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ABSTRACT
We have studied the simultaneous effects of advertising and
word of mouth communication on the hit rate dynamics of a
major retail website. The website activity can be described
as having a steady-state hit rate punctuated by sharp spikes
that can rise to five or six times the steady-state value be-
fore returning to quiescent levels. The rise and fall of these
spikes is very rapid, happening on a time-scale of about one
day. We find that the activity can be reproduced well with a
combination of exogenous stimuli and an endogenous com-
munication model. Our communication model is an agent-
based model; agents are organized in a hierarchical cluster-
ing structure that simulates a social environment. At each
time step, an agent will visit the website with a probabil-
ity given by a value equation V (ρ), where ρ is the fraction
of agents in the social cluster who have visited the web-
site recently. Our results show that the effects of external
media combined with word of mouth communication as de-
scribed by the model result in an emergent behaviour that
is in agreement with the observed hit rate dynamics. We
measure the validity of our communication model by fitting
results both to website data as well as to selected YouTube
videos. The insights provided by this research will have an
immediate business impact, as they provide a method for
optimizing a media plan by exploiting the properties of pre-
existing social networks. In the next phase of our research,
we will integrate our results with information about pur-
chases that occurred during visits to the website. This will
allow us to measure the media plan ROI and to recommend
the introduction of advertising that makes use of social in-
teractions into the marketing mix.
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1. INTRODUCTION
Understanding the response that consumers have to ad-

vertising is a difficult task, due to a variety of factors. First
of all, advertising does not exist in a vacuum; it competes
with many external factors such as seasonality, promotions
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and the activities of competitors. More importantly, there
is a fundamental question of what kinds of measurements
we should make in order to gauge consumer attention and
engagement with the brand message.

Traditionally, advertising has been evaluated in several
ways. Retail auditing tracks whether the absolute sales of
the product increased during the period of advertisement.
Econometric modeling generally performs non-linear regres-
sions of total sales, taking into account factors such as me-
dia spend, promotional spend, price, competitor actions and
seasonality. Brand equity trackers use panels and consumer
surveys to measure how a product is viewed. Finally, many
media companies offer specialized media data to their adver-
tisers that describes the media consumption habits as well
as the retail habits of their demographics, based primarily
on data that they obtained from customer questionnaires.

Although these traditional methods all attempt to de-
scribe the response of consumers to advertising, none of
them seeks to really understand the underlying causes of
the responses that are seen, and they often rely on subjec-
tive data such as declarative statements that don’t always
reflect reality. Non-traditional methods of measuring ad-
vertising effectiveness have been discussed in the literature
(eg.[6, 8]) but have not been widely implemented into busi-
nesses. In this paper, we examine the role that social net-
works play in the propagation of an advertising message,
and we introduce a new variable by which to understand
the consumption of advertising: the pervasiveness of word
of mouth communication.

We have modeled the number of visits per day to a retail
website using a combination of exogenous stimuli (simulat-
ing traditional media campaigns) and an endogenous agent-
based communication model (simulating word-of-mouth com-
munication). In addition to analyzing the effectiveness of
propagating a message via word of mouth, this work will
help us to understand advertising adstock, and will give us
valuable information about the structure of social networks,
which can lead to the introduction of smarter ad campaigns.

The paper is organized as follows: we begin by describing
the data set in section one, followed by the model description
in section two. Lastly, we discuss our results and outline
how they will be used to promote the use of more effective
advertising campaigns within our business.

2. THE DATA
Our first data set consists of a count of the number of

visits each day to a retail website (the hit rate). The data
covers nearly 2 years of website operation, starting on its
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launch date. For the first year of its operation, there were
no consistent campaigns promoting the website. Beginning
in the 12th month after the website launch however, a coor-
dinated advertising campaign was launched, including pro-
motion codes sent to mailing lists as well as online banner
and offline press ads.

The website activity in the first year consists of a steady-
state level punctuated by sharp spikes that rise to 5 or 6
times the steady-state value before relaxation. The spikes
rise and fall in a single day, and are associated with media
coverage of the website (one spike occurred on the day that
the website was discussed on a radio program). In the second
year, the website activity simultaneously increases and be-
comes noisier as the coordinated advertising campaign was
launched. In order to simplify the modeling, the dataset
has been normalized so that the hit rate is re-scaled into a
[0, 1] interval. A “hit” is in fact a unique visit to the website,
meaning that when a browser with the same IP address vis-
its the website more than once in a day, the visit is counted
a single time only.

Our second data set consists of viewing trends for spe-
cific YouTube videos (www.YouTube.com). The videos were
tracked using the TubeMogulTM online tracking software
(www.tubemogul.com). The time period covered by the
tracking varies by video, but the counting is always done
in the same way. YouTube counts a “view” as a full view
- start to finish. Videos viewed in part are not counted as
a view. Videos embedded in other websites can receive one
view per IP address. The IP address restriction does not
apply for videos being watched on YouTube. This data is
aggregated at the daily level.

3. THE MODEL
Our model consists of two separate components: an agent-

based communication model to study the effects of word of
mouth communication, and a stimulus model to introduce
the effects of external advertisement on the system. The
individual effects of these separate components have been
previously analyzed in the context of online book sales and
video views in [5] and [4] where it was shown that both
types of stimuli produce a power-law response in the system.
Although we do not explicitly model this response function
here, we see similar features throughout our data set.

3.1 Communication Model
In order to simulate communication, we have developed

an agent-based model that allows a message to propagate
through a social network. Our social network is a type of
small-world network [9], and is constructed as a series of
nested clusters of agents, with the most basic cluster con-
sisting of 20 agents. A group contains 50 clusters, and there
are 20 groups in the universe. This structure is illustrated
in figure 1.

The cluster size was chosen to approximate the number
of people with whom an average individual has regular in-
teractions in his day-to-day activities. The extent to which
an agent interacts with members of a cluster other than
his own is given by the agent’s social parameter s. The
agent’s social parameters are chosen from a pareto distribu-
tion to reflect the scale-free nature of social interactions [2];
s ∼ kxk

min/xk+1, with xmin = 0.0015 and k = 3.
During the execution of the program, each agent interacts

either with members of his immediate cluster, or, with prob-

Figure 1: The agents’ social structure.

ability given by the social parameter s, another one of the
clusters in his group. At each time step t in the model, the
agent polls the other agents in his cluster to determine how
many of them have visited the website recently. Based on
the results of this poll, the agent assigns a value V to the
information, calculated as in [3] as:

V (ρ) ≡

`
1 + θd

´
ρd

ρd + θd
(1)
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Figure 2: The shape of the value equation with param-

eters θ = 0.4 and d = 3. The x-axis is ρ, the fraction of

the cluster in the state of active communication, and the

y-axis is the probability that a susceptible agent polling

this cluster will enter the incubating state.

Here, ρ represents the fraction of the cluster population
having visited the website at time-step t − 1 while θ and d
are free parameters influencing the shape of the value curve
(we use θ = 0.4 and d = 3). The value is in the interval [0, 1]
and determines the probability that the agent will himself
visit the website at a given time step t + 1. The shape of
the value curve is shown in figure 2.

To model the overall behaviour of the individual agents
we have adopted a simplified framework based on epidemi-
ology [1, 7]. First, we define a parameter that describes
the lag time between an agent first learning of the infor-
mation being spread and his acting upon it. We call this
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the incubation parameter to reflect the fact that an agent in
this state has been contacted, but is not yet communicat-
ing the information to other agents. The second parameter
describes the time that an agent spends in a state of active
communication with his neighbours; this is the communi-
cation parameter. Finally, the agents experience a stage of
immunity immediately following the end of their communi-
cation. While in this state, an agent is “immune” to any
further information that he may encounter. This stage is
regulated by the recovery parameter. The three attention
parameters are summarized below:

1. The incubation parameter, αi, determines the number
of time steps that elapse between the time that an
agent becomes aware of the information and the time
that he visits the web site.

2. The communication parameter, αc, determines the num-
ber of time steps that an agent spends in a state of
active communication with his cluster.

3. The recovery parameter, αr, represents the number
of time steps that an agent spends in a state of non-
communication about the website, after his communi-
cation time steps are over.

The default state for agents not in one of the above states
is susceptible. The attention parameters allow for a life-cycle
of information flow, as each agent communicates according
to the three-stage cycle of incubation, communication and
recovery. In our model, the attention parameters for each
agent are selected randomly from normal distributions cen-
tered at 0.3 days (αi), 3.0 days (αc), and 3.1 days (αr) ,
with a standard deviation of 0.2 days. This life cycle allows
a single cluster to simulate a changing social structure in
which friendships are by turn forged and broken.

As an independent test of the validity of the communi-
cation model, we have used the communication model to
fit the view rate of a recent viral YouTube video. The re-
sult, shown in figure 3, uses parameters that are identical to
those used for the website model, with the exception that
the values of the attention parameters were decreased from
approximately 3 days to approximately 2 days.

3.2 Stimulus Model
The second aspect of the model is the stimulus model.

This simulates the exogenous stimuli that influence the sys-
tem (primarily in the form of deliberate advertising cam-
paigns). In the optimal situation, we would re-construct
this stimulus model directly from the actual media plan for
the website. However, we have only partial information re-
lating to the media plan, so our re-construction is estimated
rather than exact.

In order to introduce an external stimulus into the model,
we select a certain number of agents at random from the
entire universe of agents, and for each one of those agents
in a state of susceptibility (status given by αs), his status
is changed to incubating. The number of agents that are
selected varies, from 1% of the total population for small
stimuli, to 7.5% and 15% of the total population for moder-
ate and large stimuli respectively.

In figure 4, the effects of the communication model and
the stimulus model can be seen both separately and in com-
bination. The communication model, when not enhanced
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Figure 3: Modeling a YouTube video. The data from

YouTube is shown in red, the results of our model are in

blue.

by stimuli, exhibits a power-law decay that goes to zero.
The stimulus model, on the other hand, produces local per-
turbations that are not propagated throughout the social
network. It is only when the two aspects of the models are
combined that we see an emergent behaviour that accurately
reproduces the properties of the data.
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Figure 4: The effects of the communication model and

the stimulus model combine to produce an emergent be-

haviour. The communication model is in the top pane

(with an external stimulus introduced at timesteps 0, 25

and 50). The middle pane shows the stimulus model,

and the bottom pane is the result when both models are

used together.

4. RESULTS & DISCUSSION
The communication model has a total of 7 free param-

eters: the value equation parameters θ and d, the agent
attention parameters αi, αc and αr, and the social param-
eters xmin and k. The value equation parameters were set
to allow for the existence of sharp spikes in the data. The
agent attention parameters and the social parameters were
set to allow for the continued propagation of the message
at an appropriate level. The tuning of all of these parame-
ters was partially accomplished with the help of a particle
swarm optimization (PSO) routine. In the PSO routine, the
optimal fitness was determined by minimizing the χ2 values
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between the model and the data on a subsample of 21 points
that were chosen from the first three quarters of the data set.
Half of these points were representative of the steady-state
behavior while the other half represented the rapid spikes in
the data.

The optimal parameters, as determined by the PSO rou-
tine, were θ = 0.4, d = 3, αi = 3, αc = 30, αr = 31,
xmin = 0.0015, and k = 3. These parameters resulted in a
χ2 value of 20.1, less than the critical P-value of 23.68 at a
0.05 confidence level.

With the free parameters appropriately tuned, the simu-
lation was run with 20,000 agents over 6450 timesteps. A
plot showing both the data and the model is shown in figure
5. The model fits both the steady-state intervals as well as
the rapidly fluctuating spikes. A characterization of the fit
of the model to the data is shown in figure 6. The histogram
is shown along with the best-fit normal distribution, which
has μ = 0.0014 ± 0.0093 and σ = 0.1195 ± 0.0069. The
differences are evenly distributed about zero.
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Figure 5: Website data and model. The data is shown

in red, the results of our model are in blue. There are

10 timesteps in one day of real data.

Our results show that it is possible to reproduce the dy-
namics of a website by introducing exogenous and endoge-
nous perturbations to a complex system. As a result of
this work, we are able to recommend an optimal media plan
that makes use of social networks in order to maximize the
number of customers contacted while minimizing advertising
costs.

Indeed, after the optimization of the α parameters we are
able to infer how long an individual will remain in an incu-
bation status; during this period we could act on the system
by external stimuli to increase the overall awareness of the
agents. Then, having found the average period of contagion,
we can afford to lower the external media pressure (even-
tually to no stimuli at all) and let word-of-mouth dynamics
play the role of advertiser. Finally, knowing the length of the
silent period during which the communication is switched
off, we can re-inject media into the system to prepare the
agents for the next cycle. The overall result would be a fine
tuned and calibrated series of media injections with targeted
pressure in specific periods, i.e. a media plan optimized on
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Figure 6: Measuring the goodness of fit. The panel on

the left shows a distribution of the differences between

the data and the model. The curve superimposed on the

histogram is a normal distribution with μ = 0.0014 and

σ = 0.1195. The panel on the right shows the normal

probability plot of the differences. Both plots show that

although the differences are evenly distributed about

zero, they do not strictly follow a normal distribution.

the basis of the underlying network dynamics.
In other words, once we calibrate the model on the ba-

sis of a given real media plan (our training set) we would
use the resulting α parameters to run several other simula-
tions where now the parameters subject to optimization are
the frequencies and intensities of stimuli (the optimal me-
dia plan). This would be a optimization constrained by the
total cost of the stimuli.

In the next steps of this research program, we plan to
improve the stimulus model by introducing more complete
media plan data. Following this stage, we will investigate
the relationship between the method by which a customer
becomes aware of the product and the probability that the
website visit results in a sale. This information will bring
additional value to the business, as it will identify the adver-
tising methods that result in the best consumer engagement
with our products.
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