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a b s t r a c t

Word-of-mouth is known to determine the success or failure of innovations (Rogers, 2003)
and facilitate the diffusion of products (Katz and Lazarsfeld, 1955).Word-of-mouth ismade
of both individuals seeking out information and/or pro-actively spreading information
(Gilly et al., 1998; Rogers, 2003). Information seeking is considered as a step mandatory
for individuals to retrieve the expert knowledge necessary for them to understand the
benefits of an innovation or decide to buy a product (Arndt, 1967; Rogers, 2003). Yet
the role of information seeking in the word-of-mouth dynamics was not investigated
in computational models. Here we study in which conditions word-of-mouth enables
the population to retrieve the initial expertise scattered in the population. We design a
computationalmodel inwhich awareness and expert knowledge are both represented, and
study the joint dynamics of information seeking and proactive transmission of information.
Simulation experiments highlight the apparition of cascades of awareness, cascades of
expertise and chains of information retrieval. We find that different strategies should be
used depending on the initial proportion of expertise (disruptive innovations, incremental
innovations or products belonging to well-known categories). Surprisingly, when there is
toomuch expertise in the population prior the advertisement campaign, word-of-mouth is
less efficient in the retrieval of this expertise than when less expertise is initially present.
Our results suggest that information seeking plays a key role in the dynamics of word-of-
mouth, which can therefore not be reduced solely to the epidemic aspect.
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1. Introduction

1.1. Evidence on word-of-mouth

When individuals discuss an innovation (a novel product, practice, idea) [1], they spread the word about its existence and
qualities.More people become aware of a product throughword-of-mouth (or ‘‘buzz’’ [2]) than traditional advertisement [3].
Most consumers attribute a higher importance to interpersonal influence than other sources [4]. This observation led to
viral marketing methods [5]; in these approaches, word-of-mouth is reduced to an epidemic process in which individuals
‘‘contaminate’’ each other with information [6].

Yet interpersonal communication about innovations or products [7] does not only include the proactive emission of
information, but also communications initiated by people who seek out information about an innovation [1,8]. At the
individual level, information seeking constitutes one step of consumer behaviour [9], innovation-decision process [1] or
word-of-mouth behaviour [10].

When an individual discovers the existence of the innovation, that is when he receives awareness knowledge from
advertisement or another individual, he might engage (or not) in information seeking depending on his characteris-
tics [1,8,11]. As information seeking ultimately aims at reducing uncertainty about the innovation, individuals holding
expertise are less prone to seek out the expert knowledge [8,11,12]. Expert knowledge covers ‘‘how to’’ use the innovation
(know-how knowledge) [1], ‘‘why’’ the innovation works (principles-knowledge) [1], product category [13] or product-class
knowledge [12] or brand knowledge [14]. We list in Table 1 several examples of awareness and expertise identified in field
studies. This expert knowledge1 might be gathered from individuals who hold it prior to the diffusion of the innovation
because of their education or training, because they read specialized press, had experience with another product of same
brand, category or class, or because they received this information from another individual. These individuals are referred
to as experts in diffusion research [1, p. 399] or mavens in marketing [17,18].

Once they hold the expert knowledge, people might engage into pro-actively passing the word around about the
innovation, for instance because they are willing to help others [8] or because they are satisfied or dissatisfied after
adoption [19].

Information seeking stands as a step required for most individuals to be able to decide to adopt or reject a product [4]. In
the case of the diffusion of disruptive innovations such as vaccination or contraceptives [1], information seeking is even seen
as a mandatory step for individuals to adopt the innovation, as it enables people to understand why it works and how to use
it. For instance, parents do not accept the vaccination of their children without gathering more knowledge first [20]. Even if
innovationsmight be adoptedwithout expert knowledge, themisuse of the innovationmay later cause its discontinuance [1].
Misunderstanding of the principles of sexually transmitted viruses would for instance reduce the benefits of awareness of
protection solutions [21]. As a consequence, a company or organization promoting an innovation attempts to maximize the
proportion of the population which is not only aware, but also holds expertise on the innovation [1].

Understanding the joint dynamics of awareness propagation, expertise retrieval and expertise communication thus
stands as a cornerstone of the adoption of innovations.Wehere investigate the following questions:Howefficient isword-of-
mouth to retrieve the expert knowledge scattered throughout the population?What are the respective roles of information
seeking and proactive communication in word-of-mouth? Is it better to raise the curiosity of people or to make them pass
the word once they understood it? Overall, what are the conditions for word-of-mouth to end with a population which is
both aware and knowledgeable about an innovation?

2. Limits of existing models

Numerous computational ormathematicalmodels [27–29]were designed to understand the diffusion of information and
innovations [30–32], assess the potential diffusion of products [33], and recommend strategies to accelerate or maximize
this diffusion [34]. The threemain types of models related to information diffusion are based on information cascades, social
influence and social learning [32,35].

Marketing models based on information cascades [6,34,36,37] rely on an analogy with epidemic models [6,38] such as
the SIR model [39,40]: every individual is either in state Susceptible (no information), Infective (informed and pro-actively
passing the information to others) or Recovered (informed but passive). A Susceptible individual becomes Infective (S → I)
when he meets an Infective individual. After a given time, Infective agents become Recovered (I → R). When enough
individuals are passing the word around, information cascades appear in the simulations, as observed in reality [32]. In this
case, the cumulated curve of the proportion of people informed in time follows the traditional S-shaped curve. Unfortunately,
because they only include the information passing behaviour without any information seeking, these models only capture
part of the dynamics of word-of-mouth.

Most models rooted in sociology are centred on social influence using threshold models [30,41–44]. In these models,
individuals do not spread informationnor seek out it, but rather change their state depending on the state of their neighbours.
Because communication is implicit, threshold models do not ‘‘open the box’’ of word-of-mouth: they describe the flow of
influence without describing the underlying flows of information.

1 Expert knowledge is also named background knowledge [1,14,15], prior knowledge [14] or expertise [1,13,16].
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Table 1
Examples of the ‘‘awareness’’ and ‘‘expertise’’ knowledge for innovative products, services or consumption goods.

Example of awareness knowledge Example of corresponding expert knowledge Typical expert profile

Condoms can protect from sexually
transmitted infections such as HIV [21].

What is HIV? How are infections sexually
transmitted? How to use condoms? Can
another method be used?

People who have been exposed to a
prevention campaign on sexually transmitted
infections.

Long Acting Reversible Contraception
hysterectomy [22]

Can reversible contraception really be
reversed? How do contraceptive implants
prevent pregnancy? Are these methods
painful?

Clinicians, nurses, general practitioners

Quadrivalent HPV vaccine is recommended
for children [20].

What is Human papillomavirus? What are the
virus risks? General understanding of
vaccination. Connection between HPV and
Cervical Cancer.

Physicians, or Parents who already gathered
information on other vaccines.

Innovation: Plugin Hybrid Electric Vehicles
(PHEV) are vehicles which batteries can be
reloaded by plugging them [23].

How to charge the car? Are there enough
loading stations? Is a specific plug required?
What is the actual autonomy of the car? What
are the acceleration capabilities of such a car?

Someone who monitors the market of electric
cars; someone holding expertise on batteries
and their loading characteristics.

A novel service is proposed by a brand: car
diagnostic centre [24]

Is the quality of service provided by this
brand ok?

Someone who reads specialized press on cars,
or who knows many fans of cars.

News: the Canadian parliament has passed
with a motion that recognizes Quebec as a
nation within a United Canada [15]

History of the independence relationship
between Quebec and Canada; difference
between nation and country concepts.

Someone interested in geopolitics or history;
a resident in Canada.

Incremental innovation on consumption
goods: stainless steel blades for razors [3]

What are the benefits of stainless steel? Someone who heard about stainless steel.

Medical innovation: pharmaceutics [25] Background knowledge in medicine: use,
limit of effects

Has identified limits in medicine thus has
explored literature; has attended medical
tests

Food innovation: a functional food enriched
in selenium and xylitol [26]

What are selenium and xylitol? Why is
functional food of importance?

Someone already aware of functional food.
Someone who attended health education
activities.

Models of social learning developed in economy [35,45,46] study what happens if people can decide to adopt a
product based on the information gathered from previous adopters instead of relying on their private information. During
simulations, information cascades likely develop in which people adopt based on prior adopters’ choices [47]. These models
do not explicitly study information seeking.

Models related to information dynamics such as computational models of culture [48] or opinion dynamics [44] also
do not distinguish between information seeking or transmission. The rare models which include an explicit description of
information seeking (such as [49]) are too complicated to be used to investigate the questions identified before.

As a consequence, the role of information seeking in the dynamics of knowledge diffusion – and of actual word-of-mouth,
made of both seeking and spreading – remains essentially unknown.

3. Approach & outline

In order to investigate the role and impact of information seeking in word-of-mouth dynamics, we develop a compu-
tational model following an agent-oriented modelling approach. In such a model, the behaviour of each individual and the
interactions between individuals are defined based onhypothesis rooted in field studies. Individuals in an agent-basedmodel
might be heterogeneous in their characteristics, behaviours and their position over a topology. Agent-based models are
studied using simulation experiments to explore the consequences of these local hypothesis at the scale of the population.

We thus define amodel (Section 4) based on the literaturementioned before, including the explicit representation of two
levels of knowledge (awareness and expertise) or the heterogeneity in the characteristics of individuals (such as being prone
to seek out information or not). When existing theories do not provide any reliable basis to define a hypothesis (for instance,
do people have the same tendency to engage proactive transmission if they discover expertise before or after awareness)
we encode the possible options as parameters of the simulation experiments. We then investigate what happens during a
simulation (Section 5) and highlight the existence of cascades of awareness, cascades of expertise and chains of expertise
retrieval. We drive a systematic exploration (Section 6) of the space of parameters, which reveals different regimes for
different proportions of initial knowledge and individuals’ characteristics. In each different case, we propose interpretations
of results for institutions which attempt to maximize the proportion of individuals being both aware and expert at the end
of the process. These experiments strongly suggest (Section 7) that word-of-mouth cannot be reduced to its sole epidemic
component.
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Fig. 1. Graphical representation of the state of knowledge of an agent. This agent is in state Seeking, Ignorant denoted (S, I).

4. Method: A simple model with awareness and expertise

4.1. Overview of the model

We here design a simple model to investigate the dynamics of word-of-mouth with information seeking. In this
disaggregate model, each individual is represented by a simplification denoted ‘‘agent’’ [50]. Each agent holds a state of
beliefs evolving in time, and constant characteristics which reflect heterogeneity in the population [33]. Agents interact
over a social network which describes the structure of interactions. Based on the interactions between agents and the rules
for the evolution of their states of knowledge (microscopic scale), we then explore by simulation the diffusion of awareness
and expertise at the population scale (macroscopic scale).

4.2. Representation of knowledge

Each agent in the model holds a state of knowledge (Fig. 1) which evolves during the simulation. In order to study
information seeking, we do not only represent one dimension of knowledge (S, I, R) as in epidemic models, but two: a state
of knowledge on awareness (U, S, A) and another on expertise (I, P, K). Here awareness knowledge is understood as the element
of knowledge directly related to the innovation that is either transmitted by advertisement or passed around by individuals.
Expertise knowledge can be held independently of the innovation, can be known prior to the diffusion of the innovation it is
related to, can be sent pro-actively or retrieved by information seeking.

On the awareness dimension, the individual might be Unaware (did not hear about the innovation), Seeking (knows the
innovation exists and actively searches formore information) orAware (knows the innovation exists, but does not try to find
information about it). On the expertise dimension, each agent is first Ignorant of the expert knowledge, might begin actively
Promoting this expert knowledge, or be passively Knowledgeable. The state of knowledge of each individual is defined as a
tuple: for instance (U, I) denotes an agent which is Unaware of the innovation and Ignorant of the expert knowledge.

Awareness and expert knowledge can be considered as essentially independent dimensions. People can be expertwithout
being aware of a specific innovation (for instance, knowing the category of product but not the last product in this category).
Individuals can be aware of the innovation without holding the expert knowledge required to assess it. Awareness can be
passed byword-of-mouth on the innovation (for instance: ‘‘Did you heard about HPV vaccines for children?’’ [20]). Expertise
might also be transmitted independently of the innovation, for instance because another innovation of the same category is
diffusing at the same time [1], or because some experts promote a category of innovation (e.g. ‘‘I recently heard about the
vaccines recommended for children. . . ’’) or the expert knowledge (e.g. ‘‘It seems like the secondary effects of vaccinations
are marginal compared to the virus itself.’’).

Yet awareness and expert knowledge are related in the behaviour of individuals. Individuals can only be Seeking as
long as they are not Knowledgeable of the expertise. When two individuals discuss, they will exchange at the same time
awareness and expertisewhich are linked in the conversation: if an individual knows awareness and the other one expertise,
an interaction ends with both owning awareness and expertise.

4.3. Evolution of knowledge

At the beginning of the simulation, a proportion k ∈ [0 : 1] of the N simulated agents are initialized in state (U, K ):
they represent individuals who are Unaware of the innovation, but are already Knowledgeable of the brand, category of
product, or the know-how required to understand this innovation. The remaining agents are initialized in state (U, I): they
neither know the existence of the innovation nor hold the expertise to understand it. This initial population of agents reflects
the situation of an actual social system prior to the communication campaign promoting an innovation or product: a given
proportion of individuals holds the expertise required to understand it, but no one knows yet the innovation or product.

Awareness is introduced into the population by an exogenous advertisement campaign which arbitrarily lasts for the ten
first simulation steps. At each step, 10% of the agents randomly picked up from the population receive awareness.
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Fig. 2. State diagram representing the evolution of the state of agents on the dimensions of awareness and expertise depending on the characteristics of the
agent (curious, enthusiastic, promoter) when the agent receives awareness or expertise. The vertical dimension contains the states related to awareness:
Unaware, Seeking, Aware; the horizontal dimension contains the expertise states: Ignorant, Promoting, Knowledgeable. The combined state is read as:
(U, I) ‘‘the agent is Unaware and Ignorant’’. Arrows depict the conditions for an agent to switch from one state to another one. For instance (U, I) → (S, I) is
read as: ‘‘an agent starts Seeking out information after receiving awareness if it is curious, but does not change its level expertise which remains Ignorant’’.
An agent holds complete knowledge when he is Aware and Promoting or Aware and Knowledgeable. An agent instigates conversations either when it is
Seeking out information (S, I) or because it is Promoting the expert knowledge (U, K ) or (A, K ).

Each agent is positioned over an undirected graph which describes the structure of interactions within the population
(i.e. a social network). At each step of the simulation, each pair of agents X, Y in the graph (iterated in random order) has
the opportunity to interact. If at least one of the agents X and Y is in state Seeking or Promoting (that is, if at least one of the
two persons meeting is willing to discuss something related to the innovation of interest in the study), the agents exchange
their knowledge: if X holds awareness (resp. expertise) and Y does not, then Y receives awareness (resp. expertise). Because
communication in a discussion is bidirectional, the same process takes place for Y and X. As a consequence, in this model,
if X comes with the question ‘‘did you heard about HPV vaccines for children?’’, agent Y becomes aware of these vaccines if
he was not already. If agent Y knows expert knowledge, then it will share it (even if it was not Proactive, meaning he would
not have raised the topic himself), like ‘‘I read that even risky vaccines are still less dangerous that the sickness itself’’. In
this case, agents X and Y will end with a complete knowledge of both awareness and expertise: ‘‘There are HPV vaccines for
children, and even risky vaccines are positive to individuals’’.

As soon as it receives awareness or expertise, each agent changes its knowledge state according to the rules defined in
Fig. 3. The corresponding state diagram for agents is provided in Fig. 2. These rules rely on three Boolean characteristics
associated with each agent at the beginning of the simulation and constant throughout it2. These three characteristics
represent the individual factors susceptible to influence the reaction of individualswhen they receive awareness or expertise.
Because there is no proof in the literature that people react the same when they discover awareness prior to expertise, or
expertise prior to awareness, these different cases are split with different independent characteristics which will be further
investigated by simulation.

Agents with characteristic ‘‘curious’’ being True will start Seeking out information when they receive awareness if they
are not Knowledgeable of the expert knowledge already.

2 The characteristics of agents in the model (curious, enthusiastic, supporter) represent personality traits of individuals which impact their com-
munication behaviour. We here assume their evolution is slow enough compared to the speed of the word-of-mouth dynamics to be considered
constant.
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Fig. 3. Rules of evolution of knowledge states when an agent receives awareness or expertise, depending on the agent’s characteristics curious (interested
by the innovation when it becomes aware of it), enthusiastic (promotes the innovation or expert knowledge when it understands it) and supporter (when
initially knowledgeable, decides to promote the innovation when it discovers it). The first line depicts the initial state at time step t , the second line the
future state t + 1.

‘‘Enthusiast’’ agents represent people who, when they discover expertise, are so enthusiastic about the principles they
discover that they start Promoting it. This reflects how, in the case of cross-brand or cross-category innovations [28,51] or
even for standalone expert knowledge [17,18], individuals might spread the expert knowledge even if they are not aware of
the innovation under study when they discuss other categories and products.

‘‘Supporter’’ agents are people who, when they already hold expert Knowledge and receive awareness, find this
innovation interesting enough based on their prior knowledge to start Promoting it.

The parameters for the proportions of curious, enthusiastic and supporter agents will be explored below to understand
their impact of word-of-mouth dynamics.

In reality, most people do not keep Seeking out information nor Promoting expert knowledge forever. In the model,
agents in state Seeking shift to passively Aware after a given number of steps defined by the model parameter timeoutS :
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Fig. 4. Typical successful diffusion of awareness (all the agents in state (A, ∗)) and complete information ((A, K )). Dashed curves depict the propagation of
awareness, and the underlying proportion of agents Seeking out information during the simulation.

Fig. 5. Example of a cascade of awareness and of a chain of information retrieval. At time t , agent (1) is Seeking out expert knowledge; this expertise is only
available from agent (3) to which (1) is not directly connected with in the social network. When it seeks for information, agent (1) makes agent (2) aware as
well. If agent (2) has property curious, it also enters Seeking. Then at time t + 2, this agent sends awareness to agent (3). There was a cascade of awareness
between (1), (2) and (3). Agent (2) also retrieves expertise from (3), which can later be retrieved by (1). There was a chain of information retrieval from (3)
to (1). These chains enable the population to retrieve expertise even if it is rare in the population.

(S, I)
timeoutS
−−−−→ (A, I). In the same way, agents also leave state Promoting for state Knowledgeable after a number of steps

defined by parameter timeoutP : (∗, P)
timeoutP
−−−−→ (∗, K ).

5. Results: Simulation experiments

5.1. Experimental conditions

For these simulation experiments, we generate for each simulation a different Watts–Strogatz small-world network [52]
with N = 1000, prewiring

= 0.01 and nei = 4. The resulting networks have an average degree of 4.0 and an average path
length of 4.35. The time-out for states Seeking and Promoting is defined to 5; this parameter has no impact as long as it is
greater than the average path length. The simulation is stopped when the advertisement campaign is finished, and when
there is no Promoting nor Seeking agent any more.

5.2. Diffusion dynamics

We show on Fig. 4 a typical example of the diffusion of awareness and knowledge.
Every agent reached by the advertisement campaign receives awareness; if the agent is curious, it might start Seeking out

information. Then, when Seeking, the agent transmits awareness knowledge and might create one or more Seeking agents.
As a consequence multiple awareness cascades, as illustrated in Fig. 5, appear in the population. When the proportion of
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Fig. 6. Example of a cascade of expertise, and its blockage because of a Knowledgeable agent. Agent (1) is promoting andmight thus transmit expert knowledge
to the Ignorant agent (4) through agents (2) and (3). Agent (1) is promoting, thus sends awareness and expert knowledge to agent (2). Then if agent
(2) is enthusiastic, it might pass expertise to agent (3), thus contributing to the cascade of expertise between (1), (2) and (3). Yet because (3) is already
Knowledgeable, it will only start Promoting information if it has the ‘‘supporter’’ characteristic. If it is not the case, the presence of knowledge will stop the
cascade of expertise. Agent (4) will not discover the expert knowledge. Because of this phenomenon, populations having more expertise are less efficient
in its retrieval, except if there are enough supporters.

curious agents is high enough compared to the degree of the network, cumulated awareness in the population exhibits a
S-shape curve, or even a log-curve when advertisement is seeding enough awareness within the population, as depicted in
Fig. 4.

When an awareness cascade reaches an agent Knowledgeable of the expertise, the last Seeking agent in the chain retrieves
this expertise and becomes Knowledgeable of expertise; it might thus transmit it to Seeking agents the next time they ask
him a question. As the previous agents of the awareness cascade are probably still Seeking3, each of them will eventually
retrieve this expertise. As a consequence, most awareness cascades might turn into chains of information retrieval as shown
in Fig. 5.

Simultaneously, every Ignorant agent who receives expertise might, if it is enthusiastic, start Promoting it. In this case,
cascades of expertise also appear which diffuse expertise within the population (Fig. 6). Cascades of expertise or awareness
continue to occur even after the end of the advertisement campaign, as observed in actual word-of-mouth [53].

Awareness cascades, expertise cascades and chains of information retrieval occur simultaneously in different parts of
the population as shown in Fig. 7. These flows of information hardly extend the entire population — only high values of
proportions of curious, enthusiasts, supporters on networks having a high average degree of connectivity enable massive
information diffusion in the network. This is compliantwith field studies identifying rather short cascades of information [32]
or the cascades of recommendations which remain split in distinct clusters of the network [54]. The simultaneous process of
cascades of awareness, chains of information retrieval and expertise cascades lead to an exponential diffusion and retrieval
of this joint awareness and knowledge, thus leading to a cumulated S-shape curve of diffusion as shown in Fig. 4. Note that
the proportion of joint awareness and knowledge always remains lower than the sole awareness (by definition). Incidentally,
a survey measuring the awareness in the population might suggest a high success rate in the advertisement campaign, even
if the population fails to retrieve the expertise and is actually unable to assess the innovation or product because of a lack of
expertise.

6. Results: Exploration of the space of parameters

In order to uncover the efficiency of word-of-mouth in the diffusion of awareness and the retrieval of the scattered
expertise, we explore the space of parameters of initial knowledge k and various proportions of curious, enthusiastic and
supporters. Using the same experimental setting as described before, wemeasure the amount of the population ending with
both awareness and knowledge. For each combination of parameters, results are the mean result over 100 simulations or
more.

The model highlights three different types of dynamics depending on the initial expertise k.

6.1. Efficiency of word-of-mouth for disruptive innovations

Fig. 8 depicts the amount of the population ending with both awareness and knowledge when 1% of the population
initially holds the expert knowledge (k = 0.01). 1% stands as a case of a disruptive innovation or product that only rare
people in the population are able to understand [1].

3 Chains of information retrieval depend on the parameter timeoutS : if it is bigger than the path length of interest, the chain will be laddered back.
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Fig. 7. Excerpt of a simulation of 1000 agents over a small-world network. Awareness cascades are represented in green; expertise cascades in orange;
chains of information retrieval in purple. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)

Fig. 8. For a low proportion of initial knowledge of k = 1%, depicts the final proportion of the population holding both awareness and expertise. In such a
case of a disruptive innovation, there is a minimal proportion of curious people mandatory to bootstrap the diffusion of expertise; once this proportion is
reached, it is better to have as many enthusiastic people as possible.

Each graph of Fig. 8 exhibits a threshold effect on both the proportions of curious and enthusiasts.With 20% of seekers, 20%
enthusiasts and no supporter, only 50% of the population ends up with both awareness and expertise. With 30% of seekers,
30% of enthusiasts and no supporter, up to 90% of the population endswith the complete knowledge. Such as threshold effect
is similar to epidemic thresholds identified in epidemics [55].

The proportion of supporters has a marginal impact here, as it only concerns the few agents k Knowledgeable prior to
receiving awareness.

Experiments also highlight an asymmetry between the impact of enthusiasts and curious. If there are only enthusiasts and
no curious, diffusion fails; yet if there are enough curious with no enthusiast, diffusion can happen. However, as soon as
curiosity is high enough in the population (20% in our experimental conditions), increasing curiosity becomes less efficient
than increasing the proportion of enthusiasts.

In fact, the proportion of enthusiasts defines how many people would pass the word around when they found the
expertise; yet they first have to gather this expertise from some source. If supporters are rare, cascades of expertise are
too rare for their impact to be noticeable. That explains why a minimal proportion of curious agents is required for the
proportion of enthusiasts to have any impact.

On the other hand, a curious agent will propagate awareness around him. Because most agents are initially not Knowl-
edgeable, that might create cascades of awareness and maybe chains of information retrieval. Also, each agent discovering
expertisemight start a cascade of expertise, with a likelihood directly dependent on the proportion of enthusiasts. Therefore,
information seeking (driven by curiosity) plays the role of a bootstrap: a minimal amount of curiosity will create more
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Fig. 9. For k = 10% of people initially able to understand the innovation, final proportion of the population holding both awareness and expertise for
different proportions of curious, enthusiasts and supporters. For such an incremental innovation, one can either have supporters or enthusiasts to bootstrap
the diffusion of knowledge; then success mainly depends on the proportion of enthusiasts.

awareness, information retrieval chains, thus bringing expert knowledge to agents which start Promoting the expert
knowledge (depending on the proportion of enthusiasts in the population).

This suggests for policies thatwhen little expert knowledge is initially available in the population, as for disruptive innovations,
raising curiosity of individuals is mandatory. Once this threshold on curiosity is reached, the success of diffusion is directly
correlated to the proportion of enthusiasts. If both these conditions aremet, in our simplisticmodel, the entire population can
retrieve the rare expertise scatteredwithin the population:with 20% of curious and 20% of enthusiasts, 50% of the population
achieves to retrieve the rare 1% of initial expertise.

6.2. Efficiency of word-of-mouth for incremental innovations

We now investigate a case with more initial expertise (k = 10%) available in the population, as for an incremental
innovations [1] or novel products belonging to a novel product category.

Simulation results displayed in Fig. 9 also highlight a strong asymmetry between the impact of enthusiasts and curious:
when a threshold of curious is passed (here, over 10%), increasing the proportion of enthusiasts is twice more efficient than
increasing the proportion of curious. This suggests it is more important to have enthusiastic people passing the word once
they understood the innovation (as they pass at the same time both awareness and knowledge) than having curious people
Seeking out information and relaying the sole awareness message.

Proportions of curious and supporters play the same role: as soon as a given level is reached (10% in this experimental
setting), the diffusion can happen, with success depending on the proportion of enthusiasts. This happens because of
the higher proportion of Knowledgeable people present in the population. If the advertisement campaign reaches a
Knowledgeable agent, it will start Promoting only if it is a supporter, and might then create cascades of expertise. If the
campaign reaches an Ignorant agent instead, this agent will only start Seeking if it is curious — and might in this case create
a chain of information retrieval. In both cases, once the expertise is obtained by agents, enthusiasts might start Promoting
of their own accord and create more cascades of expertise.

The fact curious and supporters play the same role suggests that an incremental innovation which successfully raises
curiosity does not require the support of knowledgeable people for it to be known and understood — or reciprocally that the
support of market mavens might balance the absence of people made curious by the awareness message.

6.3. Efficiency of word-of-mouth for well-known categories

Weshow in Fig. 10 the diffusion of expertisewhen k = 50% of the population is initially able to understand the innovation.
These experiments investigate what happens for an incremental innovation [1] or a product of a popular category, that is an
innovation that can already be understood or evaluated by half the population.

Onemight expect that havingmore expertise available in the population shouldmake it easier for the remaining Ignorant
agents to retrieve it. Surprisingly, when there are few supporters, the more initial knowledge prior to the diffusion, the lower
the efficiency rate of word-of-mouth (comparison between Figs. 8–10 for proportions of supporters 0 or 0.1). Prior knowledge,
indeed, plays a role similar to vaccination in epidemics: Knowledgeable agents never engage in Seeking out the expert
knowledge they already hold. Enthusiastic agents also only promote when they discover expertise — yet many agents are
already Knowledgeable in this experiment. As illustrated in Fig. 6, if they are not supporters, Knowledgeable agents block the
flow of information, as Recovered agents do in epidemic SIR models, thus limiting the effect of cascades of awareness and
expertise.

Even if many agents are curious, only those not being Knowledgeable already might start Seeking out information; they
will quickly discover a Knowledgeable agent around them, and will immediately quit Seeking without propagating their
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Fig. 10. When 50% of the population already holds expertise on the innovation, depicts the final proportion of the population holding both awareness and
expertise. Diffusion success here mainly depend on the proportion of supporters, that is Knowledgeable agents who start Promoting the innovation when
they discover its existence.

awareness any more; thus they only start a few cascades of awareness. These cascades of awareness are quickly stopped by
the Knowledgeable agents they meet. The impact of curiosity is thus low.

In the same way, the few enthusiastic agents which were not initially Knowledgeable might start promoting the expert
knowledge when they discover it. This might reach all the connections of the agent, leading to a strong impact of the
proportion of enthusiasts parameter (notice how, even for such a well-known category of product, word-of-mouth still
contributes the propagation of knowledge as observed for actual consumption goods [3]). Yet these chains of expertise are
blocked if they meet an agent which is already Knowledgeable and is not supporter.

When the proportion of prior expertise is high in the population, the proportion of supporters is thus the key for the efficiency
of word-of-mouth. As a consequence, if a product belongs to a category which is well-known by the population (as for
consumption goods like razors), raising curiosity is possible for so few people that it does not constitute a relevant strategy
any more. In this case, it is more important to have mavens to support this product, which would probably happen only if this
product has a strong comparative advantage over other products (or a strong disadvantage, provided themodel is not including
valence for expert knowledge). Despite being counter-intuitive, these simulation results appear coherent with observed
dynamics of word-of-mouth; buzz is rarely observed for standard consumption goods which are well understood in the
population. Our findings suggest the explanation is not the lack of interest of the population (the proportion of curiosity
might be high with no success) but rather that prior expert knowledge plays a role similar to vaccination in epidemics, by
blocking cascades of awareness and expertise in the population.

7. Discussion

Our computational studies on the joint dynamics of information seeking and proactive emission of information reveal
complex dynamics for word-of-mouth. The actual diffusion of awareness and expertise at the macroscopic scale is driven by
the joint dynamics of awareness cascades, expertise cascades and chains of information retrieval occurring at themesoscopic
scale (Section 5).

There is no universal setting that would always guarantee the retrieval of expertise in the entire population (Section 6).
Our simulation experiments exhibit threemain regimes depending on the amount of initial knowledge k, suggesting different
communication strategies should be used depending on the initial amount of expert knowledge. In any case, having people
passing the word when they discover expertise after awareness (‘‘enthusiasts’’ in the model) is positively correlated with
the proportion of the population ending with both awareness and expertise. Yet this sole ‘‘epidemic’’ process does not start
alone for disruptive or incremental innovations. For well-known categories of innovations or products, the diffusion only
relies on enthusiasts (expert people promoting the innovation when they discover it). For incremental innovations, it can
be bootstrapped either by curiosity (people seeking out information when they receive awareness) or by supporters (people
who transmit their expert knowledge when they discover the existence of the innovation). For disruptive innovations,
information seeking seems mandatory to start the diffusion of awareness and expertise in the population.

These results are based on a model which was purposively oversimplified (as were the previous computational models)
to analyse the precise question of the impact of information seeking on word-of-mouth. Many aspects are not described in
this model, including the complexity of human communication behaviour [1,32,54], network of interactions [36], or word-
of-mouth content (including its valence or multi-dimensionality). Therefore, these simulation results should not be seen as
an exact description of what happens in actual societies in their entire complexity.

Nevertheless, this model is rooted in evidence collected from past field studies, as for the existence of information
search or the existence of at least two levels of knowledge (awareness and expertise). The description of individuals’ states,
characteristics and behaviours are based on field evidence. Unknown behaviours were defined as dependent to parameters
of the simulation experiments, in order to change uncertainty into a domain which can be systematically investigated by
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experimentation (Section 6). Even the unexpected simulation results appeared to be compliant with literature on word-of-
mouth, such as the limited size of cascades or the negative relationship between the amount of initial expertise and the
efficiency of word-of-mouth.

These simulation experiments illustrate how word-of-mouth dynamics are more complex than a sole epidemic process.
This study suggests that strategies of information dissemination should not rely on the pure epidemic paradigm which
ignores the role of information seeking, which was acknowledged in both marketing studies and diffusion of innovations
studies, and now appears to have a potentially significant impact on word-of-mouth dynamics.

8. Additional material

The source code of the model is freely available in the public repository https://www.openabm.org/model/5834/. It can
be opened with the last version of the open-source, free NetLogo simulation engine: https://ccl.northwestern.edu/netlogo/
download.shtml.
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