We approximate the right-hand side of this equation by applying Stirling's formula
(lnx! x lnx -x) and by approximating the sum in r by an integral in f2. After some
algebraic manipulations, we get

In Pe (n) r-t1 –NEN1n(tz,,,)+0-1,11n(1-t)I1 N.1-06 In

	

712 (x) – In 771 (x)dx +	 (0)

N
L 
f2 1n0)-(1– f2)1q– f2) + fah 712 (X) - In 771 (x)dx] + lnPe ( 0)

With this approximation, we take the derivative:
dinPe(n) N [ 

1n0 )+- ln(1 –f2) + ln rh(f2)-1n7h(f) Nln(	 f2 772 (f2))
df	 2	 Ihf2)

Setting the derivative to zero yields the first order condition (FOC): h 2(f2)

f2 77 1 (f2). Thus, the zeroes of the function g(f2) = a [fl 2(f2) - f2 771(f2) J describe the
local extrema of the steady state distribution function P e(n).

The second order condition for a maximum of Pe requires that g'(x)<0 at x solving the
FOC. This corresponds to a minimum of 12(f2) by Equation (7).
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