
 

 

 
The Asian Journal of  Technology Management Vol. 18 No. 2 (2025): 97-111 

  
*Corresponding author. Email: bq20054@shibaura-it.ac.jp 

Received: June 16th, 2025; Revised: June 16th, 2025; Accepted: September 25th, 2025  
Doi: http://dx.doi.org/10.12695/ajtm.2025.18.2.2. Print ISSN: 1978-6956; Online ISSN: 2089-791X. 
This work is licensed under a Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International License. (http://creativecommons.org/licenses/by-nc-sa/4.0/).  
Published by Unit Research and Knowledge- School of  Business and Management-Institut Teknologi Bandung 
How to cite: Hori,K., Fujita, K., and Ichikawa, M. (2025). Study on the Effectiveness of  Internet Advertising Based on Consumer Perspectives in Targeting-Challenged Situations. The Asian Journal of  Technology 
Management (AJTM), 18(2), 97-111. https://doi.org/10.12695/ajtm.2025.18.2.2 

97 

 
Study on the Effectiveness of  Internet Advertising Based 

on Consumer Perspectives in Targeting-Challenged 
Situations 

 
 

Kanae Hori*, Kaede Fujita and Manabu Ichikawa 
Shibaura Institute of  Technology, Japan 

 
Abstract. As internet advertising becomes increasingly prevalent, both consumers and advertisers face new challenges, 
particularly as the phase-out of  third-party cookies has reduced the accuracy of  ad targeting. In light of  such changes, 
this study examines the effectiveness of  online advertising from the consumer's perspective in targeting-constrained 
environments. An agent-based simulation model was developed to capture the process from ad exposure to purchase 
and subsequent sharing. The model incorporates key variables such as interest matching, exposure frequency, and 
social influence. Simulation results demonstrate that even without precise targeting, ad effectiveness can be improved 
by aligning content with consumer interests and optimizing exposure frequency. These findings offer practical insights 
into designing privacy-conscious, user-friendly advertising strategies. 
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1.   Introduction 
 
As internet usage has become widespread, 
advertising targeted at internet users has 
increased. According to a report from the 
Ministry of  Internal Affairs and 
Communications, over 80% of  people in 
Japan now use the internet. This surge in 
internet usage has, in turn, accelerated the 
expansion of  online advertising. 
 
As a result, a growing number of  companies 
have entered the internet advertising market. 
In 2021, expenditures on internet advertising 
surpassed those on the four traditional mass 
media—television, newspapers, magazines, 
and radio. In 2020, spending on internet and 
mass media advertising was nearly equivalent, 
but by 2021, internet advertising began to 
dominate the market, accounting for 

approximately 40% of  total advertising 
expenditures. These figures demonstrate the 
steady expansion of  the internet advertising 
market and the frequency with which 
individuals are exposed to online promotional 
content. 
 
There are various forms of  internet 
advertising, each associated with different 
billing models. Common types include listing 
ads, which appear as text in search engine 
results (e.g., Google, Yahoo!); display ads, 
which are shown on websites and 
applications; and banner ads, which 
incorporate images or videos. Other forms 
include affiliate advertising, a performance-
based model where advertisers pay only when 
specific outcomes such as purchases or 
service usage occur, and native advertising, in 
which ads are seamlessly integrated into the 
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surrounding content. A typical example of  
native advertising is social media ads, which 
appear in formats aligned with the content on 
platforms such as X, Instagram, and LINE. 
Billing methods also vary depending on the ad 
type. Cost-per-click (CPC) charges advertisers 
when an ad is clicked on, while engagement-
based billing applies to actions such as likes 
and reposts on social media. Cost-per-
thousand-impressions (CPM) charges 
advertisers for every 1,000 ad displays, and 
cost-per-view (CPV) billing applies to video 
ads when users watch them for a specified 
duration. 
 
Because internet advertising encompasses a 
diverse range of  formats and features, it offers 
several advantages compared to more 
traditional forms of  advertising. First, it 
enables companies to reach a broad audience, 
both domestically (in Japan) and 
internationally. Unlike television or outdoor 
advertisements, which people can see only in 
certain places at certain times, internet ads can 
be seen by anyone, anywhere, at any time. 
Second, internet advertising allows for more 
efficient budget allocation by targeting users 
who are more likely to be interested in specific 
products or services. Thus, advertisers can 
tailor ad delivery based on demographic 
attributes such as age or online behavior. 
Third, the effectiveness of  online advertising 
is easier to measure. Data such as the number 
of  impressions, clicks, or conversions can be 
recorded and analyzed, enabling firms to 
evaluate the behavioral impact of  their 
advertising strategies. 
 
However, internet advertising also presents 
significant challenges, including the spread of  
scams and misinformation. Some fake ads 
may promote products using fabricated 
stories or unauthorized images of  celebrities 
to create false endorsements. Others may 
direct users to malicious websites. If  users 
visit such websites and share private 
information (e.g., passwords), they risk 
identity theft or fraudulent use of  their 
personal data. Thus, internet advertising can 
pose serious risks to users.  
 

Advertisers themselves are not immune to 
such harm. Companies may suffer financial 
losses from fraudulent practices such as “ad 
fraud,” where click counts or impressions are 
artificially inflated to misrepresent advertising 
performance, causing advertisers to overpay. 
In Japan, this problem is widespread: in 2022, 
the damage from ad fraud rose by 25% from 
the previous year, reaching 130 billion yen.  
 
As a result of  such problems, public concern 
about privacy protection has grown. In 
internet advertising, one major change is the 
phasing out of  third-party cookies, which 
have traditionally been used to track users’ 
browsing behavior and deliver interest-based 
advertising matched to consumers’ likes and 
actions. The discontinuation of  third-party 
cookies, however, makes it more difficult to 
deliver ads aligned with users’ interests. 
Consequently, while improved privacy 
safeguards benefit users, less personalized ads 
may reduce consumer engagement and 
purchasing behavior, potentially diminishing 
companies’ profitability. Thus, maintaining 
effective and relevant advertising under these 
conditions remains a key challenge for the 
industry. 
 
Research on internet advertising can be 
grouped into four areas: evaluating advertising 
effectiveness, optimizing ad placement, 
understanding consumer responses to ads, 
and developing new advertising methods (see 
Figure 1). The first area, evaluating advertising 
effectiveness, includes studies that use data-
driven models to determine the strength of  
advertising impact. The second area, 
optimizing ad placement, uses mathematical 
models to determine the most efficient 
allocation of  advertising budgets, such as 
predicting how many users will view an ad 
relative to expenditure. The third area, 
understanding consumer responses, often 
employs surveys to learn about consumers’ 
attitudes and perceptions. Finally, the fourth 
area, developing new advertising methods, 
explores innovative ways of  delivering ads, 
such as inserting them at specific moments 
within videos or utilizing users’ location data. 
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Figure 1.  
Classification of internet advertising research 
 
Among these four areas, the first and third 
evaluating ad performance and analyzing 
consumer behavior—have received the 
greatest research attention. This is because 
they are central to understanding how internet 
advertising influences product sales and brand 
success. One reason internet advertising is 
useful is that it is easily measurable. If  
companies can measure and predict the power 
of  ads well, they can establish a strong 
advantage over competitors. Likewise, 
understanding how advertisements influence 
consumer attitudes and purchasing decisions 
is essential for improving advertising 
strategies and optimizing outcomes. 
 
In the domain of  advertising effectiveness, 
Motohashi et al. (2012) developed a model to 
estimate how often people would click on 
banner ads. To do this, they used variables 
such as the number of  impressions, clicks, and 
subsequent purchases. Similarly, Tagashira et 
al. (2014) built and tested a model to estimate 
the likelihood of  consumer purchases after ad 
exposure based on website visit data. These 
studies primarily use behavioral indicators, 
such as clicks or purchases, as measures of  
advertising effectiveness. However, they do 
not consider the psychological or emotional 
factors that may motivate these behaviors. 
 
Meanwhile, in the area of  understanding 
consumer responses, Li et al. (2021) studied 
how people think and feel about internet 
advertising, identifying several factors 
contributing to consumers’ avoidance of  

advertising. Furthermore, Adline et al. (2023) 
developed a model to study how people’s 
feelings about ads and brands can lead to 
buying behavior. However, while these studies 
highlight the importance of  affective and 
cognitive processes, they do not clearly 
demonstrate how these psychological factors 
translate into measurable advertising 
effectiveness. 
 
Thus, there are very few studies that 
simultaneously examine both users’ emotional 
and cognitive responses and the measurable 
impact of  ads. For companies that place ads, 
understanding whether an ad is effective is 
closely related to understanding how people 
feel and behave after seeing the ad. Therefore, 
it is important to think about both sides—the 
company and the user—when trying to 
simultaneously improve advertising 
performance and enhance user experience. 
 
This study aims to bridge that gap by 
analyzing how advertising effectiveness varies 
when viewed from the user’s perspective. In 
the current environment, it has become 
increasingly difficult to show the right ads to 
the right people due to individual differences 
in preferences and growing privacy concerns. 
As third-party tracking declines, advertisers 
must find new ways to present relevant ads to 
diverse audiences. By examining advertising 
performance in non-targeted settings, this 
study seeks to generate insights that can 
inform more effective and user-friendly 
advertising strategies. 
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2.   Literature Review/ Hypotheses 
Development 
 
This study draws on several important factors 
identified in prior research to model and 
evaluate the effectiveness of  internet 
advertising from the perspective of  the 
consumer. How well an ad matches what the 
consumer is interested in is an important 
factor in how effective the ad is. Alalwan 
(2018) showed that ads that match a person’s 
interests can strongly increase the chance that 
the person will want to buy the product, 
especially in the context of  social media 
advertising. Similarly, Mehta et al. (2020) 
found that personalized ads elicit positive 
emotions, which in turn increase attention and 
brand interest. 
 
Another important factor is advertising 
frequency, the number of  times an individual 
is exposed to a particular ad. Zajonc (1968) 
proposed that when people see the same ad 
many times, they start to feel more familiar 
with it and may like it more. However, if  they 
see the ad too many times, it can lead to ad 
fatigue and feelings of  irritation, thus 
reducing effectiveness. Furthermore, Kamada 
et al. (2009) showed that exposure frequency 
can change which products consumers choose, 
while Kusumi et al. (2009) found that seeing 
the same ad repeatedly can evoke feelings of  
safety and nostalgia. 
 
In recent years, growing attention has also 
been paid to consumers’ privacy concerns. 
With the rise of  targeted advertising and the 
increased frequency with which consumers 
are exposed to repeated ads, privacy-related 
studies have become more prevalent. Odoom 
(2022) reported that consumers perceive 
personalized messages as more useful and 
relevant, yet this personalization can 
simultaneously heighten privacy concerns. 
Youn et al. (2019) argued that intrusiveness, 
clutter, and privacy concerns are closely linked 
to negative consumer attitudes. Moreover, 
Morimoto (2021) demonstrated that privacy 
concerns mediate the relationship between 
online advertising and consumers’ tendency 
to avoid ads. 

Social influence also plays a significant role in 
shaping online consumer behavior. Word-of-
mouth communication and information 
sharing on social media platforms amplify 
advertising effects and shape product 
diffusion. Masuda et al. (2008) employed 
agent-based modeling (ABM) to show how 
people’s values influence their product 
selection. In a similar vein, Arai et al. (2012) 
showed how information spreads through 
social networks, emphasizing the power of  
interpersonal connections in shaping 
consumer awareness. 
 
In addition to these earlier ABM studies on 
diffusion, more recent simulations have 
investigated viral marketing dynamics within 
social networks. For example, Hummel et al. 
(2012) developed an ABM that examines how 
interpersonal influence affects product 
adoption in viral marketing campaigns. 
Furthermore, Riccardo et al. (2022) 
incorporated social interactions to 
probabilistically predict the performance of  
new products, highlighting the usefulness of  
ABM in consumer-oriented strategy design. 
Collectively, these studies indicate that ABM 
has been widely applied to word-of-mouth 
and information diffusion but less frequently 
to the direct study of  internet advertising 
effectiveness. Prior research has typically 
examined specific elements—such as user 
behavior, attitudes toward ads, or social 
influence—in isolation. Consequently, 
relatively few studies have simultaneously 
analyzed both psychological factors (e.g., ad 
fatigue, interest alignment) and behavioral 
outcomes (e.g., purchase and sharing 
behavior), especially in contexts where 
advertising targeting is constrained by cookie 
deprecation or privacy regulations. 
 
This study seeks to address that gap. To do 
this, we employ an agent-based simulation to 
study internet advertising by looking at many 
factors at once. Our model shows both how 
companies choose to show ads and how 
people see and react to those ads in a case 
where targeting is not used. Specifically, it 
accounts for how variables such as ad 
repetition, relevance, and social influence 
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interact to affect purchasing and sharing 
behavior when individual-level targeting is not 
possible. Based on this framework, the 
following hypotheses are proposed: 
H1: Advertising aligned with site category leads to a 
higher purchase rate than random ad placement. 
H2: Targeted advertising (based on gender preference 
or site category) yields a higher purchase rate than non-
targeted random advertising. 
 
 

3.   Methodology 
 
This study employed an ABM approach to 
simulate how consumers behave from the 
moment they view an online advertisement to 
the point when they purchase the product and 
potentially share it on social media. We also 
looked at how advertising outcomes changed 
under varied conditions. ABM has been 
increasingly used in social simulation research 
due to its ability to represent individual 
behaviors, spatial contexts, and interpersonal 
interactions. By defining agents and their 
interactions, ABM enables the representation 
of  complex social dynamics and allows 
researchers to test numerous “what-if ” 
scenarios. 
 
We developed and implemented the model 
using the SOARS Toolkit, a library for social 
simulation made with Java. The SOARS 
Toolkit is made for ABM and uses agents, 
spots, roles, rules, and stages. Each agent is a 
person who makes behavioral decisions 
within the simulation. Each agent has a role, 
and roles can change depending on the 
situation. Each role has its own rules. The 
rules determine what the agent can do, such 
as move to a place or make a choice. Spots are 
places or groups where agents are. For 
example, a spot can be a location or a social 
group. Agents can move between spots and 

make choices based on what other agents do. 
In this way, the SOARS Toolkit enables the 
simulation of  individual decision-making and 
information-sharing behaviors, such as how 
products spread through social media. It also 
allows for the representation of  diverse 
consumer types, capturing variations in their 
thinking and actions with relative ease. 
 
Figure 2 presents an overview of  consumer 
behavior as represented in the model. The 
ABM framework captures the steps people 
take from seeing an ad to buying the product 
and sharing it on social media. The model is 
intentionally designed as an abstract 
representation, aggregating all types of  
internet advertising (e.g., display, video, and 
native ads) into a single category for simplicity. 
The behavioral process is as follows. First, 
each consumer decides whether to use the 
internet. If  they do, they choose a website, see 
ads there, and decide whether to make a 
purchase based on how they think and feel. At 
this time, the ad matches the person’s type. 
Then, upon purchase, consumers may share 
the product information with others online, 
based on a certain probability. This probability 
was assigned according to age-specific 
statistics on information-sharing experiences 
on social media, reported by the Ministry of  
Internal Affairs and Communications of  
Japan. Information diffusion in the model 
occurs only when a consumer makes a 
purchase. That is, only agents who have 
purchased a product or service are eligible to 
share the information with others. Non-
purchasing agents are assumed not to 
participate in information diffusion. While 
this may not fully reflect all real-world sharing 
behaviors, this assumption allows for a 
simplified analysis of  how actual purchasing 
behavior drives secondary effects such as 
diffusion. 
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Figure 2.  
Overview of consumer behavior in this model 

 
In this model, consumers and advertisements 
were defined as agents, while websites and 
non-internet spaces were represented as spots. 
The list of  features assigned to each consumer 
is shown in Table 1. These features were used 
to determine behavioral tendencies, such as 
the probability of  internet usage, the 
likelihood of  purchase, and the propensity to 
share product information. For areas of  
interest, ten topics were set as shown in Table 

2, and these were used to match consumers 
with ads. For browsing history, we kept 
information on which sites each consumer 
had visited. We also separated consumers into 
two groups: those who used the internet often, 
and those who did not. Only consumers who 
used the internet frequently were thought to 
be more affected by information shared on 
social media.  

 
Table 1. 
Attributes of Consumer Agents 
 

Attribute Definition 

Gender  Male/Female  

Age  20s/30s/40s/50s/60s/70s/Over 80s  

Purpose of  Use  Yes/No  

Follower  0/1-5/6-10/11-20/21-30/31-40/  
41-50/51-60/61-70/71-100/101-150/151-200/201-500/501-1000/over 

1000  
Field of  Interest  1-10  

 
A spot in this model represents a website 
where ads are displayed. Each site was placed 
into one of  the ten interest areas shown in 
Table 2. Additionally, a non-internet space was 

defined as a separate spot representing offline 
environments, where no ads are shown and no 
information diffusion occurs.  
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Table 2. 
List of Fields of Interest, Sites, and Advertisements 
 

Field Trend 

1 Preferred by men 

2 Preferred by men 

3 Preferred by women 

4 Preferred by women 

5 Gender neutral 

6 Gender neutral 

7 Gender neutral 

8 Gender neutral 

9 Gender neutral 

10 Gender neutral 

 
In this model, a consumer sees an ad, buys a 
product, and may share it with others. First, 
the consumer decides whether or not to use 
the internet, based on age-specific internet 
usage rates derived from survey data 
published by the Ministry of  Internal Affairs 
and Communications of  Japan. If  the internet 
is not used, the consumer remains in the non-
internet space. If  the consumer uses the 
internet, they choose a site to visit. Upon 
visiting the site, they view the displayed ad, 
then decide whether to make a purchase. If  
they buy the product, they may share it with 
others. After that, they either exit the internet 
space or visit a new site. This loop makes up 

one cycle of  consumer behavior. 
 
As shown in Table 3, three website selection 
patterns were modeled to test the impact of  
targeting on advertising outcomes: random 
choice, choice based on gender, and choice 
based on interests. In the random choice 
pattern, consumers visited websites randomly 
without any targeting. In the gender-based 
pattern, some sites were assumed to be visited 
more by men or women, with each consumer 
deemed more likely to visit a site that matched 
their gender. In the interest-based pattern, 
each consumer's interests were matched with 
the category of  each site. 

 
Table 3. 
Site-Selection Rules 
 

Purpose of  Use  Site-Selection Rules  

Yes  Random site selection  

No  Select sites based on gender  

No  Select sites based on field of  interest  

Purpose of  Use  Site-Selection Rules  

Yes  Random site selection  

 
In addition, the three site-selection rules were 
implemented based on the consumer's 
purpose for using the internet. According to 
Montgomery et al. (2004), an individual’s 
reason for visiting a website reflects their pre-
purchase state, which in turn influences 
purchasing behavior. In this model, when a 

consumer has a clear reason to use the 
internet, they are considered to be in the 
“thinking about buying” stage. At this stage, 
they often visit sites that match their areas of  
interest and are more likely to revisit similar 
sites. Conversely, when a consumer buys a 
product or repeats the same online activity 
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multiple times, they are then seen as having no 
clear purpose. In this state, consumers select 
websites either randomly or based on gender. 
However, if  a consumer in this state visits a 
site that matches their own interests, they may 
start to learn more and move into the 
“thinking about buying” stage again. 
 
In this model, we looked at three main factors 
that affect a person’s decision to make a 
purchase: whether the ad matches the person’s 
interest, the effect of  other people sharing the 
product, and how many times the ad is seen. 
 
For ad–interest alignment, the model assigned 
a value of  1 when the advertisement topic 
matched the consumer’s interest area, and 0 
when it did not. 
 
For social sharing effects, the model 
incorporated follower relationships between 
consumers. If  a consumer followed someone 
who bought and shared a product on social 
media, that consumer was more likely to be 
influenced by the shared information when 
making a purchasing decision. In the model, 
only consumers who used social media had 
followers. The number of  followers who 

shared the same ad was used as one of  the 
factors to decide how much influence the 
shared information had. 
 
For ad exposure frequency, the model applied 
the “mere exposure effect,” whereby repeated 
exposure increases familiarity and feelings of  
positivity. Marketing studies often reference 
the “three-hits” and “seven-hits” theories: the 
former suggests awareness after three 
exposures, while the latter indicates higher 
purchase likelihood after seven. In this model, 
if  an ad was viewed up to three times, the 
effect became stronger by 0.1 per view. If  an 
ad was viewed four to seven times, the effect 
became stronger by 0.175 if  the ad matched 
the person’s interest, but weaker by 0.2 if  it did 
not. If  an ad was viewed eight times or more, 
the effect became negative (−1), representing 
irritation or fatigue from irrelevant repetition. 
 
The simulation included 5,000 agents, 10 
websites, and 10 ads. Each agent had a follow–
follower relationship with other agents. One 
complete cycle of  consumer behavior 
consisted of  the steps described above and 
was repeated for 100 simulation cycles. The 
simulation settings are shown in Table 4. 

 
Table 4. 
Site-Selection Rules 
 

Item  Value  

Number of  Agents  5000  

Number of  Sites  10  

Number of  Advertisements  10  

Number of  Simulation Times  100  

 
Using this model, we explored how 
advertising effectiveness changed depending 
on how and where ads were shown in each 
scenario. In Scenario 1, ads that had clear 
target groups were shown only on websites 
that matched those groups. For example, ads 
for men were placed only on websites 
frequently visited by men, and ads for women 
were placed only on websites frequently 
visited by women. All other ads were 
displayed broadly across websites without 
changes. In Scenario 2, each ad was shown 

only on websites within the same interest 
category. For example, an ad in Category 1 
was shown only on Category 1 websites and 
excluded from any other websites.  
 
 

4.   Findings and Discussion 
 
We first ran the simulation for Scenario 1, 
which focused on gender-based targeting, 
where ads were displayed only on websites 
that matched their intended gender audience. 
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Figure 3 shows the total number of  views for 
each ad in both the base model and Scenario 
1. When there were no restrictions on where 
ads were shown, each ad received 
approximately the same number of  views. 
However, when Ads 1 to 4 were shown only 
on certain websites, the number of  times they 
were viewed decreased significantly. In the 

same way, Figure 4 presents the purchase rate 
for each ad in both the base model and 
Scenario 1. When there were no restrictions 
on where ads were shown, the purchase rate 
for each ad was virtually the same, just like the 
number of  views. However, when Ads 1 to 4 
were shown only on certain websites, the 
purchase rate for those ads increased. 

 

 
Figure 3.  
Number of times each ad was viewed in Scenario 1 

 

 
Figure 4. 
Purchase rate for each advertisement in Scenario 1 
 
Scenario 2 explored a different approach, in 
which each advertisement was shown only on 
websites belonging to the same interest 
category. Figure 5 shows the total number of  
times each ad was viewed in both the base 
model and Scenario 2. Figure 6 shows the 

purchase rate for each ad in both cases. In 
Scenario 2, some ads had a higher purchase 
rate than in the base model, but others had a 
lower rate. This variation indicates that the 
effect of  category-based targeting differed 
depending on the specific advertisement. 
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Figure 5. 
Number of times each ad was viewed in Scenario 2 
 

 
Figure 6. 
Purchase rate for each advertisement in Scenario 2 
 
To evaluate the model’s validity, we used the 
purchase rate as an indicator of  advertising 
effectiveness. The purchase rate represented 
the ratio of  user actions—such as product 
purchases—to the number of  ad or website 
views. These actions may have varied 
depending on the advertiser’s goal, such as 
purchasing a product or installing an 
application. In this study, we defined the 
purchase rate as the number of  purchases 
divided by the number of  ad views. Although 
the rate differs across industries, a typical 
purchase (or conversion) rate for targeted 
online advertising is between 1% and 3%. 
Since this number is based on targeted 
advertising, where ads are shown to people 
who are likely to be interested, we made our 
comparisons under similar conditions. 

Accordingly, we ran a simulation that shows 
the current situation and calculated the 
average purchase rate for each ad in one cycle. 
As shown in Scheme 2, the purchase rate was 
defined as the ratio of  the number of  
purchases to the number of  ad views. 
Although the model did not include monetary 
values, the frequency of  purchase events 
served as a behavioral indicator of  advertising 
success. 

𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑟𝑎𝑡𝑒 =  
𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑠 𝑐𝑜𝑢𝑛𝑡

𝑉𝑖𝑒𝑤 𝑐𝑜𝑢𝑛𝑡
(2) 

 
The results are presented in Table 5. The 
average purchase rate for all ten ads was 
1.78%. Since this value falls within the 1–3% 
range typically observed in industry practice, 
the model can be considered valid. 
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Table 5. 
Purchase Rate for Each Advertisement 
 

Advertisement  Purchase rate (%)  

Advertisement1  1.68  

Advertisement2  1.54  

Advertisement3  1.17  

Advertisement4  1.70  

Advertisement5  2.08  

Advertisement6  2.13  

Advertisement7  2.03  

Advertisement8  2.10 

Advertisement9  1.73  

Advertisement10  1.64  

 

This study also examined the effect of  
repeated ad exposure. As expected, 
consumers who were exposed to an ad 
multiple times were more likely to purchase 
the product, but excessive exposure reduced 
interest. Figure 7 shows how the total number 
of  purchases changed in each scenario. In the 
base model, purchases increased slowly over 
time. In Scenario 2, purchases rose rapidly at 

the beginning, likely due to a strong match 
between ads and consumer interests, which 
enhanced initial engagement. However, as 
time progressed, the growth rate slowed, 
suggesting that repeated exposure to the same 
ad led to fatigue. Since the same ad was 
repeatedly shown on the same websites, many 
users encountered it multiple times, reducing 
novelty and overall effectiveness. 

 

 
Figure 7. 
Cumulative Number of Purchases 

 
This study investigated how the effectiveness 
of  online advertising changes when ad 
placement strategies are altered, particularly in 
contexts where direct targeting is limited such 
as under privacy regulations using ABM. 
While ABM has been widely applied to 
simulate consumer behavior and information 

diffusion on social media, relatively few 
studies have analyzed advertising strategy or 
ad effectiveness directly. Moreover, previous 
studies have rarely examined how repeated ad 
exposure influences consumer psychology. 
For example, Masuda et al. (2008) used ABM 
to model how people’s values influence their 
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purchasing decisions, but they did not focus 
on advertising. Arai et al. (2012) developed a 
model incorporating consumer networks but 
only to explore information diffusion in the 
film industry. Fukunaka et al. (2007) used 
ABM to study how advertising and pricing 
affect the market share of  products in internet 
advertising, but, in their model, all consumers 
responded to ads uniformly, without 
accounting for individual differences. 
Therefore, a novel contribution of  this study 
is that it does not focus on a single product or 
market, and it incorporates psychological 
factors such as ad fatigue and changing 
attitudes toward repeated exposure. 
 
Figure 8 presents the distribution of  purchase 
rates for each ad across the three scenarios, 
based on ten simulation runs with different 
random seeds. In the base scenario, the width 

of  the distribution was narrow and the 
variation across seeds was small, indicating 
that all ads displayed stable purchase rates. In 
Scenario 1, Ads 1–4 achieved much higher 
purchase rates due to gender-based targeting. 
However, the distribution width was wider, 
suggesting that results fluctuated significantly 
depending on initial conditions. This implies 
that Scenario 1 can produce strong positive 
effects but with low stability. 
 
In contrast, Scenario 2 yielded more 
consistent outcomes: it improved purchase 
rates relative to the base model while 
maintaining stability across runs. Therefore, as 
an ad strategy, Scenario 1 can be seen as a risky 
and challenging choice, while Scenario 2 can 
be seen as a safer but more reliable approach 
to improving advertising performance. 

 

 
Figure 8. 
Purchase Rate by Advertisement And Scenario 
 
 

5.   Conclusions 
 
In this study, we developed a simulation 
model using ABM to evaluate internet 
advertising from the consumer’s perspective, 
particularly under conditions where targeted 

advertising is not possible. Using this model, 
we explored how advertising effectiveness 
changes depending on how and where ads are 
shown. The results indicate that even without 
direct targeting, it is still possible to reach 
relevant audiences by carefully aligning ad 
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content with website characteristics. Ads that 
match the consumer’s interests tend to be 
more effective. However, the way ads are 
shown can also make people feel 
uncomfortable. While interest-based 
advertising can improve engagement, 
repeated exposure to the same ad or overly 
personalized messages may lead to negative 
reactions, such as irritation or fatigue. 
Therefore, ad placement strategies should 
strive to balance effectiveness with user 
experience, ensuring that exposure frequency 
does not compromise user comfort. 
 
Although the present model provides useful 
insights, there are still many ways in which it 
could be improved. For example, the 
simulation focuses on three main factors ad–
interest matching, social influence, and 
frequency of  ad exposure—but it does not 
account for deeper psychological variables 
that may also influence purchasing decisions. 
In addition, consumer diversity is represented 
only by gender, excluding other important 
attributes such as age, lifestyle, or 
socioeconomic background. Furthermore, 
the current model treats ad exposure 
frequency as a fixed value. In future work, this 
could be made more realistic by applying a 
probability distribution, such as a normal 
distribution centered around typical exposure 
frequencies (e.g., eight views).  Since this 
model is designed as a generalized framework 
rather than for a specific product or market, it 
can be adapted to various contexts. However, 
the relationship between ad frequency, 
product type, and consumer response is likely 
to differ across markets. In future studies, the 
model could be improved by incorporating 
these points, enabling better advertising 
strategies to be implemented while also 
keeping users more satisfied. 
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