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Abstract 
Because of the adaptation to technological and social changes, the advertising environment 
is constantly evolving and today the central part of online advertising is called Programmatic 
advertising. It’s an automated media buying technique that involves targeting individual 
consumers in real-time. However, previous research shows that high frequency is one of the 
most important issues within programmatic advertising and not all ads bought 
programmatically is in frame of a good frequency. Furthermore, theories indicate that 
frequency influences consumers’ attitudes towards advertising, which lead to our research 
question: “How does high frequency exposure affect consumers’ attitudes towards 
programmatic advertising?” The purpose of this research is therefore to get a deeper 
understanding of how highly frequent exposure of programmatic advertising affect 
consumers’ attitudes towards it. We found that Irritation, Invasiveness, Likeability of 
relevance and Recognition are terms examined in previous studies related to individually 
targeted advertising or frequently exposed advertising. In order to carry out an explanatory 
research, we measured these variables including frequency with a quantitative survey and 
made statistical calculations such as correlation and regression analyses to see if our 
hypotheses were supported. The analyses indicated average causal relationships between 
Frequency and Irritation as well as between Frequency and Likeability of relevance whereas 
the causal relationships between Frequency and the other two variables were weak. We 
concluded based on our study that highly frequent exposed programmatic advertising is 
affecting consumer attitudes both positively with relevance, and negatively causing irritation. 
However, the relevance that comes with programmatic advertising generates a stronger 
feeling of likeability than of irritation. 
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Sammanfattning 
Annonsering utvecklas ständigt, främst genom anpassning till tekniska och sociala 
förändringar, och idag kallas den centrala delen av onlineannonsering för Programmatisk 
annonsering. Det är en automatiserad metod för att köpa individuellt riktade annonser i 
realtid. Tidigare forskning visar dock att hög frekvens är ett av de viktigaste problemen inom 
programmatisk annonsering. Vidare indikerar tidigare teorier att frekvens influerar 
konsumenters attityder gentemot annonsering vilket ledde fram till vår problemformulering: 
“Hur påverkar hög frekvens av programmatisk annonsering konsumenters attityder?”. Vårt 
syfte med uppsatsen var därmed att få en djupare förståelse för hur frekvent exponering av 
programmatisk annonsering påverkar konsumenters attityder mot det. Vi konstaterade att 
Irritation, Inkräktande, Relevans och Igenkännande är termer som är granskade i tidigare 
forskning relaterat till individuell riktning av annonsering eller frekvent annonsering. För att 
kunna genomföra en förklarande undersökning mätte vi dessa variabler samt Frekvens i ett 
kvantitativt frågeformulär och gjorde statistiska uträkningar som korrelation - och 
regressionsanalyser för att se om vi har stöd för våra hypoteser. Analyserna indikerade ett 
medelstarkt kausalt samband mellan Frekvens och Irritation samt mellan Frekvens och 
Relevans medan de kausala sambanden mellan Frekvens och de två andra variablerna var 
svagt. Baserat på vår studie kunde vi dra slutsatsen att frekvent exponering av 
programmatisk annonsering påverkar konsumenters attityder både positivt genom relevans 
och negativt genom skapandet av irritation. Relevansen som kommer med programmatisk 
annonsering genererade dock högre uppskattning än känslan av irritation. 
 
 
Nyckelord: 

Online advertising, digital advertising, programmatic advertising, Real-time bidding, 
consumer attitudes, frequency, targeting 
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1.Introduction 

1.1 Definitions 
 
Programmatic Advertising - An automated media buying technique that involves targeting 
individual consumers in real-time  
 
Frequency - The number of times an ad is exposed to the same consumer in a given period 
of time 
 
Recency - How quickly the same ad is re-exposed to the same consumer 
 
Ad Impression - A viewing by a consumer 
 
Ad Inventory - Ad space on publishers’ websites 
 
Display Advertising - A type online advertising, mostly in shape of banner ads, that deliver 
marketing messages to site visitors  
 
Native Advertising - Advertising that matches the form and function of the platform upon 
which it appears 
 
Real-Time Bidding - A process within programmatic advertising that is used to deliver ad 
impressions to targeted audiences through real-time auctions 
 
Publishers - Owners of online websites that provide ad inventory 
 
Advertisers - Marketers in different organisations, who are buying the ad impressions in the 
RTB auctions 
 
DSP - Platforms which role is to assist advertisers with the buying of best-matched 
impressions. 
 
SSP - Platforms which role is to assist publishers with the management and selling of ad 
impressions. 
 
AdExchange - Exchange market between buyers and sellers for each ad impression 
 
DMP - Platforms supporting the DSPs and assists with targeting ads by acquiring data from 
different sources 
 
Targeting - Customized promotional messages based on personal information, such as 
names, past buying history, demographics, psychographics, locations and lifestyle interests 
 
Retargeting - An advertisement exposed to a consumer including content that the consumer 
previously searched for or seen when visiting a website  
 
Cookies - Small files stored on a consumer’s computer that allow recording of information 
about a previous website visit 
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1.2 Background 
	
According to Chernev (2014), marketing is both an art and a science and can be described as 
following: 
 
“Marketing is the whole business seen from the point of view of its final result, that is, from 

the customer’s point of view.” 
(p.3) 

 
When generalizing the marketing term, it is discussing the actions that is needed for an 
organization to create and exchange value to customers (Silk, 2006). Marketing is something 
you can see everywhere. It is hidden at your nearest shopping centre in the abundance of 
every product, at your TV screen, web page and filling up your magazine. Consumers are 
being exposed to marketing almost everywhere they go, yet there is so much more to it than 
what meets the eye. Behind it all, is a mixture of actions and relationships networking to 
compete for consumers’ attention (Kotler, 2008). 
	
The digital development has changed the world with new strategies and a new way of 
thinking (Gilan & Hammarberg, 2016). Today, the use of digital and social media has clearly 
become a big part of people’s daily lives (Stephen, 2016). These great developments have 
also deeply affected the advertising and media-buying ecosystem (Martinez-Martinez, 
Aguado & Boeykens, 2017). It has brought intelligence by providing data and a greater focus 
on every individual consumer (Gilan & Hammarberg, 2016). Because of the adaptation to 
technological and social changes, the advertising environment is constantly evolving 
(Martinez-Martinez et al., 2017) and today it’s one of the most progressing areas in the IT 
industry (Yuan, Wang & Zhao, 2013). The central part of online advertising is Programmatic 
advertising (Busch, 2016), illustrating the rapid evolution of ad buying using computing 
technologies (Hardy, 2016). 
 
Programmatic sales distinguish from traditional media simply through the automation of the 
sales and delivery process (Field, Zwillenberg, Rosenzweig, Zuckerman & Ruseler, 2015), 
which enables digital media buying across millions of websites. In programmatic advertising, 
an integration of data management and technology in the trading process qualify a higher 
efficiency and an enhanced targeting (Busch, 2016; Grether, 2016). The ability of collecting 
more valuable user data is supportive when customizing ads towards consumers (Busch, 
2016; Martinez-Martinez et al., 2017; Gonzalvez & Mochon, 2016). As the programmatic 
buying attempts to match audiences or ad impressions with consumer profiles, it’s achieving 
more relevant interactions (Kumar & Gupta, 2016).  
 
According to eMarketer (2014a), it was predicted in 2014 by the CEO of Interactive 
Advertising Bureau (IAB Sweden) that nearly 90 % of the Swedish publishers would provide 
their inventory through a SSP within six months. Today 87% of advertisers, 92% of agencies 
and 93% of publishers in Europe are using programmatic advertising (Interactive Advertising 
Bureau (IAB Europe), 2016c). Based on previous numbers it is clear that Swedish people get 
exposed to these types of online ads today. Programmatic advertising involves media buying 
methods such as Private Market Place (PMP), Programmatic Direct/Automated Guaranteed 
(AG) and Programmatic Guaranteed (PG) (IAB Sweden, 2016a & 2016b), although one of 
the biggest advancing one is called Real-Time Bidding (RTB) (Yuan et al., 2013). It’s used to 
deliver ad impressions to targeted audiences effectively through real-time auctions 
(Gonzálvez & Mochón, 2016; Busch, 2016; Yuan, Wang, Li & Qin, 2014; Fernandez-Tapia, 
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Guéant & Lasry, 2016; Schäfer & Weiss, 2016; Li, Ni, Yuan, Qin & Wang, 2016; Rayport, 
2015). The RTB media buying method is considered to have increased the market efficiency 
and effectiveness with 50%. By providing real-time online advertising and by using big data 
analysis to targeting audiences, RTB makes the ads more relevant to the consumer (Yuan et 
al., 2014). 

When planning advertisements, one of the biggest concepts to have in consideration is the 
number of times an ad is exposed to the same consumer, referred as frequency (Broussard, 
2000). It is known that repeated advertising is increasing the effectiveness of communication 
(Laroche, Cleveland & Maravelakis, 2006). However, if the same ad is shown to the same 
consumer too frequent it can reduce value for the advertiser and cause overexposure 
(Buchbinder, Feldman, Ghosh, Naor, 2014). Overexposure could weaken the effect of the 
advertisement (Qin, Yuan & Wang, 2016) and therefore it is important to limit the frequency 
of an ad exposure to a consumer, referred to as frequency capping (Buchbinder et al., 2014). 
 

1.3 Problem Discussion 
Recent research shows that only 60 % of ad impressions are in frame of a good frequency 
(McConnell & Hoecker, 2016) and according to Qin et al., (2016) the frequency capping is 
one of the most important issues for advertisers. It was also concluded from a research that 
27% of advertisers and 47% of media agencies were concerned about high-frequency 
exposure regarding their digital media buying and planning (eMarketer, 2016a). According to 
Chih-Chung, Chang & Lin (2012), frequency influences consumers’ attitudes towards 
advertising and the higher the frequency, the higher influence on the attitude of consumers. It 
is therefore important for advertisers today to understand consumer behaviour in digital 
environments (McCoy, Everard, Galetta & Moody, 2017), and to examine attitudes, which 
are defined as positive or negative feelings an individual may have regarding an object 
(Ajzen & Fishbein, 2000). According to Lim & Dubinsky (2005), attitudes are one of the 
most significant predictors of behavioural intentions. 
 
When researching about this subject we have found different theories about how frequent 
exposed ads affect consumer attitudes. In traditional media, without the customizing of ads, 
there have been several previous studies on the level of frequency that imply worsen effect of 
advertising (Hiebing & Cooper, 1990; Pechmann & Stewart, 1989). Several of them were 
highlighting the relation between ad repetition and irritation (Ducoffe, 1995; Pechmann & 
Stewart, 1989). This attitude may also appear within online advertising, since consumers tend 
to consider repeated marketing annoying (Laroche et al., 2006; R. Moore, M. Moore, 
Shanahan, Horky & Mack, 2015). However, according to McCoy et al., (2017), repeated 
exposure of an ad is creating a feeling of recognition, which makes the ad more familiar to 
the consumer. If an object is more familiar, it also becomes more liked than an object that is 
less familiar. In the context of targeted ads, the more relevant an ad is to a consumer, the 
more attractive it is (Malheiros, Jennett, Patel, Brostoff & Sasse, 2012), however it could also 
be perceived as invasive (Kim & Huh, 2017). The trade-off between ad relevance and 
feelings of invasiveness are currently not researched enough (Van Doorn & Hoekstra, 2013; 
Taylor, 2013). Does this type of frequent advertising cause a feeling of invasiveness or 
irritation among consumers? Or does the relevance and recognition give the consumer more 
acceptance towards the frequent exposed ad, creating a positive attitude?  
 
Even though programmatic advertising is effective in ways humans can’t be (Shields, 2013), 
advertising repetition ultimately affect consumers’ attitudes negatively with a decrease in the 
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effectiveness (Park, Shenoy & Salvendy, 2008). As mentioned before, the connection 
between frequency and consumer attitudes also have been a part of previous research 
concerning traditional advertising. However, high frequency is a well-known problem in 
programmatic advertising today and yet it has not been highlighted by researchers and the 
knowledge about the problem is not enough (Qin et al., 2016).   
 

1.4 Purpose 
The purpose of this research is to get a deeper understanding of how highly frequent exposure 
of programmatic advertising affect Swedish consumers’ attitudes towards it. The main focus 
is to examine if frequent programmatic advertising create positive or negative attitudes by 
consumers in general, with the many benefits of the technique in consideration. We also 
intend to clarify if the assumed relationships between frequency, targeting and attitudes are 
legitimate. Since research about programmatic advertising is narrow, our conclusion will 
contribute to theory. 
 
As attitudes tend to predict behavioural intentions (Lim & Dubinsky, 2005), the result of our 
study can help advertisers to predict how high frequency may affects consumer’s intentions. 
We aim to present consumer insights that are useful to advertisers or agencies in the Swedish 
programmatic market when designing programmatic advertising strategies and frequency 
capping strategies in particular. The research will enlighten the frequency capping issue and 
encourage developments and improvements in this area within programmatic advertising. 
Thus, this can result in advantages for advertisers, since better efficiency may be assured. 
Indirectly, a better-adjusted frequency capping in accordance to consumers perceptions can 
create value for consumers as well. 
 

1.5 Research Question 
How does high frequency exposure affect consumers’ attitudes towards programmatic 
advertising? 
 

1.6 Delimitations 
In our study we have chosen to solely examine the attitudes of consumers, consequently are 
factors such as purchase intention or ad attention excluded. The variables we have chosen to 
focus on are Irritation, Invasiveness, Likeability of relevance and Recognition. Since the 
study has limited resources, other variables that could have been pertinent such as 
Intrusiveness and Boredom were disregarded. The study is also limited to examining the 
frequency issue within the programmatic technique. In order to keep the focus on attitudes 
and not involve too much technical factors, we have chosen not to further investigate how 
consumers perceive different levels of frequency. Thus we assume that high frequency 
exposure is perceived individually. In addition, we have not taken ad format and how it can 
affect perceptions of ads into consideration. When mentioning “programmatic ads”, we mean 
all advertising formats bought through the programmatic technique.   
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2. Literature Review  

2.1 Digital Marketing 
The use of digital and social media has clearly become a big part of people’s daily lives 
(Stephen, 2016). The digital development has changed the world with new strategies and a 
new way of thinking. It has brought intelligence by providing data and a greater focus on 
every individual consumer (Gilan & Hammarberg, 2016). It is estimated that by 2017 one-
third of all global advertising is concentrated on the digital channels (Stephen, 2016). Along 
with the growth in digital marketing, regular ads, traditionally places on television, radio, 
newspaper or billboards, are more often placed on the Internet (Yuan, Abidin, Sloan & 
Wang, 2012). 
 
The digital transformation has deeply impacted advertising and the media-buying ecosystem. 
The advertising environment is constantly evolving, due to adaption to technological and 
social changes (Martinez-Martinez et al., 2017). As a result of the digital developments and 
emerge of the Internet, the amount of websites publishing advertisements (called Publishers) 
has increased tremendously. The old way of buying media, by negotiating with publishers 
about quantity and price of ad inventory (ad spaces on publishers’ websites) (Field et al., 
2015), became difficult to execute when publishers grew to millions (Rayport, 2015). 
Intermediaries have always existed in the traditional media buying, such as agencies, but the 
digital transformation has added to the chains of intermediaries primarily through automation 
(Hardy, 2016). Busch (2016) suggests that automation is the natural answer to the three 
dominant challenges: price, scale and efficiency. Kelley, Sheehan & Jugenheimer (2015) 
state that programmatic advertising is the most relevant answer to these challenges. During 
the past five years, the advertising ecosystem has gradually changed towards programmatic 
buying (Rayport, 2015) and today it’s forming a central part in online advertising (Busch, 
2016).  
 

2.2 Programmatic Advertising 
Programmatic advertising illustrates the rapid evolution of online ad buying using computing 
technologies (Hardy, 2016). It’s turning into an method of buying and selling ads across 
display, search, social, video, native and in-app advertising (Dawson & Lamb, 2016; Schäfer 
& Weiss, 2016; IAB, 2016b; eMarketer, 2016d; eMarketer, 2017). Chen (2016) defines 
display advertising as a type online advertising, mostly in shape of banner ads that deliver 
marketing messages to site visitors. The difference between direct and programmatic sales is 
simply the automation of the sales and delivery process (Field et al., 2015), which enables 
digital media buying across millions of websites. As opposed to relying on human 
interactions to manually buy ad inventory, programmatic buying is based on software that is 
effective in ways humans can’t be (Shields, 2013). This productive automated system enables 
high-speed decision-making (Grossberg, 2016). With enhanced velocity comes expansion in 
scale and reach. The programmatic buying system can analyse millions of ad buying 
opportunities in a second, whereas traditional media buying system may analyse 10 to 20 ad 
buying opportunities a week (Rayport, 2015). 
 
Nowadays it’s a greater focus on collecting, accessing and analysing consumer data that 
generates insights that can be acted on (Kumar & Gupta, 2016; Grether, 2016; Stevens, Rau 
& McIntyre, 2016). Therefore, the computing power is a significant part of programmatic 
advertising since the huge amount of complex data has to be stored and computed to enable 
advertising in real-time (Busch, 2016). Gonzalvez & Mochon (2016) highlight two 
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technological advances of programmatic: the increase of speed in data connections and the 
increase in computational capability that makes it possible to process complex data in 
milliseconds. Thus, programmatic advertising implicates real-time trading, real-time 
information and real-time creation, as the trading occurs when the ad opportunity is created. 
This makes it possible to trade every ad impression individually (Busch, 2016). Ad 
impression is defined by Cavallo, McAfee & Vassilvitskii (2015) as “a viewing by a 
user”(p.1). The market also become more dynamic since pricing is constructed on real-time 
supply and demand for each ad impression (Busch, 2016). 
 
Simultaneously, the data storage has improved and has become more affordable. As a result, 
customer databases are consistently getting more deeply layered, multidimensional and richer 
(Kumar & Gupta, 2016). As mentioned before, the integration of data management and 
technology in the trading process enable greater efficiency and enhanced targeting (Busch, 
2016; Grether, 2016). Thus, the ability to collect more valuable user data can support 
customizing of ads towards consumers (Busch, 2016; Martinez-Martinez et al., 2017; 
Gonzalvez & Mochon, 2016). According to Martinez-Martinez et al. (2017), programmatic 
advertising, that has capacity to process and manage customer data, becomes an economic 
asset. Furthermore, they claim that consumer data have a threefold function in this context: to 
identify, target and deliver ads. The models and approaches that underlies programmatic 
buying is based on the traditional media planning, i.e. identifying and buying the most 
efficient message delivery (Schultz, Block & Viswanathan, 2016). Kumar & Gupta (2016) 
asserts that the development into data-driven advertising is based on the desire to maximize 
return on investments (ROI) and to achieve more relevant interactions with consumers. 
Programmatic buying attempts to match audiences or ad impressions with consumer profiles 
pre-selected by advertisers or agencies (Schultz et al., 2016; Busch, 2016; Martinez-Martinez 
et al., 2017). The process implicates examining specific features in the collected data and 
evaluating available opportunities to serve best-matched ads (Busch, 2016). Best-matched 
means how much a prospect looks like the consumer profile, how much interaction there has 
been between the prospect and the company and other key actions online that indicate buying 
intent (Grossberg, 2016). This is expected to make advertising more relevant and less 
expensive, due to less wastage (Grether, 2016). According to Procter & Gamble’s chief 
marketing officer: 
 

“Programmatic creates value for the customers,  
and therefore creates value for the publisher and the advertisers”  

(Field, et al., 2015, p.6). 
 
The programmatic display market including both computers and mobile is expecting to grow 
to about $30 billion in 2019. According to other market forecasts, the programmatic is going 
to outgrow the direct sales worldwide somewhere between 2017-2019. Advertisers today are 
already spending a big part of their total budget on programmatic (Field et al., 2015). 
eMarketer (2016c) found that programmatic digital display ad spending reached $22 billion 
in 2016, which represents 67 % of total digital display ad spending in the US. In contrast, a 
report from 2016 made by Interactive Advertising Bureau (IAB Europe) (2016c), concluded 
that 87 % of advertisers, 92 % of agencies and 93 % of publishers in Europe were using 
programmatic advertising. In Sweden, two-thirds of the Swedish publishers had made their 
inventory available for programmatic buying in October 2014. By then, the CEO of 
Interactive Advertising Bureau (IAB Sweden) predicted that nearly 90 % of the Swedish 
publishers would provide their inventory through programmatic buying within six months 
(eMarketer, 2014a). Through time, the amount of trust in the programmatic is getting 
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stronger by marketers and the volume of inventory space increases which results in 
campaigns shifting to programmatic. Since mobile usage becomes bigger and bigger, the 
programmatic advertising is not just connected to desktop display advertising anymore 
(Field, et al., 2015).  
 

2.2.1 Mobile Programmatic Advertising 
Mobile programmatic advertising allows advertisers to capture consumers’ attention at 
various points along the customer journey. It also makes it possible to combine search, 
location and behavioural targeting to deliver relevant and targeted mobile ads (Grossberg, 
2016). Nowadays it’s more common that the consumer decision process involves both 
computers, mobiles and tablets. Simultaneously, consumers want a cohesive experience of a 
brand in all devices and mediums (Gazagne & Gösswein, 2016). According to Field et al. 
(2015), 25 % of all programmatic buying contain ads on mobile devices. eMarketer (2016b) 
predicts that mobile programmatic will bring great further growth to the industry by 2018, far 
beyond desktop ad spending. In 2016 mobile programmatic spending reached $15,5 billion in 
the US, constituting 69 % of all programmatic digital ad spending (eMarketer, 2016c). 
 

2.2.2 Programmatic Advertising on Facebook 
The programmatic buying technique is used in social media and by Facebook in particular 
(Sinclair, 2016). The shift to programmatic advertising in social media platforms is mainly 
grounded in the need to deliver more content. In 2014 100% of Facebook’s total revenue 
were programmatic (Dawson & Lamb, 2016). By having high reach, usage, new formats and 
automation, Facebook is a great supplier of programmatic social media advertising. Since it’s 
a high ratio of mobile Facebook usage, Facebook also provide mobile programmatic 
advertising (Seitz & Zorn, 2016). As one of the biggest publishers, Facebook has globally 
more than a billion users and an advertising revenue at US$2 billion (2013) (Sinclair, 2016). 

The most widely known term when talking about programmatic advertising is Real-Time 
Bidding (RTB) (Martinez-Martinez et al., 2017). Real-Time Bidding is a type of 
programmatic media buying, however there are other techniques (Digiday, 2014) such as 
Private Market Place (PMP), Programmatic Direct/Automated Guaranteed (AG) and 
Programmatic Guaranteed (PG) (IAB Sweden, 2016a & 2016b). The different media buying 
methods are described in the following section.    
 

2.3 Programmatic Advertising Techniques 
Within display and mobile advertising, Real-Time Bidding (RTB) is one of the most 
advancing techniques (Yuan et al., 2013). RTB is used to deliver ad impressions to targeted 
audiences effectively through real-time auctions (Gonzálvez & Mochón, 2016; Busch, 2016; 
Yuan et al., 2014; Fernandez-Tapia et al., 2016; Schäfer & Weiss, 2016; Li, Ni, Yuan, Qin & 
Wang, 2016; Rayport, 2015).  

2.3.1 Actors of the Real-Time Bidding Ecosystem 
Advertisers are marketers in different companies or organisations, who are buying the ad 
impressions in the RTB auctions. They can also be represented by agencies (Yuan et al., 
2014). 
 
Publishers are the owners of online websites that provide ad inventory. It is on the 
publisher's website the advertisement of the winning bid is displayed (Yuan et al., 2014). 
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An Ad Exchange (AdX) can be defined as an exchange market between buyers and sellers 
for each ad impression. Here is where the auction occurs between both parties (Yuan et al., 
2014). Google Double-Click and Yahoo Ad Exchange are examples of Ad Exchanges 
(Evans, 2016). 
 
SSPs (Supply Side Platform) are platforms which role is to assist publishers with the 
management and selling of ad impressions. Their task is to sell, all of the ad impressions or 
selected, as expensive as they can and distribute the different ads to different channels (Yuan 
et al., 2014). 
 
DSPs (Demand Side Platform) are the ad trading side constructed for the advertisers (Yuan et 
al., 2014; Fernandez-Tapia et al., 2016) After the SSP has forward an ad impression into the 
Ad Exchange, it’s received and analysed by the time of creation by the DSP. By using data, 
forecasts and other information like each advertiser’s predefined audience criteria, the DSP 
can find the most efficient and best-matched impressions (Yuan et al., 2014). 
 
DMPs (Data Management Platforms) are platforms supporting the DSPs by acquiring data 
from different sources (Busch, 2016; Evans, 2016). Their main task is to support the 
advertisers in the bidding process (Yuan et al., 2014). 
 
 

Figure 1. RTB-process. Based on Bashir, Arshad, Robertson, and Wilson (2016). 
 

2.3.2 The RTB Process 
An easy way of explaining the business process begins with an Internet user browsing the 
website of a publisher. An auction for the specific ad impression will be triggered through the 
opening of the website, containing information about the specific consumer that is browsing. 
Supply-Side Platforms (SSPs), that helps the publisher with distributing ad inventory, send 
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the consumer information forward to the Ad Exchange (AdX). Eligible Demand-Side 
Platforms (DSPs), that represent advertisers, will eventually possess the consumer 
information from the Ad Exchange (Yuan et al., 2014; Gonzálvez & Mochón, 2016; Busch, 
2016; Schäfer & Weiss, 2016; Mochón & Sáez, 2015; Fernandez-Tapia et al., 2016; Rayport, 
2015). To support the DSPs, providing extended data about the consumer, there are also 
third-party data vendors called Data Management Platforms (DMPs) (Yuan et al., 2014). 
 
For example, each DSP can find out that a particular consumer is interested in fashion and 
then reveal the information to connected advertisers. Fashion advertisers and marketers can 
thereby get the opportunity to show their ads to the consumer by submitting a bid on the ad 
impression (Yuan et al., 2014; Gonzálvez & Mochón, 2016). Whether the value of the 
consumer and price of the ad inventory are considered to conform, the advertisers or their 
agencies submit an automated bid. The auction occurs among all interested advertisers in the 
same DSP to decide the winning advertiser with the highest bid, that is, the advertiser who 
attributes the highest value to this specific impression (Busch, 2016; Gonzálvez & Mochón, 
2016; Schäfer & Weiss, 2016; Yuan et al., 2014; Mochón & Sáez, 2015; Li et al., 2016). 
 
Within the RTB market, it’s occurring two auctions before an advertiser possess an ad 
impression. The second round auction will occur in the AdX with the winners from each 
DSP. The ad impression will be assigned to the highest bidder among them all and will then 
be displayed through the AdX and the SSP to the consumer on the website of the publisher 
(Busch, 2016; Gonzálvez & Mochón, 2016; Schäfer & Weiss, 2016; Yuan et al., 2014; 
Rayport, 2015). The consumer identification, the auction, the ad displaying and the 
information flow between all parties will be done in up to 100 milliseconds (Fernandez-Tapia 
et al., 2016; Yuan et al., 2014) (see Fig. 1). The RTB online buying method is considered to 
have increased the market efficiency and effectiveness with 50%. It’s providing online 
advertising in real-time and by using big data analysis to targeting audience, online ads are 
more precise and controllable (Yuan et al., 2014). Despite the many positive attributes of 
RTB, researchers have highlighted fraud, out-of-view (McConnell & Hoecker, 2016), privacy 
(Seitz & Zorn, 2016) and frequency capping (Buchbinder et al., 2014) among other factors as 
issues of the buying technique.  

2.3.3 Other Programmatic Media Buying Techniques 
Besides RTB, there are other ways of buying ads programmatically. Interactive Advertising 
Bureau Sweden (IAB Sweden) (2016a & 2016b) highlights some of them: Preferred Deals, 
Header Bidding, Private Market Place (PMP), Programmatic Direct/Automated Guaranteed 
(AG) and Programmatic Guaranteed (PG) (see Fig. 2). We are focusing this Literature review 
on the three latter, since they are most significant. In the report of IAB Sweden (2016b), 
where multiple choices were possible, 97 % of the participating advertisers used RTB, 94,4% 
used Private Market Place and 75 % used Programmatic Guaranteed. However, according 
Martinez-Martinez et al. (2017), the Programmatic Direct technique is used over the RTB 
technique due to the higher quality of inventory. 
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Figure 2. Programmatic Buying Model. Based on IAB Sweden (2016a). 

A Private Market Place (PMP) also functions similarly to an RTB auction in terms of pricing 
and real-time supply, the difference is that Private Marketplace deals are more exclusive 
(MarketingLand, 2015; IAB Sweden, 2016b) The quality of the ad inventory and advertising 
space is considered superior to standard when it comes to brand-safety, view-ability and the 
quality of publishers. To be able to participate in a Private Marketplace auction you need to 
be invited (Markarian, Park & Grether, 2016; Gertz & McGlashan, 2016). The benefit that 
comes with PMP includes more control over ads and where they are shown (MarketingLand, 
2015) (see Fig. 2).  

Programmatic Guaranteed use the RTB process including its different actors, the only 
difference is that the advertisers are guaranteed a specific number of impressions (IAB 
Sweden, 2016a). Essentially, it’s a pricing and allocation engine that brings automation into 
the selling of guaranteed inventories (Chen, 2015; Chen, 2016) (see Fig. 3). eMarketer (2015) 
estimated that Programmatic Guaranteed would increase more quickly than Real-Time 
Bidding in the US, to 54 % by 2017. Chen (2015) claim that the development of media 
buying sales mechanisms is due to advertisers requiring more control over their invested ad 
inventory and also more certainty. It might also be due to advertisers willing to pay the same 
rates but using programmatic pipes for the efficiency. At the same time, they are able to use 
the audience intelligence from a DMP and are able to reach across different publishers 
(eMarketer, 2014b). 
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Figure 3. Programmatic Guaranteed (PG) Model. Based on Chen, 2015. 

Automated Guaranteed or Programmatic Direct is a stipulated trading between buyer and 
seller with an automatic process (IAB, 2016a). The buying method however, doesn’t use 
auctions, but allows advertisers to buy guaranteed ad impressions in advance from specific 
publishers (Digiday, 2014; MarketingLand, 2015; Bachér & Stevens, 2016). The RTB system 
isn’t used, thus it’s possible to use for analog media as well (IAB, 2016a) (see Fig. 2). For 
advertisers, this implies unprecedented accuracy and control over how much they are willing 
to pay for the ad impression and who is seeing the ads (DMNews, 2016).  

Facebook have an additional method of selling ad inventory. In the past, Facebook had a 
RTB-based Ad Exchange called Facebook Exchange (FBX) that came along with great 
success. Through DSPs and the Ad Exchange, advertisers could connect to Facebook’s 
databases and programmatically buy ad inventory that wasn’t just banners (Greenberg, 2016). 
Because of increasing use of Facebook on smartphones, mobile advertising became bigger 
part of Facebook’s business. In November 1st 2016, Facebook closed down FBX, mainly 
because it was incompatible with mobile that constituted 82 % of their revenue in 2016 
(Swant, 2016). Advertising on Facebook is now limited to Facebook’s own interface called 
Facebook Marketing API (Application Programming Interface) (Marvin, 2016). The process 
is quite similar but doesn’t incorporate intermediaries such as DSPs and it’s possible to make 
bids on both desktop and mobile ad inventory (Meola, 2016). Advertising exposed on 
Facebook is still targeted based on user information. By using Facebook, users give 
information about themselves, both knowingly and unknowingly, such as their age, gender, 
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interests, education, personal opinions and interactions with friends (Sinclair, 2016; Curran, 
Graham & Temple, 2011). Facebook also established partnerships with external data 
providers that enable targeting of Facebook users based on their activities on other websites 
(Dawson & Lamb, 2016).  

2.5 Targeting and Retargeting 

2.5.1 Targeting 
There is a rapid increase of social media advertising due to highly relevant targeting 
techniques on these platforms. Social media platforms have the ability to combine profile 
information with clickstream data and offer advertisers more than other sites can in terms of 
customizing ads to consumers (Troung, McColl & Kitchen, 2010; Liao, Liu & Chen, 2011; 
Hoadley, Xu & Lee, 2010). Individualized targeting has improved in the recent years, due to 
better use of web analytics and big data mining. This supports advertisers in understanding 
what potential customers are interested in based on previous online behaviour (Kim & Huh, 
2017). The phenomenon is described with other terms besides targeting, such as 
customization, personalized advertising, tailoring or one-to-one communication (Taylor, 
2013). It’s also defined by Baek & Morimoto (2012) as: 

”Customized promotional messages that are delivered to each individual consumer through 
paid media based on personal information (such as consumers’ names, past buying history, 

demographics, psychographics, locations and lifestyle interests)”  
(p. 59) 

 White, Zahay, Thorbjørnsen and Shavitt (2008) and Martinez-Martinez et al. (2017) add 
shopping preferences, device information and online transactions to the list of consumer data 
available to advertisers today. Thus, historical consumer data is necessary to be able to 
understand the behaviour of target audiences and the best way to engage them (Yuan et al., 
2013; Stevens, Rau & McIntyre, 2016).  

Behavioural targeting allows tracking of individuals commonly through cookies to deliver the 
right content to the right consumer at the right time (Erdur, 2016; Kim & Huh, 2017). De 
Bock & Van den Poel (2010) suggests that the efficiency of advertising efforts enhances by 
targeting specific consumers segments as opposed to all consumers in general. It is important 
for advertisers to display the ad impressions to the most valuable consumer, which means that 
advertisers get the most out of their advertising through better cost-effectiveness (Yuan et al., 
2013; Kim & Huh, 2017). How valuable a consumer is to an advertiser depends on how 
likely the consumer will click on the ad impression that is displayed. It’s a great chance that a 
consumer with a higher value does further actions towards purchasing or have interacted with 
the company before (Pepelyshey, Staroselskiy & Zhigljavsky, 2015; Bashir, Arshad, 
Robertson & Wilson, 2016). It is also likely that a DSP bid highly for a consumer who 
recently browsed the website of the advertiser or searched for a related product (Bashir et al., 
2016). The targeting strategy is used in programmatic advertising and is effective in matching 
consumers’ behaviour and interests to ad impressions (Erdur, 2016). Targeted advertising is 
not site contained due to the programmatic buying technique, which means that consumers 
may be exposed to a targeted advertisement on any site they visit (Gironda, 2013). 
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2.5.2 Cookies 
Internet cookies are small files stored on a consumer’s computer that allow recording of 
information about a previous website visit and they matter when using targeted advertising 
(Ghosh, Mahdian, McAffe, Vassilvitskii, 2015). The Ad Exchanges in the RTB process use 
cookie matching, which enable advertisers to acquire knowledge about whether or not they 
have previously interacted with this consumer, such as through the website or an 
advertisement. Based on the information, advertisers can choose if they want to make a bid in 
the RTB-auction (Ghosh et al., 2015), for example to reshow specific products or brands that 
the consumer recently viewed or clicked on online (Kim & Huh, 2017). Cookies are engaged 
in shopping, searching and other Internet activities, but also, for instance, to remember 
consumer preferences (Evans, 2016; Ghosh et al., 2015). 
 
Cookies enable observations of individuals at several places and devices, such as websites, 
apps, mobiles, desktops and tablets (Evans, 2016; Ghosh et al., 2015). However, targeting on 
mobile devices are not mainly grounded on cookies, but the operating systems’ identifiers, 
such as Apple’s IDFA and Google’s Advertising ID. Since mobile devices are more personal 
than desktops, it’s easier to individualize, target and retarget with these identifiers. 
Consumers tend to bring their phones wherever they go, therefore the possibility to target 
them based on location also improves. This allows advertisers to connect with consumers 
while they are in movement (Evans, 2016). 

2.5.3 Third-Party Data 
The targeting process is often supported by data management platforms (DMP) and other 
third-party data suppliers as mentioned before (Martinez-Martinez, 2016). Third-party data is 
referred to data from different sources that is rented or bought from data vendor, which often 
is connected to a DSP (Gertz & McGlashan, 2016). In contrast, first-party data are collected 
by advertisers themselves on e.g. websites or apps and may contain names, addresses, 
numbers, device ID’s or site interactions of consumers. This data are often stored in 
advertisers CRM as their own asset (Martinez-Martinez, 2017; Brosche & Kumar, 2016). It’s 
considered the most valuable data, since it allows interacting directly with consumers. It 
contains data about consumers that already have interacted with the company and are more 
likely to proceed to a desired action (Gertz & McGlashan, 2016; Brosche & Kumar, 2016). 
However, the data suppliers are also very valuable, because without them, advertisers would 
have to rely on data from only one source, mostly cookies, when evaluating ad impressions 
(Gonzalvez & Mochon, 2016). Thus, they allow describing, targeting and tracking consumers 
across all devices and channels to verify the suitability of specific consumer profiles to ad 
impressions (Martinez-Martinez et al., 2017; Gonzalvez & Mochon, 2016). 

2.5.4 Retargeting 
Retargeting has emerged as an instrument to target ads to individual consumers in order to 
achieve greater advertising effectiveness (Helft & Vega, 2010; Bleier & Eisenbeiss, 2015; 
Gazagne & Gösswein, 2016). Retargeting is defined by Goldfarb (2013) as an advertisement 
exposed to a consumer including content that the consumer previously searched for or seen 
when visiting a website (Gerz & McGlashan, 2016). Featured product images that match 
consumers’ interests based on their recent online shopping behaviour are typical in retargeted 
advertising (Bleier & Eisenbeiss, 2015). For example, a consumer searched for or saw a dress 
on a website, this item or a similar one may appear in retargeted ads, as the consumer 
continues to browse the web (Goldfarb, 2013). In addition, besides site retargeting, 
advertisers can use search retargeting, social retargeting and email retargeting (Berke, Fulton 
& Vaccarell, 2014). 
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According to Berke et al. (2014), retargeting is not just serving ads to consumers who have 
previously visited a specific website. There are other opportunities in retargeting because it 
leverages the same intent data set as search engine marketing. When consumers browse 
products and services on Google they leave intent data (Berke et al., 2014; Birmingham, 
2015). This is the most important data for ad targeting because consumers are basically 
telling advertisers “this is what I’m interested in”. Advertisers are able to utilize the fact that 
consumers express their intent to retarget people who have shown interest but need to be 
reminded before being won over as customers (Berke et al., 2014). Cookie matching is 
fundamental for ad retargeting. For DSPs to be able to deliver retargeted ads to a consumer, 
the DSP must know what specific products or specific website that was browsed and also be 
able to uniquely identify this information during an auction (Bashir et al., 2016). 
 
Retargeting is a method of targeting ads that lack of previous research. Zarouali, Ponnet, 
Walrave & Poels (2017) found that direct effect of retargeted advertising on purchase 
intention is higher than for non-retargeted advertising. Compared to non-retargeted ads, 
retargeted ads generally possess more information such as price or availability, since they are 
containing the same product or service that consumers already have seen before (Zarouali et 
al., 2017). Gertz & McGlashan (2016) claim it’s a powerful tool to re-engage with 
consumers, since the last product the consumer showed interest in could provide huge 
amount of customized offers. Bleier & Eisenbeiss (2015) suggested that ad personalization 
with retargeting comes with personalization depth. It’s defined as how closely a display ad 
reflects consumers’ inferred interests. A retargeted ad that features products that a consumer 
previously placed in a shopping cart reflect the consumer’s interest better than an ad that 
features products the consumer only reviewed without further purchase intentions. Display ad 
effectiveness is significantly influenced by personalization depth, shown in previous research 
(Bleier & Eisenbeiss, 2015; Lambrecht & Tucker, 2013).  
 

2.6 Frequent Exposure 
In advertising one of the biggest concepts to have in consideration when planning a new 
campaign is to have an effective frequency (Broussard, 2000). Frequency is referred to the 
number of times an ad is exposed to the same consumer in a given period of time (Qin, Yuan, 
Wang & Li, 2015; PaidTraffic, 2017). An effective frequency means the optimal number of 
times an ad is displayed to the same consumer resulting in advantage by improving the return 
of investment (McConnell & Hoecker, 2016; Broussard, 2000). According to Broussard, 
(2000) effective frequency is when the same ad is displayed to an average consumer the 
number of times it takes before resulting in action. This theory brings out the important 
question of how many impressions you should buy to achieve the best response in online 
advertising. 
 
When the same ad is frequently shown to the same consumer it reduces value for the 
advertiser since it is gradually more improbable to get a reaction after the consumer has seen 
the ad several times (Buchbinder et al., 2014). Apart from the weakening effect of the 
advertisement due to overexposure it can also create financial problems for the advertiser 
when running out of budget too quickly. The decrease in budget can also cause a loss in other 
potential advertising opportunities later in the future that is no longer impracticable because 
of the small budget (Qin et al., 2016). By limiting the frequency of an ad to a consumer, 
referred to as frequency capping, advertisers can avoid response reducing and banner ad 
burnout due to overexposing (Buchbinder et al., 2014). A frequency cap helps the advertisers 
to control the maximum number of times an ad can be displayed to the same consumer (Qin 
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et al., 2015; Hojjat, Turner, Cetintas & Yang, 2014). By using a successful frequency strategy 
with the right limitation, a positive effect can develop, resulting in enhanced return of 
investment (McConnell & Hoecker, 2016). Because of this positive effect, settings of a good 
frequency cap is crucial for the efficiency of advertising (Yuan, 2015). This solution 
controlling the exposure is known as the most effective way to avoid overexposure, although, 
frequency capping has also been recognized as an issue for the advertiser. The real challenge 
is still deciding the extent of the cap to maximize the market effect (Qin et al., 2015). Finding 
the optimal settings will require a lot of research in the right metrics to measure the efficiency 
of different frequency caps (Yuan, 2015). 
 
Programmatic advertising allows advertisers to adjust ad frequency by medium and time of 
day, depending on when it’s most suitable to target the audience with an ad (Robinson, 
2015). Within RTB, advertisers often inform the DSPs about their advertising strategies and 
then use that information to decide an appropriate frequency cap. Most companies using RTB 
have already assimilated the frequency cap but because of the two-stage bidding process it is 
hard to measure the capping effect and frequency strategies. Because of this, it requires a 
two-stage optimization model to measure the advertising effect to be able decide a suitable 
frequency cap (Qin et al., 2015). McConnell & Hoecker, (2016) argue that the correct 
frequency to persuade in best way possible depends on different paradigms such as learning, 
memory and different consumer behaviour.  
 
Despite all sophisticated advertising techniques that exist today, frequency issues still persist 
(Digiday, 2016). According to Qin et al., (2016) the frequency capping is one of the most 
important issues for advertisers and DSPs. Estimates from different types of research shows 
that a 40% of ad impressions in general are outside the frequency specification. This means 
that only 60 % of all ad impressions are in the frame of a good frequency (McConnell & 
Hoecker, 2016). Digiday (2013) asserts that bad frequency management and wrong frequency 
caps are costing digital advertisers billions of dollars a year. In their research from 2012, 64 
% of impressions were out of the frame of a good frequency and no advertisers had fewer 
than 60 % of its impressions delivered beyond their cap (Digiday, 2013). In the context of 
video streaming advertising, DigiDay (2016) mentions consumer ID mixup as another reason 
to the technical issues. As supply-side and demand-side tech don’t always synchronise, 
frequency caps might reset after each exposure. Frequency cap issues can also appear when 
advertisers mix programmatic and direct sales (Digiday, 2016). In addition, McConnell and 
Hoecker (2016) states that frequency cap issues can occur when consumers delete their 
cookies, which means the delivery system cannot know if the consumer has seen the ad 
before. In a research done by eMarketer (2016a) it was concluded that 27 % of advertisers 
and 47 % of media agencies were concerned about high-frequency exposure when it came to 
their digital media buying and planning. However, this problem has not been highlighted by 
researchers in the programmatic advertising field and the knowledge regarding the problem is 
still not enough (Qin et al., 2016). 
 
Since there is a lack of previous research in the Programmatic Guaranteed area, it’s been 
difficult to connect problems with frequency capping to Programmatic Guaranteed as well. 
However, the Programmatic Guaranteed uses the RTB scheme, therefore we can assume that 
similar challenges exists. Despite limited research, we’ve got intentions that overexposure 
issues exists for programmatic media buying that doesn’t involve an auction too 
(MarketingLand, 2015). Vidakovic (2015) mentions that the fact that platforms are isolated is 
an issue for Programmatic Direct, since it can create havoc in terms of setting global 
frequency capping. This is supported by Reagan (2013). 
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2.6.1 Recency 
Aside from the frequency of exposure, there is another expression called recency, used when 
discussing the period of time between the exposure of the same ad (Yuan et al., 2013). It is a 
measurement of how quickly the same ad is re-exposed to the same consumer (Hojjat et al., 
2014). In different recency theories, it is the changes in awareness level that will affect the 
consumer towards a purchase (Broussard, 2000). If the ad is displayed to the same consumer 
in a too short interval it could decrease efficiency and even cause irritation to the consumer. 
To control the time between every ad displayed to a consumer, a limitation is made in form 
of a recency cap (Yuan et al., 2013).  

A recency strategy is often set for advertisements with a goal of short-term results 
(Broussard, 2000). The recency cap is different depending on the campaign or creatives but 
the problem is in the decision in what time to set for the cap. In some campaigns the 
consumer tends to adapt and change its mind very quickly and therefore a short recency cap 
can be the most efficient. Although consumers normally need time to think and compare 
other possibilities before making up their minds and in that case a short recency cap could be 
a waste of the budget (Yuan et al., 2013). Econsultancy (2017) claim that advertisers have to 
understand their consumers buying cycle not to make crucial mistakes when retarget them. 
It’s exemplified as being re-targeted with packages on a return trip by travel agencies and 
hotels at a place you recently visited. Waiting another six months and it’s more likely that the 
consumer would consider a new trip. Thus, advertisers should cross-reference their data with 
recent customers to avoid waste of ad impressions and to create more customized messages 
(Econsultancy, 2017). Although, the setting of an effective recency cap is hard, the most 
common methods used to increase effectiveness of communication are repeated advertising 
(Laroche et al., 2006). 

2.7 Consumer Attitudes Towards Repeated Ad Exposure 
The purpose of frequently exposed ads is to remind the audience not to forget previous 
information about the brand and its products or services. By repeatedly expose an 
advertisement, consumers get the opportunity to process a marketing message and it’s 
therefore also possible to strengthen consumers’ impressions of the advertisement (Chih-
Chung et al., 2012; Alwitt & Mitchell, 1985). Chih-Chung et al. (2012) concluded that 
frequency influences consumers’ attitudes towards advertising. Attitude is defined as positive 
or negative feelings an individual may have regarding an object (Ajzen & Fishbein, 2000). 
Attitudes have been considered one of the most significant predictors of behavioural 
intentions in consumer research (Lim & Dubinsky, 2005). Chih-Chung et al. (2012) found 
that the higher the frequency, the higher influence on the attitude of consumers. Park et al. 
(2008), also saw a relationship between repetition and attitudes among Internet 
advertisements. By contrast, they found that advertising repetition ultimately affects 
consumers’ attitudes negatively, that is, decreasing the advertising effectiveness. At first, the 
effectiveness of advertising increased with repetition, however, the effect was saturated and 
decreased if the advertisement was too frequently exposed (Park et al., 2008). 

Several previous studies on traditional media examines which level of frequency implies 
worsen effect of advertising (Hiebing & Cooper, 1990; Pechmann & Stewart, 1989). Hiebing 
& Cooper (1990) states that in order to achieve higher level of advertising effect, the higher 
frequency of the advertisement needs to be exposed. At the frequency of six to ten times, they 
claim that the audience will gain a positive attitude towards the product or service and 
exposure over ten times means there’s a possibility of purchase (Hiebing & Cooper, 1990). 
Pechmann & Stewart (1989), by contrast, argues that advertising wear-out begins with the 



 17 

fourth exposure. This means that additional exposure has no substantial effect on consumers 
past that phase due to irritation or boredom. Similarly, Ducoffe (1995) claims that high 
repetition of advertising can cause irritation among consumers. 
 

2.7.1 Irritation 
Previous studies in the context of traditional advertising highlight the relation between ad 
repetition and irritation (Ducoffe, 1995; Pechmann & Stewart, 1989). Irritation is a 
substantial factor that can lead to negative attitudes towards advertisements and also reduce 
the value obtained from them (Ducoffe, 1995). Birmingham (2015) highlights the biggest 
pitfall of retargeting: overexposure. By continually and frequently bombard consumers with 
the same message over and over again causes irritation (Birmingham, 2015). According to 
Laroche et al. (2006) and Moore et al., (2015), consumers may consider annoying marketing 
synonymous with repetition. They define annoying marketing as when companies are using 
the same ads over and over again. They also exemplify this reappearance as display ads 
repeating from page to page (Moore et al., 2015).   
 
Tang, Zhang & Wu (2015) found that repetition of an ad and its timing were more associated 
with negative perceived ads than positive perceived ads. This argument is also strengthened 
by Schmidt & Eisend (2015). Schmidt & Eisend (2015) also bring up the recency issue with 
advertising exposure. With a short duration between ads, consumers get exposed to the ad 
sooner than with a longer spacing between exposures. If advertising is repeated continuously 
without break between repetitions, it could cause negative effects like boredom and irritation. 
Tang et al.’s (2015) findings suggested that ad repetition usually lead to an annoying 
impression, while low frequency creates more positive attitudes towards an ad. They also 
stated that frequency, onset timing and annoyance are judgements of ad actions that were all 
close to avoidance behaviours. 

McCoy et al. (2017) claim that research on repeated measures of online ads are in its infancy 
and nonetheless on repeated measures of programmatic advertising. That study was one of 
few found focusing on attitudes towards frequent online advertising (Tang et al., 2015, 
Schmidt & Eisend, 2015; Moore et al., 2015), which shows that our research will contribute 
to theory. They demonstrated the dangers of repeating advertisements on websites – 
negatively perceived advertisements leads to even more negative attitudes due to more 
exposure (McCoy et al., 2017). Since it’s possible for advertisers and agencies, especially 
with programmatic advertising, to control the frequency of ad repetitions, the importance of 
knowing the effectiveness of additional ad exposures is greater (Qin et al., 2015; Laroche et 
al., 2006). When connecting these theories to our research question, it is reasonable to 
assume that the knowledge of consumers attitudes towards repeated advertisements is 
important for advertisers using programmatic advertising. Based on previous theories 
following hypothesis is suggested: 

H1: Frequently exposed programmatic ads will cause irritation among consumers. 
 

2.7.2 Invasiveness 
Targeted programmatic advertising based on consumer data has grown a lot during the past 
years and becoming more and more common (Hardy, 2016; Field et al., 2015; Busch, 2016; 
eMarketer, 2014a; Van Doorn & Hoekstra, 2013). Profile building and online data collection 
have expanded, thus personal privacy becomes threatened (Christiansen, 2011). Christiansen 
(2011) and Chen, Feng, Liu & Ju (2017), claim that people are unaware of the information 
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trail they leave when using the Internet. In addition, they are even more unaware of the 
commercial uses of their personal data, however the public awareness regarding invasive 
methods are emerging (Christiansen, 2011). Kim & Huh (2017) claim that behavioural 
targeted ads could make consumers more aware of advertisers’ tracking and sharing of 
consumer online activity data and therefore could be perceived as invasive. Consumers may 
find highly targeted ads as a sign that their personal information is used by advertisers, which 
could arise feelings of loss of control (Van Doorn & Hoekstra, 2013). Gironda (2014) defines 
invasiveness as: 
 

”The perception of an individual that some entity or practise violates his or her privacy” 
(p. 43) 

 
Furthermore, invasiveness is considered closely related to privacy concerns. Targeted ads can 
be considered too personal, since it can demand a certain level of insights of consumers’ 
preferences and behaviour (Van Doorn & Hoekstra, 2013). If the level of precision is too 
high, containing too much personal information, the ad can be perceived as disturbing 
(Adolphs & Winkelmann, 2010). 
 
Gironda (2013) and Chen et al. (2017) highlights the thin line between personalization and 
invasiveness in advertising. There are currently few studies related to targeting of online ads 
that focus on the trade-off between ad relevance and feelings of invasiveness (Van Doorn & 
Hoekstra, 2013; Taylor, 2013). Benefits from targeted online advertising may come with 
taking greater risks of privacy violation (Chen et al., 2017). McDonald & Cranor (2010) 
found in their study that 64 % of the participants believed that targeted advertising was 
invasive. The fact that companies keeping track of their online activities was the reason. 
Similarly, Internet Advertising Bureau (IAB) (2017) found that 20 % of the respondents in 
their online behavioural targeting advertising study felt invasive. They were concerned that 
their personal data would be stored without their knowledge permanently but also that other 
companies could possibly have access to their data. Gironda (2014) concluded that 
invasiveness is a significant and negative impact on attitudes towards targeted advertising, 
but also on advertising click intentions and purchase intentions. 
 
It’s possible that social media users have negative attitudes towards targeted ads, since their 
social media page is supposed to be their personal space. It could therefore be perceived more 
invasive than in other online environments (De Keyzer, Dens & De Pelsmacker, 2015). 
Advertising techniques like retargeting can also be frightening to the customers if they 
believe that their privacy is being violated (Kantola, 2014). Boerman, van Reijmersdal & 
Neijens (2014) argued that the consumer data that needs to be tracked to enable retargeting 
might result in invasiveness among consumers. Products that consumers shown interest in 
could reveal important events in their lives to advertisers, that could poses significant privacy 
threats, such as being pregnant, getting divorced or graduating (New York Times, 2012). 
Similarly, Gironda (2014) exemplifies targeted advertising an invasive practise. It’s 
reasonable to assume, based on previous studies that perceived invasiveness of an ad is 
increasing with higher level of targeting. Therefore, we suggest following hypothesis: 

H2: Frequently exposed programmatic ads will cause invasiveness among consumers. 
 

2.7.3 Likeability of Relevance 
Malheiros et al., (2012) state that the more relevant an ad is to the consumer, the more 
attractive it is. In the study of Campbell & Wright (2008), advertisement relevance is defined 
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as advertising, which is self-related or collateral in contributing to, or fulfil consumers’ goals 
and needs. The construct therefore offers great potential for matching content in advertising 
to online consumers’ interests (Campbell & Wright, 2008; Xia & Bechwati, 2008). 
 
The advantages that come with targeted advertising are greater relevance and fit in the 
perspective of consumers (Tam & Ho, 2006; Okazaki, Li & Hirose 2009; Chellappa & Sin, 
2005; Van Doorn & Hoekstra, 2013). Previous research in the area indicates that customized 
offers that provide a higher relevance to consumers’ preferences may increase purchase 
intentions (Goldfarb & Tucker, 2011; Pavlou & Stewart, 2000). In the context of ad attention, 
Jung (2017) found that perceived relevance influence consumers’ responses to social media 
ads. The personal relevance of online advertising is an important factor to accentuate a 
consumer’s interest in online interaction, Campbell & Wright (2008) suggest. Consumers’ 
interactions online are much more influenced by interests and personal relevance than other 
types of media.  
 
According to Pechmann & Stewart (1990) and Kronrod & Huber (2015), it’s a positive 
relationship between consumers’ attitude and the perceived relevance of an ad. A poll by the 
Digital Advertising Alliance concluded that 70 % of the participants had a positive attitude 
toward personalized ads and only 4 % were concerned about the behavioural tracking (Jung, 
2017). According to Pechmann & Stewart (1990) and Kronrod & Huber (2015), it’s a 
positive relationship between consumers’ attitude and the perceived relevance of an ad. 
 
Claypool, Mackie, Garcia-Marques, McIntosh & Udall (2004) studied how personal 
relevance, repetition and argument strength affected attitudinal change. They found that 
personal relevance in combination with message repetition have an impact on the way 
consumers process information. When consumers were exposed to relevant messages, their 
positive disposition to the message increased with every repetition. Kronrod & Huber (2015) 
suggested that personal relevance of a product displayed in an ad moderates the possibly bad 
effect of ad repetition. Instead of repetition causing irritation, a relevant ad turns into 
familiarity and liking (Kronrod & Huber, 2015; Kim & Huh, 2017). Kim & Huh (2017) 
concluded that perceived ad relevance was a strong predictor of consumer responses toward 
an online behavioural advertisement even after controlling the advertising frequency. 
Similarly, Campbell & Wright (2008) claim that personal relevance is an important factor to 
consider in repetitive online advertising. 
 
H3: Frequently exposed programmatic ads will cause likeability among consumers if 
they are relevant. 
 

2.7.4 Recognition 
A relevant ad can create a feeling of familiarity is related to a theory called the “mere 
exposure effect”, developed by Robert Zajonic in 1968. This theory predicts that exposure of 
any object affects the preference towards that object (Zajonc, 1968). With repeated exposure 
of an ad, this effect is creating a feeling of recognition towards the ad, which makes the 
object more familiar to the consumer (McCoy et. al., 2017). This recognition therefore 
creates a positive influence on the person’s preferences towards the repeated exposed object 
(Zajonc, 1968). According to the “mere exposure effect” an object that is more familiar also 
becomes more liked than a less familiar object (McCoy et. al., 2017). Despite the age of the 
theory, this effect has been relevant in many researches due to the relation between frequent 
exposure and attitude (Grush, 1979). 
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When looking at this theory in a marketing perspective, the positive effect of a person’s 
preferences caused by repeated exposure is an important benefit used in advertising. Most 
banners and other online ads are only viewed by the consumer for a short period of time 
(Kjærbøll, 2015). However, it seems that a short fixation time builds up a greater likeability 
than a long fixation time (Bornstein & D´Argostino, 1992). This short fixation time, when the 
exposure is viewed less than 50 milliseconds, is called subliminal fixation and is very normal 
on the Internet (Kjærbøll, 2015). Previous findings also indicate that objects with a 
subliminal or a similarly short fixating time creates a higher mere-exposure effect than 
objects that are clearly recognized, even though it is the recognition that causes the likability 
(Holender, 1986). Although, frequent exposure should have the same influence on 
recognition as well as the liking levels (Holender, 1986; Bornstein & D’Argostino, 1992). In 
the case of online ads, it is found that because of the normally short fixation time the mere-
exposure effect can form positive associations, which influence the attitudes towards the ads 
(Kjærbøll, 2015). This theory was also confirmed by Pechmann & Stewart (1989), who 
argued that short-duration advertisement is developing more familiarity and the effect size of 
advertising repetition is therefore bigger. Despite other distractions on a webpage the 
consumer will probably still see and recognize the online ad, which occurs only because of 
the repeated exposure (Zajonc, 1968). 
 
Banner ads aren’t paid that much attention to by the consumer when browsing on the web but 
the mere-exposure effect has a clear impact, as the fixation time is subliminal. The 
recognition is creating a familiar feeling, which is affecting the consumer attitudes even when 
the banner ads are not recalled. This supports the use of retargeting as it can have a positive 
effect on the consumer attitudes towards the ad (Kjærbøll, 2015). Sahni, Narayanan & 
Kalyanam (2016) concluded that retargeting affect consumer behaviour by increasing the 
probability of a consumer returning to the website recently visited. They also found that 
retargeting within advertising is more effective when the ad is displayed with a short duration 
after the consumer exited the website. In the struggle of increasing advertising recall it is 
found that advertising repetition is a solution. The difficulties with online advertising are the 
high level of advertising ignorance compared to other medium. This also indicates that high 
frequent exposed ads increase the probability of consumers noticing the ad in the first place 
(Yaveroglu & Donthu, 2008). 
 
Since these theories have been proven applicable concerning many different research areas, 
and clearly relevant in this study, it has been found to affect attitude formation (Grush, 1979). 
Based on these theories the following hypothesis is suggested: 
 
H4: Frequently exposed programmatic ads will cause likeability due to ad recognition.  
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Figure 4. Conceptual Model. 

 

2.7.5 Conceptual Model 
Our conceptual model is constructed based on theories in the previous sections. Likeability of 
relevance and Invasiveness are connected to previous theories based on individual targeting, 
whereas Recognition and Irritation are based on previous theories of high frequency 
exposure. As we investigate frequency effects and targeting comes with programmatic 
advertising, the terms have to be linked to one another. However, based on our research, they 
have not been measured in the same context in other studies. Our hypotheses state that 
Frequency has a positive impact on all variables (see Fig. 4).  
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3. Methodology 
In this paper, we examine how frequent exposure of programmatic advertising affect 
consumers’ attitudes. 
 

3.1 Research Approach 
A focus when researching is to relate theory with empiricism in best way possible. There are 
three different ways a researcher can proceed to find that relation between theory and reality; 
induction, deduction and abduction (Patel & Davidson, 2003). An inductive approach in 
research is based on empirical findings and linked to a qualitative research method (Jacobsen, 
2002). When using a deduction approach, the research is built on existing theory and linked 
to a quantitative research method. Different hypotheses are formed based on the selected 
theory which will be tested empirically to see if the hypotheses are acceptable or not (Patel & 
Davidson, 2003). The abductive approach is a combination of deduction and induction 
(Alvesson & Skoldberg, 2009). This research includes characteristics that are more suitable 
for a deductive approach. We started with selecting a subject and examine existing theories to 
create a research question with a sequence of different hypotheses. The next step was to test 
our hypothesis to find if they match the reality in order to answer our research question. 
 

3.2 Research Design 
The overall plan of how to answer the research question is called the research design. The 
type of research and the purpose of it determine the choice of research design (Saunders, 
Lewis & Thornhill, 2009). According to Saunders et al. (2009), there are three types of 
research designs: exploratory, descriptive and explanatory. An exploratory study is useful 
when you aim to deeply understand a problem or seek new insights. It’s often combined with 
limited previous research in the area. When the purpose of the research is to describe an 
accurate profile of persons, event or situation, it’s a descriptive research. This is the most 
common research design that enables identifying and describing the variability in different 
phenomena. The third, called explanatory research, studies a situation or a problem in order 
to explain causal relationships between variables. As we intend to explore how high 
frequency of programmatic advertising is affecting consumers’ attitudes, thus exploring the 
relationships between variables, we applied an explanatory research design. 
 
Research design can be divided into two different methods; qualitative - and quantitative 
method. Using quantitative research, the empirical data will be in numbers or scale with a 
high amount of people participating to be able to generalize the results. The quantitative 
method is used when having previous knowledge regarding the subject with an interest of 
describing frequency or range. The qualitative research, on the other hand, contains empirical 
data in form of words and sentences instead of numbers and is used on a smaller population 
than a quantitative research (Jacobsen, 2002). 
 
In this research, we chose to use the quantitative method. Saunders et al. (2009) claim that a 
questionnaire that collects quantitative data can be studied quantitatively by means of 
descriptive statistics and hypothesis testing. The choice was also based on the share of 
existing theory available about the subject and the big sample size (see Sample Size).  
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3.3 Credibility of Literature Review 
To create as high credibility as possible in research, the possibility of collecting the wrong 
empirical data has to be reduced. This is made by focusing on two essential items; Reliability 
and Validity (Saunders et al., 2009). 
 

3.3.1 Reliability 
Reliability is the degree to which a researcher’s data collection techniques or analysis provide 
consistent results. A good reliability is when the findings are the same when repeating the 
research on other occasions or by other people (Saunders et al., 2009). The purpose is to 
reduce as much biases within the research as possible to create reliable results. An example 
of error could be the decision in which time to send out a questionnaire due to different mood 
or obligations that people may have (Bryman & Bell, 2005). We chose to send out the 
questionnaire a Sunday in the late afternoon to minimize the risk in people ignoring the 
questionnaire because of working hours.  
 
To prevent biases, we chose to share the questionnaires on five other personal Facebook 
pages, apart from our own, that belong to acquaintances in different ages and with different 
contacts that are not linked to each other. We also shared it in relevant Facebook Groups. 
Thus, we avoided people from answering the questions how they believe we want them to 
answer instead of how they really think, because of our relation to them. 
 
In order to keep the focus on attitudes and not involve too much technical factors, we chose 
to not further investigate how consumers perceive different levels of frequency. Thus we 
assumed that high frequency exposure is perceived individually, which affects the reliability. 
However, if we had incorporated different levels of frequency into our study it would still 
have been perceived individually by consumers.  
 

3.3.2 Validity 
Validity is referring to the issue of whether the findings are really about what they appear to 
be about. A study must consist of correct data that is truthful and targeted as well as methods 
within the research that reflects the reality for its validity to increase (Bryman & Bell, 2005). 
When working with questionnaires it is important that the questions measure what it is 
supposed to measure and for them not to be misunderstood (Jacobsen, 2002). 
  
We are aware of the misunderstanding that can occur when having the survey questions in 
English when they are directed to Swedish people. Although, we believed that translating the 
questions could result in a bigger risk of misunderstanding, due to the errors in translating, as 
we did not find English words with the same exact meaning. The variables we took from our 
theory for testing is therefore bringing greater understanding in English than in the Swedish 
translation. To increase the validity, we chose to test the questionnaires before sending it out 
on 10 people in different ages, to make sure they understood everything correctly. After 
considering the feedback acquired from the pilot testing, we made some minor changes and 
afterwards we were confident in our choice of language. To be absolutely sure that no 
misunderstandings would occur, we added translation to some difficult words in the 
description below the specific question. 

To increase the validity, we have spent a lot of time with the creation of the questionnaire. To 
give the people involved a simple and smooth start, we put the questions of generate nature 
first. We also selected only the most important questions required for our research so that the 
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people answering won’t be bored and in worst case won’t finish the whole survey. To ensure 
that the questionnaire is really measuring what it is supposed to measure we made a careful 
definition of both the variables, the survey questions and our research question, so that all are 
supported by previous theories. We also had continuous discussions with other students at 
our university and our supervisor during the process. This to make sure every question was 
essential for the measurements. 

We chose to not mention the technical parts from the theory in the survey questions, as the 
knowledge that people have about the technical perspective of this subject is narrow. To be 
certain that everyone had enough information when participating in the survey, we only 
mentioned online ads in general and not the programmatic buying process. Based on 
information from previous researches (Field et al., 2015; eMarketer, 2014a; IAB Europe, 
2016c), we assumed that all Swedish online ads are bought programmatically. As mentioned 
in the Delimitation section, we did not further describe what type of ad format we refer to and 
the effect of ad format will not be taken into consideration, since it will provide another focus 
to our research.   

3.4 Data Collection Method 
There are two different types of sources researchers can use to find the right information to 
answer the research question; primary resource and secondary resource. The right method is 
chosen depending on available resources (Patel & Davidson, 2003). 
 

3.4.1 Primary resource 
Primary data is information that has been collected straight from the researcher for the first 
time, specific for the current research question. The data is collected by the researcher with 
the use of different methods like interviews, observations or questionnaires (Jacobsen, 2002). 
We collected primary data from our questionnaire, answered by the randomly selected 
sample in our research. This made us feel certain about that we would be able to answer our 
question in the conclusion, as it provide us information relevant for our specific research. 
 

3.4.2 Secondary resource 
The secondary data is all other sources that are not primary data and has been collected by 
someone other than the researcher. It means that the information has been collected for 
another purpose and already exist when starting the investigation (Jacobsen, 2002). We used 
secondary data to become more familiar with the subject, to analyse previous theories 
relevant to our research and to support when answering our research question. We used 150 
secondary resources with a mixture of scientific and popular scientific articles, websites and 
reports from authorities and organizations as well as books. The sources were taken from 
different databases; Web of Science, Google Scholar, Emeralds and Halmstad University’s 
own database. The keywords we used while collecting information through secondary 
sources are mainly; Programmatic Advertising, Real-Time-Bidding, Overexposure and 
Consumer attitudes on frequent exposed targeted ads. 
 

3.5 Choice of theories 
To get an introduction into the evolution of programmatic advertising and the techniques 
behind it, the first section of the literature review covered this. To get a deeper understanding 
we also included how it works on mobile and on Facebook, which is the social media 
significant for this research. Furthermore, we examined the previous theories of Real-Time 
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Bidding, including the evolution, the actors and business process. In addition, we explained 
what previous researches have concluded about programmatic advertising that isn’t RTB. We 
chose to do this because we couldn’t be absolutely sure that programmatic advertisements 
that are exposed to participants of our research is based on RTB buying. Therefore, we 
needed a core of how other media buying techniques work and how it’s connected to our 
assumed frequency issue. In the following section, we covered how targeting and retargeting 
works in the context of programmatic advertising. 
 
The literature review also included a section about frequency; what it is and how it has been 
concluded as a programmatic advertising problem to advertisers in previous studies. To be 
able to answer our research question, we have chose to incorporate previous theories about 
consumer attitudes towards repeated ad exposure and primarily towards repeated ads that are 
targeted. 
 

3.6 Criticism of Sources 
Every new finding has been examined to see how different variables could have affected the 
results. To critically overview the secondary sources we have been focusing on four different 
aspects: relevance, credibility, high quality and time scope relevance. As explained in the 
Secondary Resource section, we have used several different types of references to help us in 
the research. When we decided if the secondary data was relevant, we have critically viewed 
every source separately to find out if the content is required in our research. If the source can 
contribute with information that is needed in some way to answer our research question we 
consider it to be relevant. We have deliberately disregarded relevant sources that have 
unreliable origin, such as blogs, undergraduate theses and unknown websites. According to 
Jacobsen (2002), it is important not to trust only one source without comparing it to others. 
To include sources with as high quality as possible, we have critically read and compared 
every source with other sources containing similar information. Theories in the Literature 
Review section have to a great extent been corroborated by different sources that claim the 
same thing to ensure even better reliability. 
 
Taking the time scope relevance in consideration we have chosen to focus on sources with 
recent publishing year, especially because we have taken the newly developed topic in 
consideration when selecting our sources. We have chosen to include sources where the 
majority has been written between 2013-2017 to increase the credibility. We are aware of the 
fact that there are older sources used in this methodology section and to explain previous 
theories in consumer attitude research. Since previous research on consumer attitudes 
towards online advertising is limited, we chose to incorporate theories of how consumers 
perceive traditional advertising. This could be a threat to the accuracy of the data. However, 
these are relevant theories from scientific articles and books written by respectable authors 
that we have critically reviewed and decided to use despite the year of publish. We have also 
found a number of newer sources that refers to the same books and articles, which makes us 
confident in our decision. When selecting articles we also enhanced the credibility by 
choosing the ones that were cited in other research papers. 
 

3.7 Research Strategy 
The choice of research strategy depends on objectives, research questions, existing 
knowledge in the area and resources (Saunders et al., 2009). Saunders et al. (2009) states 
eight different research strategies that all can be used to the three different research designs; 
experiment, survey, case study, action research, grounded theory, ethnography and archival 
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research. This methodology chapter will only focus on the first two. The purpose of an 
experiment is to examine changes in the dependent variable caused by an independent 
variable. It also implies samples from participants in both an experimental group and a 
control group. Experimental strategy is more common in organizational and socio-
psychology researches. A survey on the other hand, is often used when having a deductive 
research approach because of the ability to answer “what”, “where”, “when” and “how 
many” questions. This fact makes surveys useful primarily for descriptive and exploratory 
research designs. However, Bryman & Bell (2005) claim that collecting quantitative data of 
several variables can testify later for relationships between them. Saunders et al. (2009) also 
agrees that data collected from a survey strategy can suggest possible reasons for 
relationships between variables and help create models of these relationships. Therefore, we 
chose a survey strategy for our deductive explanatory research. In that way, it’s possible to 
have more control over the research process and indirectly generate findings that are 
representative of the whole population.      
                                                         

3.8 Survey Method 
As mentioned above, surveys are suitable for deductive approaches and for collecting 
quantitative data from several testable variables (Saunders et al., 2009; Bryman & Bell, 
2005). Some of the advantages with surveys are that they allow a large amount of data 
collection, are easy for the respondents to understand and are also economically favourable. 
The data acquired is standardised and therefore allows comparison (Saunders et al., 2009). 
Bryman & Bell (2005) claim that surveys collect data from more than one case and at a single 
point of time through either questionnaires or structured interviews. Structured interviews 
involve interviewers asking standardised questions to the respondents through a personal 
meeting or a telephone conversation (Saunders et al., 2009). Structured interviews have 
identified drawbacks as follow: longer preparation and the possibility of asking different 
questions in a different order. However, using a questionnaire as a part of a survey strategy 
can cause drawbacks such as lack of understanding of difficult questions, the respondent 
skipping questions or reading all questions before answering the first. Thus this can affect 
how the respondent is answering and in turn the research result (Bryman & Bell, 2005). 
 
After considering the both alternatives and their drawbacks, we have decided to make a web-
based questionnaire. We choose questionnaire primarily because we intend to examine 
attitudes through an explanatory research and since we intend our questionnaire to have 
minimal interference, we didn’t want to affect the respondents with our presence. The 
questionnaire wasn’t distributed offline, since our research question is related to the Internet. 
In web-based questionnaires, respondents also have the flexibility to answer when it’s the 
most convenient time for them (Bryman & Bell, 2005). Bryman & Bell (2005) claim that the 
respondents are being exposed to less pressure through web-based questionnaires and 
therefore it’s possible to expect unbiased responses. We also believed that this would enable 
a higher response rate as we were able to reach thousands of people at the same time, when 
it’s suitable for them. 
 

3.9 Time Horizon 
It’s also important when designing a questionnaire to state what time horizon that is going to 
be examined. Saunders et al. (2009) identifies two different kinds of time horizons: cross-
sectional and longitudinal. The choice of method is depending on what research strategy you 
are pursuing. Longitudinal studies measure events over a given period of time, which makes 
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it possible to study change and development. However, cross-sectional studies only measure 
a phenomenon at a particular time and is often used in survey strategies. 
  
Since we have a survey strategy, it would be more suitable for us to do a cross-sectional 
study. Even though the programmatic advertising emerged in 2013 and has grown rapidly 
since (Field et al., 2015), our research only examines attitudes in the present situation and not 
how attitudes have changed over time. Because of the present time horizon, we don’t require 
to have control over respondents during the data collection (Saunders et al., 2009).  
 

3.10 Operationalization and Measurement of Variables 
In our Literature Review, we identified relevant relationships between various factors. The 
factors we focused on and found affecting attitudes towards frequent targeted online 
advertising were Irritation, Invasiveness, Likeability of relevance and Recognition. We stated 
these relationships as four hypotheses, throughout our Literature Review. In order to 
transform these factors into reliable and easily understandable measures of variables, we 
followed the operationalization process. Bryman & Bell (2005) argue that reliability of a 
research increases when measureable variables are adapted from related previous studies. 
 
The questionnaire had three attribute variables regarding the respondents’ characteristics; 
age, gender and if they are Swedish residents. These are measured by three items. These 
items were mainly used for checking so that the collected data was representative for the 
population (Saunders et al., 20009). The following three items were incorporated to measure 
if consumers perceive programmatic advertising as frequently exposed and in that case, how 
frequent. Frequency is a necessary variable for understanding the relationship to our opinion 
variables; Irritation, Invasiveness, Likeability of relevance and Recognition. Opinion 
variables record how respondents feel about something (Saunders et al., 2009), which is 
related to attitudes. We measured Irritation with three items based on Tang et al. (2015), 
Moore et al. (2015), Birmingham (2015), Schimdt & Eisend (2015), McCoy et al. (2017) and 
Laroche et al. (2006). Invasiveness was based on theory from Van Doorn & Hoekstra (2013), 
Christiansen (2011), Chen et al. (2017), Kim & Huh (2017), Gironda (2014) and De Keyzer 
et al. (2015) and evaluated with three items. Measures of Likeability of relevance was 
modified and adapted from Malheiros et al. (2012), Campbell & Wright (2008), Okazaki et 
al. (2009), Goldfarb & Tucker (2011), Jung (2017), Kronrod & Huber (2015) and measures 
of Recognition from Zajonic (1968), McCoy et al. (2017), Kjærbøll (2015), Bornstein & 
D’Argostino (1992), Sahni et al. (2016) and Yaveroglu & Donthu (2008). The two latter were 
also measured with three items each. Although later in the research process we found that 
two of the items for Recognition had low reliability and they were discarded. As mentioned 
in the Validity section, we base the choice of using the word “online ads” instead of 
“programmatic ads” in the items on previous researches (Field et al., 2015; eMarketer, 2014a; 
IAB Europe, 2016c).  

All of the items mentioned are related to our four hypothesis stated in the literature review. 
Two of the variables (Irritation & Recognition) are based on previous studies of consumer 
attitudes towards frequent advertising and the other two (Invasiveness & Likeability of 
Relevance) are based on previous studies on consumers’ attitudes towards targeted 
advertising. Since programmatic advertising is highly targeted, this was a relevant factor to 
consider when examining high frequent exposure. We assumed that the four opinion 
variables were all dependent variables and frequency was an independent variable. Likert-
scale was used in all these items to ensure consistency of our questionnaire. 
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As our research design is explanatory, we have reviewed previous theories carefully to 
conceptualize our own research before designing the questionnaire. We put effort in being 
clear with the detail in which the variables will be measured when designing the 
questionnaire. It was important, since we would test the relationships between variables 
through statistical analyses.   
 

 
 

Figure 5. Conceptual Model. 

3.11 Designing Questionnaire	
In order to collect our empirical data about consumers’ attitudes, we designed a questionnaire 
(see Empirical Findings). The questionnaire was self-administered, which means it was 
completed by the respondents. The respondents were anonymous to ensure minimal 
interference as intended. The fact that it was anonymous aid to collect unbiased survey 
responses, according to Saunders et al. (2009). It’s relatively unlikely, in self-administered 
questionnaires, that respondents answer questions to please you or because they believe a 
certain response is more socially desirable, which would also help us avoid biases. The other 
alternative, to do an interviewer-administered questionnaire would enable ensuring that the 
respondent is whom you want and it’s more likely to get answers from respondents when 
having a personal contact (Saunders et al., 2009). However, since we had a big sample size 
and our estimated response rate was 3850 individuals (see Sample Size section), a self-
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administered questionnaire was more suitable for our research. The lack of previous similar 
studies in the programmatic area was the main reason to that decision.  

Saunders et al. (2009) states two different types of questions: open questions and closed 
questions. Open questions allow respondents to answer in their own way and closed 
questions provide alternative for the respondent to choose from. We chose closed questions 
to our 18 items, since they require minimal writing, which is a factor that can affect response 
rate. The data acquired is also easier to compare, as answers are predetermined. Saunders et 
al. (2009) states six types of closed questions; list, category, ranking, rating, quantity and 
matrix. In our first three items, that covered age, gender and Swedish citizenship, we used 
category boxes for the respondents to fill in as the answer can only fit one category. For the 
rest of our items, we chose ranking questions, because we wanted to collect opinions and 
rating questions are often used for that type of data. We used a five-point Likert-style rating 
scale in that allows the respondent to decide how strongly he or she agrees with a statement. 
However, in the first question we chose “Low Frequency” as number 1 and “High 
Frequency” as number 5. With a five-point scale, it’s possible for the respondent to be 
neutral, which is important, as we didn’t want to force the respondent to choose either side. 
As we have several attitude related items, we used the same order of the response categories. 
Saunders et al. (2009) claim that it could be confusing for the respondents otherwise.   

The questionnaire was conducted through Google Forms, to make the design and layout of 
the questionnaire simple and appealing. To introduce our questionnaire, we made a summary 
of our main objectives and the purpose of our research to concisely and clearly explain why 
we wanted the respondents to complete the questionnaire. Items regarding the respondents’ 
demographics were introduced firstly. Secondly, items covering consumers’ experiences of 
highly frequent advertisements were stated, followed by items with the variables irritation, 
invasiveness, likeability of relevance and recognition. The four latter were found in previous 
theories and were related to attitudes towards frequent targeted advertising. Thus, we 
followed a logical flow in order to get reliable and accurate responses from the respondents. 

Since it is possible that respondents consistently interpret a question in a questionnaire in one 
way, when something else is meant (Saunders et al., 2009), we put effort into formulating the 
questions as simple and clear as possible. We also made all of them mandatory, to be able to 
ensure reliability and content validity. As mentioned in the Credibility of Literature Review 
section, we decided to have the questions in the questionnaire presented in English. We 
considered the risk of respondents not understanding the questions is less than the possibility 
of not having an accurate translation. This was very important since our research involves a 
lot of English terms that isn’t correlative with any Swedish words. Although we were aware 
of the risk in shortfall by using another language in the survey, this was taken in 
consideration when analysing the results. Longer questionnaires can reduce response rates 
relative to shorter questionnaires, therefore we tried to have as few questions as possible but 
to not compromise at the expense of collecting the data required. This can limit irritation and 
maximize completeness of questionnaire, due to not requiring additional effort from 
respondents (Saunders et al., 2009).  

According to Saunders et al. (2009), response rates, validity and reliability can be maximized 
by a clear and pleasing layout of the questionnaire together with a lucid explanation of the 
purpose of it. In order to even better ensure those factors, we made a pilot testing of our 
questionnaire so that we could avoid questions that are difficult for the respondents to 
understand and be confident that the questionnaire was cohesive. The purpose of a pilot 
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testing is also to ensure that the data collected will enable our research questions to be 
answered.  

3.12 Sample Strategy 
When sampling from a population, there are two main sampling techniques; probability 
sampling and non-probability sampling. Probability sample means that everyone in the 
population has an equal chance to be a part of the study and that every respondent has been 
chosen randomly. The probability sampling is used in surveys and other experimental 
research strategies because of the possibility to generalize from the results. In a non-
probability sample, the respondents have been chosen by the researcher and the probability of 
each case being selected from the population isn’t known. Since it’s hard to generalize from 
non-probability samples, the technique is often used in qualitative researches. Within 
probability sampling, there are three common techniques: simple random sample, systematic 
sample and stratified random sample. Simple random sampling involves selecting the sample 
randomly from the population using either a computer or random number tables. A 
systematic sample is done by selecting samples within a regular interval of the population. 
Stratified random sampling implies dividing the population into two or more relevant stratas 
based on attributes. A random sample is then drawn from each strata (Saunders et al., 2009). 
 
As we chose to base our research on quantitative data collection, probability sampling was 
more suitable to use, since we are examining the attitudes of a big population. We decided to 
do a simple random sampling from our population. Random selected samples come without 
biases and can therefore be regarded as representative of the whole population (Saunders et 
al., 2009). According to Saunders et al. (2009), the selection a simple random sampling 
technique provides is more evenly dispersed throughout the population for samples of more 
than a few hundred cases. Based on our population, we have calculated that our required 
sample size is 385 (Calculator.net, 2017), which indicates that simple random sampling can 
be suitable for our research. 

Programmatic advertising is outgrowing direct sales worldwide somewhere between 2017-
2019 pursuant to market forecasts (Field et al., 2015). According to eMarketer (2014a), it was 
predicted in 2014 by the CEO of Interactive Advertising Bureau (IAB Sweden) that nearly 90 
% of the Swedish publishers would provide their inventory through a SSP within six months. 
The report from Interactive Advertising Bureau’s (IAB Europe) (2016c) stated that 87 % of 
advertisers, 92 % of agencies and 93 % of publishers in Europe are using programmatic 
advertising. The ultimate population would be all Internet users because we’re investigating 
consumers’ attitudes towards online programmatic advertising. The choice of limit the 
research to Swedish consumers was based on the greater likelihood of reaching a sample size 
representative to the population and the possibility of avoiding cultural differences. As none 
of these reports are claiming that the Swedish online advertising market is 100 % 
programmatic, we chose all Swedish Facebook users above 18 years old as our population 
instead. We didn’t consider respondents younger than 18 due to ethical and legal restrictions 
of Internet. According to Dawson & Lamb (2016), as early as in 2014, 100 % of Facebook’s 
total revenue was programmatic. Therefore, we were confident that we would reach 
consumers that have been exposed to programmatic advertising. As the specific 
programmatic buying method of online ads were not considered in our questionnaire, it’s 
possible that consumers in our research have been exposed to advertisements that are bought 
through both RTB and other programmatic media buying methods. We also believed that it 
was a great chance that these Facebook users have experienced programmatic advertising 
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outside Facebook, both RTB and other programmatic buying methods, since 71 % of all 
Internet users in Sweden are active on Facebook (Svenskarna och Internet, 2016). 

In order to carry out a selection based on a simple random sampling, we made our survey 
available on 7 personal Facebook pages of people in different ages and also in some relevant 
Facebook Groups. In this way, we would increase randomization and could avoid biases that 
could have occurred if the respondents only were connected to the researchers. It would also 
be more representative of the population if we could reach all different age groups (Saunders 
et al., 2009). Saunders et al. (2009) argues that web-based questionnaires provides the highest 
response rate, but we believed that it was depending on how many individuals that were 
exposed to the survey. We estimated, based on these 7 personal Facebook accounts, the 
Facebook Groups and their total followers that we reached approximately 4570 Facebook 
users with our questionnaire. As we had an estimated response rate of 3850 we believed it 
was possible to fulfil the data collection. To even better ensure reaching the required amount 
of respondents, the survey was be displayed at several occasions and at different time of day. 
We thought that distributing manual surveys would not agree with our research, since it’s 
about online advertising and we wanted to avoid respondents from outside the population to 
participate. 

3.12.1 Sample Size 
According to Facebook Audience Insights (2017), there are approximately 6 000 000 active 
users in Sweden in the ages from 18 and older. As these numbers are not statistically ensured 
we also wanted to compare with other sources. In the end of 2016, Sweden had 9 995 153 
inhabitants (Statistiska Centralbyrån, 2017). The research “Svenskarna och Internet 2016” 
(2016) claim that 630 000 swedes don’t use the Internet. The research also found, based on a 
sample, that 71% of the Internet users in Sweden from 12 years old and up, are active on 
Facebook in 2016. 71% of 9 365 000 implies 6 649 150 active Facebook users in Sweden 
from 12 and up. Since our research was based on respondents that are 18 and older, we 
believed that it was reasonable to assume that our population was approximately 6 000 000. 
The fact that 71 % of all Internet users are using Facebook, was relevant for this research, as 
the chance of reaching users that are exposed to programmatic advertising was even bigger. 
Based on the division of female and male Internet users that use Facebook (Internetstiftelsen i 
Sverige, 2016) and statistics of the division between men and women in the Swedish 
population (Statistiska Centralbyrån, 2017), we estimated that approximately 49,8 % of our 
population are women and 50,2 % are men. We were aware of that the percentage of women 
and men involved in this research were not the same as the estimated number of the 
population we are measuring. Although this is hard to affect, it would have an influence on 
the reliability since a repeated survey with a different percentage could change the results.  
 
We used the Calculator.net Sample Size Calculator to determine what sample size we might 
need for our research. The calculator revealed that we need a minimum of 385 samples on a 
95% confidence level and a 5% confidence interval for the 6 000 000 population size 
(Calculator.net, 2017). A confidence interval is the range into which the true population 
parameter will fall, whereas the confidence level is the probability that a confidence interval 
will include the population parameter (Malhotra & Birks, 2006). We chose the confidence 
level & interval because we wanted to be 95% sure that we could generalize from the result, 
since it’s hard to have a 99% confidence level when having a population size at 6 000 000.   
 
Examples of previous researches connected to attitudes towards frequent targeted advertising 
that have comparable sample sizes were Chih-Chung et al. (2012), that carried out their 
survey on 457 respondents, Chen et al. (2017) had a sample of 301 respondents and Kjærbøll 
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(2017) had a sample of 84 respondents. We have also estimated a response rate by dividing 
the sample size of 385 with the desired response frequency of 10 % (SurveyMonkey, 2017). 
Our response rate is 3850, which was the number of individuals that we had to reach.  As we 
collected 396 answers to our survey (see Empirical Findings), we can assume that we have 
reached a response rate and a sample size that is representative to our population.   
 

3.13 Data Analysis  
Through our Google forms, we were able to export our data into an Excel File after we have 
collected enough answer for our analysis. Afterwards we transferred it into a data file in the 
SPSS software. Our categorical data was obtained mainly to observe frequencies in order to 
examine how many of the respondents were a part of a certain category. These included age, 
gender and Swedish residence. This enabled understanding the sample distribution in 
different categories, in comparison to the population. As all of our items we wanted to 
measure were in interval scale we chose to value the data as scale data. It was easily coded, 1 
as ”strongly disagree” and 5 as ”strongly agree”, except the first scale item which had 1 as 
”low frequency” and 5 as ”high frequency”. Although, the coding was in the same direction 
and it wasn’t required to reverse the coding of responses. Thus, miss-interpretations were 
minimized in the analysis of the data obtained from the questionnaire. We made Cronbach’s 
Alpha test for all of the constructs of items to assure the internal validity and reliability of 
them. Each construct should have at least a value of 0,7 in order to prove the validity 
(Saunders et al., 2009), which all of our constructs had except one - Recognition. We made 
the decision to not use these three Recognition items as a construct, instead we chose to only 
use the best fitted item in our correlation and regression analysis. We have chosen not to 
include all calculations and models in our paper, for further calculations please feel free to 
contact us.  
     

3.14 Ethical considerations 
When executing the survey we have focused on some ethics perspective. The ethic in 
research can be defined as different moral principles that can affect the research process. This 
means that any thesis must be written avoiding hurting people’s ethic (Ghauri & Gronhaug, 
2005). To avoid any ethical problems we have discussed the ethics in survey techniques to 
later focusing on the ethical problems on the document based study. 
 
As a first step to avoid ethical problems, we decided to only collect data from respondents 
over 18 years old. Legal restrictions of Internet and the fact that we didn’t want to involve 
children were the reasons behind the decision. According to Jacobsen (2002) a researcher has 
to consider anonymity for all the respondents participating in the study when conducting a 
survey. Anonymity when answering a questionnaire can imply more sincere answers. As 
mentioned in a previous section, the questionnaires were answered anonymously, when and 
how the participants want to obtain as sincere response as possible from every participant. 
This, to increase the reliability and to get a representable sample as possible for our 
population. Another important ethic requirement for researching is mutual agreements (The 
Swedish Research Council, 2002). When sending out our questionnaires we made sure all 
necessary information was included to keep an honest and informed research. The purpose 
was told before answering any questions and an explanation on how the answers would be 
used in our thesis. The participants gave their consent when they chose to do the 
questionnaire, knowing for what purpose it was. 
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3.15 Generalization 
When performing a quantitative research it is important that the questionnaire is given to a 
representative sample so that the result is not unique to the specific sample group. Thus, it’s 
clear objective of having a result that can be applied to other individuals than the ones 
included in the sample. A common concern for researcher is therefore the ability to claim that 
their research can be generalised or not (Bryman & Bell, 2005). 
 
We conducted our study of a sample that represented the population of all Swedish Facebook 
users above 18 years old. As explained in the Sample Size section we used a website to 
calculate the right sample size to represent the population. To criticise this information we 
also based our sample on previous studies with similar field and methods. Furthermore, 
considering the high number of random participants representing our calculated sample size 
of 385, it was possible to assume it’s enough to generalize the whole population. 
 

3.16 Limitations 
One limitation to our study was that it was only focused on Swedish residents and the 
Swedish programmatic market. We made a decision to only have Swedish participants in the 
survey research because of the greater likelihood of reaching a sample size that represents the 
population. It would’ve been much more difficult to reach a representative sample if we 
chose Europe or the US as our population. The choice was also made because we wanted to 
limit the cultural differences that may arise when measuring the variables in different 
countries. Invasiveness especially is a variable that possibly could differ between different 
cultures. A result of this decision is that the study is only applicable on the Swedish 
programmatic market.  
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4. Empirical Findings 

4.1 Demographics 
As mentioned in the Methodology section, our survey was based on 18 closed items, three 
category questions and 15 ranking questions. The ranking questions were measured with a 
Likert-scale from 1-5, where 1 was “Strongly disagree” and 5 was “Strongly agree”. There 
was one exception in our first ranking question where “low frequency” (1) and “high 
frequency” (5) were the ranking options. Our survey conducted 396 responses, which means 
we obtained enough answers in alignment with our calculated sample size of 385. 37,9 % of 
the respondents was men and 62,1 % was women and all of the respondents were Swedish 
residents (see Table 2 & Table 3). Thus, we have reached a sample of our population. Most 
of the respondents were 18-24 years old (41,4 %) and the least represented age group were 
people of 65 and up (2 %) (see Table 1).  
 

 
 

Table 1. Age Distribution. 
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Table 2. Swedish Residents 

 

Table 3. Gender Distribution 

4.2 Additional Findings 
In the first part of the questionnaire we asked three questions regarding our first variable 
frequency. The questions were asked to find out how frequent the respondents individually 
perceive online ads in general. The answers had some variance between the means but with 
no drastically differences in the results. The first question was formulated as following: 
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Diagram 1. How frequent do you perceive online ads? 

  
The answers were measured in a scale of 1-5 where 5 stand for the highest level of frequency. 
Out of all the respondents, 40,9 % perceived the highest level of frequency and 39,9 % 
answered 4 in the frequency scale as the next highest level. Answering the question with a 
lower scale of 1-2 was a percentage of 7 (see Diagram 1). The majority of the respondents 
therefore perceived high frequency exposure of online ads.  

 
 

 

Diagram 2. I usually see the same online ads that keep appering frequently. 

The second question was similar to the first one formulated as following: “I usually see the 
same online ads that keep appearing frequently”. The results showed that the majority of the 
respondents also perceived that the same online ads appear frequently (see Diagram 2). A 
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total of 75,2 % of the respondents were answering the question with a scale of 4 or 5. The 
percentage answering with a scale of 1-2 were only 5,6 %.  
 
 

 
 

Diagram 3. I usually see the same online ads in a short period of time. 

 
The last question in our frequency chapter is measuring the recency level as following:“I 
usually see the same online ads in a short period of time”. 71,3 % of all respondents 
answered with a scale of 4-5 and 6 % chose one of the two scales below three (see Diagram 
3).  
 
Part 2 contains items based on variables found in our previous theories. The first three items 
covered Likeability of Relevance. The result of the survey showed that the respondents in 
general had a very positive attitude towards relevant ads. 70,2 % agreed or strongly agreed to 
the following item: “Online ads are more likeable if they come from brands I’ve recently 
been interested in” (see Diagram 4) and 76,8 % agreed or strongly agreed that they like ads 
more if they match preferences (see Diagram 5). In all three items, the vast majority chose a 
scale of 3, 4 or 5, leaving only a few percent to the lower levels. To the third item: “I have 
better acceptance towards online ads if they are relevant to me”, 74,7 % of the respondents 
agreed or strongly agreed (see Diagram 6).  
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Diagram 4. Online ads are more likeable if they come from brands I’ve recently been 

interested in.  

 

 
Diagram 5. Online ads are more likeable if they match my preferences. 
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Diagram 6. I have better acceptance towards online ads if they are relevant to me. 

 
Items based on the variable Irritation have similar results, involving a high amount of 
answers on a natural scale, although even higher on the scales of 4 and 5. 67,7 % agreed or 
strongly agreed to the following item: “Frequent online ads make me feel annoyed” (see 
Diagram 7). 30 % of the respondents strongly agreed in the statement: “Seeing the same 
online ads frequently are irritating” (see Diagram 8). The last question covering irritation 
had a total of 65,9 % agreeing or strongly agreeing that it is irritating to see the same online 
ads in a short period of time (see Diagram 9).  

 

 
Diagram 7. Frequent online ads make me feel annoyed. 
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Diagram 8. Seeing the same online ads frequently are irritating.  

 

 
Diagram 9. I feel irritated when I see the same online ads in a short period of time. 

 
The result of the items based on the variable Invasiveness was quite scattered. The majority 
of the respondents were neutral to the item “It’s invasive to see online ads from brands I’ve 
recently been interested in” (see Diagram 10) and 74,7% chose a scale of 3, 4 or 5 to the item 
“It’s uncomfortable to see online ads based on my personal information” (see Diagram 11). 
However, 39,9 % disagreed or strongly disagreed to online ads being too personal (see 
Diagram 12).    
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Diagram 10. It’s invasive to see online ads from brands I’ve recently been interested in. 

 

 
Diagram 11. It’s uncomfortable to see online ads based on my personal information. 
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Diagram 12. I think online ads are too personal. 

 

The respondents answering our last items covering the variable Recognition had quite steady 
answers. 78,4 % chose a scale of 3 or 4 when answering the item: “I usually see online ads 
that are familiar” (see Diagram 13). The majority of 51% answered neutral to the statement: 
“I like to see ads that are familiar” (see Diagram 14) and 87,3% were neutral or agreed in the 
last following item: “I usually see online ads that are similar to ads I’ve seen before” (see 
Diagram 15).  
 

 
Diagram 13. I usually see ads that are familiar. 
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Diagram 14. I like to see online ads that are familiar. 

 

 
Diagram 15. I usually see online ads that are similar to ads I’ve seen before. 

 

4.3 Data analysis 
The results from our empirical investigation has been analysed through different testing in 
SPSS. We present the result from SPSS in graphic statistics, Cronbach’s Alpha, Pearson 
Correlation and several Regression analyses.  
 

4.3.1 Cronbach’s Alpha 
To test the reliability of our collected data and examine the internal consistency we used 
Cronbach's Alpha. This is a technique showing the average value of the reliability 
coefficients one would obtain for all possible combinations of the different items. That is, 
how closely a set of items are as a group and if it’s recommended to use in calculating 
(Saunders, 2009; J. Gliem . & R. Gliem, 2003). According to George & Mallery (2003), the 
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Cronbach’s Alpha should have a minimum value of 0,7 to have enough reliability for the 
regression analysis.  
 
After studying the reliability of our collected data we found that four out of five variables had 
an acceptable Cronbach’s Alpha for further testing. The items covering Recognition had a 
value of 0.509, which is a bit too low reliability for the analysis according to George & 
Mallery (2003). Based on this information we chose to keep only the closest fit survey 
question for the recognition analysis. Out of all three items measuring Recognition we 
decided to keep the following most fitted question: “I usually see online ads that are 
familiar”. This also allowed us to use Recognition in further testing in the regression analysis. 
In this model we have summed up the mean of every question related to the same variable. 
We have also written the Standard Deviation to describe the extent of spread of numerical 
data and the Cronbach’s Alpha to see the reliability of the collected data (see Table 4).  
 
Variables Mean Sts. Deviation Cronbach’s Alpha 
Frequency 3,95 .912 .823 

Irritation 3,83 .980 .844 

Invasiveness 3,19 1.108 .859 

Relevance 3,97 .899 .771 

Recognition 3,53 .898 One Item 
	

Table 4. Descriptive Statistics and Cronbach’s Alpha 

 
The different mean values of the variables in the table are important to understand the 
respondents’ attitudes towards frequent programmatic online advertising. All variables have a 
quite high mean value leaning over the neutral third-scale. The highest mean value is for the 
variable Likeability Relevance (3,97) and the lowest is for Invasiveness (3,19). The Standard 
Deviation is also quite similar for every variable as it varies between 0,89 and 1.1 in our 
model. The high mean value of Likeability of Relevance shows that the majority of the 
respondents believe online ads are more likeable if they are relevant. The lower mean value 
of Invasiveness shows that people are neutral to the different statements about customized 
online advertising being invasive. The Standard Deviation also shows that the answers of the 
items covering the Invasiveness are more scattered than the other variables as it is the highest 
number on the table (1,1) (see Table 4). 
 

4.3.2 Pearson Correlation  
To measure the relation between the sets of data we used the Pearson Correlation. The 
correlation is a measurement showing the linear relationship between two variables (Saunders 
et al., 2012). According to Saunders (2012) the valid correlation range should be between -1 
and +1 were 1 is a total positive linear correlation, 0 is no linear correlation, and -1 is total 
negative linear correlation. The closer the correlation value gets to 0, the greater the variation 
the data points. Based on the correlation testing we found only positive relations between all 
the variables we included in the test. As seen in Table 5, we have measured the correlation 
value between Frequency and every one of the dependent variables in our study. 
Furthermore, we tested a correlation between items of Retargeting and items of Recency 
since it could give additional meaningful insights (see Table 6). The strongest correlation 
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value of 0,616 was seen between Relevance and Frequency, which is, according to Saunders 
(2012), a high correlation value. The weakest correlation was showed between Invasiveness 
and Frequency at a value of 0,232 (see Table 5). The Pearson correlation test results indicate 
that all of the correlations are significant at the significance level of 0,01 (see Table 5-7).  
 
 
Pearson Correlation  
Frequency 
Variables Correlation Significance Level 

Irritation 0,485 0,01 

Invasiveness 0,232 0,01 

Relevance 0,616 0,01 

Recognition 0,308 0,01 
 

Table 5. Pearson Correlation and significance level 

 
Pearson Correlation  

Item 3 Frequency 
Variable Correlation Significance Level 

Item 1 Relevance 0,388 0,01 
 

Table 6. Pearson Correlation Retargeting & Recency 

4.3.3 Regression Analysis  
Based on our Literature Review we applied four bivariate regression analysis in order to 
measure the effect of Frequency on Irritation, Invasiveness, Likeability of relevance and 
Recognition, i.e. testing our four hypotheses (see Fig. 5). In order to measure the effect 
between the independent variable Frequency and the dependent variable Irritation, we 
conducted a linear regression analysis (Saunders et al., 2009). From the regression model, we 
concluded that the r-square (r2) was .235. R-square measures the proportion of the variation 
in a dependent variable that statistically can be explained by the independent variable. It can 
take on any value from 0 to +1 (Saunders et al., 2009), which means that 23,5 % of the 
variation in Irritation can be explained by Frequency. Therefore, we can conclude in the 
regression model that Frequency is a pretty weak predictor of Irritation towards advertising. 
This is also recurrent in the other regression analysis, covering the variables Likeability of 
relevance (r2=0.380), Invasiveness (r2=0.054), and Recognition (r2=0.095). The two latter 
have almost no relationships with Frequency at all (see Table 7).   
 
When trying to produce predictions that are reasonably precise, a low r-square is problematic 
(Frost, 2013). However a low significant value (p) still indicates that there is a relationship 
between the specific independent and the dependent variable, thus the model doesn’t have to 
be weak (Frost, 2013; Allison, 1999; Crown, 1998). A possible explanation to a low r-square 
is that there are other independent variables and factors, which are not included, that affect 
the variation in the dependent variable (Fuertes, Morera, Ramirez, 2006; Allison, 1999; Frost, 
2013). In addition, it could also be caused by lot of individual randomness in the data 
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(Allison, 1999). However, in some cases, the data contain a natural higher amount of 
variability (Frost, 2013). Studies that attempt to predict human behaviour, as demonstrated in 
these analyses, typically have r-square values lower than 50%, simply due to the fact that 
humans are more unpredictable than physical processes and that is too much variation in 
individual behaviour (Frost, 2013; Crown, 1998).     
 

Model R R-Square Adjusted R-
square 

Std. Error of the 
Estimate 

1 .485* .235 .233 .75855 
Predictors: (Constant), Frequency IRRITATION 
1 .232* .054 .052 .89782 
Predictors: (Constant), Frequency INVASIVENESS 
1 .616* .380 .378 .61979 
Predictors: (Constant), Frequency RELEVANCE 
1 .308* .095 .093 .855 
Predictors: (Constant), Frequency RECOGNITION 
      

Table 7. Model Summary 

 
The linear regression analysis results show that Frequency have positive effects on all 
variables; Irritation (β = 0.535, p < 0.01), Invasiveness (β = 0.273, p < 0.01), Likeability of 
relevance (β = 0.617, p < 0.01) and Recognition (β = 0.353, p < 0.01). All of the regression 
models were highly significant (p < 0.01). A very low significance (p) value (usually less 
than 0,05) means that that the coefficient is unlikely to have occurred by chance alone, i.e. 
the coefficient is reliable (Saunders, 2009). β, which is the independent variable’s coefficient, 
has values ranging between -1and +1, where 0 means no impact at all and +1 stands for 
totally positive effect with the dependent variable (Hair, Anderson & Tatham, 2006). For 
instance, if Frequency increases by one unit, the Likeability of relevance increases by 61,7 %. 
Frequency has an average positive impact on Irritation (0.535) and Likeability of relevance 
(0.617), whereas the positive impact is low for Invasiveness (0.273) and Recognition (0.353) 
(see Table 8). This is shown in our regression functions (see Appendix 1). 
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Model Unstandardized 
Coeffiecients 

Standardized 
Coefficients 

 

 B Std. 
Error Beta t Sig. 

1 (Constant) 1.720 .196  8.781 .000 
 Frequency .535 .049 .485 11.000 .000 
      IRRITATION 
1 (Constant) 2.111 .232  9.105 .000 
 Frequency .273 .058 .232 4.739 .000 
      INVASIVENESS 
1 (Constant) 1.537 .232  9.605 .000 
 Frequency .617 .058 .616 15.528 .000 
      RELEVANCE 
1 (Constant) 2.135 .221  9.671 .000 
 Frequency .353 .055 .308 6.434 .000 
      RECOGNITION 
 
 

Table 8. Coefficients. 
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5. Analysis 

Despite the evolution of Programmatic Advertising, frequency issues are still a persistent 
problem (Digiday, 2016). In our research the majority of the respondents were perceiving 
high frequency appearance of online ads. A total of 80,8% perceived the highest or the next 
highest level of frequency. Chih-Chung et al. (2012), found that the higher the frequency, the 
higher influence on the attitude of consumers. Another relationship was seen by Salvendy 
(2008), between repetition and attitudes among internet advertisements and Park et al. (2008), 
found this repetition to ultimately affect consumers’ attitudes negatively. 
 
The majority of respondents also believed they see the same online ads in a short period of 
time, which according to Yuan et al. (2013), can decrease efficiency and cause irritation to 
the consumer. In our regression analysis, we found that Frequency has an average positive 
impact on Irritation, where the increase of a frequency unit would cause a 53,3% growth in 
Irritation. Highlighting this problem was Birmingham (2015), claiming overexposure cause 
irritation among consumers and according to Tang et al. (2015) low frequency creates more 
positive attitudes towards an ad. Based on our empirical data and several discussed theories 
we found support in our hypothesis claiming that “Frequently exposed programmatic ads 
will cause irritation among consumers”. 
 
As mentioned, Frequency has a positive impact on Irritation, although when measuring the 
correlation between Frequency and Likeability of relevance we got the strongest value of 
0,616. It is stated by Kronrod & Huber (2015) and Kim & Huh (2017) that a relevant ad also 
turns into familiarity and liking as opposed to repetition causing irritation. Confirming this 
was Pechmann & Stewart (1990) arguing that it’s a positive relationship between consumer 
attitude and the perceived relevance of an ad. In our regression analysis, we found that 
Frequency has an average positive impact on both Irritation and Likeability of relevance. 
Studies that attempt to predict human behaviour tend to have weaker relationships because 
it’s too much variation in individual behaviour (Frost, 2013; Crown, 1998). Although, the 
positive impact Frequency has on Likeability of relevance (61,7%) is slightly higher than the 
impact Frequency has on Irritation (53,5%). These results indicate that high frequency 
exposure is more accepted when the ads are relevant than it is irritating. Based on our testing 
concerning Likability of relevance and Frequency as well as previous theories, we found 
enough support strengthening our hypothesis “Frequently exposed programmatic ads will 
cause likeability among consumers if they are relevant”. We also found a 0,388 
correlation between the Frequency item ”I usually see online ads in a short period of time” 
and the Likeability of relevance item ”Online ads are more likeable if they come from brands 
I’ve recently been interested in”. These items measure recency and likeability of retargeting 
and it’s connected to previous theories of the importance of having a good recency cap set for 
retargeting (Econsultancy, 2017). Our results indicate that it’s a positive relationship between 
retargeted ads and recent exposure, i.e. short recency means high likeability of retargeting. 
Sahni et al. (2016) confirms this by claiming retargeting within advertising is more effective 
when the ad is displayed with a short duration after the consumer exited the website. 
 
As programmatic advertising offers more relevant online ads due to better web analytics and 
big data mining, individualized targeting has improved a lot (Kim & Huh, 2017; Grether, 
2016). Campbell & Wright (2008), claim that personal relevance is an important factor to 
consider in repetitive online advertising. In contrast, people are unaware of the commercial 
uses of their personal data and there is a thin line between individual targeting and 
invasiveness in advertising (Christiansen, 2011; Gironda, 2013). However, in our empirical 
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findings the relationship between Frequency and Invasiveness has the lowest correlation 
(0,232) and in the question “I think online ads are too personal”, the majority disagreed. 
These results indicate that the Likability of relevance is stronger in frequently exposed online 
ads than the Invasiveness caused by the individual targeting. Similar theory was confirmed 
by Kronrod & Huber (2015), suggesting that personal relevance of a product displayed in an 
ad moderates the negative effects of ad repetition. Resembling results was found when 
analysing the statement “I have better acceptance towards online ads if they are relevant to 
me”, with a majority of 74,7% agreeing or strongly agreeing. Even so, there are currently few 
studies related to targeting of online ads that focus on the trade-off between ad relevance and 
feeling of invasiveness (Van Doorn & Hoekstra, 2013; Taylor, 2013) and the benefits from 
targeted online ads may come with taking greater risks of privacy violation (Chen et al., 
2017). The measurements of our empirical data regarding Frequency and Invasiveness also 
showed that there is a very weak causal relationship between the two variables. This indicates 
that the variation in Invasiveness is not affected by Frequency, but might be affected by other 
variables not incorporated in this study. With this in mind, we didn’t find enough support in 
our empirical data to back up the theories behind our hypothesis “Frequently exposed 
programmatic ads will cause invasiveness among consumers”. 
 
Our research showed a weak but positive relation between Frequency and Recognition. 
Similar research by McCoy et al. (2017), claim that the effect of repeated exposure of an ad is 
creating a feeling of recognition towards the ad. Supporting this is Kjærbøll (2015), who also 
believe this has an effect on the consumer attitudes as this makes the object more familiar to 
the consumer. In the statement, covering the variable Recognition, the majority agreed that 
they usually see online ads that are familiar. As stated by McCoy et al. (2017), an object that 
is more familiar also becomes more liked than a less familiar object. Since we only used one 
item and disregarded the items measuring likeability caused by familiarity, the assumption 
about familiar feelings causing likability is only taken from theory. The result of our 
regression analysis show that the positive impact Frequency has on Recognition is very low. 
Although, the short fixating time when browsing on the web could affect the respondents. As 
respondents may subconsciously create a feeling of recognition (Kjærbøll, 2015), the 
familiarity and likability may occur without them even noticing. This could be a reason why 
the data was scattered in the items covering Recognition. Based on our research findings we 
didn’t find enough to support our hypothesis saying: “Frequently exposed programmatic 
ads will cause likeability due to ad recognition”. 
 
As mentioned before, not all of the relationships stated in our conceptual model were 
supported. Frequency had average positive impact on Irritation and Likeability of relevance, 
which is shown in the modified model below (see Fig. 6). The casual relationship between 
Frequency and Invasiveness and Frequency and Recognition were very weak, marked as a 
red in the model.  
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Figure 6. Modified Conceptual Model 
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6. Conclusion  

The purpose of this thesis was to get a deeper understanding of how highly frequent exposure 
of programmatic advertising affect consumers’ attitudes towards it. Our research question 
was stated as following: How does high frequency exposure affect consumers’ attitudes 
towards programmatic advertising? 
 
In previous research of traditional advertising, it is stated that high frequent exposure is 
causing irritation among consumers. In our research with programmatic advertising the same 
pattern was shown. Our regression analysis, confirms that Frequency has an average positive 
impact on Irritation, where the increase of a Frequency unit would cause a 53,3% growth in 
Irritation. Although, the positive impact Frequency has on Likeability of relevance (61,7%) is 
slightly higher which indicate that high frequency exposure is more accepted when the ads 
are relevant. The empirical data regarding Frequency and Invasiveness showed a very weak 
causal relationship, which indicates that the variation in Invasiveness is not affected by 
frequency. These results shows that the Likability of relevance is stronger in frequently 
exposed online ads than the Invasiveness caused by the individual targeting.  
 
Based on this research, highly frequent exposed programmatic advertising is affecting 
consumer attitudes both positively with relevance and negatively causing irritation. However, 
we conclude that the relevance and individualization that comes with programmatic 
advertising generates a stronger feeling of likeability than of irritation, thus causing 
acceptance towards overexposure. 
 

7. Further studies 

High frequency of programmatic advertising is a well-known problem today and yet it has 
not been highlighted by researchers. Therefore, our suggestion for further research is to put 
focus in the technical factors concerning the limitation of high frequency. This could also 
mean a greater understanding of what causes irritation among consumers, which is needed to 
decrease the negative attitudes. We believe that the Likeability in relevance is the most 
important focus in programmatic advertising and research within finding the right frequency 
cap could help reduce the irritation among consumers. This means that the Likeability of 
relevance could increase the efficiency in programmatic advertising even more than it already 
has.  
 
An interesting angle could be to examine the programmatic advertising from an advertisers 
perspective to find technical drawbacks that is not exposed to consumers. This may enlighten 
how advertisers relate to and perceive frequency issues examined in this paper. Further 
research in greater extent could also include other technical drawbacks such as fraud or out-
of-view to get a deeper understanding of programmatic advertising in the perspective of 
advertisers.  
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Regression Function – Irritation & Frequency 
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Regression Function – Invasiveness & Frequency 
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Regression Function – Likeability of relevance & Frequency 
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Regression Function – Recognition item 1 & Frequency 
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