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Abstract

Discontinuities as a crucial aspect of economic systems kadveen discussed
both verbally - particularly in institutionalist theory - a nd formally, chiey
using catastrophe theory. Catastrophe theory has, howevdreen criticized
heavily for lacking micro-foundations and has mainly falle out of use in
economics and social sciences. The present paper proposssmgple catas-
trophe theory model of technological change with network &rnalities and
reevaluates the value of such a model by adding an agent-baseicro layer.
To this end an agent-based variant of the model is proposed dnvesti-
gated speci cally with regard to the network structure amogy the agents.
While the macro level of the model produces a classical cuspasirophe
- a result that is preserved in the agent-based form - it is foud that the
behavior of the model changes locally depending on the netkastructure,
especially if networks with features that resemble socialetworks (low di-

ameter, high clustering, power law distributed node degrgare considered.

Preprint submitted to Elsevier November 26, 2015
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While the present work investigates merely an aspect out of arbe pos-
sibility space, it encourages further research using agemised catastrophe
theory models especially of economic aspects to which cataphe theory
has previously successfully been applied; aspects such eshhological and

institutional change, economic crises, or industry structe.

Keywords:

network structures; agent-based modeling; catastrophedbry; information
and communication technology; preferential attachment reorks;
technological change

1. Introduction

Path dependence and discontinuity have been central issukes institu-
tional and evolutionary economics since at least Gunnar Mgal's introduc-
tion of the idea of Circular Cumulative Causation (see, e.g[16]), possibly
much longer (speci cally since Thorstein Veblen's [28, 29Jritings on Cumu-
lative Causation and path dependence in history, institubns, and fashion
goods). A formal framework to capture these concepts presed itself with
Rere Thom's [27] analysis of catastrophe theory. It has ste been applied
to di erent aspects of economic systems [32, 14, 15, 19, 1@th with and
without the framework of institutionalist theory and evolutionary economics.

Catastrophe theory models in economics do, however, gerigraperate at
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an aggregate level only; in fact, they became controversial the 1990s (for
an overview, see, e.g., [20]). Consideration of, for insta® group or network
structures would transform the model into a set of distinct bt overlapping
models, thereby increasing the system's complexity by ondeof magnitude.
The present paper reevaluates a simple catastrophe theorypdel of tech-
nological change with network externalities by adding an amt-based micro
layer. To this end an agent-based variant of the model is proged and in-
vestigated with speci c regard to the network structure amog agents. The
technological-institutional layer of the model is very sirple; a base technol-
ogy is contrasted with a new innovative technology that theymay adopt.
The latter generates network externalities for the adopterbut they also in-
cur ( xed) costs that arise periodically. The model uses amsiple evolutionary
mechanism (a replicator dynamic with a capacity boundary)dr de ning the
probabilities for agents to adopt the new technology. The m&ork external-
ity enters this function as a standard intensity term while he periodic costs
are applied additively. This yields a polynomial of degree &hich can be
reduced to the canonical equation of a cusp catastrophe (fowerviews on
cusp catastrophes, see, e.g., [23, 21, 20]) by applying tiveear Tschrinhaus

transformation. While the macro level of the model thus prodtes a clas-
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sical cusp catastrophe - a result that is preserved in the agebased form
- it is found that the behavior of the model changes locally i the net-

work structure. The network structure a ects the distribution of the agent's
neighborhood sizes (number of directly connected agentsThe agent will

then base her decisions to adopt or abandon the new technalogn her
neighborhood rather than the entire population. Dependingn the network
structure, dierent local neighborhoods may persist in dierent adoption

states (speci cally for small world networks) and the theagtical equilibria of

the underlying macro-level equation may exhibit di erent e&tgrees of stabil-
ity and sensitivity depending on the network structure. In tirn, the network

structure a ects the general catastrophic or non-catastiqghic outcomes as
well when the slow variables (the catastrophe parametersamely the cost
and the capacity boundary) are included in the simulation,.e. when the
catastrophe is allowed to happen.

While the present work investigates merely an aspect out of arge pos-
sibility space, it encourages further research using agelmdsed catastrophe
theory models especially of economic aspects to which cataphe theory
has previously successfully been applied; aspects such eshhological and

institutional change, economic crises, or industry structe.
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In section 2, a more detailed overview of the literature on blo network
externalities and catastrophe theory in economic systemslmbe given. Sec-
tion 3 proceeds with a simple theoretical model of an industrsubject to
network externality that results in a classical cusp catasbphe. This model
will then be extended to an agent-based version and the roléthe network
structure and other aspects on the behavior of the model witle studied in

section 4. section 5 concludes.

2. Literature Review

Catastrophe theory was established and developed as a elfl mathe-
matics in the 1970s, mainly by Rere Thom [27]. It immediatgl enjoyed
some popularity and applications to many elds including eenomics and so-
cial sciences (see, e.g. Woodcock and Davis [32]) were degped but it was
heavily criticized and has largely fallen out of use. One ofi¢ main critiques
focusses on it being rooted in simple macro-level dynamicsggms without
relating to a micro level (microfoundation). For a brief oveview, see Rosser
[19] However, this should neither disqualify an entire classf models if it
is able to describe or approximate observed phenomena nortigénerally

impossible to add micro-foundations to such a model.



69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

84

85

86

The current paper attempts to describe technological chaegwith net-
work externalities using a catastrophe model (and to add pp&r microfoun-
dations with an agent-based version in section 4). This eldhas long been
recognized as falling out of the domain of most earlier modein economics
since there are increasing returns to scale driven by and meased willing-
ness to pay higher prices for access to more well-establgmetworks. This
leads to path dependent technology choice processes as msieely analyzed
by, e.g., Arthur and Ermoliev, and Kaniovski [2, 1], as well agin a less
formal-mathematical way) David [7]. The basic argument ishtat switching
of technologies is costly and can, if it depends on others suhing as well
only be done with coordination - even if the intent is to swith to a new
technology that would clearly be better than the old one. It s, however,
long before this that it was recognized that technologicalhange occurs in
waves, as paradigm change rather than as a continuous praze$he original
idea is mainly due to Schumpeter, but the eld was advanced gatly in the
1980s by, among others, Dosi [9] and Freeman and Perez [12psé papers
also include discussions of the earlier literature. More gent research has
brought these two approaches (path dependent technologyaibe ans tech-

nological change) together [31, 25, 8] and has applied this the research on
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and explanation of growth cycles [24].

While the discontinuous nature of this phenomenon is obviousatastro-
phe models have rarely been applied to the eld of technolagil change.
Herbig [14] proposed that this could be done without, howeveproviding a
model. Two di erent later approaches, those by Lange et al.15] and by
Dou and Ghose [10], followed Herbig's idea and added catagthe models
for speci c cases, software adoption (Dou and Ghose) and omd retail trade
(Lange et al.) respectively. The two models are, however, nparticularly
close to the present one and use on di erent e ects to derivéné catastrophe
equation. Both also remain focused on their particular casgudies and nei-
ther comment on potential further uses of catastrophe modein the eld of
technological change or in social and economic systems adwle nor do they
address the earlier criticism of catastrophe models lackingicrofoundation
(which is why they do not attempt to proceed to replicate the racro-level

catastrophe model in an agent-based approach).

3. A Simple Model

Similar to Dou and Ghose's approach [10], the basis of the gent model

is the canonical replicator dynamic equation for populatio dynamics with
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capacity boundary (for a general introduction and detailecexplanation of

this approach, see e.g. Nowak [18])

Here, S is the size of the current user base, ist the capacity of the in-

dustry (i.e. the size of the potential user population, the mximum number

of users), and is the growth rate (or rather the tness term that a ects the

growth rate as long as the capacity boundary is not approactigof the user

base.

Di erent from Dou and Ghose, the present model introduces m&ork exter-

nalities by making the growth rate dependent on the populatin size, here

simply = S. The result is the dynamic system described by the rst order

di erential equation (consisting of a third order polynomal)

at

= SZ 1 § = }S3+ SZ
dt y4 y4

Here, two simple xed points (only the second one stable) canebfound
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But so far, the system does not involve catastrophic transdns. It is well
known that the bifurcations become supercritical (see gw 1) if a negative
S-intercept is added [23, 21, 20]. Other than in Dou and Ghosthis is not
introduced as a market interaction polynomial with a denonmator of order
S22 pbut in a more straightforward and simple way as the periodicasts of
using a technology. This modi cation is plausible since ctssof infrastruc-
ture, maintenance, and expert knowledge increases lindgiin the number of
di erent technologies an agent uses while it the additionatosts from more
intensive use of an existing technology (that is, the respte infrastructure)

are decreasing, possibly even zero.

The resulting equation is

2Dou and Ghose [10] use such a term to model network e ects (and networkxéernali-
ties). The equilibrium set of this model is identical to one givenby a polynomial of order
S* (and without negative powers of S) which they then reduce to cubic order by dividing
by S to develop it into the classical cusp model using the Tschirnhaugransformation in
much the same way as outlined below.

10



ds
dt

s 1 > - Iste g (1)
YA z

Since it is the xed points, the stability and potential catastrophic change

that is under investigation here, the equilibrium set (i.e.‘é—f’ =0) is what is

130

1

w
=3

of primary interest in this system. The equilibrium set is

1

w
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Using a Tschirnhaus transformation

134
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the equation becomes

135

11



136 which can be developed intb

0=x%+ax+ b;

137 the classical cusp catastrophe equation [23, 21, 20].

138

139 For the original system (equation 1), the equilibrium surfee as stated
1o above (equation 2) yields two supercritical bifurcationst¢gether called the

1 bifurcation set). They are obtained as the solution 6f

0= 1s%+s?
0= 35%+2S

142 as

3By substituting

and 0y
z
= — +
b >7 z

4That is, the intersection of the equilibrium surface ‘é—? = 0 with the set of marginal

stability = % = 0. The bifurcation set therefore contains all points on the equilib-
rium surface that are marginally stable, indicating that the system's stability properties

change in the vicinity of the set (or rather at this very point) in the control space (i.e. the
z- -plane.)

12
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more conveniently written (with S eliminated) as =0 and 4z? = 27 .

The system is shown in gures 1 (transition for changing), 2 (bifurcation
set in control space) and 3 (equilibrium surface). Note thator the cusp
area (between the two bifurcation sets), there are three eijoria, the lower
and the upper of which are stable while the middle one is not. u@side
the cusp area, there is only one equilibrium. Consequentiy,an additional
dynamic which modi es the parametersdb and Z is introduced, catastrophic
changes occur, when either of the bifurcations is reachedrn the stable
equilibrium plane which does not continue on the other sidd the bifurcation.

Speci cally, the interpretation of the two bifurcations is

1. b=0: The size of the user base is zero (lower stable equilibmy and
the costs become zero - since, e.g. the vendor is suppliestdehinology
for free to the rst couple of users. The system will then jumpo the
upper stable equilibrium.

2. 4722 = 27 : The system is in the upper stable equilibrium and either

the costs increase beyond the threshold (for given capacity or the

13
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population shrinks (for given ) below the bifurcation threshold (or a
combination of the two). In this case, using the technologydzomes
uneconomic fore all its users and the network will collapseo(the lower

stable equilibrium, i.e. zero size).

It should be noted, that many modi cations to the tness (growth rate)
or network externality term = S leave the properties of the model intact,
i.e. that this model is generalizable at least to some degre€or instance,
if the term is a positive linear function of S (with factor f), = fS, the
system results in the same pattern of equilibrium surfacesa bifurcations
with the speci ¢ bifurcation set (1) =0 and (2) 4z = 27 .

It is nevertheless obvious, that this is too simple a model tocapture in-
teractive usage decisions and other socio-economic sysi@mcesses relevant
to network technologies. It certainly can serve for identying a potential key
mechanism that may arise in and be relevant to the economictinonovation
and technology. However, it must now be shown that the e ect ipreserved
in systems which take the micro-layer into account, i.e. agebased models.
In that case, not only the network externality and the techntogy di usion
(following for instance the above population dynamics) anenportant factors,

but the network structure and its properties as well as potdral heterogene-

14
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Figure 1: The cusp catastrophe: Bifurcations of the system withz = 2, for increasing
. Foro< < % = %22 there are three equilibria (dS = 0), above and below this
interval, two of the equilibria vanish.

-15

ity of agents become relevant to the dynamic properties andh¢ outcome of

the resulting system. This will be the focus of section 4.

4. An Agent-Based Simulation

This section reconsiders the model developed in section &b and trans-
forms it into an agent based model. Here, the behavior of the polation is
not governed any more by macro-level equations, but all agermake their
own decisions. These decisions follow the same model (andiaopns) as
above but the reference usage share that the agents base tthigcision on is

(generally) not the entire population but only the immediae neighborhood

15



Figure 2: Bifurcation set and cusp area of the model.

NP OoORNWAG

Figure 3: Equilibrium surface of the model including cusp area wih three equilibrium
surface points for every point in control space. Note that though the lowerequilibrium
surface is below zero, negative network sizeS are not allowed and the equilibrium is
instead at S = 0. Also note that other than in gures 6 through 10, the vertical axis is
absolute network sizesS.

16
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of the respective agent. As a reference point, the section ggwith the
complete network (i.e. every agent is direct neighbor to eneother agent), a
setting that unsurprisingly yields the same result as the atytical macro-level
model above, before more complex network topologies are siered. The
agent-based version of the technology choice model on noivill networks
is related to but not the same as the variously studied modetsf contagion
between agents on networks as discussed in the literaturevieny section 2 (of
particular interest in this respect, Barash et al. [4] invegate discontinuities,
bifurcation points, etc. of contagion models in BaralkasAlbert networks).

The agents base their decision on the same polynomial as iruation 1
above,

1-834' SZ ;
Z

this time, however, the resulting quantity is not directly the dynamic
change of the usage share (since the agent does not contrak tquantity)

but the agent's inclination to join the network (if she is notcurrently a

17



: subscriber?y

2

o

% =min z;max O %S3+ S? (3)

202 or to leave the network (if she currently is a subscriber).

. 1
% =min z:max O ESS+ S? (4)

203 Three network structures are considered besides the contplenetwork

20 (examples of the three network structures are shown in guré):

o

205 1. The grid network ( gure 4a): Agents are arranged in a 1-dinmesional

206 order; they are directly connected with theirm predecessors anan
207 successors in this order Grid networks have a high clustegicoe cient,
208 but a high diameter (average path length between random nosle The
209 rst property resembles social networks, the second doestno

210 2. The preferential attachment network ( gure 4b): The netvork is con-
211 structed consecutively; every new agent is connected o agents who

212 are already part of the network; she chooses these agentshaat prob-

5The min and max operations guarantee that the resulting probability is beween 0
and 1, if %already falls into these limits, the probabilities are more convenieatly written
as%and 1 %

18
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ability proportional to their current degree, i.e. well comected nodes
have a much higher probability to gain even more connectiorfeence,
a Baralasi-Albert network, [3]). The mechanism is known todad to
a power law degree distribution. This is not not generally arpperty

of social networks as there seems to be a limit to the number ofie’s
stable social relation$, but it may be a realistic way to model net-
works among social groups, organizations, or rm networkgspecially
in network industries.” Further, preferential attachement networks are
characterized by small diametér but also (if no other modi cations

have been made to the generating process) by low clusterirgeaient.

The former (small diameter) is also realistic for networksserved in

reality (e.g. in networks among rms) while the latter (low dustering

8Dunbar [11] for instance proposed a number of around 300. There are some models
that nevertheless propose using Baralasi-Albert networks as a modebf social networks,
e.g. [4] - the argument of networks among social groups (as opposed to withirosial
groups) may be relevant to this discussion.

"This has been suggested directly in some models [6, 26], but since bothe size of
rms (pro ts, capital, number of employees) and the degrees of the irternet (but also the
sizes of urban centers and many other quantities related to network tehnologies in one
way or another) are known to be power law distributed [17, 13], this is geerally a plausible
assumption related to other stylized facts.

8The diameter of a network is the longest distance (shortest path) beteen two nodes
in the network. A small diameter compared to the size of the network (umber of nodes)
this means that the network are relatively well-connected, more spei cally having Watts
and Strogatz' small world property [30] (or having a huge number of links conpared to
the number of nodes, thus being a complete or almost complete networ&s this would also
lead to a small diameter).

19
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coe cient) is not as networks between rms, organizations,but also

between individuals are generally highly clustered.

. A preferential attachment network with triadic closure (gure 4c). In

order to obtain a network that does not only have a small dianter and
a degree distribution following a power law, but also a geredly higher
clustering, one can apply start with a Baralasi-Albert preérential at-
tachment network and apply triadic closure. After the Baralasi-Albert
process completes, a prede ned number of open triads - greugf three
nodes (agents) where one is connected to the other two but tla¢her
two are not linked directly - are selected and closed (therglinking the
unconnected nodes of the triad directly). This network typéias other
interesting properties. It is more likely to contain compoants that are
internally well-connected but poorly connected to other coponents
of the network (though not isolated), something that is alsambserved

in real social networks. Formally, the betweenness centltgi'® distri-

9These two properties (and the conjunction of these two properties)n social networks
has received particular attention in the small-world network literat ure [30]; for an extensive
overview, see [22].

19The betweenness centrailty of a nodé is the share of shortest pathsp, in the network
between any two nodes | and k) of which it is part (denoted spx (i))

5Py ().

SP-
jekei Pk

ba(i) =

20
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253

bution of the network changes such that some nodes (the oneghw
a connection to other closely connected components of thetwerk)
will have extraordinarily high betweenness centrality whé most of the
nodes score very low in this measure. In the other types of metrks
considered here (complete, grid, and preferential attachent without
triadic closure) the distributions of betweenness centify are substan-

tially more even'! (See gure 5)12

All simulations in this section have been conducted in netwks of 1250
agents. Figures 6a through 10a for illustration of the simuteons show the
entire equilibrium surface as derived in the simulation. Fahe stable equilib-
rium surfaces (darker grey), the simulation is straightfaward and accurate;
for the unstable equilibria (repeller surface, light grey)the location was ap-
proximated from the approximate borders of the basins of athction of the

stable equilibria. Note that other than in gure 3 the verticd axis gives the

1n fact, the distributions of the node's betweenness centralityseem to decay according
to a power law for the preferential attachment network and the prefeential attachment
network with triadic closure, but with di erent tail slopes.

12Note that this module uses a breadth- rst search algorithm to obtain a single shortest
path between any two nodes. As in regular grids there are always many eailly short
paths, one is selected randomly, therefore the computed betweens® centralities di er
slighly between the nodes; the correct result would be a constant ahequal value for all
nodes.

21
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272

usage network sizes relative to the capacity (populationzs), % To show
the e ect of the network structure in more detail, the resuls of simulations
with constant z and initial value (z = 4 and Sp=z = 0:5) are also shown
(gures 6b through 10b). This di ers from the simulations slown in gures
6a through 10a in that this does not show the entire equilibuim surface but
just the convergence point for a speci c starting value$y,=z = 0:5).

Unsurprisingly, the simulation of the complete network ( gue 6) results
in the same picture as obtained from the macro-level develoent equation
(gure 6). Note that the S=zvalue of the upper sheet of the equilibrium sur-
face again rst declines smoothly in (like in the theoretical model above);
this is because the constant cost () makes the participation undesirable
for a part of the population. When the bifurcation set from thetheoretical
model is reached, the triple equilibrium vanishes and justne of the equilib-
rium surfaces continues to exist (here visible is the part favhich the lower
equilibrium continues to exist; towards the observer).

This result is still preserved in the case of the grid network gure 7)
with the slight di erence that the upper equilibrium surface is much lower.
This is a numerical issue resulting from the low degree of thedes in this

network (shown in gure 7 is a network with even node degree 4)if all

22
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(c) Preferential attachment with triadic closure

Figure 4: Networks of the same size (1250 agents, ca. 3750 links) but di erenypes (grid,
preferential attachment, and preferential attachment with triadic closure). Nodes (agents)
with particularly high betweenness centrality highlighted; illu stration generated by the
python-networkx module.

23



273

274

275

276

277

278

279

280

10

10°

P(x>bc)
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Betweenness Centrality (bc)

Figure 5: Complementary cumulative distribution of betweenness catrality of the vertices
(agents) in the three networks in gure 4 (log-log plot): Grid (double ring, 4a) light grey,
preferential attachment (4b), grey, and preferential attachment with triadic closure (4c),
dark grey. Betweenness centrality computed with the python-networkx module.

the neighbors of a node are subscribers but the node is not,etlidynamic
(equationseq: abm: 1) yields 0 and the agent will not subscribe; if > 0,
there is even a positive probability for subscribers to unsgcribe - which is as
it should be, but at the macro-level this should result in a v small number
of unsubscriptions while here it matches every 3rd agent (whs between 2
subscribers to the left and 2 subscribers to the right). Indsl, this e ect
is much less prominent with a higher neighborhood degree ¢sgure 8 for

comparison); the such denser networks will, however, inage computation
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time substantially.'®* In both grid networks, the catastrophe continues to
exist and is identical to the theoretical model.

In a preferential attachment network (gure 9), this seems @ change
slightly. The catastrophe (i.e. the bifurcation, the switth between a regime
with 1 equilibrium and one with 3 equilibria) is still present but it seems
to happen slightly less sudden. This is an illusion. It restd from the fact
that for the area around the bifurcation set in parameter spae, di erent
parts of the network may converge to di erent equilibria (yelding a network
average between the upper and lower equilibria). This is eavemore pro-
nounced in the case of preferential attachment networks wattriadic closure
(see below). Further, the e ect described for grid networksa shift of the
upper equilibrium surface to a lower level) is also presenefre (and also more
pronounced because the median neighborhood size is evenlenghan for
the grid network).

Finally, in a preferential attachment network with triadic closure ( gure
10) the transition seems even more smooth as di erent part$ the network

are not strongly connected. This also holds for preferentiattachment net-

BFurther, for the network 7, the number of links is such that the network is directly
comparable to a Baralasi-Albert preferential attachment network of the same size ( gure
9).
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works with m = 1 which are entirely loop free. For this case it is obvious
from gure 10b that even for low values of there are increasingly large
parts of the network that converge to the lower equilibrium.Figure 11 shows
how this changes with the amount of triadic closure. While itg clear that
if triatic closure were applied permanently for a long timehe graph would
eventually converge to a complete network (with the assod¢e character-
istics shown above), the gure shows that for even a substaat amount
(roughly 3 times the number of links present before is addetirough triadic
closure) the characteristics of the process are preservétihile the catastro-
phe is still present - and the macro-level model shown abow therefore a
suitable rst approximation of the situation - the network structure may in

this case lead to di erent outcomes in di erent parts of the etwork.

5. Conclusion

The present work attempted to apply a catastrophe theory maal to the
problem of network industries. A development equation is deed for the
development of the user base of a technology with network ertalities.
Those not part of the user base are assumed to use a very simatel free

standard technology or no equivalent technology at all. Withihe size of the
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0.0

0 1 2 3 4 5

(a) Equilibrium surface (dark grey), re- (b) Average outcome across 10 runs for
peller surface (light grey) z=4,s9=2

Figure 6: Agent based model on a complete network (1250 agents, 12501249 = 1561250
links).

0.0

0 1 2 3 4 5

(a) Equilibrium surface (dark grey), re- (b) Average outcome across 10 runs for
peller surface (light grey) z=4,s=2

Figure 7: Agent based model on a grid (double ring) network (1250 agents, 2500 lirsk.
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0.0

0 1 2 3 4 5

(a) Equilibrium surface (dark grey), re- (b) Average outcome across 10 runs for
peller surface (light grey) z=4,5=2

Figure 8: Agent based model on a grid (double ring) network (1250 agents, 12500 lisk

0.0

0 1 2 3 4 5

(a) Equilibrium surface (dark grey), re- (b) Average outcome across 10 runs for
peller surface (light grey) z=4,s=2

Figure 9: Agent based model on a preferential attachment network (1250 agents2497
links; Baralasi-Albert with m = 2).
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0.0
0 1 2 3 4 5

(a) Equilibrium surface (dark grey), re- (b) Average outcome across 10 runs for
peller surface (light grey) z=4, 55=2

Figure 10: Agent based model on a preferential attachment network with tiadic closure
(1250 agents, 2499 links, Baratasi-Albert with m = 1, thus 1249 links, and 1250 random
open triads closed, thus 1249 + 1250 = 2499 links).

S/z

Figure 11: Average outcome across 10 runs far = 4, sy = 2 for preferential attachment
networks (Baralasi-Albert with m = 1, thus 1250 agents, 1249 links) with di erent degrees
of triadic closure (between 0 additional links, lowest graph, and 3750 addional links,
uppermost graph).
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user base as the only variable, the characteristics of the ol depend on
two control variables, the total population size (capacitypoundary) and the
periodic xed costs of using the technology.

The model follows a simple but generalizable layout that ihgdes a pop-
ulation dynamic with capacity boundary, the network exterrlity in the form
of a growth rate of the user basé proportional to the size of the user base,
and the cost term as an intercept. As was shown in section 3, thedel pro-
duces a cusp catastrophe and it is, in fact, possible to traiesm the model
into the classical cusp catastrophe equation. The bifurcains of the model
occur (1) at zero costs and (2) at a speci c relation of costad the capacity
boundary. It can be shown, that any factors applied to the n&tork exter-
nality term would in e ect shift this second bifurcation (dividing the cost
term).

Further, it was established using an agent-based simulatip that the
ndings of this model are robust with respect to the introdution of a true
micro-level (interdependent agents) for several networkractures (grid net-

works, Baralasi-Albert preferential attachment networks and preferential

140r rather, the tness term that dominates the growth rate as long as the capacity
boundary is not reached.
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attachment networks with triadic closure). While the generbbehavior - the
bifurcation, the catastrophe - is preserved, there were sergritical changes to
the macro-level for some network structures. More realistiapproximations
of social networks (and speci cally rm networks, with smal diameter, high
clustering, and scale free degree distribution) such as feeential attachment
networks with triadic closure found that di erent parts of the network may
converge to di erent equilibria. The structure of such netwrks with several
well-connected subgraphs that are poorly interconnectetirough a couple of
bottleneck nodes, appears to facilitate this outcome.

As sudden and intense changes in the use of network technoésghave
repeatedly been observed (so in the case of Microsoft's taker of the PC
operating system market in the 1980s, but also in the case bietrise and fall
of MySpace, in the rise of tablet computers, etc.) catastréyg models may
indeed be a promising approach to explaining the speci ¢ damics of these
sectors. This is particularly relevant as it is clear that tley are subject to
increasing returns to the size of the user base (which allowse introduction
of many non-trivial strategies on the part of the market paricipants), that
many standard models focusing on equilibrium concepts arberefore not

applicable, and that the reasons for the asymmetric industrstructure in
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> almost all of these sectors are not entirely understodl.
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