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Abstract
A technological transition takes place when a new technology diffuses in a population where the old paradigm is
dominant and benefits from increasing returns to adoption. Traditional explanations that require a critical mass of
adopters of the new technology to trigger a regime shift. This paper suggests an explanation based on a critical
fragmentation. When the population is fragmented between several technologies (among them the old regime), the
increasing returns to adoption for the old regime is weakened. A new technology at that point can gather the adopters of
the previously failed technologies, as well as those from the old regime, and become the new dominant paradigm. This
hypothesis is analyzed by means of a simulation model of repeated diffusion processes for a population embedded in a
social network. Diffusion is modeled with the percolation framework, extended with increasing returns to adoption. All
technologies have the same intrinsic value, although agents update their perceived value of a technology depending on
the number of fellow adopters in their local environment, compared to those that still remain in the old regime.
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Transitions, percolation and critical
fragmentation.

A technological transition takes place when a new technology diﬀuses in a population where the old paradigm is dominant and beneﬁts from increasing returns to
adoption. Traditional explanations that require a critical mass of adopters of the new
technology to trigger a regime shift. This paper suggests an explanation based on
a critical fragmentation. When the population is fragmented between several technologies (among them the old regime), the increasing returns to adoption for the old
regime is weakened. A new technology at that point can gather the adopters of the
previously failed technologies, as well as those from the old regime, and become the
new dominant paradigm. This hypothesis is analyzed by means of a simulation model
of repeated diﬀusion processes for a population embedded in a social network. Diﬀusion is modeled with the percolation framework, extended with increasing returns to
adoption. All technologies have the same intrinsic value, although agents update their
perceived value of a technology depending on the number of fellow adopters in their
local environment, compared to those that still remain in the old regime.
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1 Introduction
Technological and societal transitions are generally understood as a shift in the dominant paradigm
(Geels, 2010). A new paradigm has to oust the existing, established old paradigm in order to become dominant, overcoming path dependence and the almost irreversible character of technological development. Understanding the triggers of a regime shift is key to stimulate a sustainability
transition (Zeppini et al, 2014).
From a diﬀusion perspective, the new paradigm has to diﬀuse in a population where the old
paradigm is dominant and beneﬁts from increasing returns to adoption. A critical mass of adopters
is usually needed for a population to switch from an old paradigm to a new one (Arthur, 1989;
Bruckner et al, 1996). This critical mass can come from several sources, like a market niche
or coordination between agents. Thus, a traditional explanation for a paradigm shift is a high
concentration of adopters of the new paradigm in the overall population.
Nonetheless, a paradigm shift generally requires several tries to be successful. That is say, several
candidate paradigms fail to become dominant, before one successfully replaces the old paradigm.
A usual justiﬁcation is that the process of trial-and-error echoes an exploring process where new
candidate paradigms learn from the failure of the previous ones. The candidate paradigm that
replaces the old regime is assumed to be better than the ones who failed and good enough to
become dominant.
In this paper we suggest that new technologies that succeed in replacing a dominant one might
not be better than previously failed attempts, but might just arrive at the right time. Every new
technology diﬀuses to a small amount of people, gradually shattering the ground of advocates of
the old regime. Due to increasing returns to adoption, agents experience a social reinforcement
in adopting the same technology of their social contacts. After several technologies have failed
to replace the old regime, the population is fragmented between several candidate paradigms and
the old regime: the social reinforcement for the old paradigm is weakened. A new technology
that comes in that moment can ﬁnd the right conditions to diﬀuse and replace the old regime,
without being intrinsically better than the previous ones. The triggering event of transitions is
then a “critical fragmentation” of adopters, rather than a “critical mass”, which characterises more
traditional explanations of technological regime shift.
We analyze our hypothesis with a model of repeated diﬀusion processes for a population embedded in a social network. We model diﬀusion in a percolation framework (Solomon et al, 2000)
that represents a word-of-mouth communication in a social network (Campbell, 2013). All technologies have the same intrinsic value, although the population perceives them as diﬀerent due
to the social inﬂuence of increasing returns to adoption. Agents update their perceived value of
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a paradigm with its diﬀusion among their friends compared to the number of friends that still
remain in the old regime. Thus, diﬀusion is driven by local social inﬂuence.
We ﬁnd several conditions under which our model reproduces realistic patterns of regime shift.
The ﬁrst condition concerns the intrinsic value of technologies. If this value is too low, a new
technology can never become dominant. On the other hand, technologies with a very high intrinsic
value will immediately replace the old regime, without a need for previous failed trials, as their
intrinsic value is high enough to compensate the increasing returns to adoption of the old regime.
The most realistic scenario of several attempts preceding a successful transition requires that such
intrinsic value be near to the percolation threshold of the network.
A second condition is that for a transition to occur new technologies need to have some advantage over older ones in order to attract adopters of failed technologies. Otherwise, the population
remains fragmented over diﬀerent technologies, none of which can become dominant. Finally, the
diﬀusion process needs a moderate level of social reinforcement or increasing returns to adoption.
If social reinforcement is too low, the number of advocates of a technology is irrelevant for its
diﬀusion. On the other hand, too much social reinforcement can lead to a herd movement where
all the adopters of a technology jump to the next arriving technology, without allowing for a
fragmented population. This result depends on the intrinsic value of technologies, and only holds
when the intrinsic value is on the threshold of the percolation process.
In conclusion, this paper posits a new explanation of technological transitions under increasing
returns to adoption which is alternative with respect to traditional arguments based on trial-anderror or critical mass. We suggest that a new technology becomes dominant when arriving at the
right moment, instead of being better than failed attempts. The right moment consists of a social
base which is suﬃciently fragmented among diﬀerent competing options. Such fragmentation
causes a shift of the percolation threshold of the network towards lower values. The trigger of
regime shifts is thus a “critical fragmentation” of the population, rather than a critical mass of
adopters of the new technology.
The paper is organised as follows. Section 2 reviews previous explanations of transitions in presence of increasing returns to adoption. Section 3 presents the percolation model with increasing
returns to adoption. Simulations of the model are analyzed in Section 4. Finally, Section 5 oﬀers
some concluding remarks.

2 Traditional explanations for transitions
A transition is a fundamental system change that involves changing the dominant paradigm for
a new paradigm. This paradigms usually beneﬁt form increasing returns to adoption, that is
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to say, that the beneﬁt of adopting a technology for an individual increases with the number of
fellow adopters. Increasing returns to adoption have many origins, including knowledge spillovers,
economies of scale, network externalities, and learning by doing on the side of users (Frenken et al,
2004). Under increasing returns to adoption, a transition requires escaping lock-in of the present
technological system, that already counts with a great mass of adopters (Alkemade et al, 2009).
Scientiﬁc literature on transitions has dealt with the determinants of a technological substitution. Under increasing returns to adoption, the “ﬁtness” of a technology is not intrinsic to the
technology, but also depends on it frequency in the population. A new technology with a higher
intrinsic ﬁtness cannot compete with an incumbent technology with a lower intrinsic ﬁtness but
a much bigger pool of adopters. Evolutionary models have emphasized this possibility that the
system becomes locked-in in a suboptimal technology (David, 1985; Arthur, 1989). In such a case,
triggering a transition can be a political question.
Starting with Bruckner et al (1996), evolutionary models have tried to identify the conditions
for a transition under increasing returns. Bruckner et al (1996) found that no new technology
could succeed if it started with a small number of adopters. This critical mass of adopters of
the new technology is usually required to trigger a technological substitution, although how this
critical mass is created can change.
When technologies are heterogeneous, they can compete in some performance characteristic. In
such a case, a new technology may successfully be introduced in a market niche. This niche can
protect it while it develops, until it has acquired a suﬃcient number of adopters to compete with
the old technology (Frenken et al, 2004).
On the other hand, agents that are not myopic can foresee the beneﬁt of introducing a new
technology and collecting the beneﬁt of increasing returns to adoption. They can coordinate their
decision to adopt the new technology, if they recognize that this coordination will report important
beneﬁts (Lissoni, 2005). These coordinated adopters provide with a critical mass to substitute
the old technology and trigger a transition.
This paper oﬀers an alternative determinant for transitions. A new technology that enters the
market and is not successful can still steal some of the adopters of the old technology. After
several failed technological substitutions, the old paradigm has lost part of its adopters, and the
population is in a state of “critical fragmentation”. No technology retains high beneﬁts from the
number of adopters, as the population is divided in their choice of technologies. Under these
conditions, a new technology can ﬁnd the ground prepared to diﬀuse both among adopters of
the failed technologies, as among the remaining adopters of the old technology. This explanation
diﬀers from the others in that the critical fragmentation does not bring a critical mass of adopters
of the new paradigm, but a critical mass of un-adopters of the dominant paradigm.
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3 The model
3.1 Percolation
We analyze the diﬀusion process of new technologies on a population that presents a social network
structure. technologies are identiﬁed by their value, represented by a number v ∈ [0, 1]. Agents are
heterogeneous in their incredulity, or resistance to adopt the technology.1 They are characterized
by their minimum quality requirement (MQR) for adopting a new technology. The higher the
MQR -the more incredulous an agent is- the higher the value he requires of an technology in
order to adopt it. In this section, the MQR of agents is a random variable which is uniformly
distributed, q ∼ U [0, 1]. In the next section we will change this distribution to non-uniform.
This modelling framework corresponds to the so-called percolation model (see Solomon et al,
2000). In a percolation model of diﬀusion time is discrete. One agent adopts the new technology
at any given time t if the following three conditions are met:
• the agent has not adopted before t,
• the agent is informed, which only occurs if at least one neighbor has adopted at time t − 1,
• the value of the technology is higher than the MQR of the agent, that is q < v.
Without a social structure the percolation model behaves as a well-mixed population of consumers.
In a well-mixed population, agents are not embedded in a social network and they have perfect
information. As soon as the technology enters the “market”, the willing to adopt agents adopt it
while the rest do not. As the MQR is uniformly distributed q ∼ U [0, 1], a proportion 100 · v0 %
of the population will adopt an technology of value v0 ∈ [0, 1]. This case can be represented in
our model with a complete network, where every agent is connected to every other agent. In a
complete network, a single early adopter will inform the whole population of agents about the
existence of the technology.

3.2 Social network
In a percolation setting, agents become informed of the existence of the technology through
their neighbors. Thus, the structure of the social network where the agents are embedded can be
determinant of the outcome of the process. Previous studies have considered percolation processes
in regular networks as a two dimensional lattice (Hohnisch et al, 2008; Cantono and Silverberg,
2009; Zheng et al, 2013) or a completely random network (Campbell, 2013).

1

In an epidemic model, this incredulity would be equivalent to the resistance to contagion.
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In this paper we propose the use of the small world algorithm (Watts and Strogatz, 1998) for
the modelling of the social structure as in Cowan and Jonard (2004). This provides with a family
of networks, an interpolation between regular lattices and completely random networks. The algorithm starts with a regular ring lattice and rewires every link with probability µ. This parameter
allows to ﬁne tune the randomness of the network. Figure 1 shows the result of simulating a
percolation process in small worlds with diﬀerent rewiring probabilities µ ∈ 1, 0.1, 0.01, 0.001, 0.

Figure 1: Percolation in diﬀerent network structures
The clustering coeﬃcient of a network is the relative number of triads present in the network. Varying the rewiring probability µ of the small world algorithm produces networks with
varying average path length and clustering coeﬃcient (Figure 2). The case with µ = 0 is the
one-dimensional regular lattice, and the case with µ = 1 is the random network, also known as
Poisson network or Erdos-Renyi model (Erdos and Renyi, 1959). For intermediate probabilities
µ, the resulting networks present intermediate clustering coeﬃcients. The “typical” small world
is the one with rewiring probability µ = 0.01, presenting an average path-length almost as low
as the Poisson network, while still having a clustering coeﬃcient which is comparable with the
one-dimensional regular lattice. This network structure will be used for the results.

3.3 Increasing returns to adoption
So far, the percolation process described is a simple propagation. Only the ﬁrst time the agents
are informed about the idea determines whether they adopt it or not, additional contacts are
redundant. Here we extend the basic percolation model with social reinforcement or local increas-
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Figure 2: Clustering coeﬃcient C and average path-length L as a function of the rewiring probability in small world networks (Source: Watts and Strogatz (1998)).
ing returns to adoption. With social reinforcement, additional contacts will increase an agent’s
willingness to adopt.
The diﬀerence between the basic percolation model and the increasing returns to adoption
extension lies in how the MQR of agents is calculated. Let qt be the MQR of an agent at time t.
In the basic percolation model this threshold remains constant over time, with qt = q0 ∀t. Thus,
the number of adopting neighbors does not play any role in adoption decisions. We include a new
factor in the expression of the value of a technology, according to which decisions are inﬂuenced
by the number of adopting neighbors.

qti = q0i · (

ait

+φ

1
Pi−1

j
j=1 at

)γ

(1)

The updated MQR is deﬁned to satisfy the following hypothesis of the model. Let q ∈ [0, 1]
be the MQR of an agent, a ∈ N the number of adopting neighbors and γ ∈ [0, 1] a parameter
expressing the increasing returns to adoption intensity. The functional form f (q, a, γ) is chosen
such that: (1) it is decreasing in the number of adopting neighbors,

∂f
∂a

< 0, so that the more

neighbors adopt, the easier it is for an agent to adopt; (2) it is decreasing in the intensity of the
increasing returns to adoption,

∂f
∂γ

< 0, so that with the same number of adopting neighbors, the

updated value of MQR will be lower for higher γ; (3) with only one neighbor adopting it is equal
to the initial MQR q0 ; (4) in the absence of increasing returns to adoption (γ = 0) it is equal
to the basic percolation model. Finally, the diﬀerent technologies are all competing against the
same old regime, so they are alternative technologies. Parameter φ ∈ [0, 1] measures the eﬀect of
neighbors who have abandoned the original regime: φ = 0 means that the returns to adoption for
technology j are only increased by adopters of the same technology j; while φ = 1 means that the
returns to adoption for technology j are increased by all the previous technologies diﬀerent from
the old regime, at the same rate. The functional form in Equation (1) fulﬁlls all four conditions.
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qti = q0i · (
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Figure 3: Diﬀusion of a technology, depending on the intrinsic value v0 and the increasing returns
to adoption intensity γ
For a single technology competing against the old regime, Equation (1) is equivalent to Equation
(2). Figure 3 shows the mean portion of agents that will adopt the new technology depending on
the intrinsic value of the technology v0 and the increasing returns to adoption intensity γ, over
20 Monte Carlo runs. The colors show the standard deviation over the diﬀerent runs. The zones
with higher standard deviation show the thresholds between the diﬀusion and the non-diﬀusion
regimes. We will use parameter values in these thresholds, where the result of the process is most
unpredictable a priori.

4 Results
In this section we study the percolation model extended with increasing returns to adoption by
mean of batch simulation experiments. Technologies diﬀuse in a small world network of N =
10, 000 nodes representing potential adopters, with k = 4 neighbors on average and rewiring

8

probability µ = 0.01. We simulate the model in diﬀerent settings represented by the intrinsic
value of the technologies v0 , and the social reinforcement intensity γ. The MQRs of agents are
random draws from a uniform distribution, q ∼ U [0, 1].

Figure 4: Critical fragmentation triggers diﬀusion. Last technology selection, v0 = 0.5, γ = 0.5
Figure 4 shows the result of simulating the process with an intrinsic value of v0 = 0.5 and
increasing returns to adoption intensity γ = 0.5. This combination of parameters is in the threshold of the diﬀusion and the non-diﬀusion regimes shown in Figure 3. Every line represents the
percentage of adopters of a diﬀerent technology that tries to replace the old regime. For the ﬁrst
half of the simulation period, many technologies enter the population and fail to diﬀuse. They all
behave similarly, getting to a similar portion of the population. At around period t = 400, a new
technology enters the population that fares signiﬁcantly better than the rest (the yellow line). This
technology marks the beginning of a diﬀerent pattern of diﬀusion. From that point on, every new
technology diﬀuses to a higher portion of the population than the last, collecting adopters both
from earlier technologies as from the old regime. Finally, the last technology becomes dominant
in the population and only competes against the old regime.
One of the conditions of this model is that agents can only be adopters of one technology at a
time, either a new technology, either the old regime. When they face a tie, that is to say, when
an agent can adopt two or more technologies, they can have two rules of decision. In the ﬁrst
case, they will choose their favorite technology, based on the intrinsic value of the technology, the
number of neighbors adopters of that technology and the rest, and their MQR for that technology.
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Thus, technologies that arrive earlier in the simulation have an advantage over later arrivals, as
they have already a pool of adopters that will increase their perceived value. In the second case,
agents choose the last one to enter the population, removing this advantage of earlier technologies.
In the scenario depicted by Figure 4, an agent that can adopt two technologies will choose the
newest one.

Figure 5: When older technologies have an advantage, diﬀusion is hampered. Favorite technology
selection, v0 = 0.5, γ = 0.5
The other scenario, when older technologies have an advantage over newer arrivals, is depicted
in Figure 5. In this case diﬀusion is interrupted. Agents can only adopt a technology that they
just became informed about, that is to say, that a a neighbor just adopted in the previous step.
Thus, additional adopters of diﬀerent technologies do not change the beneﬁts of adopting an
earlier technology that agents cannot adopt anymore. Every new arriving technology diﬀuses in
only a small portion of the population, but the eﬀect of fragmenting the pool of adopters of the
old regime cannot be collected.
The parameters for the intrinsic value v0 and the increasing returns to adoption intensity γ
interact in an intricate way. If the value is too low, the technologies will not diﬀuse, and if γ is too
low, the number of fellow adopters will not aﬀect the process. On the other extreme, if the value is
very high, every new technology will replace the old regime (and the previous technologies). A case
with high value of γ is depicted in Figure 6. This scenario has the same intrinsic value as the other
two, v0 = 0.5, but a higher increasing returns to adoption intensity, γ = 0.8. This combination of
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Figure 6: When increasing returns to adoption are high, new technologies replace the previous
candidates. Last technology selection, v0 = 0.6, γ = 0.7
parameters is still in the threshold of the diﬀusion and the non-diﬀusion regimes shown in Figure
3. With such a high eﬀect of fellow adopters, the population cannot stay fragmented. Every new
technology will replace the previous one and diﬀuse to a bigger portion of the population. This
behavior is similar to that on the second part of the ﬁrst case (Figure 4). In the ﬁrst scenario
increasing returns to adoption built slowly for the ﬁrst half of the simulation. After the critical
fragmentation was reached, every new technology to arrive would collect the adopters of older
technologies and the old regime. In this case, increasing returns to adoption are already high
enough for every new technology to gather all the adopters of earlier technologies, as well as some
additional from the old regime.

5 Conclusions
During a technological transition, a new technology takes the place of an already existing dominant
paradigm. A transition can be analyzed from a diﬀusion angle, considering that a new technology
has to diﬀuse in a population where the old paradigm is dominant and beneﬁts from increasing
returns to adoption. Traditional explanations of transitions under increasing returns to adoption
usually require a critical mass of adopters of the new technology to trigger a regime shift. Such a
critical mass can form in a market niche, or from coordination between agents.
This paper suggests an alternative explanation of transitions under increasing returns to adoption. Instead of a critical mass of adopters, that is to say, a critical level of coordination against
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the old regime in the population, we consider the eﬀect of a critical fragmentation, that is to say, a
critical level of dis-coordination against the old regime. Every new technology that fails to replace
the dominant paradigm, gradually shatters the pool of adopters of the old regime. After several
tries, the population is fragmented between several candidate paradigms and the old regime: the
social reinforcement for the old paradigm is weakened. The conditions in such a case are propitiate
for a new technology to gather the adopters of the previously failed technologies, as well as those
from the old regime, and become the new dominant paradigm.
This hypothesis is analyzed by means of a simulation model repeated diﬀusion processes for a
population embedded in a social network. Diﬀusion is modeled with the percolation framework
(Solomon et al, 2000), extended with increasing returns to adoption. All technologies have the
same intrinsic value, although agents update their perceived value of a technology depending on
the number of fellow adopters in their local environment, compared to those that still remain in
the old regime.
The simulations show that critical fragmentation can shatter the increasing returns to adopting
the old regime and build those favorable to the new technologies, under certain conditions. First
of all, the intrinsic value of the technologies and the increasing returns to adoption intensity must
be in the threshold between the diﬀusion and the non-diﬀusion regimes. That is to say, in the
non-diﬀusion regime, none of the technologies that enter the population will diﬀuse, while in the
diﬀusion regime, every new technology will replace the previous one (including the old regime)
and become dominant. In the threshold, technologies will build on each other to replace the old
regime.
Additionally, agents can only be adopters of one technology at a time, either a new technology,
either the old regime. When facing a tie between two technologies, agents have to choose one
of them. If they choose their favorite technology (the one they perceive as better), technologies
that arrive earlier in the simulation have an advantage over later arrivals, as they have already
a pool of adopters that will increase their perceived value. In this case, diﬀusion is interrupted.
Agents can only adopt a technology that they just became informed about, that is to say, that a
a neighbor just adopted in the previous step. Thus, additional adopters of diﬀerent technologies
do not change the beneﬁts of adopting an earlier technology that agents cannot adopt anymore.
Every new arriving technology diﬀuses in only a small portion of the population, but the eﬀect
of fragmenting the pool of adopters of the old regime cannot be collected. For technologies to
build on the increasing returns to adoption of previous ones, newer technologies need to have some
advantage over earlier ones. Their intrinsic value, nonetheless, remains the same in all cases.
Finally, the intensity of increasing returns to adoption has to be moderate. If it is too low, the
number of fellow adopters does not aﬀect the process. On the other hand, if it is too high, the
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population cannot stay fragmented. Every new technology replaces the previous one and diﬀuses
to a bigger portion of the population. With a moderate intensity, increasing returns to adopting a
new technology, and un-adopting the old regime, build slowly with technologies that fail to diﬀuse
until they are high enough for a new technology to absorb the adopters of the previous ones and
diﬀuse over those of the old regime.
In conclusion, this paper postulates a new explanation of technological transitions under increasing returns to adoption. We suggest that a new technology becomes dominant by arriving at
the right moment. The right moment, in this case, is after several failed technologies have fragmented the social base of the old paradigm. Such fragmented population of adopters of diﬀerent
competing technologies causes a shift of the percolation threshold of the network towards lower
values. The trigger of a regime shift is thus a “critical fragmentation” of the population, rather
than a critical mass of adopters of the new technology.

References
Alkemade F, Frenken K, Hekkert MP, Schwoon M (2009) A complex systems methodology to transition management. Journal of Evolutionary Economics 19(4):527–543, DOI 10.1007/s00191009-0144-x, URL http://link.springer.com/10.1007/s00191-009-0144-x
Arthur WB (1989) Competing Technologies, Increasing Returns, and Lock-In by Historical

Events.

The

Economic

Journal

99(394):116,

DOI

10.2307/2234208,

URL

http://www.jstor.org/stable/2234208?origin=crossref
Bruckner E, Ebeling W, MontaÃśo MAJ, Scharnhorst A (1996) Nonlinear stochastic eﬀects of
substitution - an evolutionary approach. Journal of Evolutionary Economics 6(1):1–30, DOI
10.1007/BF01202370, URL http://link.springer.com/10.1007/BF01202370
Campbell A (2013) Word-of-Mouth Communication

and Percolation in Social Net-

works. American Economic Review 103(6):2466–2498, DOI 10.1257/aer.103.6.2466, URL
http://pubs.aeaweb.org/doi/abs/10.1257/aer.103.6.2466
Cantono S, Silverberg G (2009) A percolation model of eco-innovation diﬀusion:

The

relationship between diﬀusion, learning economies and subsidies. Technological Forecasting and Social Change 76(4):487–496,

DOI 10.1016/j.techfore.2008.04.010,

URL

http://linkinghub.elsevier.com/retrieve/pii/S0040162508000863
Cowan R, Jonard N (2004) Network structure and the diﬀusion of knowledge. Journal of

13

Economic Dynamics and Control 28(8):1557–1575, DOI 10.1016/j.jedc.2003.04.002, URL
http://linkinghub.elsevier.com/retrieve/pii/S0165188903001520
David PA (1985) Clio and the Economics of QWERTY. The American Economic Review
75(2):332–337, URL http://www.jstor.org/stable/1805621
Erdos P, Renyi A (1959) On random graphs, I. Publicationes Mathematicae 6:290–297
Frenken K, Hekkert M, Godfroij P (2004) R&D portfolios in environmentally friendly automotive propulsion:

Variety, competition and policy implications. Technological Fore-

casting and Social Change 71(5):485–507,

DOI 10.1016/S0040-1625(03)00010-6,

URL

http://linkinghub.elsevier.com/retrieve/pii/S0040162503000106
Geels FW (2010) Ontologies, socio-technical transitions (to sustainability), and the multilevel perspective. Research Policy 39(4):495–510, DOI 10.1016/j.respol.2010.01.022, URL
http://linkinghub.elsevier.com/retrieve/pii/S0048733310000363
Hohnisch M, Pittnauer S, Stauﬀer D (2008) A percolation-based model explaining delayed
takeoﬀ in new-product diﬀusion. Industrial and Corporate Change 17(5):1001–1017, DOI
10.1093/icc/dtn031, URL http://icc.oxfordjournals.org/cgi/doi/10.1093/icc/dtn031
Lissoni F (2005) The reaper and the scanner: indivisibility-led incremental innovations and
the adoption of new technologies. Cambridge Journal of Economics 29(3):359–379, DOI
10.1093/cje/beh045, URL http://cje.oupjournals.org/cgi/doi/10.1093/cje/beh045
Solomon S, Weisbuch G, de Arcangelis L, Jan N, Stauﬀer D (2000) Social percolation models.
Physica A: Statistical Mechanics and its Applications 277(1-2):239–247, DOI 10.1016/S03784371(99)00543-9, URL http://linkinghub.elsevier.com/retrieve/pii/S0378437199005439
Watts

DJ,

networks.

Strogatz

SH

(1998)

Collective

Nature

393(6684):440–442,

dynamics

DOI

of

’small-world’

10.1038/30918,

URL

http://www.nature.com/nature/journal/v393/n6684/full/393440a0.html
Zeppini P, Frenken K, Kupers R (2014) Thresholds models of technological transitions. Environmental Innovation and Societal Transitions 11:54–70, DOI 10.1016/j.eist.2013.10.002, URL
http://linkinghub.elsevier.com/retrieve/pii/S2210422413000713
Zheng M, Lu L, Zhao M (2013) Spreading in online social networks:

The role of so-

cial reinforcement. Physical Review E 88(1), DOI 10.1103/PhysRevE.88.012818, URL
http://link.aps.org/doi/10.1103/PhysRevE.88.012818

14

