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Abstract

Markets undergoing fast-paced product evolution impose a significant informational
demand on consumers. They may have to decide among relatively heterogeneous offers
while lacking the knowledge required for a fully assessed choice of suppliers. In this case,
one important information source is the social network wherein the consumer is
immersed, by means of the word-of-mouth (WoM). Beyond the pure informational role,
we propose that WoM is a possible cause for the significant market concentration
observed in at least one prominent hi-tech market, the internet access service, in which
the market organization in many countries does not seem entirely explained by the
existing economic literature. Applying an innovative approach, based on agent-based
simulation and synthetic graph generation, we propose a model that is able to explain the
connections between the inter-firm competition and the WoM-influenced decision
process of consumers. The model robustly demonstrates the relevant effects of WoM on
the organization of the market in most situations. The results suggest that the competitive
configuration of many other real markets could also be significantly influenced by WoM.
Keywords: market concentration, consumer behavior, social networks, word-of-mouth,
internet access service, agent-based simulation.

JEL classification: C63, D43, L15.

1. Introduction

Anecdotal evidence coming from many domains suggests that markets where products
show fast-paced introduction and change impose a significant informational demand on
consumers. When choosing among a large variety of sophisticated goods and services,
consumers have to decide among relatively heterogeneous offers from multiple suppliers
usually lacking the knowledge and the information required for an efficient choice. In such
bounded-rationality situation, some authors argue that one important support to the decision-
making of consumers is the social network wherein they are embedded. The so-called “word-
of-mouth” (WoM) — in this case, the exchange of personal (subjective) perceptions about
products and suppliers — may turn into an important source of information for consumers,
reducing the uncertainty associated with the acquisition of some products.

The idea that WoM is relevant for consumers and markets is definitely not new. The
empirical evidence collected by the business literature regularly ranks the opinions and
experiences of family, friends, and close social acquaintances as one of the top judgment



drivers of individuals. This seems particularly true in the case of markets for sophisticated
goods and services, where WoM influence usually is second only to price considerations.
Also, its effect is predominantly of local nature, as the relevant “personal” social networks of
consumers are more frequently small in size and highly clustered. In this case, a less obvious
consequence of WoM is that the way the interaction among consumers occurs can directly
affect information diffusion. In turn, it may even become an important driver of the dynamics
of competition among suppliers and the market structure.

The main objective of this paper is to evaluate how relevant the link between WoM and
inter-firm competition may be for the organization of the supply side of a market. Our working
hypothesis is that the integration of a dual, co-evolutionary perspective involving both the
supply and the demand sides may allow for the proper handling of the stylized facts coming
from markets where WoM may be playing a role. The main intuition is that the patterns and
the pace of the diffusion of the information about product perceptions inside the social
network of consumers may create temporary lock-ins on products/suppliers with inferior price
and quality attributes. If this is the case, WoM would drive a form of dynamic network
externalities which, in turn, would improve the competitive situation of some incumbent
suppliers and reduce the incentives to stronger competition and entry. The exploration of this
dimension of the effects of WoM is mostly absent in both the economics and the business
literature, at least in a more formal framework as proposed here. Yet, WoM may be considered
as a potential mitigation mechanism to market failures originated from asymmetric
information situations, so it may also turn into a relevant policy resource. Therefore, our
contribution may be relevant for different areas of research and also for policy makers and
regulators.

To explore the word-of-mouth hypothesis presented above, we focus our attention on hi-
tech markets where the industry organization is significantly concentrated and propose a
formal model to explain the possible causes. We want to test WoM as a potential driver of the
observed concentration, notwithstanding the eventual concurrence of other factors. To
minimally materialize the empirical grounds for the analysis, we selected one prominent case
to assess our argument, the internet access (IA) market. It seems appealing, not only, because
of its economic relevance — it is at the core of a fast growing US$ 2+ trillion/year global
business and serves more than 50% of the world population (ITU 2013) — but, also, due to the
intense, technology-driven, product-based competition among firms. In particular, the rivalry
of 1A providers has proved relatively weak in many countries, particularly when compared to
similar technology-fueled industries, including other segments of the internet sector like
hardware, software, and content. Based on the available literature, it is argued that the
significant market concentration in such markets is not entirely explained by any of the usual
economic justifications — including industrial organization and Schumpeterian/evolutionary
theories.

One of the problems in modeling adaptive, socially-influenced consumer behavior, on
the one hand, and technology-driven, product-oriented competitive dynamics, on the other, is
the difficulty on proposing an adequate model. Tractable analytical models usually lack the
level of detail required to capture the critical variables under study here. To advance, we
propose an innovative modeling approach based on agent-based simulation and synthetic
pseudorandom graphs methodologies, backed by a robust sensitivity analysis framework. This
allows the model to explicitly detail the critical behavioral rules of consumers and suppliers as
well the interactions among and between them. 1A providers compete in two dimensions: price
and quality. Consumers choose based on these dimensions but are also influenced by close
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acquaintances’ decisions. Their adaptive learning is dynamically performed inside a synthetic
complex network, generated in a way to reproduce multiple metrics coming from real social
networks. The model parameters are calibrated using empirical data whenever possible,
including the synthetic social networks.

The model results closely reproduce the microeconomic evidence coming from the
internet access business worldwide and brings light to the effect of consumer networks in the
organization of this class of market in general. The systemic mechanisms unveiled by the
analysis were significantly dependent on the consumers’ personal interactions, even when they
proportionally represent a small factor in the purchase decision process. The presence of the
social network induced emergent properties which simultaneously reduced the aggressiveness
of competition and reshaped the user preferences beyond simple price/quality maximizing
considerations. The simulation outcomes validate the unequivocal effects of WoM on the
supply side and in the industry organization. In particular, they suggest that the configuration
of some real industries may be unlikely without the contribution of WoM. Yet, some of the
usual explanations for the industry organization were also identified as important drivers of
the observed outcomes in the model, nonetheless with insufficient power to fully explain the
empirical evidence.

The paper is organized in four sections, plus this introduction and some concluding
remarks. The first section briefly discusses some of the most relevant approaches in economics
that deal with our subject and presents the theoretical roots of the proposed model. The second
section shows the data coming from the internet access market and proposes some stylized
facts to summarize it. The third section describes the model and its configuration. The last
section analyzes the main results and evaluates their robustness. An appendix presents the
model details not covered in the previous sections.

2. Theoretical background

The interaction between producers and consumers of goods and services in competitive
markets has been an important focus of economics since its inception. However, from the
classical authors, the analysis focused mainly on the supply side — the organization of the
producers and the associated processes — as the main element of market dynamics.
Proportionally, the economic literature that gives relevance to the structural properties of the
buyers — the demand side — is far less rich, especially in the case of final consumer markets
(individuals and families). Among the distinct thought schools, studies on the operation of
markets more regularly considered consumers as homogeneous, atomized and relatively
passive. While this approach may be appropriate in several situations, it is reasonable to
assume that it is insufficient to explain all real markets. In particular, this seems to be the case
of markets for sophisticated, technologically-innovative goods and services. Here, the high
degree of novelty and technical complexity induces the scarcity of objective references for
consumers to form preferences, at least in the short term. This situation increases the
uncertainty associated with the purchase of such products. References about the uncertainty
faced by consumers related to the plethora of new goods and services available in
contemporary markets, including the internet, are plentiful (e.g., Birke and Swann 2006, Doyle
2007, Yang et al. 2007, Dasgupta et al. 2008, Dierkes et al. 2011).

Our main hypothesis is that agents may employ complementary mechanisms to define
their preferences, in order to mitigate the uncertainty of the transactions they perform under
imperfect information about the (potentially) desired goods and services. Among the candidate



mechanisms, one often cited is the interaction with other consumers — the familiar word-of-
mouth (WoM). The idea that agents may resort to informal conventions in situations where
uncertainty prevents strictly rational decisions, as is the case of WoM, is certainly not new. As
DiMaggio and Powell (1983) pointed, conventions and institutions have a role in the economy
beyond the usual normative and regulatory functions. Accordingly, a cultural-cognitive
dimension may be also critical to understand economic behavior (Tolbert and Zucker 1996).
Socially shared mental models — of a product quality, for instance — provide the cognitive
elements required by agents to make sense of the actions of other actors with whom they
interact, including the suppliers in a market transaction (Denzau and North 1994). This is
particularly critical when one cannot assume “well defined” (exogenous) preferences among
the goods/services available because there is simply not enough information to choose a la
Stigler and Becker (1977). In consequence, when the complete information assumption is
unfulfilled it becomes unreasonable to expect well defined or even stable preferences.
Therefore, the uncertainty associated with new or complex, hard-to-evaluate products
stimulates consumers to develop alternative, non-price strategies for choosing. Consequently,
preferences can no longer be treated separately from the market exchange process (Orléan
2003).! The information about prices and quantities is not anymore sufficient to fully orientate
buyers’ choices and, therefore, learning processes which are exogenous to the market
transaction must intervene (Beckert 2009). As an experienced market research professional
puts it, it is only “[a]fter the person acquires knowledge [about the good or service], [that] the
cost-benefit becomes decisive [for choice]” (Scheller 2012). Among those knowledge-
gathering mechanisms, it seems reasonable that information on the past experiences of agent’s
acquaintances is likely useful to assess her own preferences (DiMaggio and Louch 1998).

For a long time, most marketing scholars agreed on the importance of word-of-mouth in
the markets. In the business literature, WoM is associated to interpersonal, informal
communication about goods or services (Godes and Mayzlin 2004) and, overall, it is
considered to have substantial impact in the marketplace (for recent overviews, see Kozinets et
al. 2010 and Breazeale 2009). In particular, the positive and negative effects of WoM on the
consumer purchase decisions seem consolidated in the literature (e.g., Maxham 2001), even if
there is some debate about how and when the information individuals acquire from WoM is
effectively employed (Sweeneyet al. 2008). It seems also established in the literature the
importance of the reliability of information sources — and thus social proximity and the
strength of ties — both for the consumer’s decision-making as to the spread of new products
(De Matos and Rossi 2008, Martin and Lueg 2013). In addition, social networks are frequently
considered a suitable environment for the study of WoM, in both the consumer decision
process and the dynamics of social “contagion” (Doyle 2007, Rogers 2010). Powell and
Smith-Doerr (2004) and Saviotti (2009) extended the theoretical framework on how networks
influence economic life and the role of the agent’s ties in the acquisition and the dissemination
of knowledge. In economics, however, this is a subject of more recent, despite increasing,
interest (see, e.g., Campbell 2013).

! It should be noted that the uncertainty mitigation problem may be particularly critical in the case of services and
goods in which quality — or even usefulness — is not fully defined ex ante. It is an extension to the traditional case
of asymmetric information (Akerlof 1970), when quality is not known by one of the transacting parties. In the
current case, quality is potentially unknowable a priori to both parties involved in the transaction, because of the
impact of the transaction itself over the attributes of the transacted product, as presented later. Of course, this
situation does not preclude the simultaneous presence of some level of asymmetric information.
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From a Schumpeterian perspective, it is widely assumed that the generation of
innovations is often the driver of industrial sectors involved in technology-driven product
markets — the so-called technology push scenario? (Dosi 1982). Theory usually associates such
markets with dynamic (supply side) competition, at least in their initial periods, due to high
technological opportunities allied with reduced barriers to entry and fast-growing demand
(Dosi 1984, Breschi et al. 2000). Some authors propose terms like “Schumpeter Mark |
Regime” or “Schumpeterian competition” to describe this situation (Pavitt 1984, Dosi and
Nelson 2010). However, this general perspective needs to be better qualified in some
technologically-dynamic emerging markets, like the internet access, where frequently
competition is weak and concentration is high.

There are at least three streams in the literature to explain why “imperfect” competition
develops in markets like the internet access (1A). First, there is a large tradition of
investigating competition in (among others) the telecommunications and the internet markets
by the application of mainstream industrial organization tools: barriers to entry, network
externalities, game-theoretic strategic competition, incentives-based regulation etc. (Laffont et
al. 1998, Shy 2001, Varian 2002, Laffont et al. 2003, Viscusi et al. 2005). Second, other works
point to the relevance of innovation processes and formal institutions to the development of
markets for internet goods and services (Davies 1996, Kavassalis et al. 1996, Corrocher 2001,
Edquist 2004). Third, more recent efforts further advanced the analysis of internet markets,
often sharing some analytical roots with the previous authors, more frequently exploring the
sectoral dynamics from a supply side perspective (Funk 2008, Greenstein 2010, Pereira and
Ribeiro 2011, Besen and Israel 2012).

Conversely, to the best of our knowledge, not many authors have considered the
importance of the demand side processes for the supply side organization in cases comparable
to the 1A market. Although consumers of sophisticated products and services are frequently
recognized as an important part of the markets, most analyses and models simply treat them as
a rather static and homogeneous group of atomized individuals (e.g., among many, Schmidt
and Missler-Behr 2010). Even when (somewhat) heterogeneous consumers are considered in
the proposed models, the results produced by very simple interaction topologies cannot be
extended to networks more similar to the actual social engagements (Goyal 2007). Therefore,
we believe that the investigation of the effects of the demand organization on the market
structure should consistently consider the consumer heterogeneity and the institutional setup
behind the market interactions. Following Nelson (1995), we suggest that the theoretical
framework required for this kind of investigation must be based on technological and
institutional analytical vectors. This co-evolutionary approach is frequently proposed by
authors from both the Schumpeterian and the institutional traditions (Hodgson 1988, Nelson
and Sampat 2001, Fligstein and Dauter 2007) and seems appropriate for the present analysis.

As a last remark, the proposed (demand side-oriented) investigation of the industry
organization does not deny the operation of the usual causal mechanisms already explored in
the literature. We suggest that the potential effect of consumers’ networks is mainly
complementary. Supply side phenomena, like scale and scope advantages and network
externalities, are likely relevant as the literature indicates (e.g., Shapiro and Varian 1999).
However, we suggest that they may be not sufficiently powerful to explain the industry
organization in some cases.

2 In contrast to the demand pull market development, in which the (known) preferences of consumers guide the
technological development.



3. Empirical evidence

Our main objective is to contribute to the understanding of the impact, on the
competition between producers, of consumers interacting within social networks for industries
under strong innovation dynamics. To avoid addressing the issue in an abstract form, we
analyze the internet access service (IA) market in which the WoM phenomenon is likely
present.
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Figure 1 — Inverse Herfindahl-Hirschman index for mobile access service (2013).

Source: author’s analysis based on ITU (2014), OECD (2015), regulators reports and operators public
financial statements.

Despite the market vigorous technological dynamism and the broad regulatory
liberalization since its inception, the competition in the provision of internet access services
(1A) has been modest in most (but not all) countries. Figure 1 presents the Herfindahl-
Hirschman index (HHI), a usual measure of market concentration, for the mobile (wireless)
broadband part of the IA market in selected countries.® The high level of concentration,
usually far above the conventional level of 0.15*, is evident. When evaluating the evolution of
the concentration of the supply in the largest markets over time,” one notices a slow but steady
decrease in the fixed broadband segment. However, this reduction is partially offset by the
growth in the share of mobile access, which usually shows a higher concentration. This
explains the relatively stable (weighted average) levels of the aggregated HHI verified in many
countries (OOKLA 2014).

3 Similar broad figures for the fixed (wireline) IA market are not available but evidence from several countries
(OOKLA 2014) seems to indicate comparable levels/diversification of concentration. Anyway, mobile access is
the dominant and the fastest growing form of internet access, in both number of users and revenues.

* The US Department of Justice (2015) classifies markets with HHI between 0.15 and 0.25 as “moderately
concentrated” and, when above the latter mark, as “highly concentrated”.

5 Measured by the number of accesses to the site speedtest.net kept by OOKLA.
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To help understand the issue of obtaining the appropriate information for the selection of
an 1A service provider by the consumer, we cite a survey® by equipment producer Nokia
Siemens (2013). It found that, among users of mobile access, the main reason for replacing
providers — the churning — was service quality, even before cost considerations. The
assessment revealed that, as consumers adopt IA over a longer period, quality is the most
relevant subject in the decision to choose (or abandon) a supplier. Another survey by
consultancy firm Analysis Mason (2013) also showed that the top reason for consumer
dissatisfaction was service quality, for fixed and mobile accesses. In the same vein, a third
study,” by Ovum Consulting (2014), confirmed that broadband quality is the leading issue
among mobile service consumers. A fourth survey,® conducted by CVA Solutions (FSP 2013),
indicated that 73% of the fixed and 69% of the mobile IA consumers intended to change
providers in the short term (up to 12 months). In the same study, mobile and fixed access
services obtained the worst results among the 38 sectors assessed (goods and services to final
consumers).

The dismal 1A user satisfaction figures, reflecting a clear mismatch between consumers’
demands and the offers from suppliers, can be summarized in Figure 2. It shows one of the
main consequences of this dissatisfaction, the very high churn.® The global monthly rate of
3.6%"'" means that, on average, over 40% of world mobile access consumers exchange
providers yearly. This number has grown in recent years. Overall, only 24% of users are
satisfied with the current mobile provider (Nokia Siemens 2013) while 14% were evaluating
the change of the supplier of fixed IA in the next six months, compared to 23% of mobile
users (Analysis Mason 2013). It seems evident that the task of deciding with which access
provider to hire service is definitely not an easy one, despite quite common and important, and
subject to elevated risk of error.

Obijectively measuring the direct effects of word-of-mouth in markets is a long time
problem (Martin and Lueg 2013). On top of that, anecdotal evidence suggests that some
particular cultural and institutional circumstances of countries/regions may strengthen the
influence of WoM and the social network in the hiring decision. A survey from advertising
agency DraftFCB (Scheller 2012) in five countries showed that more than 40% of consumers
in China, India and Brazil usually receive the influence of their close social network when
deciding the purchase of (any) goods and services, over 29% in the United States and only
15% in Germany. Dasgupta et al. (2008) and Dierkes et al. (2011) used massive databases of
mobile phone call information to identify the role of interpersonal relationships. They
discovered that the loyalty of customers to the access provider strongly depends on the
behavior and the number of their acquaintances. The second group of authors also found a
significant presence of cross-buying among interconnected consumers. This influence was
identified with the diffusion process within their individual social networks. The weights of
the connections (measured by the frequency and the duration of calls between individuals)
were decisive for the dynamics of churn and cross-buy figures. Using a Markov network
model, the effect of the social network explained 19.5% of the churn and 8.4% of cross-buy
(Dierkes et al. 2011). Similar results were established in the case of online social network

68,700 respondents in Denmark, South Korea, Japan, United Kingdom, United States, Brazil, Colombia, Russia
(Moscow only) and India.

715,000 consumers and 2,700 companies in the 15 largest mobile country markets.

8 6,000 respondents in Brazil only.

% The churn measures the fraction of the users that leaves the base of a provider in a given period.

19 Monthly weighted average for 2013 in selected 25 major national markets (listed in Figure 2).
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services (Karnstedt et al. 2010, Kawale et al. 2009). In this direction, Doyle (2007) presented
data indicating that in the United States 76% of consumers of certain (more expensive) goods
and services consult friends before deciding on the purchase of such items. Friends were the
main source of information for decision-making, ahead of previous experiences with the
companies/brands (68%), media recommendations (22%), advertising (15%) and internet sites
(8%).

South Africa
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Brazil
Russia
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Nigeria
China
Mexico
Chile

Italy

Spain

UK
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New Zealand
Argentina
Turkey
France
Germany
us

Hong Kong
Canada
Sweden
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Switzerland

Japan

0% 1% 2% 3% 4% 5% 6%
Figure 2 — Average monthly churn rate for mobile access (2013).

Source: author’s analysis based on ITU (2014), OECD (2015), regulators reports and operators public
financial statements.

In the same vein, Bhatt et al. (2010) studied the acquisition of paid services within large
instant message networks. Again, the authors found an elevated correlation between the
adoption of products and the social proximity of adopters (cross-buy). Surprisingly, there was
little evidence on the influence of very connected individuals (the high degree nodes) but,
instead, a rather strong indication that the peer pressure was a more relevant force for
adoption. Finally, Yang et al. (2007) presented data on the effect of the individual’s social
group in the decision to purchase mobile phones in the United States and China. In the study,
the possible interpersonal guidance was evaluated at different levels (informational, utility and
valuation) and was statistically significant in both countries. Among the levels of influence,



the informational type had the greatest impact on consumer choice. Despite the cultural
differences, the results were quite similar across countries and different reference groups
(gender, age, profession). However, it should be noted that the social effect was not as
important as the price or the design/technology in determining the purchase, indicating the
competition between the classical decision criteria and the socially-influenced ones.

4. The model

The industrial research literature in economics often employs substantially distinct
methodologies: strictly “appreciative” case studies or extremely stylized mathematical
modeling. Our proposal adopts a middle ground, seeking to preserve part of the wealth of
details of appreciative analysis while maintaining quantitative rigor in the treatment of links
between the elements in action. Specifically, agent-based computer simulation associated with
calibrated pseudorandom graphs is adopted for modeling a market where consumers are
embedded in a complex social network. The proposed model is not intended to precisely
replicate all the historical details of the internet sector at the level of quantitative empirical
data but, mainly, to reproduce the sectoral development and stylized facts. This option also
favors the construction of a relatively parsimonious model in terms of tuning elements.

The model builds on the model of the internet access market developed by Pereira and
Dequech (2015), by extending the demand side to include a heterogeneous network of
consumers.*! Below we present in details these extensions. The supply side of the model is
briefly discussed in the Appendix (we refer to the original paper for a detailed presentation).
The model is represented by a set of difference equations in discrete time and each simulation
run? is defined by the set of time series for all state variables. The simulation is time driven
and all contemporaneous events are supposed to take place simultaneously at each time step
t =1,2,3,...,250. One time step is roughly equivalent to three months in real calendar time.
Most of the model’s parameters and initial conditions were set using OECD and some other
countries data as a reference, as a complete dataset from a single national market is not
currently available for the model calibration. However, despite the heterogeneity in the
selected group of countries, the existing matching IA market data is reasonably homogeneous
among them. Therefore, we believe the adopted values are sufficiently representative for the
current investigation. To control the level of bias introduced by this assumption, a rigorous
sensitivity analysis of the model to all parameters and initial values is proposed in the next
section.

There are two sets of agents in the model: internet access service (IA) consumers and
providers (both incumbents and entrants). The model simulates the interactions among these
sets of agents with heterogeneous attributes.’® The agents handle different entities in the
model: technologies (generations of capital equipment to build the physical service networks),
capital equipment (the service networks owned by the providers), 1A service offers (set by
providers and hired by consumers) and social networks (formed by consumers). The timeline
of events in each time step is: (i) a single network equipment vendor performs technology

1 The model, the presented configurations and the required scripts for the analysis of the results are available for
download at http://github.com/XXXXXXX/YYYYYYY.

12 The model was coded in C++ using the Laboratory for Simulation Development (LSD), created by Marco
Valente (2014), and all data analysis was done in R (R Core Team 2016).

3 The number of both types of agents is not fixed, being driven by the synthetic graph generator limits and the
simulation run time development, potentially reaching several thousand consumers and a few dozen providers.
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search, trying to increase the productivity of existing equipment vintages and, eventually,
launching new, substantially more productive technology generations; (ii) bankrupt or too
small providers leave the market; (iii) prospective entrant providers evaluate the convenience
(profitability and demand opportunity) of entry and select initial network capacity (capital);
(iv) providers define offers prices and network investments for the period, given the (myopic)
expectations of change in the number of consumers; (v) over time, new consumers come to the
market and search for a provider, considering both price and expected quality, subject to their
budgets and under the influence of the social network; (vi) periodically, existing users assess
the opportunity of replacing their suppliers, considering switching costs/benefits, expected
quality and the social influence.™

The key transaction in the model is the selling (by providers) and the buying (by
consumers) of internet access service. This sell-buy operation is of a particular kind because
the quality of the product is only defined after the transaction takes place — in the model and in
reality. Ex ante, quality is just an expectation to both consumers and suppliers, even if the
latter are potentially better informed. This is due to technical and institutional reasons. A
typical internet user drives data — in and out of the hired access network — during a small
fraction of the time the service is available. For each individual user, most of the time there is
no data to be transported. Given that all users of a single provider (to some extent) share the
same network, it makes sense to dimension it according to the expected joint data traffic
distribution, in order to avoid (potentially huge) idle capacity. This strategy significantly
reduces the required resources, in average, to service each user because several can share the
same facilities simultaneously. Shared networks cut costs by orders of magnitude when
compared to dedicated ones. The main issue is how to guarantee the quality levels in a shared
scenario under non-discrimination regulations."® Since networks are planned and built long
before consumers effectively contract services, providers have to plan ahead assuming the
expected number of customers and their usage profile. Of course, this strategy is based on an
adaptive learning process where errors are unavoidable. If providers “overbuild” capacity, the
quality perceived by the users tends to improve somewhat in comparison to the (planned)
“good” quality standard but at a higher cost. On the other hand, if they “underbuild”, quality
will sharply diminish — as traffic above the planned level congests the shared facilities in a
markedly nonlinear way.

In the model, as a simplification, we suppose that consumers have a fixed notional
traffic profile, that is, a certain required bandwidth that is fixed and the same to all consumers
in a given time step t (but may still grow over time). We also assume that each provider has
only one type of service, meaning all of its users experience the same quality level. Therefore,
the quality of each firm depends on how effective demand compares to the network capacity
actually installed (the total bandwidth supported by provider i in t). We thus define the ex post
effective quality level M} offered by the provider i to all its users in period t as™

% Of course, this is a simplification, as in reality the consumer also considers other attributes when choosing

providers (voice and TV services for instance). However, the importance of the access is growing quickly.

1> In most countries, providers of “public interest” services like internet access are forbidden to refuse willing
customers or discriminate them in terms of prices or other conditions for the provision of the services.

18 |n what follows, the subscript ¢ represents the t-th simulation time step, the superscript i represents the i-th
provider, j, the j-th technology generation, and k, the k-th user.
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1
Mti:(—j), 0<g<1 (1)
t

M} is inversely proportional to the current number of customers Q; served by provider i
and directly related to the installed capacity Q; of its network in the same period. q is a fixed
parameter that accounts for the nonlinearity between capacity mismatch and quality as
perceived by the consumers (their “acuity’). Conventionally, each provider plans its network
to provide the notional quality level M} = 1. Of course, this value is achieved only if the real
number of customers matches the expected quantity. Here, we assume that the unit used for
network capacity measurement is the number of “average users” it can support under the
(notional) standard level of quality. The capital equipment vendor designs one unit of network
physical capacity (capital) in order to exactly meet the demand from one consumer under the
standard quality level.

The population set V = {1, ..., k, ..., popmax } COMposes the nodes (vertices) of a graph
G = (V,E) where E is the set of social links (edges) between them and the parameter
POPmax 1S the number of potential consumers, so the social network can be represented by an
undirected and unweighted graph. Or, equivalently, by the graph G = (V, e) where e = [ey;],
k # Listhe pop,ax X POPmayx @djacency matrix, listing which vertices (potential consumers)
k and [ are connected (have relationship therewith) when e;; = 1, or not, if e;; = 0. Because
there is no available empirical microdata on directly equivalent consumer networks, we opted
for the generation of synthetic networks (or pseudorandom graphs) calibrated using
information from a real social network.'” Thus, it is possible the application of appropriate
algorithms for the creation of (several) pseudorandom graphs that closely reproduce the
statistics of the original network (Albert and Barabasi 2002, Dorogovtsev and Mendes 2002).
Among the many options assessed, the 2.5K-Graphs algorithm*® proposed by Gjoka et al.
(2013) was selected.™® The social network structure (the adjacency matrix e) remains constant
throughout the simulation.

Demand is modeled assuming that individuals become consumers over time. The growth
in the number of potential consumers happens among the members of the fixed population in
G = (V,e). It is modelled as a contagion process that leads to a logistic curve (Rogers 2010)
and is roughly calibrated to match real data. Consumer growth reaches saturation around
t = 150. New IA consumers are heterogeneous in three dimensions: budget, preferences, and
social network connections. Individual budgets are randomly (normal) distributed according to
empirical evidence. They also have heterogeneous preferences (defined by the b¥ parameters,
x = 1,2,3, presented below) randomly and uniformly distributed.

Each (potential) consumer k is interested in hiring internet access service for a given
term T, (parameter). After contracting with a provider, user k pays a fixed price P} each
period for the term of the contract. Firms may adjust their prices at every time step so
providers may offer different access prices to new consumers in the future (P, , 5 P h=

1,2,...). P} is based on the firm i desired price P} that is compatible with a given (fixed) target

7 The generated graphs represent “synthetic” social networks, similar to the real ones from which the parameters
were obtained, being pseudorandom only in their non-structural properties (see next note).

18 As the name 2.5K indicates (Mahadevan et al. 2006) the algorithm simultaneously reproduce the joint degree
distribution of pairs of nodes (2K) and the average degree-dependent clustering coefficient of the network (0.5K).
19 Other promising alternatives were discarded because of the inferior capability in simultaneously reproduce
network parameters or due to the algorithmic inefficiency.
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profitability margin on invested capital. The P} effectively set by each provider depends also
on its current market share rate of change (s}) and the expected unit cost. In a “tatonnement”
process, the firm gradually increases P} while it is below the desired price P} and market share
is increasing (s > 0). When losing market share (s} < 0) and its price is above unit cost (c‘f’i)
the firm gradually reduces price P{. Otherwise, the price is kept constant.?

Every time step a new consumer k arrives in the market, or an old contract expires, she
ranks all IA providers according to a CES Cobb-Douglas® expected utility function Uti'k and
selects the provider with the highest expected utility considering her budget BE.

o 5 bk s bk . Bk
0 = (B2)" (115)" (0.5 + 5i%)” @
Ef = Ptbf: E§ = ptbg, Eé‘ = mbé‘,

1 —bk INPTOV i, o) (3)

TN G3)

Pt>0, bk+bf+b¥=1, bF=0, b¥=0, bk¥=0

Parameters b¥, b¥ and bX represent the weights the user attributes to price, quality and
social influence when evaluating providers and are heterogeneous (uniformly distributed)
among consumers. P} is the current price of provider i and P, is the (market share) weighted
average price. Mti”‘ is the expected quality of provider i, as perceived by consumer k. Mti'k §
usually different from M}, the real quality experienced after the service is contracted. The
expected quality M,f'k is derived from M{_, plus some white noise (zero average). Existing
customers of provider i are able to read M/_, directly (no noise), so they can form more
accurate (but still myopic) expectations.

In (2), the influence of other users on consumer k, received through its neighborhood
N(k) = {l : e;; = 1} in the network G = (V, e), takes part in the calculation of the expected
utility. The main effect of the network concerns the local market share sti'k of each provider i

inside the social realm of user k (the subnet N(k)). The term (0.5 + sgi‘l)b§ models this relational
influence of the consumer acquaintances’ choices (the word-of-mouth effect) and represents
an expected positive externality to (locally) popular providers, as the ones unknown in user k
neighborhood are less likely to be chosen. This bias may cause the consumer to choose a
provider with inferior objective attributes (in price or quality) but more frequently adopted
among known people, even in the absence of tangible benefits other than a possibly better
evaluation of quality. Note that, in this case, we do not have the classical phenomenon of
network externality (Shy 2001), as it is assumed that sharing the same provider with friends
does not bring any service-associated advantage to the consumer. On the contrary, this

20 The equations describing this and the remaining key model mechanisms are presented in the Appendix.

21 Other functional forms were evaluated for the utility function, in particular lexicographic preferences (Valente,
2012) and error-correcting social learning (where the information coming from the social network is applied to
reduce the quality expectation error of the consumer). In the first case the model results were not significantly
different, so we opted for the simpler formulation. In the second alternative, relevant different results are
produced only if we assume non-systematic (zero average) errors by users, an inadequate premise in this case.
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preference can make the choice rest with a sub-optimal (expensive or congested) provider —
one offering a subpar price/quality ratio.

Under the specification set in (2) and (3), the model allows for the inquiry of the
decision process in a 3-dimensional space (price x quality x network influence).?” As b¥, b¥
and b¥ vary inside the unit simplex among the consumer population, some individuals may
have preference for lower prices (b¥ > b¥, bX) or for higher expected quality (b¥ > bk, bk)
while others may value more social conformity (b¥ > b¥, bX). Yet, some potential consumers
may not hire any provider, if their budgets are inferior to the lowest price P} available.
Parameters b¥, b¥ and b¥ are still “modulated” by the penetration 7, of the IA service in the
consumer k neighboorhood N(k) (in (3), IN(k)| is the number of neighbors, |[NP™°Y(k, t)] is
the current number of neighbors already adopting IA service and 6 is a parameter that models
the proportion of purchase decision makers in the population). As b¥, bX and b¥ sum must
adjust to one in (3), b¥ increases its relative weight as the 1A service diffuses.

Lastly, it is important to note that in the model technical progress has distinct impacts
over the agents. For the consumers it mainly produces lower prices and adequate quality levels
(growing capacities) for the IA service but, as a simplification, no real product innovation. For
the providers, technological innovation is represented by two types of advancements:
“incremental”, associated with regular but minor unit cost reductions of existing technology
generations, and “radical”, when new capital equipment vintages j with significantly lower
unit cost are (less frequently) introduced. Firms prospectively plan network capacity Q: for n
periods, by setting expectations about the acquisition (or loss) of customers, that is, changes in
relation to Q}_,. When network investment I} is required (Q} > Q}_,), firm i acquires new
equipment incorporating the latest technology. There is no substitution of capital already in
place, except if equipment is at the end of economic life. The corresponding equations and
details are presented in the Appendix.

5. Model results

The model outcomes are qualitatively quite close to the empirical stylized facts
described above.”® We start this section with an overview of the results then move to the
analysis of the robustness of the findings. All model results were evaluated by distribution
moments estimation over observations from 50 simulation runs due to the presence of
stochastic elements in the model.** The number of runs was selected to ensure at least +5%
precision of the estimated moments at 95% confidence level. The statistical distributions of
most output variables were unimodal and reasonably symmetrical to justify the adoption of
averages and variances as descriptive parameters of the model results.® The model requires

22 Indeed, the second and the thirds dimensions try to capture information about the same point, the expected
quality, but by different learning channels: individual/general available information (consumer past experience,
specialized media, advertising etc.) vs. information carried by acquaintance’s network (“what my friends do”).
2 Unfortunately, being a relatively “young” market, the IA empirical time series are still too short for a
comprehensive and meaningful quantitative validation of results.

?* The model runs are generated using different “seeds” for the pseudorandom number generator, assuring the
absence of serial correlation in the results, including for the pseudorandom graph (the synthetic social network).
2 Also, unit roots (Augmented Dickey—Fuller, Phillips-Perron and Kwiatkowski-Phillips-Schmidt-Shin) and
ergodicity tests (Kolmogorov-Smirnov, k-Sample Anderson-Darling and Wald-Wolfowitz) were performed to
ensure the time series were stationary and ergodic so the distributions moments adequately represent them.
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the setting of 42 parameters and 9 initial condition values (for lagged variables), presented in
the Appendix.

The calibration of the pseudorandom graph generator was done by maximum likelihood
estimation using actual network microdata from Viswanath et al. (2009).%°After initial
screening of potential candidates, we selected a representative sub-network of the online social
network Facebook. Apart from being a network that, by construction, is created from actual
networks of human social relationship, the large dimension of this network, which includes a
representative sample of the US population (Gjoka et al. 2010, Sala et al. 2010, Ugander et al.
2011) was also important to ensure adequate calibration of the graph generator. Using the
2.5K-Graphs algorithm (Gjoka et al. 2013), a set of 50 calibrated and distinct networks were
produced.?” As expected, the metrics of the generated networks (Table 1) were close to the
ones obtained from the original Facebook network in 8 countries (Wilson et al. 2009), even
after the significant downscaling (of about 1:5). Also, the main statistical distributions of some
important features (for human social networks) showed compatible behavior.?? For instance,
the degree distribution (the number of connections that each node has the network) has the
usual scale-free (“fat tail””) property.

Table 1 — Network metrics.

. . Avg. Avg. Avg. - Power-law

Density  Diameter Path Length Degree Clustering Assortativity exponent
Synthetic 0.0022 10.36 3.56 28.32 0.201 0.038 2.01
Facebook 0.0071 13.40 4.80 25.30 0.171 0.17 1.50

Source: average values for 50 synthetic networks vs. Facebook metrics from Wilson et al. (2009).

In Figure 3 the substantial churning stylized fact is clearly reproduced by the model as
an emergent property — as it was not explicitly programmed. Churn around 4% per time step —
with an initial growth trend — are observed during the period of demand acceleration (t < 50).
However, even after market saturation (¢t > 125), churn is still consistently high, usually
above 1%. Also, the narrow confidence interval — the region between the dotted lines — shows
that this stylized fact is consistently reproduced in most (if not all) runs.

The overall market competition remained very limited in most simulation runs, as
presented in Figure 4, with the Herfindahl-Hirschman index (HHI) for market shares stable
and above 0.25 for most of the simulated time, closely replicating the high concentration
stylized fact. The relatively narrow confidence band indicates that the concentration is
systematically high among runs, thus not being driven by the stochastic components in the
model. It should be noted that this result was obtained without enabling in the model many of
the advantages usually attributed to the incumbent — the “barriers” to entry — such as
economies of scope in advertising and marketing activities, synergies/complementary products
etc. Economies of scale, however, are enabled, in accordance with the empirical evidence.

% The use of pseudorandom graphs of “high fidelity” requires the availability of representative actual samples of
meaningful emulated networks to allow the statistical estimation of the large number of required parameters.

2" The “synthetic” networks were scaled down to about 13,000 nodes and 180,000 connections each, to keep
computation times manageable, with no significant loss of network “fidelity” as indicated by Table 1.

%8 Details on all distributions are available in Pereira (2015).
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Figure 3 — Churn rate (y-axis) over simulation time (x-axis).”®
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Figure 4 — Herfindahl-Hirschman index (y-axis) over simulation time (x-axis).

Considering that the model consistently matched the proposed stylized facts, the next
step is to evaluate how robust the findings are, i.e., if outcomes depend on particular
configuration set-ups or, conversely, represent more general — or “structural” — properties of
the model. To answer this question, an in-depth sensitivity analysis of all parameters and
initial conditions (the “factors”) was performed. Factors were extensively tested over the
entire plausible ranges of values that are still compatible with (somewhat above) extreme

2 In the following plots the x-axis represents time in simulation time units (one quarter), unless stated otherwise.
The results are shown by their averages (continuous line) and the confidence intervals from multiple runs (dotted
lines). Intervals have a significance level of 1% so they “enclose” the results of the vast majority of runs.

15



empirical magnitudes. Factors without empirical references were tested over their full
significant range.

Sensitivity analysis (SA) of all factors was initially performed using the elementary
effects (EE) screening technique® (Morris 1991, Saltelli et al. 2008) on all important market
indicators®’. The idea, at this stage, is to identify the factors that induce significant changes in
the indicators under analysis, either directly or through interaction with other factors. Not
surprisingly, only a subset of the factors — less than half of them — was able to affect the model
results in a quantitatively relevant level. However, the SA of simulation models cannot be
fully assessed, on rigorous grounds, only by the application of “one-factor-at-a-time”
procedures, like EE or ANOVA (analysis of variance), because of their characteristic
nonlinearity and non-additivity properties (Saltelli and Annoni 2010). To overcome this
restriction Sobol decomposition®? (Sobol 1993, Saltelli et al. 2008) was performed to achieve a
robust assessment of the quantitative impact of the factors over the selected indicators,
considering the entire (global) parametric space as well nonlinearity/non-additivity. However,
due to the relatively high computational cost to produce the decomposition — several
thousands of runs — a simplified version of the original simulation model — a meta-model —
was specified and estimated for this purpose using Kriging (Salle and Yildizoglu 2014).%
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Figure 5 — Herfindahl-Hirschman index sensitivity on an 11 factors meta-model.
(The gray area in the bars indicates the part of the effect due to interactions with other factors.)

%0 Elementary effects technique proposes both a specific design of experiments, to efficiently sample the
parameter space one-factor-at-a-time, and some linear regression statistics, to evaluate linear and nonlinear
effects of factors on indicators. It represents a richer and more efficient alternative to traditional ANOVA tests.

3! Indicators used: churning, quality index, concentration indexes (HHI, CR4), number of providers, market size,
profitability, average age of firms, and weighted averages and variances of market prices.

%2 Sobol decomposition is a variance-based, global sensitivity analysis method consisting in the decomposition of
the variance of the chosen model indicator into fractions according to the variances of the factors selected for
analysis, better dealing with nonlinearities and non-additive interactions over the entire factors domains space.

% The Kriging meta-model “mimics” our original model by means of a simpler, mathematically tractable
approximation. Kriging is an interpolation method that uses a machine learning method (Gaussian processes) to
provide, under fairly general assumptions, the best linear unbiased predictors for the response of complex, non-
linear computer simulation models. The meta-model is estimated from a set of carefully picked observations from
the original model using a highly efficient near-orthogonal Latin hypercube design of experiments.
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The Sobol decomposition was performed with different meta-model specifications using
the top 7, 11, 16 and 27 factors found on the EE screening. The meta-model including the 11
top factors provided the better fit to the original model (minimum RMSE and MAE) and so
was selected as the base model. The global SA objectively identified the contributions of each
factor to the concentration index (HHI) as presented in Figure 5. Both individually and in
interaction with other factors, the parameters ¢, and b;-b5>* have the largest potential for
changing the concentration levels in the simulation. In particular, the SA shows an
intermediate HHI level under the model calibration values (the round dot in the plots). Thus,
there is reasonable potential for variation of the HHI — positive and negative — by changing the
critical parameters. This is clear in Figure 6, which indicates the (meta-model) predicted HHI
along the entire experimental domains of these parameters. The first two plots present the
individual effects and the third, the joint influence.®
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Figure 6 — Meta-model predicted Herfindahl-Hirschman index response for particular factors.

(The round dot indicates the predicted response at calibration settings, the other markers are at the
maximum and minimum response values. All other factors are set at the model’s calibration values.)

However, the interesting results in Figures 5 and 6 are the meta-model predictions, not
the original model outcomes for those parameters configurations. They point to interesting
areas of the parametric space but are only interpolations over a limited sample of the original
model true response surfaces and so subject to errors. To confirm the meta-model findings,
further exploration of the original model around the interesting areas was conducted for some
critical sets of parameter values, in particular, the level of economies of scale c;, the consumer
budgets growth rate gg, the quality perception nonlinearity level g and the preferences weights
averages b;-bs. In the chosen test sets, the parameters values were selected to minimize or
maximize the HHI value during most of the simulation time, now in the original model. In
figure 7 we present the HHI response to the three most interesting test sets. Set 1 provides the
maximum (average) concentration over most of the entire period. Sets 2 and 3 produce
minimum HHI in different phases of the simulation, at the beginning or at the end,
respectively, and in both cases provide averages which fall below or close the conventional

% Representing, respectively, the economies of scale parameter for the providers’ operating costs and the
consumers’ preferences sensitivity parameters to price, quality and social influence.
% Because b, , b, and b are defined in the unit simplex in the figures they are represented by

- b,

by, ==—1=
27 b +b,

and 133:1_1;1_52
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limits of moderate concentration (0.15). These results indicate that the high HHI level is not a
structural property of the model and further research of its causes is necessary.

Using the model as an investigation device, we found that the increasing effects on HHI
observed in Figure 7 were due to: (i) the rise of the economies of scale (higher c;); (ii) the lack
of growth in the budgets available to consumers (lower gg); (iii) the reduction of the acuity of
users to quality differences between providers (lower g); and (iv) the higher influence of
acquaintances (b3) and of prices (b,) in the consumer's utility/decision. The first two processes
are expected and their action is usually considered in the literature. On the other hand, the
somewhat surprising mechanisms operating in (iii) and (iv) are also important for the market
concentration but are far less frequently discussed.

The lower is the accuracy with which consumers realize differences between providers’
qualities (represented by parameter q), the less valuable is the expected quality as a decision-
making information. If expectation error is present (as it is here), the quality evaluation by the
consumer can become counterproductive (reduced discriminatory power), as at some level the
“noise” in the market may surpass the weak signal she is trying to “detect”. As q decreases,
the importance of some alternative, proxy forms of quality evaluation that is not associated to
direct (technical) observation, like WoM, is reinforced. In the absence of such proxies, better
services offered by entrants are not recognized by consumers, easing the defense of
incumbents’ market shares by means of lower prices. Indeed, the lack of effective quality
proxies reinforces the benefits of economies of scale (c) for the incumbents, by reducing their
costs vis-a-vis the entrants and facilitating low-price strategies for them, as reflected in the
model results for test set 1.% Here, the model advances on the explanation of the mechanisms
that both generate the situation on the consumer side, at first place, and propagate its
consequences to the provider side of the market.

1 4
— —Set1

Calibration

0 T T T T 1
1 51 101 151 201
Figure 7 — Herfindahl-Hirschman index for alternative parameter sets (original model).

An even more unusual theoretical justification for market concentration is the effect
induced by the feedback between collective and individual choices, at least in the scope

% The association of incomplete information with market failures is obviously not new. The concept has been
explored from the seminal work of Akerlof (1970) but is not systematically associated with market concentration.
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proposed here. This issue was addressed by a few authors of empirical studies, such as David
(1985), Jonard and Yildizoglu (1998) and Birke and Swann (2006). Before them, researchers
in various disciplines warned of the importance of social networks — in general — for the
dissemination of new products, technologies, ideas, etc. (Rogers 2010, Dosi 1991). However,
even in the modern industrial organization their role in the diagnosis of uncompetitive markets
is limited to the issue of tangible network externalities (Arthur 1989, Shy 2001). This is the
situation where the market movements, as a whole, signal and coordinate the optimal action of
all consumers. However, this is not the case here since it is unreasonable to assume that by
adopting the most “popular” supplier in their social circle the consumer could expect the kind
of tangible positive payoffs proposed by the network externalities literature.

In our model, it is relevant that the significant impact of WoM on the market
concentration shows up from relatively small values for b, the parameter defining the
intensity of the social effect on consumer decision. Starting from b; ~ 0.2 (or half of the
calibration setting), over time the influence of WoM transits from significant to dominant.*’
The introduction of endogenous factors in the formation of preferences, although in a minority
proportion, caused an emergent phenomenon of downward causation (see Hodgson and
Knudsen 2004 for another example). The process of feedback between the emerging structure,
represented by the choices of a group of users in a given context and the individual decision
increasingly affected the sector organization dynamics over time. This mechanism features an
intrinsically different situation from the classical network externality case, as consumers do
not tangibly benefit from the number of “friends” connected to the same provider’s network
(given the interconnection between networks). The best they may get is an intangible payoff:
(i) an uncertain and biased clue about quality, and (ii) some social “comfort” when choosing
under elevated uncertainty.

To further illustrate the strong effects of the social network on the industry organization,
Figure 8 shows the results (50 runs averages) for different values for b;, b, and b5 (all other
parameters are kept at calibration values). Given the absence of objective empirical data to
calibrate these parameters, the strategy here is to explore the entire space of parametric
alternatives, taking advantage of the fact they are defined in an unit simplex (b, + b, + b; =
1). As a consequence, this exercise shows the required weights combinations in the
consumers’ utility equation (2) to produce more or less concentrated markets. In practice, it
directly shows the effect of different WoM levels (b3) on the industry organization (HHI),
taking advantage that the causation direction is known (from the demand to the supply side).

In Figure 8, the latitude of the possible consequences to the market structure is
surprising. Considering first the scenarios without social influence (labeled in the format “XX-
YY-00", b; = 0.XX, b, = 0.YY), the HHI results are contained in a significantly narrow
[0.05; 0.34] range (at 95% confidence). As expected, the greater the weight of (technical)
quality expectation (b,) in consumer decision, as in curves “00-100-00” and “50-50-00”, the
more competition is encouraged, leading to HHI lower than 0.1 in the long term*® and below
the conventional threshold level for significant concentration (0.15). Also along the
anticipated results, if the model is set for (low) prices only (b,) preferences (curve “100-00-

%" This is the reason the Kriging meta-model (erroneously) gives relatively low importance to the value of b, in
the prediction of the HHI: when b5 is set above a small threshold level it induces a sharp nonlinear hysteresis
effect on the HHI so the “smoothing” characteristic of the Kriging interpolation process does not model it well.

%8 Even under the presence of economies of scale, these scenarios provide substantially greater competitiveness to
small firms, because they can focus on niches of quality-demanding consumers inaccessible to large incumbents.
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00”), the opposite occurs: the user focus on prices only allows the major incumbents to benefit
from the reduced costs provided by first-mover and scale advantage and the HHI remains
above 0.3 (high concentration). More surprisingly, the neutral case of consumer “rational”
preferences, when one considers a price and quality balanced mix (“50-50-00"), produces low
concentration (HHI at 0.07) at odds with the empirical evidence, even under the presence of
significant economies of scale.
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Figure 8 — Herfindahl-Hirschman index for alternative b;-b,-b3; parameters settings.
(Calibration setting (“50-10-40") and eleven alternative scenarios identified by the labels in the format
“XX-YY-ZZ”, being b; = 0.XX (price), b, = 0.YY (quality) and b; = 0.ZZ (social network).)

However, in all the scenarios in which social influence (b3) is above a certain threshold
(labeled “XX-YY-ZZ”, b; = 0.ZZ), the robustness of the results showing significant
concentration is remarkable. For all combinations of parameters in which b5 is larger than
values around 0.2, the HHI exceeded the conventional concentration limits and were closer to
the empirical data from most countries. As the role of WoM gets more important in the model,
the expected levels of market concentration unequivocally raise. This remains true for any
given ratio of the preference parameters for price and quality (b, /b,), often by a wide margin.
Still, one can argue that this result could be a consequence of the (arbitrary) specification
adopted for the consumer choice (Eq. 2). However, further investigation showed that the
continuous feedback of the social process is the determining factor for its relevance, much
more important than the specification employed,® particularly in the long run. It seems to be
in action here a particular form of the phenomenon of dynamic increasing returns or lock-in
(Arthur 1989). The stylized case of pure social influence (curve “00-00-100” in Figure 8),
where the market quickly stabilizes after just a few consumers arrive, demonstrates the power
of the social lock-in in the model.

% As already mentioned in Footnote 21, several experiments were made with different alternatives to the
functional specification of Equation 2. Also, different social network structures were tested without qualitative
changes to the outputs of the model.
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Evidently, the results above are a consequence of the assumptions made during
modeling, which can lead one to question such relevance of the social network and WoM as
tautological. However, this is definitely not a self-evident criticism here. The market
concentration level effectively emerges in the model as a macro property originating from the
interactions of many independent consumers and firms. At the firm level, the model shows the
usual market turbulence, with large incumbents still shrinking and even getting out of the
market over time and some entrants succeeding. The difference from a more competitive
market is more subtle. The temporary lock-in inside the local acquaintances’ networks
introduces a bias in the success probabilities distribution among the population of firms. In
other words, just being “popular” among several local peer neighborhoods is not a sufficient
condition to indefinitely keep the local lock-in around a given incumbent provider. Sooner
than later, an insufficiently adequate combination of price and effective quality from a
“laggard” incumbent, driven by the technology dynamics, can easily move customers away
and to a different lock-in state.

In summary, with the aid of the model it was possible to assess that the process of word-
of-mouth inside local interaction networks is potentially more central than habitually assumed
in the organization of industries. In line with the empirical evidence, the model shows that the
hypothesis of the influence of the demand side set-up in the sectoral competition is logically
compatible with the historical trajectory of concentration (at the macro level) of the internet
access market. Thus, suggesting that without the concurrence of some demand side features a
highly concentrated market structure would be far less plausible.

6. Concluding remarks

One of the critical benefits of computer simulation models is the possibility of
experimentation with different interaction structures among agents. This allows for the
analysis of issues related to the social networks in which they participate and their influence
on the emerging systemic features. As shown in the paper, the proposed model enables local
interaction between providers and consumers and among the latter, giving rise to a meaningful
evolving complex social system that, in turn, produced interesting, surprisingly close to reality
emergent properties.

The model unequivocally demonstrated the centrality of the endogenous formation of
consumer preferences for the organization of some markets. By “granting” to the
acquaintances’ network a “voice” in the purchase decision, even if at a modest weight, the
consumer opens herself to influences that are beyond the purely informational dimension.
Considering the dynamics of information diffusion within large, sparse and uneven networks,
social influence brings to the analysis new and essential variables. They showed essential for
the understanding of the market demand, confirming our hypothesis on the economic
relevance of the word-of-mouth. In this sense, the process of endogenous preferences
formation entailed by WoM was decisive for the obtained results also on de supply side. As
word-of-mouth stimulated local and transitory lock-ins of consumers in certain incumbent
offers, in aggregated terms it reduced the competitive advantage of higher quality entrants and
increased the effectiveness of incumbents’ economies of scale. Therefore, the introduction of
even modest WoM shocks in consumers’ preferences formation originated a phenomenon of
emergent nature that was able to completely change the industry organization dynamics. At
the end, it showed the potential to effectively constrain the development of Schumpeterian
competition.
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These are relevant results that, we believe, deserve further consideration in the studies of
marketplaces, not just in economics. This includes normative issues about antitrust and market
failure due to asymmetric information. Bringing the demand side to the center of the analysis,
without discarding the intricacies, idiosyncrasies, and bounded-rational nature of consumers’
decision making, will certainly throw light on several phenomena that are not well understood
yet. Finally, those conclusions also make clear the importance of considering markets — and
the whole economy — as real complex evolving systems and, so, of applying the appropriate
methodological tools.
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Appendix

Agents/objects and associated state variables

Consumers (k)

Name Description Initial value Name  Description

B User budget u=100,0 =200 Uti‘k Expected utility of provider
M;"k Expected quality of provider Prov}f  Selected provider

Ptuser'k Price to be paid by user

Internet Access Providers (i)

M} Network quality of service D} Depreciation
P} Price of access service 100 Ntt“h'i Number of technologies used
st Market share 0.25 Ef’i Expected avg. unit capital cost
; i Expected avg. unit variable
Q; Total number of users o P &
cost
o) Total network capacity u=250=25 ct Operational costs
K} Total capital employed ! Profits/losses
Kt” Total capital in technology j ALit Accumulated profits/losses
I} Investment

Network Technologies (j)

Pttech.j Unit price of technology cm{ Unit maintenance cost

erm.n Minimum required capacity 10 Pr(dg) Prob. incremental innovation
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a’ Productivity 0.001 Pr(d;)  Prob. radical innovation
Global

P, Average weighted price N#€"  Total users in market
NFP™"  Total provider in market 4

Parameters

Name Description Value Name Description Value
Jusers  Growth rate potential users 0.05 g™ Min. acuity for market share  0.05
poP, Initial population (x10000) 180 Dstep Price change step rate 0.05
DOPmax Final population (x10000) ~13000 DPiner  Prob.incr. innovation 8

0 Share of decision makers 0.35 Prad Prob. radical innovation 28
Tavg Average contract duration 4 Viner  Std. dev. incr. innovation 0.05
Toar Variance contract duration 2 Vyad Std. dev. radical innovation 1.7
bk Price sensitivity in utility [0.0,1.0] €max  Max. entrants per period 1

b¥ WoM sensitivity in utility [0.0, 0.8] Se Min. market share to entry 0.05
eé‘ Std. dev. quality perception error  [0.0, 0.5] ko Avg. entrant share 0.05
ek Min. utility improv. for change [1.0,1.5] Smin Min. share to stay in market  0.01
cmy Maintenance cost ratio 0.005 Sinc Min. share incumbent 0.2
o Fixed cost per user per period 100 Tine Min. period to become inc. 20
Cs Scale factor for operating costs 0.9 win  Min. period between entries 4
mt Target return on invested capital  0.17 Toxit Bad periods before exit 20
mi, Adaptive planning factor 1 q Quality perception acuity 0.5
mg Capacity forecasting profile 0.5 i Interest rate 0.04
Tyian Network planning period 4

Key equations

Installed network capacity Network capacity planning
Nttech,i ; . i i
i J i % if Qi <Qin
Q= ap K¢ i ( i _ i )
— i mQ Qt Qt—n . i
j=1 ~i ) Q¢+ if St < Sinc
Nttech,L Qt = o n
[y user user
; i i - mbsi(N, — NK5 .
— ij e°t\UVt t-n .
Ki= > K Qi + . i SE> Sine
j=1 plan

The network built by each provider i consists of equipment of different technological generations (stock of
capital K/). The total installed capacity in the network of provider i, Q}, depends on the productivity a{ and the
stock of capital Kti’j of each vintage j operating at the time. Nf“h'i represents the number of distinct vintages in
operation in time t by i. When network expansion is required (0} > Q}), the provider acquires new equipment
using the latest technology j¢ available which provides productivity ag.SmaIIer firms (st < sinc) plan network
capacity, @, prospectively for Ty1an PEriods, by setting expectations about acquisition (or loss) of new users QL.
Larger firms (s{ > si") evaluate future demand in terms of total market growth (N}¢" — NXS€T). N¥¢ is the
total number of effective users in the market. Parameter mg represents the expectations about the future,
adjusting for how much of the past growth is expected to repeat itself in the future. When the provider has an
expectation of reduction in the number of customers (QF < Q!_,,), it keeps the existing installed capacity.

Investment decision
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(mllvlétlr - Qé 1t Dt,é)thChrc if mIiVIQt Qt 1t Dt = Qmm

Il = ]
tech]c if m,let Qt 1t Dt < len

leTL
Ki=Ki,+1

Firms decide investment I based on the planned network capacity Q! considering the existing capacity Q; plus
the running depreciation, D;. Economic depreciation considers the net present cost of running existing capital
vintages and replace network vmtages as soon replacement cost presents positive net present value. th Je g

the unit price of technology j£. ml, is an adaptive parameter, adjusted according to the learning of prowder i
along the simulation to minimize the planning error. The investment decision is subject to a technology-specific

fixed minimum scale Qmm, even if the desired investment is below that threshold. As new technologies are
launched, minimum scales increase with market size.

Price decision

~ .o . . Ki_ . Ci_
Ptl = max[mi kf:l + C—,f,l’ Pt_l] , kf,l — i 1 C_'f'l — tl: 1
Qt—l Qt—l
(1 + pstep)Pt 1 = Pt if St > gsens
Pti = Pt 1 if Pti 1 = Ef'l or — gssens < S < gsens
(1 pstep)Pt 12 Ctel if Py>¢ _el and $t < —gsems

Prices P{ are determined based on the desired price P} that is compatible with a fixed target profitability margin
on invested capital, m_ . Ee‘i is the expected average unit cost of capital, K_, is the total capital employed in last
period and Q}_, is the number of users. &** is the expected variable unit cost for the period and C/_; is the total
variable cost in last period. The desired prlce is the one that produces the target profitability or the average
weighted market price (P;_;), whichever is higher. The final price depends also on the current market share
change rate (s}) and the expected unit cost ().

Entry decision

{ T[gver ngver
no if ——=<1r, or - <s
B ! Kaver Popt e
Entryt - T[gver Naver
yes if —/———=>1, and 1- >s
C o>

The entry of a new provider may happen periodically (T,%;,). Entry is a decision event, whenever the average
market profitability r; (the interest rate) and the proportion of individuals without internet access over the total
population s, reach the thresholds. =f7¢" are the market total profits, K" is the market total capital, NA7¢" is
the total number of effective consumers, all measured as weighted moving average over T, time steps, and
Pop; is the population size at time t. Once entry occurs, entrant installs a network that is, on average, a fraction

of the total market capacity k.
Innovation process (first stage)

Pr (d] = 1) ~ Poisson

incr

)

t—t
, Pr(d; = 1) ~ Poisson [g]
Pincr rad
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There is at each time step a probability 0 < Pr(dg = 1) < 1 of an incremental technological advance for every
existing technology j. The creation of a new technology at time t has probability 0 < Pr(d, = 1) < 1. These
probabilities have Poisson distribution. The success parameters are p;,., (incremental innovation period of
existing vintages) and p,..4 (period between new technology vintages). tf,""‘j is the last period at which an

incremental innovation was applied to technology j and t is the period at which the current top technology was
introduced.

Incremental and radical productivity enhancing innovation (second stage)

N vl N Je I
a N(at—p Vi at—l)r a; N [(1 + Urad)at—l’ U’”adat_ll

. ~jct+1l Jc

j_ S| je+1 )0 if a S Gpy

a; = max(at_l, at)l t T ) AJctl if ~Jjct1 Jc
a:- it ap” " >a2y

Viner

1+ 1— 0
exp o (1- )

If the first stage spawns a technical advance, a new potential for the technology productivity, a{ (incremental) or
agf“ (radical), is generated from a normal distribution, with average based on current productivity a{_l or afil,
respectively. a{_l is the current productivity of technology j and vtj is the standard deviation of incremental
productivity improvements, decreasing as technology gets mature. v,,4, Viner» and vy, are fixed parameters that

define the range and the decay over time of the expected innovation results. Technical advance is adopted only if
it improves productivity.

J _
Ut = Viner —
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