Chapter 2
How Consumer-Generated Advertising Works:
An Empirical Agent-Based Simulation

Makoto Mizuno

Abstract Affiliate advertising is a novel form of Internet advertising that enables
bloggers to insert advertising for any product in their blog articles and to gain
rewards based on consumers’ actual responses. To understand how this form of
advertising works, we conducted Web-based questionnaire surveys among bloggers,
including affiliates, and readers, including buyers. Moreover, we constructed an
agent-based model that is empirically validated by the above data. The results of
the simulation using this model showed that (1) link structures between affiliates
and readers have a remarkable impact on the average revenues of all affiliates, and
(2) the presence of random walkers in searching for a better ad mix may increase
total revenues for all affiliates compared to the presence of local imitators. Based on
these results, we discuss the managerial implications and suggest future avenues for
research.

Keywords Affiliate advertising ¢ Agent-based modeling * Blogs ¢ Consumer
behavior * Empirical validation

2.1 Introduction

Bloggers participating in an affiliate advertising program, often called “affiliates,”
insert advertising for products they have chosen themselves in their blogs, and gain
rewards from advertisers if customers buy the products or click on the advertise-
ments. Advertisers (or their agents) offer a list of products to be advertised and
corresponding advertising materials to affiliates, and then pay fees to the affiliates.
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Fig. 2.1 Relationships between agents in affiliate advertising

This relationship is depicted in Fig.2.1. The affiliate market in Japan has been
growing at a moderate rate [8], although the size is limited relative to the entire
Internet advertising market in Japan.

A distinctive feature of affiliate advertising is that consumers, who are nei-
ther advertisers nor media companies, control advertising insertion; thus, affiliate
advertising can be seen as “consumer-generated advertising media.” This type
of advertising can be interpreted as part of the shift of power in advertising
from companies to consumers [6]. Despite the increasing popularity of affiliate
advertising, little research has been done on it, except for a few studies [2, 3, 5].

To grasp the state of the art of affiliate advertising, we conducted Web-based
questionnaire surveys among bloggers and blog readers. Moreover, to gain insight
into the possible outcomes of the complex interactions among bloggers, blog
readers, and advertisers, we adopted an agent-based model. We then used our
obtained survey data to characterize each agent’s preferences and feasible actions
under certain constraints.

The problem is the lack of information about the links between affiliates
and readers. To address these “missing links,” we draw bipartite graphs of the
relationships between bloggers and readers, utilizing the survey data. Such links
are thought to be a result of choices of blogs by readers, which could be governed
by congruence in interests or preferences of both bloggers and readers. Accordingly,
we artificially generate possible links based on the various congruences calculated
from the survey data.

Given the link structures from the bipartite graphs, we then model and simulate
interactions between affiliates and readers. In doing so, we examine how affiliates
should act in order to increase revenues. The choice of advertised products (ad mix)
is routinized as a strategy. Thus, we consider the following two strategies: local
imitation and random walk strategies. By simulating the model and varying the
parameters, we examine which conditions and what kind of strategy could yield
larger revenues.

The rest of this chapter is organized as follows. In Sect.2.2, we show the
key findings from the surveys related to our modeling. In Sect.2.3, we describe
the formulation of our model. In Sects.2.4 and 2.5, we describe the simulation
procedure and present the results. Lastly, we discuss the managerial implications
and suggest future research avenues.
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2.2 Empirical Study

First, we show the key results from the Web-based questionnaire surveys. The first
survey was conducted on February 2011 among bloggers who posted blog entries
at least once a month. The respondents are categorized as either affiliates or non-
affiliates based on whether they participate in any affiliate program or not. The
subsequent survey was conducted on December 2011 among blog readers who read
blogs at least once within the most recent month. The readers are categorized as
either buyers or a non-buyers based on whether they bought advertised products
or not within the recent half year. These four classes of respondents are sampled
independently and at random from a large panel provided by a Web-centric research
company in Japan (N = 361 for affiliates; N = 361 for non-affiliates; N = 412
for buyers; and N = 412 for non-buyers).

Although the surveys yielded many interesting findings [4], we only show those
relevant to our modeling. Table 2.1 presents the findings regarding the reasons why
affiliate bloggers participated in any affiliate program (note that the respondents
were allowed to choose multiple answers).

This result suggests that affiliates are strongly motivated by monetary rewards,
at least when they begin the program. Table 2.2 shows the distribution of monthly
affiliate rewards. It shows that more than half of the affiliates earned small or very
small monetary rewards despite their initial motivation.

About 70 % of the affiliates adopted some means to increase rewards. As shown
in Table 2.3, the three main means are changing the advertising mix, changing the

Table 2.1 Reasons for

R . Reason %
participating in affiliate -
advertising programs To gain monetary rewards 64.0
(multiple answers) To start a blog free of charge 50.0
To recommend favorite products to readers 29.0
To provide useful information to readers 13.0
Table 2.2 Distribution of R
evenue %o
average monthly revenues for -
affiliates Higher than 50,000 yen (about $500) 2.3
10,000-50,000 yen (about $100-$500) 5.0
5,000-10,000 yen (about $50-$100) 3.0
1,000-5,000 yen (about $10-$50) 12.5
100-1,000 yen (about $1-$10) 24.1
Lower than 100-1,000 yen (lower than $1-$10)  51.5
Unknown 1.7
Tab!e 2.3 Means to ipcrease Means %
affiliate rewards (multiple -
answers) Adbvertise products that fit the blog 39.0
Align the content of the blog with the ads 37.0
Increase traffic to the blog 36.0

No means in particular 28.0
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content or theme of the blog, and increasing the number of blog visitors. Among
these options, changing the content of the blog seems the riskiest because doing so
might disappoint current readers of the blogs or alter the identity of the blogs. On
the other hand, changing the ad mix seems to be the least risky option. Hence, this
study focuses on examining the effect of the ad mix in blogs, keeping the content of
the blog constant.

2.3 Model

In modeling the affiliate advertising process, we model the behaviors of two classes
of agents: bloggers who participate in an affiliate program, and thus were classified
as affiliates in the blogger survey, and blog readers who bought products by clicking
on affiliate ads, and thus were classified as buyers in the reader survey. These agents
are linked across classes by a bipartite graph, but they are not directly linked within
the same class.

2.3.1 Affiliate Bloggers’ Behavior

In our model, affiliates are allowed to choose the ad mix, which is represented by
the following K-dimensional vector:

a;; = (@i, ity - - Qikss - - -5 AiK1) 2.1)

where a;j, is a variable that equals 1 if product k(= 1,2,..., K) is advertised
in blog i(= 1,2,...,1) at time t(= 1,2,...,T), and 0O otherwise. On the other
hand, affiliates have central themes or topics in their blogs, represented by the
J -dimensional vector

b; = (bi1. biz, ..., bij,....bis) (2.2)

where b;; is a variable that equals 1 if topic j(= 1,2,...,J) is covered in blog i,
and O otherwise. Here, it is assumed that the sets of topics never vary over time
in each blog. The components of vectors a and b are determined based on our
questionnaire surveys.

The affiliates’ choice of an ad mix is affected by many factors, including non-
monetary motivations; however, in this chapter, we focus only on the affiliates’
monetary motivation, which is not unrealistic given the results from our blogger
survey (Table 2.1). In addition, we assume that affiliates search for a better ad mix
if they are not satisfied with their monetary rewards.

The most naive strategy for seeking a better ad mix may be the random walk,
which requires little rationality or thought by agents. Another strategy is the local
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imitation, in which slightly more rational affiliates adopt a strategy in which they
imitate the most successful action of their peers, for which the scope for search is
bounded. More specifically, these two strategies are formulated as follows:

Random Walk. If an agent’s revenue at time ¢ is lower than the revenue at time
t — 1, the agent replaces a product in the ad mix with another one, both chosen at
random. The number of products advertised simultaneously in each blog is kept at
the initial level indicated in the survey data. Of affiliate agents, g * 100 % adopt this
strategy.

Local Imitation. If the revenue at time ¢ is lower than the revenue at time ¢t — 1,
the agent searches for some very similar blogs in terms of topics covered, and then
copy the ad mix of the blog that earns the largest revenue. The similarity between
blog i and i’ is calculated by Eq. (2.3):

J
SIMLiy = 1= |by —byr| /7 (2.3)

Jj=1

It may seem unrealistic to assume that affiliates can know each other’s revenues;
however, they can estimate the revenues by looking at the number of visits for a
blog, which is easily available through indicators embedded in the front page of a
blog or through ranking sites. Thus, from such traffic data, bloggers can roughly
estimate which blogs have a similar number of clicks and conversion rates as theirs.
(1 — g) * 100 % of affiliate agents adopt this strategy.

2.3.2 Readers’ Behavior

Blog readers in our model are potential buyers of products advertised in affiliate
ads. They have preferences for blog topics and advertised products, which are
represented, respectively, as follows:

W, = (Up1, U2y oo s Upjs oo s UpJ) (2.4)

Vi = (VUnt, Uh2s -+« s Uik -+ VRK) (2.5)

where uy,; equals 1 if buyer £ has a preference for topic j, and 0 otherwise, and vy
equals 1 if buyer % has a preference for product j, and 0 otherwise. These factors
were also determined based on our questionnaire surveys.

Before reading blog entries or purchasing a product, readers have to choose
which blogs to visit. Unfortunately, our surveys did not collect information on
which affiliate blog each buyer has visited; the reason is that the blogger and
reader respondents were independently sampled, and thus, it would be difficult to
connect the blogs to the readers and vice versa. Alternatively, we artificially spanned
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“links” between these two groups, utilizing the empirical data as much as possible.
Fortunately, our surveys collected information that we could use to match agents
based on preferences in topics and products. We explain this matching process
below.

Firstly, we reasonably expected that readers will be inclined to visit blogs where
the topics are the most congruent to their preference. The extent of this congruence
(topic congruence) is calculated by Eq. (2.6):

J
TOPICy =1-_ |byj —uy|/J (2.6)
j=1

Likewise, we can consider links based on the congruence between advertised and
preferred products (product congruence). The extent of this congruence is calculated
by Eq. (2.7):

K
PRODyy =1-= laix — vix| /K 2.7)
k=1

Although it seems unrealistic to assume that readers choose blogs based on the
advertising of their favorite products, product congruence could be a good proxy for
similarity in taste for consumption. In addition, if affiliates are able to find an ad
mix that is most congruent to the target readers’ product preferences, the resulting
links will maximize this congruence. In that sense, this congruence could measure
the “optimality” of the affiliates’ actions.

The links maximizing topic congruence and product congruence are, respec-
tively, extremes of a continuum of the possible links between the agents. Since there
is an infinite number of factors affecting these links, more realistic links would not
converge into such extremes, rather existing somewhere in between them.

We consider that the realistic links between affiliates and readers can be
determined by combining all of the above criteria. Hence, we use Eq.(2.8) as a
meta-level criterion:

Ci = wiRAND;j, + w,TOPICi;, + w3 PROD;), 2.8)

where RAND;, is a random disturbance term uniformly distributed within (0, 1),
wi+wy+ws = 1, and wy, w, and w3 are all nonnegative. With the in-degree or out-
degree constraints of each node in the bipartite graphs, the affiliate to which each
reader is linked is selected so as to maximize Eq. (2.8). The constraints are given by
the surveys: the number of favorite blogs is used to determine the out-degree of a
reader, and the page view and the frequency of blog visits are used to determine the
in-degree of an affiliate.

After visiting and reading a blog, readers decide whether to buy a product
advertised on that blog. For simplicity, we assume that readers are exposed to
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all advertising inserted in the blog and consider buying a product that best fits
their preference. We also assume that if there are many great alternatives, they
only choose one at random. The readers’ purchase volume is determined by the
constraints assigned to them, based on the frequencies of blog visits and shopping
reported in the survey.

2.3.3 Assignment of Agents

The agents in our model are generated based on the questionnaire surveys: bloggers
who participate in any affiliate program are classified as affiliates, and blog readers
who have previously purchased a product by clicking on affiliate advertising are
classified as buyers.

In assigning agents in the model to respondents in the survey, we find a gap
between desirable agent size and actual sample size. To ensure the scalability of
the model, we apply a method of bootstrapping [1] in the context of an agent-
based modeling. That is, we generate the size of the bootstrap sample by repeated
random sampling from a survey data with replacement; correspondingly, we can
draw distributions of the sample statistics or the aggregate outcomes emerging
from simulation. This approach also provides more reliable information to avoid
sample bias.

2.4 Simulation

Firstly, we repeatedly generated agents by bootstrapping, resulting in 50 samples
involving 100 affiliates and 1,000 readers. Secondly, for each bootstrap sample,
we constructed different link structures corresponding to the following sets of
parameters in Eq.(2.8): w = (wi,wp,w3) = (1,0,0), (1/2,1/2,0), (0,1,0),
(1/2,0,1/2), (1/3,1/3,1/3), (0,1/2,1/2), or (0,0, 1), where the first component
represents whether to consider the strength of random noise in link formation; the
second, topic congruence; and the third, product congruence.

Each of the affiliate characteristics a and b (see Egs. (2.1) and (2.2)) is given
by the products (11 categories, e.g., books, foods/beverages) that the respondents
of affiliates in our questionnaire survey have advertised and by the topics (29
genres, e.g., cooking, social events, travel) of blog entries that they have posted,
respectively. On the other hand, each of the reader characteristics u and v (see
Egs. (2.4) and (2.5)) is given by the topics that the respondents of blog readers in
the survey prefer to read and by the products that they have bought via any affiliate,
respectively.

Thirdly, given the link structure and the bootstrap sample, we performed a
simulation, varying the proportion of the random walkers and local imitators:
g =0.1,0.3,0.5, 0.7, or 0.9. For a set of these parameters, a simulation is repeated
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20 times to cancel out accidental variations. The time horizon is set to t = [1, 30].
In imitating others, affiliates following the local imitation strategy choose the five
agents whose blogs are most similar to theirs, based on the calculations from
Eq.(2.3).

2.5 Results

In order to confirm that the outcomes predicted by our simulation are distributed in
a unimodal and almost symmetric manner (e.g., unlike a power law), we average
out the outcomes using a set of parameters to summarize the results. As Fig.2.2
indicates, the average cumulative revenue per affiliate at ¢ = 30 is remarkably high
when w3 = 1, which indicates link structures based on product congruence rather
than topic congruence or random noises. Also, the proportion of random walkers,
g, shows a positive effect on the average revenue of all agents in most cases. We
can find the threshold between g = 0.1 and 0.3, except for w = (1,0, 0), where
only random disturbance is dominant. This suggests the effectiveness of the random
walk strategy in boosting average revenue for all affiliates. In particular, if random
walkers were eliminated from the market beyond a certain line (that is, if g is less
than between 0.1 and 0.3), the market would contract drastically.

Figure 2.3 shows the temporal changes in the average revenue of all affiliates by
a set of parameters. Below are some of the interesting findings:

1. Average revenue is sufficiently high at the initial period when w3 = 1 (links
based on product congruence), and is very low otherwise. This result is under-
standable since maximizing product congruence is equivalent to maximizing

Average cumulative revenue at t=30
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Fig. 2.3 Time-series trajectory of average revenues

purchase in our model. We expect such a case to be more realistic if the market
is at the mature stage, since the affiliates could have enough time to learn their
readers’ preferences.

. In earlier periods, just after the initial period, average revenue drastically

fluctuates. For instance, at t = 3 or 4, it reaches a peak if g is relatively high, that
is, when the proportion of random walkers is higher. This result suggests that the
presence of agents with “no intelligence,” who have put little thought into their
ad mix, amplifies short-term fluctuations in the market in earlier periods.

. In the long term, the average revenues converge regardless of the link structure

or proportion of random walkers. Accordingly, the difference in cumulative
revenues may depend on the difference in earlier revenues. This dependence
becomes more important when calculating the present discounted value with a
reasonable discount rate.
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Fig. 2.4 Relative revenues of random walkers vs. local imitators

We compare the revenues of random walkers with those of local imitators. As
shown in Fig. 2.4, the ratio between these two types of revenues quickly converges,
that is, both types are almost always at the same level except in the earlier periods.
This result suggests that the choice of search strategies may have little impact over
the long term. Only when the proportion of random walkers exceeds a threshold
(g > 0.1) do the average revenues of random walkers become higher than those of
local imitators in earlier periods.

In addition, we compare the revenues of affiliate leaders, that is those whose
cumulative revenues are in the top 10 % by ¢ = 30, with those of the rest of the
affiliates (followers). Figure 2.5 shows that the difference in trajectories depends
mainly on whether the link structure is product-congruence based (w3 = 1) or
not (w3 = 0). For product-congruent link structures, the leaders’ revenues surge
temporally in earlier periods, particularly if the proportion of random walkers is
low. For other link structures, the leaders’ revenues are high from the beginning,
decreasing over time, particularly if the proportion of random walkers is high. In
any case, the differences in revenues between leaders and followers disappear over
time as the revenues converge.
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Fig. 2.5 Relative revenues of leaders vs. followers

2.6 Discussion

Although most affiliates participated in affiliate programs with a monetary motiva-
tion, their revenues from such programs were very small. One of the possible means
for increasing revenues is changing the ad mix in the blogs. In our model, affiliates
seek a better ad mix by adopting a more or less bounded-rational strategy, that is,
they become either a random walker or a local imitator. On the other hand, readers
choose blogs to visit based on their preferences on topics or products with a certain
level of noise, and buy a product advertised on blogs based on their preferences for
products.
The key results from our simulation are summarized as follows:

1. Average long-term revenues for affiliates are higher if the link structure is more
product congruent and the proportion of random walkers exceeds a certain
threshold.
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2. The effect of the proportion of random walkers on total average revenues
fluctuates only in earlier periods; in other words, the presence of random walkers
contributes to the increase in total revenues through this fluctuation.

3. There is no difference in the average revenues between random walkers and
local imitators; the difference is stable over time except in very early periods.
The presence of random walkers has little impact on the competitiveness of each
agent.

4. Except for the fluctuation in earlier periods, the difference in average revenues
between leaders (top 10 % of affiliates based on earnings) and followers (all other
affiliates) is stable over time and does not vary by link structure or the presence
of random walkers.

Interestingly, the presence of random walkers, despite the little thought they put
into their ad mix, positively affects not only their revenues but also those of all other
affiliates in the entire market, resulting in little difference in competitiveness. A
possible reason for this outcome is that a random-walk search guarantees a diverse
ad mix that sufficiently satisfies readers’ heterogeneous preferences. This suggests
that a key factor in earning more from an affiliate program is maintaining diversity
among the ad mixes of blogs.

Hence, for affiliates who wish to increase revenue, the results suggest not
imitating peers who have seemingly effective ad mixes, but rather adopting a
distinctive ad mix, as if searching at random. Consequently, if the proportion of
random walkers in the market increases, the expected revenues for all affiliates will
also increase. This scenario illustrates a positive-sum game with no trade-off among
affiliates.

This study also has implications for researchers interested in empirical validation
for agent-based modeling [7]. In this study, we calibrated each agent’s parameters
based on the questionnaire surveys for bloggers and readers. To map the empirical
data according to the agents in the model, we extend the method of bootstrapping,
which has been developed in statistics [1].

Lastly, we suggest further avenues for research. In this paper, we simplified many
factors in order to keep the model parsimonious. However, we could further extend
this simplification to deal with more complex or dynamic phenomena. For instance,
we can consider other types of strategies for each affiliate for improving the ad mix.
Moreover, we could allow affiliates to change the topics or themes of their blogs
in order to enter or exit the market. At the same time, we could allow readers to
change their preferences for blogs and advertised products. If such changes occur in
converging into a steady state reported as above, some longer standing fluctuations
might emerge.

As a further extension, we can consider agents who put greater thought into or
use emotions to determine their strategy or behavior. When buying something from
affiliate advertising, readers’ decisions might be influenced somehow by emotions
such as sympathy, reciprocity, trust, or anxiety. From a managerial viewpoint, our
findings are expected to help integrate affiliate advertising with other advertising
media and marketing practices.
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