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Abstract
This research was inspired by the increased popularity of mobile advertising and the rise of the new trends involved. Mobile display advertising has been steadily growing through the past years, finding new creative ways to reach the users like: in-app banners or push notifications. At the same time users are becoming more engaged to mobile device and more responsive to advertising as well. Based on those to factors this research finds the need to investigate the effectiveness of mobile display advertising (MDA), focusing on the mobile gaming app sector. A fair amount of scientific studies have focused their efforts on analyzing the factors affecting performance of MDA, but none of them have studied the difference between in-app and mobile web banner performance. In the investigations of this study, a field experimental research will be created to observe whether any of the two different mobile channels could achieve a better performance. To measure the effectiveness, two indicators are taken into account: Click-through rates and Conversion Rates (the total number of downloads divided to total number of clicks). Further, to increase the significance of the model two additional factors will be added: Style (Animated banners vs. Static banners) and Size (Full page interstitial vs. Standard Sized banners). The results will be of importance to researchers and advertising managers, because of the real environment of the experiment and the ability to measure the direct response of users based on Conversion Rates 
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Introduction
1.1. Background and Context 

 Mobile has been one of the fastest growing advertising formats in the past years, and expectations are to continue growing even with a higher rate. According to a recent report from eMarketer, mobile advertising in 2013 budgets have increased up to 120-% and total spending of $9.60 billion, compared to $4.36 billion in 2012. For comparison ads served on desktop have shown only 1.69% increase in 2013, which is a substantial downturn, compared to 6.60% increase in 2012. eMarketer predicts that ads spending growth on the desktop will continue to shrink while mobile ad spending grows further. By the end of 2016, mobile advertising will be a rival of desktop based on spending and by the end of 2017, will surpass it with the expected amount of $35.62 billion.

As a clear evidence for this pattern the increasing penetration of smartphones on a global scale should be considered. Smartphone audience reached the one billion mark in 2012 and is expected to surpass 1.75 billion users in 2014. More and more mobile phone users are switching to smartphones due to the decreasing and more affordable prices of the devices. In addition, since the introduction of Apple’s App Store and Google’s Play Store in 2008 the total number of applications downloaded daily is steadily growing. Users are becoming more and more engaged to mobile applications and have shown a complete dominance in total time spent while using their phones. The supremacy has been so significant in the past years that some experts expect a total browser usage replacement over in-app usage. Although it might not seem like a possibility at the moment, due to search engines like Google and social media users, the mobile industry needs to acknowledge the uprising dominance of Applications. According to new research data from the analytical company “Flurry," mobile users are spending 86% of their time in applications and only 14% using their browsers. The study goes further and examines the categories that accounted for most of the user’s time. Gaming applications continue to dominate with 32% of the total time, followed by Facebook 17%, Social messaging 9.5% and Entertainment 8% (e.g. YouTube, Utility apps). 

The paper aims to investigate the effectiveness of mobile display advertising (MDA) performance in the US gaming app sector. To measure the performance, two indicators are taken into account: Click-through rates (the number of clicks on an ad divided by the total number of times the ad was shown) and the total number of downloads. In order to increase the significance of the research, a comparison between the two mobile channels; in-app advertising and mobile web advertising will be conducted. Respective to their names, in-app advertising corresponds to banners which are presented to the user within an application or shown in-between gaming levels. Similarly mobile web advertising is referred to the banner promotion which is displayed to the user when he is browsing through the web via his mobile device. 

1.2. Problem Statement 

The Mobile industry has experienced exponential growth rates over the past years and undoubtedly it is still far away from reaching its peak. The introduction of Smartphones and Apps has created a whole new industry which has allowed developers to generate immense revenues, advertisers to engage with consumers in new ways and has given the users the ability to discover new products and services in a whole new way. As already mentioned before, gaming applications are leading the market in terms of consumer’s usage but competition is high, as thousands of new apps are being released every day and millions of installs are being generated. With the speed of mobile growth, it is becoming harder for both small developers and big mobile gaming companies to find the right way to advertise their apps. Furthermore, the number of ad networks and DPSs (demand side platforms), which resell banner spaces, is increasing as well as the different ad-formats advertisers can use. The choices go from standard static banners to full page dynamic banners, between in-app ads and mobile website ads. Nearly every month a new creative format is being introduced without any clear evidence for its performance. Recent research from Opera Mediaworks shows that in-app ads tend to reach higher click through rates (0.58%) compared to mobile web ads (0.34%). The results are supported on both standard sized banners and full screen or video banners. 

There could be various reasons that explain the more efficient results of in-app banners. Mobile applications are the natural evolution of smartphones and how people use them. Consumers are feeling comfortable with this evolution and the high engagement shows a higher user acceptance for technology. Respectively acceptance for mobile technology directly influences more positive attitudes towards mobile ads (Yang & Kim 2011). 

In web advertising people rarely click on standard banner ads, since in most cases users see them as intruding and impeding to their web browsing experience. (Chang-Hoan, Hongsik 2014) Banners are perceived as a visual clutter which is usually irrelevant to what they are looking for and blocking the goals they want to reach. On the contrary in-app advertising is perceived as less obtrusive if the ad fits in the overall experience of the app. In addition, higher match between the environment where the ad is exposed and the ad itself can positively influence the advertising effectiveness (Goldfarb, Tucker 2011). Advertising a gaming app and reaching an audience with the same interests, could be much easier with in-app advertising.

In mobile marketing campaigns, effectiveness is the crucial factor. Although some researches were done already, only a few were able to show a significantly positive MDA performance (Rosenkrans, Myers 2012) and still none has identified the most effective strategy. Which advertising channel performs better and for which product vertical? Bart, Stephen and Sarvary (2014), suggest that MDA campaigns significantly increase consumer purchase intentions, but then again their research is limited only to the change in the attitude of the users and not measuring their actual behavior. Due to the limited purchasing possibilities and security issues, consumers still do not tend to buy products via their mobile phones, except for categories as mobile applications and music (Mojiva 2012). Therefore, this thesis examines the different level of effectiveness for mobile web banner advertising versus in-app banner advertising, focusing on the consumer’s behavior within the gaming vertical. This study will help advertisers and app developers gain valuable insights about the way a more efficient advertising strategy can be performed. 
The central research question this thesis tries to answer is:

Which advertising channel is more efficient for mobile display advertising (MDA) – mobile web banners or in-app banners? 
To support the fundamental questions, the below sub-questions will be answered as well: 

A)
How do flash banners influence the user’s actions and would they outperform normal static banners? 

B)
Would full page interstitial perform better than standard 320x50 banners? 

C)
Would the effectiveness of different banner sizes vary in combination with different advertising channels?
1.3. Research Method 

Two different campaigns will be created and will be operated simultaneously on one particular ad-network. Both campaigns will be exposed to mobile web banner and in-app promotion. Further, for each campaign and each advertising channel an additional split between standard mobile banner animated and static will be made. Finally, for both campaigns an additional two sets of in-app interstitial banners (animated/static) will be created to compare their performance with standard in-app banners. In total, the research will contain two mobile campaigns, run on two different mobile channels with a split of 8-banner variations per campaign (16 banners for both). For each variation, the total number of impressions, the total number of clicks and the total number of installs will be assigned. 
1.4. Scientific and Managerial Contribution

1.4.1. Scientific Contribution
Figure 1: Overview of most relevant literature and contribution
	Author 
	Name
	Mobile or Online 
	MDA/SMS
	Display Advertising or Not 
	Findings

	Rosenkrans & Myers (2012)
	Mobile Advertising Effectiveness
	Mobile
	MDA
	yes
	Findings from this research indicate mobile banner ads had significantly higher click‐through rates than
the non‐mobile banner ads

	Yang, Kim,& Yoo (2012)
	The integrated mobile advertising model: The effects of technology- and
emotion-based evaluations
	Mobile
	MDA
	Online Survey 
	The results also reveal that more experienced consumers consolidate their ability to distinguish information quality from performance expectations more than inexperienced users do

	Bart,Stephen & Sarvary (2014)
	Which Products are Best Suited to Mobile Advertising? 


	Mobile
	MDA
	yes
	MDA campaigns significantly increased consumers’ favorable attitudes and purchase intentions only when they advertised products that were higher (versus lower) involvement and utilitarian (versus hedonic)

	 Navalpakkam & Churchill (2013)
	Mobile Advertising: Evaluating the Effects of Animation,
User and Content Relevance
	Mobile
	MDA
	Online Survey 
	These results show that user and content relevance complement each other, while blinking animation does not help either recall or user experience and hence should be avoided.

	Rau, Chen & Duye (2006)
	A study of presentations of mobile web banners for location-based information and entertainment information websites
	Mobile
	MDA
	Survey
	Results showed a higher recognition and memorization of advertisements for animated banners. Additionally participants exposed to informational websites banners showed a higher advertisement attitudes and purchase intentions, versus users exposed to entertainment website banners. 

	Merisavo, Kajalo, Karjaluoto, Virtanen, Salmenkivi, Raulas & Leppäniemi (2004)
	An Empirical Study of the Drivers of Consumer Acceptance of Mobile Advertising
	Mobile
	SMS
	Survey
	First, consumer's acceptance for mobile advertising positively affects their willingness to accept mobile advertising. Second, contextual information 

	This Thesis (2014)
	
Mobile Display Advertising Effectiveness – Research on In-App Ads vs Mobile Web Ads
	Mobile
	MDA
	yes
	 


Although there is a growing interest in mobile advertising, only little research has been done so far. And even if done so, only a few were able to show a positive pattern between mobile campaigns and consumer’s post intentions. Researchers have been struggling to outline a perfect framework, and ambiguous results are seen in almost all of their work so far.

One of the first researches made in the field of mobile display advertising was by Rosenkrans and Myers (2012), who wanted to measure the performance effect of mobile optimized banners compared to standard display banners. They used a website of a local newspaper and showed the users browsing through their mobile devices the two types of banners, measuring their performance by the click-through rates received. Final results supported their hypothesis and mobile optimized banners clearly outperformed non-mobile banners. However, further research by the mobile marketing app platform Trademob (2012) showed that 40% of the clicks in mobile advertising are driven by the “fat finger effect." A theory that explains clicks that occur once one's fingertips are larger than the place that is intended to touch on the screen. A more recent study on mobile display advertisement (Bart, Stephen & Sarvary 2014) gathered data over 54 mobile campaigns in 10 different industries. The authors used a questionnaire to measures the attitudes of users who were exposed to at least one of the campaigns and to those who were not exposed to any of them. Results showed negative significance, stating that the majority of the campaigns in the data set did not receive a positive customer’s attitude or post campaign intentions. 

From a scientific point of view, this paper will build upon the existing literature and bring significant contributions to analyzing MDA effectiveness. Unlike any previous research done so far, the user's behavior is measured based on their exact responses. Using various tracking platforms, the different campaign performance is examined not only based on the click-through rates observed, but also on the conversion rate of applications installed. For a conversion to be counted as successful the user just needs to download and install the application from the App Store or Play Store. The applications promoted in this study are free of charge and no payments were required through the process. 

1.4.2. Managerial Relevance 
Further knowing that around 543 android apps and 743 iOS apps are released daily, it is of primary importance to managers to be aware how different mobile channels can help them distribute or optimize their products. By breaking down the analysis between in-app ads and mobile web ads, will provide valuable insights to the mobile advertising industry. In addition, the paper will be able to outline which particular banner size and format performs best for the two different mobile promotions. Both advertisers and developers will gain real benefit for the results and can use the data for either better promotional purposes or how to monetize their app more efficiently
2. Literature review and Conceptual framework

2.1 Mobile Advertising
2.1.1 Introduction

Mobile advertising has been growing steadily in the past years and predictions forecast that the global mobile ad spend will continue to grow at an average of 26% each year over the next five years (2013 Business Insider). Its increased popularity is mainly due to the fact that advertisers have unique possibilities to reach users, unlike any other traditional media before. Even comparing mobile to desktop advertising, there are certain characteristics which outline mobile as the more attractive medium to use.

First of all mobile phones are personal devices and the chances for a certain ad to reach its exact target are fairly high. Computers on the other hand are commonly used by all members of the household and the uncertainty of reaching the audience can be higher for advertisers. Secondly, smartphones are small devices which fit in any pocket and are carried almost always by the users regardless of the situation: e.g. being at a concert, shopping or just going out at night. The highly narrowed locational data available allows advertisers to target their audience more precisely. Geo-local promotions or coupons for restaurants and shops can be delivered to potential customers within the area. Thirdly, mobile advertising allows advertisers to target users without any time barriers. Traditional media channels like TV gives advertisers the opportunity to influence consumers only during a certain time frame or a specific programme. The wireless nature of phones is a great possibility to overcome those limitations.

Two main factors are considered as possible limitations to mobile advertising: low bandwidth (internet speed) and restricted screen size (Bart, Stephen & Sarvary 2012). The limited physical space mobile ads have as a mean to express advertising message, can be a possible issue for advertiser. The content which is carried over is relatively short and harder for products under high involvement to be advertised. 

Mobile industry has evolved significantly and respectively the ways of digital advertising have changed as well. In this paper the different types of mobile advertising will be discussed briefly but the focus of the research will be turned on mobile display advertising.

2.1.2 Different Types of Mobile Advertising 
· Mobile Messaging

The wide spread of mobile devices at the beginning of the 2000 has led to the first successful advertising channel - Short Messaging Service (SMS). It is a one-to-one marketing medium which allows advertisers to send short text messages in the form of SMS or MMS. These types of campaigns typically involve mobile network providers as well, and users are given the possibility to opt-in and opt-out for a service. Once opted-in, the user gives his permission to receive third party promotions to his phone. As discussed by Sang, Ho & Liang (2004), consumers have negative attitudes towards mobile advertising, unless they have subscribed for it, and advertising to potential customers without permission is not a good practice. 

Positive characteristics of SMS advertising are the possibilities to reach a broad audience without further requirements for internet bandwidth. As a downside high entry costs can be outlined, since mobile operators get involved only with big clients.

· Mobile Display Advertising (MDA) 

MDA consists of static and rich media banners which are exposed on the mobile web or within mobile applications. These campaigns are used as a medium to drive direct traffic to a website, click-to-call action or as a source to drive users directly to the app store. Both advertising channels become more important to marketers since they provide the possibility of richer variation of the ads and a high contextual targeting. According to research from Zoller and Oliver (2011), 77% of the companies in their survey, stated that they use MDA as an advertising channel compared to 58% using SMS/MMS. With the increasing number of free mobile applications and the trend of more and more publishers to also offer mobile optimized websites, the success of Mobile Display Advertising will continue.
Strong positive characteristics of MDA are the high targeting options they provide – local geo opportunities which can be limited to users within a certain neighborhood, deep audience segmentation and customer focused advertising context. In addition, a wide range of banner sizes and multimedia effects such as audio, video and animation can be applied to the ads. 
2.1.3 How companies serve MDA

Similarly to online advertising, mobile ads are served through ad-networks which connect advertisers and publishers (mobile websites or apps). Since, on one hand it is very hard for a publisher to sell his full inventory to one single advertiser and on the other hand advertisers rarely rely on buying inventory from only one publisher, ad-networks allow the process to work smoother for both parties. The usage of ad-networks brings fundamental benefits for advertisers as they offer a centralized control platform, which provides better targeting options, tracking and reporting. Mobile ad-networks provide any app developer or mobile web site owner with simple access to their platform and they offer an easy process to start serving ads immediately. Furthermore, publishers have the possibility to choose across the ad units they would like to implement and give them the flexibility to connect with multiple ad-networks simultaneously. The whole process can be seen on Figure 2. 
Figure 2: Ad-serving process through Ad-networks 
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2.2. Mobile Effectiveness
Since mobile and online advertising have a similar nature of accountability, studies from both fields are examined. (Briggs 2001; Danaher 2003; Calder 2009). Factors like consumer behavior and attitudes were extensively analyzed within the literature of advertising and are considered as key connectors between marketing strategy and effectiveness. Deeper evaluations on users’ behavior showed that consumers’ attitudes and acceptance towards digital ads have a significant importance for advertising effectiveness (Tsang 2004). 
On the other hand marketing strategies and purposes differ depending on the campaign. Therefore, when strategies are focused more towards the immediate results (short-term/ promotional sales, software downloads, traffic generation) and not towards branding, different factors for measuring effectiveness should be taken into account. Further, Pavlou and Stewart (2000) discuss that if an advertisement is used for the promotion of a product which is already matured on the market, a defensive strategy will be used. But it should not be considered as a failure if the awareness, attitudes or even number of sales doesn’t change. The difference comes from the fact that success for matured and new products should be measured under different criterion. Evaluating the statements above and considering the purpose of the study to investigate the immediate response of consumers’ behavior (installs), it is believed that the two indicators discussed below are most significant for measuring overall goals. 
Click-Through Rate (CTR) – is the most commonly used indicator for determining the performance of a campaign. It represents the total number of clicks an ad has received divided by the total number of impressions. Briggs and Hollis (1997) argue that the values of CTRs should be perceived as a combination of audience based factors and advertisement related factors. It is still used as a prime measure for performance by advertisers, but less value is assigned. It is criticized mainly for lack of possibility to measure additional factors as branding (Briggs 2001). Further, high CTRs within mobile advertising are often considered to be unintentional and a result of the “fat finger” effect (Trademob 2012). 
Conversion Rate (CR) – has a highly spread use within Performance-Based Marketing and Affiliate Marketing. It corresponds to a particular action which needs to be done by the user – sale, subscription, install or registration. It is measured by the total actions performed divided by the total clicks. If a campaign is targeted towards the direct response of the user, CR is assumed to be a better indicator for the effectiveness of the campaign.
2.3. Technology Acceptance Model (TAM)

The theory for TAM was developed by Davis (1989) in order to analyze the user’s willingness for software acceptance and to determine the internal and external factor in their behavior. The model relies on two specific beliefs: perceived usefulness and perceived ease of use. Therefore, users are expected to adopt new technologies more easily, once they believe it will be useful for them and at the same time easy to use. An extension to this research was conducted (Venkatesh and Davis 2000) where two additional factors were added “voluntariness” and “experience”. Results suggested that increased experience with the system will increase the ease of use, but perceived usefulness will be still assigned to the benefit of using it. Testing the method on the web e-commerce business (McCloskey 2004), results showed significant signs that the more time a user is involved with the internet, the more easily he will be convinced to shop via internet. Further supporting the belief that: experience increases ease and respectively ease increases usefulness.

The above findings were a significant milestone within the desktop and mobile advertising field, emphasizing on the consumer’s attitude towards technological acceptance and digital advertising. The more familiar a user tends to be with a certain technology, the more positive they will be with trying new services and respond positively to advertising. Yang, Kim &Yoo (2012) create an integrated advertising model which validates the significance between mobile technology and advertising itself. Results prove that high technology acceptance has a positive influence towards user’s acceptance and response to mobile advertising. 

The natural evolution of mobile devices starts with their primary function to call and text close people. The emergence of the second (2G) and third generation mobile phones (3G) changed the usage of the devices and people were able to access media content. As the latest shift within the development of the mobile industry, the introduction of Apple/Android stores and the integration of mobile applications within users’ daily lifestyle needs to be outlined. Therefore, mobile application users are considered as the more experienced and technology adoptive compared to mobile web users. It is clear that an overlap within the audience could exist, but on a larger scale the difference will be significant. Thus, this thesis presents the following hypothesis: 

H1: a-) In-App users will have a higher technology acceptance attitude than mobile-web users and b-) will achieve higher CTRs 

H2: a-) In-App users will have a higher technology acceptance attitude than mobile-web users and b-) will achieve higher CRs
2.4. Advertisement Factors 

Although mobile advertising has a relatively short history, online advertisement factors have been well utilized and examined through the years. An essential part of those studies have been the analysis of the different banner formats and sizes, which could combine animations, sophisticated graphics and even audio.
2.4.1. Animated banners vs Static Banners 

Animation is a unique feature, which was first utilized within online banner advertising and now successfully used on mobile as well. It characterizes a set of moving images which allow advertisers to increase the effectiveness of their message (Ellsworth and Ellsworth 1995). Moreover, animated banners were considered as superior to static banners, because of their higher attention-grabbing nature (Heo, Sundar, and Chaturvedi 2001). However, mixed results were displayed when animated banners were tested for recall, recognition and click-through rates. On one side, Yoo, Kim & Patricia (2004) performed a study testing the levels to which animated banners affect those factors and results showed significant values for all three of them. Further, on the mobile scale Rau, Chen & Chen (2006) were able to add extra support for the performance of animated banners compared to static banners. On the other side though, strong negative results were presented by Navalpakkam (2013), stating that blinking animation on mobile banners lead to both lower recall levels and negative user experience. Although the additional revision on the literature continues with the mixed results (Bayles 2002; Huang 2012; Cho 2003), it is believed that the display size and attention-grabbing are essential when advertising on mobile phones. The smaller screen surface which could be used sets huge limits on advertiser’s ability to formulate an influential message. Animated banners could be the right tool to overcome those difficulties and grab the attention of the user. The hypotheses is set as following: 

H3: Animated banners will achieve a) higher CTRs and b) higher CRs compared to static banners 

As mentioned in the section above acceptance due to the greater experience of in-app users, they are considered to achieve a higher CTRs and CRs. Therefore H4 takes into account the interaction effect between in-app targeting and animated banners: 

H4: Animated in-app banners will achieve higher a) higher CTRs and b) higher CRs compared to animated mobile web banners
2.4.2. Standard Mobile Banners vs. Full Screen Interstitials 

With the development of MDA, new banner sizes have emerged. There is an ongoing discussion between the effectiveness of standard mobile banners (320x50px) and the new in-app interstitials (full screen) banners. According to a report form eMarketer (2013), interstitials (3.8 % CR) significantly outperform standard banner ads (1.6% CR). Due to the lack of existing mobile literature regarding this topic, the issue is examined based on the past online advertising studies. Similar to the findings on animated vs. static banners, work on banner size and connection to performance has been inconsistent. Cho (2003) found that bigger sized banners significantly and positively affect the CTRs. Comparably Robinson (2007) established that larger banners are more effective and `bigger is better`. In contrast, the studies from Chandon (2003) and Dreze (2003) found that there is no difference observed in the effectiveness of bigger sized banners, even smaller sized banners showed the same level of performance. In addition, it is commonly argued that full screen banners can be intrusive and can cause negative feeling towards the ad (Hoan 2004). 
As interstitials are very well integrated with the usage of applications, users see the ads only in between game levels and have the possibility to easily close the ad if not relevant. Therefore, it is believed that the below formulated hypotheses will show significant results: 
H4: Interstitial banners will achieve a) higher CTRs and b) higher CRs compared to standard banners

H5: In-app interstitial banners will achieve a) higher CTRs and b) higher CRs compared to interstitial mobile web banners
Figure 3: Conceptual Model










3. Research Methodology
In this chapter of the thesis the research methodology which was applied to gather the data for this study will be discussed. The research objective was to examine the effectiveness of mobile display advertising and to compare banner ads displayed within mobile applications to banners ads displayed on mobile websites. The effectiveness of this study was measured with regards to the actual click-through rates on banners ads and the conversion rates of those users. A field experimental design was used to more accurately measure the actual behavior of the user instead of measuring their intentions. The details of how this experimental study was constructed will be shown in the following paragraphs: campaigns creation, audience targeting, creatives and results tracking. 
3.1. Type of Research
Due to the fact that people can show unnatural behavior knowing they are participants in a laboratory experiment (Huizingh & Hoekstra 2003), a field experiment with banners exposed to users on real mobile websites or mobile applications was created. 

In this research, InMobi was chosen as an ad network because of the several important characteristics it has broad mobile audience reach, high targeting possibilities, wide range of ad formats and insightful reporting dashboards. Additionally, to correctly measure the results a platform was required which could provide us with a split target option between in-app users and mobile web users. As a promotional subject for this research a mobile gaming application called `Efun-Tank Crush` was selected, which is available in both Google Play Store and Apple App Store. Because of possible differences between the behaviors of Android and iOS users (Rosenkrans, Myers 2012), the availability of the app on both operating platforms was considered as an important factor. A copy of both application stores’ landing pages can be seen in the Appendix 2. Further, taking into account the geo-restrictions set by the developer (owner) of the mobile application, all participants in this study were mobile users within the territory of Brazil.  

To investigate the effectiveness of mobile advertising and the assigned significance between the different factors within the process of advertising, the following set of (2x2x2) campaigns was created. 

Figure 4: Table of the Experimental Design 
	Campaign
	Source
	Style
	Source 

	1. Animated Full In-app
	In-app
	animated
	full

	2. Animated Standard In-App
	In-app
	animated
	standard

	3. Static Full In-app
	In-app
	static
	full

	4. Static Standard In-App
	In-app
	static
	standard

	5. Animated Full Mobile
	mobile
	animated
	full

	6. Animated Standard Mobile
	mobile
	animated
	standard

	7. Static Full Mobile
	mobile
	static
	full

	8. Static Standard Mobile
	mobile
	static
	standard


A general targeting between the users of the two operating systems Android and iOS was made, setting the condition whether a user is redirected to the Google Play Store or Apple App Store.  The targeting rule implied that only Android users will be redirected to the Google Play Store and iOS users will be redirected to the Apple App Store (Appendix 3). Within those two general groups a further split was made based on the channel of promotion, namely in-app banners or mobile web banners. In the statistical analysis this will be the first independent variable (IV) and it will be referred to as “Source”. The following important targeting restriction is applied for the campaigns with the “In-App” characteristics - banners are displayed only to users within mobile applications. Similar targeting restriction were applied to campaigns where “Mobile” is present- banners were presented to user browsing through the mobile web (Appendix4). 

The second independent variable in this research is the difference in the visualization of the banners. It represents whether the exposed banners to the users are animated or static and we refer to this variable as “Style” in the statistical model. Campaigns which fit under “Animated” are created using animated banners and the same for campaigns containing “Static”.

The third variable used in the analysis is called “Size” and refers to the two general banner sizes we have used within the campaigns. If standard size banners (320x50px) are used, it’s mentioned as “Standard” and if full screen interstitial banners (320x480px) are used, it is specified as “Full”. A full overview of the banners used in the experiment and the different variations among the two sizes can be seen in Appendix 5. 

To enhance the significance of the results, an additional two set of restrictions were applied. First, taking into account the possibility of better “content fit” (Goldfarb & Tucker 2013), all campaigns in the study were set under the same content category “Games”. As the mobile ad network InMobi does not provide the exact names of the publisher where the ads were exposed, publishers were split based on the content they provide within their mobile application or mobile websites (Appendix 6). Second, because young demographic is considered to be more responsive to mobile advertising, all users in the experiment were limited in the targeting restrictions to the age group of 18-24 and due to the nature of the application only male users were exposed to the banners (Appendix 7). In addition, to achieve a better sample data for the experiment an equal spending budget was assigned to all 16 campaigns.
3.2. Campaign Measurement 
After defining the sample of the experiment and creating the specific campaigns, the challenge was to define the empirical method and the model of measurement on which the data will be empirically tested. Therefore the dependent variables (DV) which are going to be used within the statistical models need to be specified. DVs are summarized in terms of percentages below, but in regression analysis, it is used as 1/0 variable. 
Click-Through Rate (CTR) – as discussed earlier in the study is the most common measurement of the effectiveness of online and mobile advertising (Briggs 2001). In the experiment CTR will also be used as a main DV. See below the formula with which it is calculated:
                     Total Number of Clicks
CTR = ____________________________

                 Total Number of Impressions  
To achieve the desired results the respective CTR of each of the 8 campaigns is calculated by the number of total impressions and total clicks. By collecting the data in this exact manner not only the singular effect of the IVs on the CTR, but also the significance of the effects which are passed through the interaction between the IVs can be tested. 
Conversion Rate (CR) – is measured by the total actions performed by the user divided by the total clicks. In this experiment, conversion will correspond to the installation of the mobile application we are promoting:  

           Total Number of Installations
CR=__________________________

              Total Number of Clicks
The installation does not involve any payments or financial details which need to be added for the conversion to be successful. Therefore we expect relatively higher results compared to the normal sales conversion rates. The CR will be examined as a second DV in this empirical analysis and will be associated with the effect of mobile advertising on the direct response of the users. Similar to CTR the same method will be used to collect the data. 

3.3. Measuring TAM
Earlier in this article the Technology Acceptance Model (TAM) and the significant effects it has on consumer’s attitudes towards mobile advertising has been mentioned (Yang, Kim & Yoo 2012). Further the model was incorporated in the statements, arguing that in-app users will have different values of TAM compared to mobile web users and that this will be correlated to the direct results on CTR and CR. 

To measure the levels of TAM among the participants in this experiment, an additional survey has been created. It aims to evaluate the users based on the frequent levels of mobile activity and assign an aggregated TAM level for each of the 8 groups specified above. The question stated in the survey and possible answers are shown below: 

Quantas vezes voce utiliza aplicações móveis ou web móveis?

(How often do you use mobile applications or mobile web?) 
1. Não Use (Do not use)     2. Muito Rara (Very Rare)   3. Raro (Rare) 

4. Moderado (Modarate)     5. Freqüentemente (Often)  6. Muitas Vezes (Very Often) 
Analyses from McCloskey (2004) showed a positive significance between the time users spend using a certain technology and their behavior towards advertising. Therefore the recorded levels through the 6-point Likert scale were assigned as a measurement for the TAM levels of the participants between in-app and mobile web usage. Answer “Do not use” corresponds to the lowest level of technology acceptance and equals to value “1”. Logically the answer “Very often” corresponds to the highest level of technology acceptance and is measured with the level “6”. The survey as proposed by Bart, Stephen & Sarvary (2014) was randomly assigned to 20% of the people in this experiment and a total number of 343 replies were collected across all campaign groups with a response rate of 30%. Detailed TAM levels per campaign can be seen in Appendix 7. Further, to analyze whether the different levels of technology acceptance of mobile users will have
 a mediating effect on their behavior, TAM levels were used as a covariate in the statistical models. 
3.4. Tracking Platforms 
During this experiment two main platforms have been used to track the accuracy of the results. First, as part of the primary traffic source, InMobi advertising platform offers a detailed reporting dashboard with statistical data for each of the campaigns that were created. The data collection is total impressions per campaign, total clicks per campaign and the corresponding CTR per campaign. 

Second, to gather the actual installs a third-party software called “HasOffers” was used. It is a performance based marketing software, which facilitates advertisers and mobile developers to track the real-time results of a marketing campaign (sale, install or download). The platform connects through a simple code “postback” and attributes each install to the corresponding promotional method used to deliver it. It is one of the most widely used tools within the industry and the validity of the data is considered to be close to 100%. 
 A combination of the results from both platforms has been summarized for the statistical analysis and can been seen in Appendix 8. 

3.5. Statistical Modeling

In order to test the hypotheses in this experiment, five statistical models will be conducted and analyzed. Due to the nature of CTR and CR levels measured in percentages with possible values between 0 and 100, non-parametric models will be used to examine the effect of the different variables. In the first part of the analyses a T-test will be configured to observe whether in-app users have a higher TAM level compared to mobile web users. Since clicks and installs are binary (1/0), all three independent variables are also categorical variables, Loglinear model preferred. Further two Loglinear models will be structured to test if the higher “in-app” and TAM values also lead to higher CTRs and CRs. The second part of the study will explore the effects of the three independent variables specified (Source, Style and Size) and their interactions. To do so, two Loglinear models will be conducted additionally. Both Loglinear models will address CTR as the explanatory variable. Therefore clicks counts will be used as frequency variable and impressions counts as a cell structure variable. Respectively the models which address CR will use install counts as frequency variable and click counts as a cell structure variable.
Analyses1: Testing Hypotheses 1a and 2a 
The model will examine whether in-app usage has a significantly higher mean level of TAM compared to mobile web. Because the dependent variable TAM is continuous and the independent variable “Source” is divided between two groups, thus an Independent Sample T-test and non-parametric Mann-Whitney U test will be conducted. The results will be used to test the first part of the hypotheses that TAM has a mediating effect between “Source” and CTR/CR. The regression model which is suitable of this model is constructed as following: 
TAM = β0 + β1*Source + error 
To support the results for H1a and H2a, the significance and the sign of β1 will be checked. 

Analyses2: Testing Hypotheses 1b, 2b, 3a/b and 5a/b
To continue with the first part of the analyses whether TAM is a mediator between “Source” and CTR/CR two Loglinear models will be developed. Since “Source”, "Style” and “Size” are all split between two groups, the factors will be set with the following values: 

Source   0 - In-apps;       1 - Mobile web
Style      0 - Animated;   1 - Static 
Size       0 - Full Page;    1 - Standard

 Within both of models only the data from the 343 respondents which replied to the question will be used, so TAM levels can be accurately used as a covariate. Further as mentioned in the introduction of the chapter respondent counts are set as frequency variable and impressions counts as a cell structure variable. The model will investigate whether “in-app” and higher TAM levels can predict higher CTRs: 
Click Through = β0 + β1*Source + β2*Style + β3*Size + β8*TAM + error
To support the results for H1b, the significance and the signs of β1 will be checked. 

To support the results for H3a, the significance and the signs of β2 will be checked.

To support the results for H5a, the significance and the signs of β3 will be checked.

Similarly the second model will investigate whether “In-app” and higher TAM levels can predict higher CRs. Therefore instead of clicks as frequency variable, install counts will be used and instead of impressions as a cell structure respondent counts will be used. 
Conversion = β0 + β1*Source + β2*Style + β3*Size + β8*TAM + error
To support the results for H2b, the significance and the signs of β1 will be checked. 

To support the results for H3b, the significance and the signs of β2 will be checked.

To support the results for H5b, the significance and the signs of β4 will be checked.

Analyses3: Testing Hypotheses 4a and 6a
The fourth statistical model, which will be examined in this study, will emphasis on the full extent of the data collected during the experiment and aims to predict the CTR levels. Similar to Analyses2, a Loglinear model will be conducted, where the independent variables “Source”, “Style” and “Size” will be included as factors and click counts will be used as frequency variable.  Further impression counts will be used to weight the cells to account for the cell-to-cell variation of the impressions distribution. The model will examine not only the main effects of “Source”, “Style” and “Size”, but also their interactions. 
Click-Through = β0 + β1*Source + β2*Style + β3*Size + β4*(Source*Style) + 

β5*(Source*Size) + β6*(Style*Size) + error
To support the results for H4a, the significance and the signs of β4 will be checked

To support the results for H6a, the significance and the signs of β5 will be checked

Analyses4: Testing Hypotheses 4b and 6b
The analyses will investigate the effects of the three factors on CR and the expected cell levels. The values setup for the factors will be the same as in Analysis3. Further again both the main and interaction effect will be examined. The data will be weighted on the install counts and click counts will be used as cell structure variable. The regression model can be seen below:  Conversion = β0 + β1*Source + β2*Style + β3*Size + β4*(Source*Style) + β5*(Source*Size) + β6*(Style*Size) + error
To support the results for H4b, the significance and the signs of β4 will be checked

To support the results for H6b, the significance and the signs of β5 will be checked
4. Results
On Figure 5 the full descriptive table of the experiment can be examined and the mean values for each of the 8 cells can be seen.  


Figure 5: Descriptive Table 
	Campaign
	Impressions
	Clicks
	CTR %
	Installs
	CR %

	1. Animated Full In-app 
	7548
	829
	11.04
	27
	3.20

	2. Animated Standard In-App
	16909
	966
	5.71
	16
	1.65

	3. Static Full In-app
	7633
	767
	10.55
	25
	3.20

	4. Static Standard In-App
	14959
	841
	5.62
	14
	1.75

	5. Animated Full Mobile
	12983
	889
	7.17
	11
	1.15

	6. Animated Standard Mobile
	58492
	856
	1.47
	9
	1.00

	7. Static Full Mobile
	10767
	894
	8.67
	13
	1.45

	8. Static Standard Mobile
	57619
	848
	1.48
	9
	1.10

	Total
	186910
	6890
	6.46
	124
	1.81


The total number of impression accounted for 186 910, clicks to 6890 and installs to 124.With regards to the mean values it can be noticed that an average high mean CTR of 6.46% was reached and a relatively stable for the industry mean for CR of 1.81%. Looking into the individual performance it can be observed that campaign number 1 and campaign number 3 have significantly outperformed the other campaigns in the experiment. Both campaigns fall under the condition of in-app source and full sized banner. Somehow it could have been expected that full page interstitials can achieve a higher CTR (11.04 and 10.55), partly due to the “fat finger effect”, but CR levels should be considered as a further verification of the better performance of this banner size. Both campaigns have a CR of 3.20% which is almost twice higher than the average mean for the experiment. Therefore looking only into the mean levels it can be concluded that “Source” and “Size” have more underlined effects on CTR and CR compared to “Style”. 

To further analyze those results of the five statistical models performed, some of the hypotheses were approved and others were rejected. In the section below a detailed analysis of those models will be discussed with regards to their coefficients and most important statistical findings. The examinations will be divided into five sections representing the different models. Further five main factors will be used to base the discussions on: goodness of fit values and their respective p-values to test the null hypotheses, the parameter estimates to measure odds of an event occurrence, the z-values of the different factors in the model and their respective p-values to measure their significance. A detailed overview of all SPSS analyses can be found in the Appendix. 

To summarize the data obtained the below table was created to show all significant P-values of the four Loglinear models and more easily evaluate which variable has more effect on the dependent variables. The variables which are specified with a significance level of 95% can be considered as the one with the highest contribution.

Figure 6: Summary of Findings 
	Summary of Findings

	 
	Model 1
	Model2 
	Model 3
	Model 4

	 
	Value
	Sig.
	Value
	Sig.
	Value
	Sig.
	Value
	Sig.

	Likelihood Ratio
	45.018
	0.00*
	5.975
	0.113
	371.898
	0.00*
	0.031
	0.860

	Pearson Chi-Square
	49.038
	0.00*
	6.476
	0.091
	382.185
	0.00*
	0.031
	0.860

	Factors
	Z-Value
	Sig.
	Z-Value
	Sig.
	Z-Value
	Sig.
	Z-Value
	Sig.

	Corrected Model
	-4.051
	0.00*
	-0.672
	0.502
	-124.06
	0.00*
	-12.750
	0.176

	[Source = 0]
	8.335
	0.00*
	0.943
	0.346
	53.443
	0.00*
	1.354
	0.881

	[Style = 0]
	1.411
	0.158
	-0.038
	0.969
	12.734
	0.00*
	0.15
	0.337

	[Size = 0]
	13.59
	0.00*
	0.54
	0.589
	66.773
	0.00*
	0.96
	0.00*

	TAM
	-0.428
	0.669
	0.109
	0.914
	 
	
	 
	 

	[Source = 0] * [Style = 0]
	 
	 
	 
	
	24.121
	0.00*
	-0.182
	0.855

	[Source = 0] * [Size = 0]
	 
	 
	 
	 
	 -52.539
	0.00*
	0.778
	0.437

	[Style = 0] * [Size = 0]
	 
	 
	 
	 
	-23.678
	0.00*
	-0.624
	0.532

	** - Statistically significant on a 5% significance level


4.1. Independent-Samples T Test and Mann-Whitney U Test 
As discussed in our methodology part, these models will aim to investigate whether in-app users have a higher TAM level compared to mobile web users. The responses gather through the questionnaire are valued between “1” as the lowest and “6” as the highest level of technology acceptance. The mean results for each campaign were obtained and within the Independent Samples T-Test. 

First we will observe the values for the Independent-Samples T Test. To meet the criteria of randomization and the possibility of inequality between samples the questionnaire was randomly presented to 20% of the participants in the experiment. The mean TAM values obtained for in-app users were estimated at 5.1250 and for mobile web users at 5.1125. Both means are relatively high, suggesting that both groups are heavy mobile users. 

Before we proceed to the t-values and significant values of the Independent Sample Test results, the Levene’s test for homogeneity needs to be checked. We can reject the null hypotheses for equal variance, because the P-value is equal to 0.317 which is statistically insignificant under the alpha level of 0.05. 

H1a/2a: In-App users will have a higher technology acceptance attitude than mobile-web users 
To reject the null hypotheses of equal variance between groups the T-value of 0.066 and significant level 0.949 need to be examined. The null hypotheses need to be accepted and respectively H1a/2a need to be rejected. The values from the Mann-Whitney U Test show similar results with a p=0.017<0.05 and also support the rejection of H1a/2a. 

It can be concluded that in-app users do not have significantly higher levels of technology acceptance compared to mobile web users. The first step in mediating effect test is source (inapp/mobilead) should be significant effect on mediating effect (TAM). Since it is not, there is no need to further test mediating effect test. 
4.2. Model 1
Model 1 is designed to analyze how the main effects of the three factors “Source”, “Style” and “Size” would affect the odds for a higher click frequency (CTR) and whether TAM levels have a mediating effect within the process. As mentioned previously, to accurately implement TAM levels as a covariate in the model only the data from the 343 respondents of the survey have been used. The explanatory variable within the model are the click counts per cell while the impression counts per cell are used to control for the different banners exposure per cell. 

Loglinear analysis as a non-parametric test has a short list of requirements or assumptions which need to be verified before we proceed with measuring the significance of the model. The rule of thumbs states that all cells within the model should have an expected count greater than 1 and at least 80% of the designed cells must have a count greater than 5. As observed from the SPSS output (Appendix 10) the lowest expected count that the model contains is 10.80, therefore the requirements have been fulfilled. 
H1b: In-App user will achieve a higher CTR compared to mobile web user
The Likelihood Ratio has a value of 45.018 and p=.000, which means it is significant under the 95% confidence interval and the null hypotheses can be rejected. Further in-app as a factor has beta of 1.016 which is positive, so users are more likely to have a higher CTR compared to mobile web users. The Z-value=8.335 and the p=.000 are significant under the 0.05 alpha level, thus H1b can be accepted. Thus, in-app users will click though more than mobile web users As a confirmation from the Sample T-test results, the Z-value= -.428 and p=0.669 for TAM are insignificant. It can be concluded one more time that TAM does not have a mediating role on the levels of CTR.  
H5a: Interstitial banners will achieve higher CTR compared to standard banners

Looking further into the parameters table it can be observed that full size banners have the highest beta=1.617 and Z-value=13.590, stating that “Size” has stronger effect on CTR compared to Source. In addition the full banners are more likely to reach a higher CTR compared to standard small sized banners. Since p=0.000<0.05 H5a can be approved as well.

H3a: Animated banners will achieve higher CTRs compared static banners 

The last factor in the model “Style” still has a positive beta=0.195 showing a slightly higher chance for animated banners to have a higher CTR compared to static banners. However, Z-value= 1.411 and p=0.158 which is not significant enough for the 95% confidence interval of the model. Since Model 3 will analyze a larger dataset which can be considered to be more significant, H3a won’t be rejected yet. 

To summarize the results from Model 1 we can conclude that interstitial banners and in-app users are more likely to achieve the higher CTR. Animated banners have somehow positive association to CTR, but not significant. 
4.3. Model 2
Similar to Model 1, this model will be used to analyze different effects “Source”, “Style” and “Size” has on install frequency (CR). Further TAM levels have been included to test whether a possible mediating effect on CR can be observed. The explanatory variable within the model are the install counts per cell and clicks (respondent) counts are used to control the total observations per cell. 

According to the results from the SPSS output for the Loglinear analysis 3 cell counts have a lower count than 5 and all expected cell counts have a higher value of 1. The total number of the designed cells is 16, which means that 81% have a higher count than 5 and the assumptions have been met. However the null hypotheses cannot be rejected because the Likelihood Ratio=0.113 and Pearson’s Chi-Square=0.091 are both higher than the 0.05 alpha level. 

Further TAM has a Z-value =.109 and p=0.914, stating that no mediating effect on CR can be concluded. It needs to be mentioned that similar to the descriptive table on Figure 4, in-app and interstitial banners have the highest z-values, respectively 0.943 and 0.504. Since the model was created to test whether the is a mediating effect for TAM, H2b, H3b and H5b will be analyzed further within Model 4. 
4.4. Model 3 
The analysis in this model will use CTR as an explanatory variable, but it differs on two main points compared to Model 1. First, TAM is not included as a covariate therefore the full data gathered through the experiment can be used. Second, the interaction effects between the three factors are included in the model. Since the data that is used is notably larger than in Model 1 we expect the results to be closer to reality as well. 

The lowest cell count within the model is 571, thus it can be concluded that the model fulfills the assumptions. Further the Likelihood Ratio=371.898 and the Pearson’s Chi-Square=382.185with a p=0.000, therefore we can reject the null hypotheses and continue with the observations. 

Similar to the results in Model 1 “Size” and “Source” have the highest estimate and z-values within the model. Full pages interstitial banners have an odds estimate=2.864 and z-value=66.773, which confirms that a higher CTR levels should be expected compared to standard banners. Same can be stated for in-app users vs mobile web users, where the first have an odds estimate=2.306 and z-value=53.443. 

 H3a: Animated banners will achieve higher CTRs compared to static banners 

As predicted earlier in the chapter, it can be examined that the estimate=0.550 for Animated banners have a higher value compared to Model 1, as well as the z-value=12.734. Further a significant p=0.000 is obtained, thus we can now accept H3a and confirm that animated banners are more likely to achieve a higher CTR levels. 

H4a: Animated in-app banners will achieve higher CTR compared to animated mobile web banners
To continue further with “Style” as the next factor the interaction estimate between in-app promotion and animated banners can be examined. It can be observed from the estimate=1.198 that the interaction increases the likelihood of animated in-app banners to have a higher CTR. Further z-value=24.121 and p=0.000 confirms that H4a can beaccepted. 

H6a: In-app interstitial banners will achieve higher CTRs compared to interstitial mobile web banners
Since interstitial banners and in-app promotion have the highest estimates and significant levels, it is surprising to examine the estimates of their interaction. A negative odds 
estimate= -2.609 is observed, meaning that there is a less likely higher CTR to be expected. In addition a high negative z-value= -52.539 is achieved, also supporting the suggestion that an interaction between in-app promotion and full page banners will lead to a CTR level lower than the mean CTR value. Therefore H6a needs to be rejected. 

The last estimate in the model is the interaction effect between animated and full page banners. The values similar to the previous interaction effect of “Size”, show a negative odds 
estimate= -1.177 and negative z-value= -23.678. Hence, no higher CTR levels should be expected from full page animated banners. 
4.5. Model 4
Similar to Model 3, in this model TAM is not included as covariate and the full data gather through the experiment is used. CR is the explanatory variable and the interactions between the 3 factors are included as additional effects. 

The rule of thumbs for all expected counts to have a higher value of 1 and at least 80% of the designed cells to have values above 5 have been fulfilled, since the lowest value from all cells is equal to 8.774. Similar to Model 2 the Likelihood Ratio=0.031 and Person Chi-Square have an insignificant p=0.860. Therefore the null hypotheses that neither “Source”, “Style” or “Size” has effect on CR needs to be accepted. 

H3b: Animated banners will achieve higher CRs compared to static banners 

H4b: Animated in-app banners will achieve higher CRs compared to animated mobile web banners
H6a: In-app interstitial banners will achieve higher CRs compared to interstitial mobile web banners
 H3b, H4b and H6b need to be rejected, since their respective estimate values (0.056; -0.70; 0.305) are too close to zero and their respective p-values (0.881; 0.855; 0.437) are too high. Hypothesis H2b (Source) and H5b (Size) need to be rejected as well since both of their p-values are insignificant as well, but because of the additional models conducted further in the chapter they won’t be rejected yet. 
4.6. Additional Model 1
Both of the additional models which are conducted represent an extension to the analyses in Model 4, where only two of the factors “Source” and “Size” are included. In the current model only the main effect of “Source” will be examined to test whether a significant result on CR can be observed. The design of the model is structured as: Constant + Source. 

Since the estimates are not included in Figure 5, the details of the SPSS output can be seen in Appendix 13. The lowest count cell within the design is equal to 18, therefore we can conclude that assumptions for the values of the cell counts have been met. Further the Likelihood Ratio=6.070 and Person’s Chi-Square=6.070 have a p=0.048 which is significant under the 0.05 alpha level. The null hypothesis is rejected and it can be concluded that “Source” has an effect on CR levels. 
H2b: In-App users will achieve higher CR compared to mobile web user 
Form the SPSS Parameter table an estimate of0.611 can be observed, which means that in-app users are more likely to have a higher CTR than mobile web users. In addition the z-value=3.169 and the p=0.002 are both significant, thus H2b can be accepted. We can conclude that the higher mean values for in-app user (see table Figure 4) are proven to be statistically significant as well. 
4.7. Additional Model 2
The last model in the analyses is structured the same way as Additional Model 1, but instead of examining the effect of “Source” on CR it will analyze the effect of “Size”. Therefore the design of the model is structured as: Constant + Source

18 is again the lowest cell count within the design and it can be concluded that both assumptions have been fulfilled. Furthermore the Likelihood Ratio=11.838 and the Pearson’s Chi-Square=11.742 have a p=0.003 value which is significant to reject the null hypotheses. 

H6b: In-app interstitial banners will achieve higher CRs compared to interstitial mobile web banners
The estimate for full page banners is equal to 0.405 which is positive and shows a more likely chance of higher CR compared to standard banners. In addition the z-value=2.153 and the p=0.31 show a significant level under the 95% confidence interval. Therefore similar to the model above we can confirm H6b and conclude that interstitial banners have a significant effect on CR levels.
Figure 6: Summary of Hypothesis
	Independent-Samples T Test
	H1a/2a: In-App users will have a higher technology acceptance attitude than mobile-web users
	Rejected

	Model 1
	H1b: In-App user will achieve a higher CTR compared to mobile web user
	Confirmed

	
	H5a: Interstitial banners will achieve higher CTR compared to standard banners
	Confirmed

	Model 3
	H3a: Animated banners will achieve higher CTRs compared static banners 
	Confirmed

	
	H4a: Animated in-app banners will achieve higher CTR compared to animated mobile web banners
	Confirmed

	
	H6a: In-app interstitial banners will achieve higher CTRs compared to interstitial mobile web banners
	Rejected

	Model 4
	H3b: Animated banners will achieve higher CRs compared to static banners 
	Rejected

	
	H4b: Animated in-app banners will achieve higher CRs compared to animated mobile web banners
	Rejected

	
	H6b: In-app interstitial banners will achieve higher CRs compared to interstitial mobile web banners
	Rejected

	Additional Models
	H2b: In-App users will achieve higher CR compared to mobile web user 
	Confirmed

	
	H6b: In-app interstitial banners will achieve higher CRs compared to interstitial mobile web banners
	Confirmed


5. Conclusions & Limitations
In this research paper the main goal was to investigate whether in-app or mobile web promotion has a significant influence on the effectiveness of mobile display advertising. Additionally to be able to outline an even more effective MDA strategy, “Style” and “Size” were included into the experiment. “Style” was represented by the comparison between animated vs. static banners and “Size” was split between full page vs. standard banners. To make the investigations possible a field experiment containing 8 campaigns was conducted. The campaigns were created to cross-check the 2x2x2 effects levels and be able to outline the most significant factors among. Further the analyses were structured in a way allowing an observation of the interaction effects and checking if a best possible combination exists. Based on previous relevant literature two main explanatory variables were used: Click-Through Rate and Conversion Rate. CTR was explained by the ratio between total clicks divided by total impression and CR respectively by total install divided by total clicks per campaign. 

Since technology acceptance has been arguably the most used factor explaining the effectiveness of mobile advertising it has been incorporated into the analyses as well. The levels of TAM for the users within the experiment were measure in order to examine whether TAM has a mediating effect on CTR and CR. 

The findings in this thesis contain some theoretical and at the same time practical implications, which could be used by both researchers and managers. 

The first part of the examination on whether in-app users have a higher TAM levels and whether TAM has a mediating effect on either CTR or CR were insignificant. No correlation was found between the technology acceptance levels of the users and their respective CTR/ CR. Results are strong argument against the findings from Yang, Kim & Yoo (2012), who have validated the significant effect between mobile technology acceptance and advertising itself.
The second part of the analyses focuses on the three main factors and their interaction effects on CTR. Both “Size” and “Source” appear to be very powerful drivers for a higher CTR levels when observing their main effects. The choice of interstitial banners instead of standard small sized banners shows the most likely outcome for a higher CTR. Further, in-app advertising instead of mobile web advertising has a very strong significant level for a higher CTR as well. The factor of animated banners versus static banners has the lowest power estimates compared to the two factors above, but still a significant effect on CTR has been observed. Therefore as a recommendation to advertising expert, who want to structure their mobile campaigns towards a higher CTR levels, banner size and source should be the of a prime investigation. Once those characteristics are set “Style” can be examined as well. 

Along with the main effects, the interactions between the three factors have shown several significant patterns. On first place after the strong evidence for “Source” and “Size”, a very surprising negative interaction effect has been observed between them. The results showed that full page banners displayed within Apps have the lowest likelihood levels to achieve higher CTRs. The second interaction between “Style” and “Size” slightly more moderated but still negative odds, meaning that the combination between full sized and animated banner would lead to a lower than the mean CTR levels. The only interaction within the model which showed a positive pattern was the condition of animated banner exposed on in-app advertising. The estimated levels were more powerful compared to the estimated main effects for “Style” separately. Therefore, it can be concluded that in-app advertising significantly increases the power of the effect of animated banners towards CTR levels. 

To summarize the findings on CTR levels, it should be mentioned that “Size” and “Source” as main effect have the strongest influence and the combination between “Source” and “Style” has the strongest interaction effect. 

The last parts of the analysis measure the direct responses of users towards the different campaign settings and in the case of the experiment responses are examined through number of installs. The main effects of the three factors on CR have showed similar results as in the models measuring CTR. Again “Source” and “Size” have displayed the most powerful estimates and significant results. In-app promotion is observed as a source which could deliver a higher results based on CR, therefore it would be interesting to evaluate the causes for those results. Since TAM levels showed similar results for both in-app and mobile web users it could be excluded as a particular a factor for future researches. However, the different ways of how in-app banners are shown to users or the higher content fit of Apps could be possible points for further analyses. The significantly higher CRs for full page banners prove as well that, although the “fat finger effect” can partly explain the higher CTR levels, the effectiveness of bigger sized banners goes beyond that factor. Last in regards to CR, “Style” did not achieve significant levels and it cannot be concluded that animated banners are performing better than static. 

Unfortunately, the model which was used to analyze the interaction effect on CR did not achieve significant levels and all null hypotheses had to be accepted. Therefore the research could not find significant interaction effects, between the three factors, which could lead to a higher CR levels. A partial explanation for this could be the fact that non-parametric tests have been used and normally a larger data set is needed to achieve significant levels. It would be interesting if further studies use a bigger sample and an interaction effects could be observed for CR as well. 

The paper has incorporated the studies like: The Integrated Mobile Advertising Model from Yang (2012), the Study of Presentations of Mobile Web Banners of Rau (2006) and the Internet Advertising Effectiveness of Robinson (2007). On one hand the interpretations of the effects on CTR were really strong and positive, but on the other the interpretation for CR could have been more explanatory. However, it has been proven that mobile display advertising is a field which will continue to grow and further researches need to be made. 

Further, the research performed was limited only to the Brazilian mobile market and to the performance of mobile gaming apps. It could be of a major interest whether the same significant results can be observed for different market like Asia, Europe or North America, where the development of mobile usage has grown even further. Also the mobile gaming app industry is a booming sector, but future experiments on ecommerce or brand image can achieve different values especially for “Source” performance. 
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Appendix 2: OS Targeting 
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Appendix 3: Connection Targeting 
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Appendix 4: Banners 
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Appendix 5: Category Targeting 
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Appendix 7: TAM – Survey data 
	Survey TAM 
	Participants Replied
	TAM Level

	1. Animated Full In-app 
	45
	5.6

	2. Animated Standard In-App
	57
	5.2

	3. Static Full In-app
	44
	4.9

	4. Static Standard In-App
	20
	5.3

	5. Animated Full Mobile
	47
	5.35

	6. Animated Standard Mobile
	32
	4.9

	7. Static Full Mobile
	49
	4.85

	8. Static Standard Mobile
	49
	5.05

	Total
	343
	5.14


Appendix 8: Independent Sample T-test 

	Group Statistics

	
	What kind of traffic source is used
	N
	Mean
	Std. Deviation
	Std. Error Mean

	Technology acceptance levels
	inapp
	4
	5.1250
	.32787
	.16394

	
	mobile web
	4
	5.1125
	.18428
	.09214



Appendix 9: Model 1 – SPSS Output


	Goodness-of-Fit Testsa,b

	
	Value
	df
	Sig.

	Likelihood Ratio
	45.018
	3
	.000

	Pearson Chi-Square
	49.038
	3
	.000

	a. Model: Poisson

	b. Design: Constant + Source + Style + Size + TAM


	Cell Counts and Residualsa,b

	What kind of traffic source is used
	What is the banners style
	What kind of banner size
	Observed
	Expected

	
	
	
	Count
	%
	Count
	%

	inapp
	Animated
	full
	45
	13.1%
	60.172
	17.5%

	
	
	standard
	57
	16.6%
	37.127
	10.8%

	
	Static
	full
	44
	12.8%
	57.900
	16.9%

	
	
	standard
	20
	5.8%
	10.800
	3.1%

	mobile web
	Animated
	full
	47
	13.7%
	37.633
	11.0%

	
	
	standard
	32
	9.3%
	46.067
	13.4%

	
	Static
	full
	49
	14.3%
	29.294
	8.5%

	
	
	standard
	49
	14.3%
	64.005
	18.7%

	a. Model: Poisson

	b. Design: Constant + Source + Style + Size + TAM


	Parameter Estimatesb,c

	Parameter
	Estimate
	Std. Error
	Z
	Sig.
	95% Confidence Interval

	
	
	
	
	
	Lower Bound
	Upper Bound

	Constant
	-5.667
	1.399
	-4.051
	.000
	-8.408
	-2.925

	[Source = 0]
	1.016
	.122
	8.335
	.000
	.777
	1.255

	[Source = 1]
	0a
	.
	.
	.
	.
	.

	[Style = 0]
	.195
	.138
	1.411
	.158
	-.076
	.465

	[Style = 1]
	0a
	.
	.
	.
	.
	.

	[Size = 0]
	1.617
	.119
	13.590
	.000
	1.384
	1.850

	[Size = 1]
	0a
	.
	.
	.
	.
	.

	TAM
	-.123
	.287
	-.428
	.669
	-.685
	.440

	a. This parameter is set to zero because it is redundant.

	b. Model: Poisson

	c. Design: Constant + Source + Style + Size + TAM


Appendix 10: Model 2 – SPSS Output

	Goodness-of-Fit Testsa,b

	
	Value
	df
	Sig.

	Likelihood Ratio
	5.975
	3
	.113

	Pearson Chi-Square
	6.476
	3
	.091

	a. Model: Poisson

	b. Design: Constant + Source + Style + Size + TAM

	


	Cell Counts and Residualsa,b

	What kind of traffic source is used
	What is the banners style
	What kind of banner size
	Observed
	Expected

	
	
	
	Count
	%
	Count
	%

	inapp
	Animated
	full
	8
	16.0%
	8.355
	16.7%

	
	
	standard
	6
	12.0%
	8.710
	17.4%

	
	Static
	full
	8
	16.0%
	7.805
	15.6%

	
	
	standard
	6
	12.0%
	3.129
	6.3%

	mobile web
	Animated
	full
	7
	14.0%
	6.377
	12.8%

	
	
	standard
	6
	12.0%
	3.558
	7.1%

	
	Static
	full
	6
	12.0%
	6.463
	12.9%

	
	
	standard
	3
	6.0%
	5.602
	11.2%

	a. Model: Poisson

	b. Design: Constant + Source + Style + Size + TAM


	Parameter Estimatesb,c

	Parameter
	Estimate
	Std. Error
	Z
	Sig.
	95% Confidence Interval

	
	
	
	
	
	Lower Bound
	Upper Bound

	Constant
	-2.605
	3.877
	-.672
	.502
	-10.204
	4.994

	[Source = 0]
	.292
	.310
	.943
	.346
	-.315
	.899

	[Source = 1]
	0a
	.
	.
	.
	.
	.

	[Style = 0]
	-.015
	.389
	-.038
	.969
	-.777
	.747

	[Style = 1]
	0a
	.
	.
	.
	.
	.

	[Size = 0]
	.160
	.296
	.540
	.589
	-.421
	.741

	[Size = 1]
	0a
	.
	.
	.
	.
	.

	TAM
	.086
	.796
	.109
	.914
	-1.475
	1.647

	a. This parameter is set to zero because it is redundant.

	b. Model: Poisson

	c. Design: Constant + Source + Style + Size + TAM


Appendix 11: Model 3 – SPSS Output

	Goodness-of-Fit Testsa,b

	
	Value
	df
	Sig.

	Likelihood Ratio
	371.898
	1
	.000

	Pearson Chi-Square
	382.185
	1
	.000

	a. Model: Poisson

	b. Design: Constant + Source + Style + Size + Source * Size + Style * Size + Source * Style


	Cell Counts and Residualsa,b

	What kind of traffic source is used
	What is the banners style
	What kind of banner size
	Observed
	Expected

	
	
	
	Count
	%
	Count
	%

	inapp
	Animated
	full
	808
	11.8%
	1004.655
	14.6%

	
	
	standard
	957
	13.9%
	760.345
	11.1%

	
	Static
	full
	768
	11.2%
	571.345
	8.3%

	
	
	standard
	851
	12.4%
	1047.655
	15.3%

	mobile web
	Animated
	full
	880
	12.8%
	683.345
	10.0%

	
	
	standard
	846
	12.3%
	1042.655
	15.2%

	
	Static
	full
	903
	13.2%
	1099.655
	16.0%

	
	
	standard
	848
	12.4%
	651.345
	9.5%

	a. Model: Poisson

	b. Design: Constant + Source + Style + Size + Source * Size + Style * Size + Source * Style


	Parameter Estimatesb,c

	Parameter
	Estimate
	Std. Error
	Z
	Sig.
	95% Confidence Interval

	
	
	
	
	
	Lower Bound
	Upper Bound

	Constant
	-4.467
	.036
	-124.059
	.000
	-4.538
	-4.397

	[Source = 0]
	2.306
	.043
	53.443
	.000
	2.222
	2.391

	[Source = 1]
	0a
	.
	.
	.
	.
	.

	[Style = 0]
	.550
	.043
	12.734
	.000
	.465
	.635

	[Style = 1]
	0a
	.
	.
	.
	.
	.

	[Size = 0]
	2.864
	.043
	66.773
	.000
	2.780
	2.948

	[Size = 1]
	0a
	.
	.
	.
	.
	.

	[Source = 0] * [Size = 0]
	-2.609
	.050
	-52.539
	.000
	-2.706
	-2.512

	[Source = 0] * [Size = 1]
	0a
	.
	.
	.
	.
	.

	[Source = 1] * [Size = 0]
	0a
	.
	.
	.
	.
	.

	[Source = 1] * [Size = 1]
	0a
	.
	.
	.
	.
	.

	[Style = 0] * [Size = 0]
	-1.177
	.050
	-23.678
	.000
	-1.274
	-1.079

	[Style = 0] * [Size = 1]
	0a
	.
	.
	.
	.
	.

	[Style = 1] * [Size = 0]
	0a
	.
	.
	.
	.
	.

	[Style = 1] * [Size = 1]
	0a
	.
	.
	.
	.
	.

	[Source = 0] * [Style = 0]
	1.198
	.050
	24.121
	.000
	1.101
	1.296

	[Source = 0] * [Style = 1]
	0a
	.
	.
	.
	.
	.

	[Source = 1] * [Style = 0]
	0a
	.
	.
	.
	.
	.

	[Source = 1] * [Style = 1]
	0a
	.
	.
	.
	.
	.

	a. This parameter is set to zero because it is redundant.

	b. Model: Poisson

	c. Design: Constant + Source + Style + Size + Source * Size + Style * Size + Source * Style


Appendix 12: Model 4 – SPSS Output

	Goodness-of-Fit Testsa,b

	
	Value
	df
	Sig.

	Likelihood Ratio
	.031
	1
	.860

	Pearson Chi-Square
	.031
	1
	.860

	a. Model: Poisson

	b. Design: Constant + Source + Style + Size + Source * Size + Style * Size + Source * Style


	Cell Counts and Residualsa,b

	What kind of traffic source is used
	What is the banners style
	What kind of banner size
	Observed
	Expected

	
	
	
	Count
	%
	Count
	%

	inapp
	Animated
	full
	20
	17.1%
	20.226
	17.3%

	
	
	standard
	16
	13.7%
	15.774
	13.5%

	
	Static
	full
	25
	21.4%
	24.774
	21.2%

	
	
	standard
	14
	12.0%
	14.226
	12.2%

	mobile web
	Animated
	full
	11
	9.4%
	10.774
	9.2%

	
	
	standard
	9
	7.7%
	9.226
	7.9%

	
	Static
	full
	13
	11.1%
	13.226
	11.3%

	
	
	standard
	9
	7.7%
	8.774
	7.5%

	a. Model: Poisson

	b. Design: Constant + Source + Style + Size + Source * Size + Style * Size + Source * Style


	Parameter Estimatesb,c

	Parameter
	Estimate
	Std. Error
	Z
	Sig.
	95% Confidence Interval

	
	
	
	
	
	Lower Bound
	Upper Bound

	Constant
	-3.884
	.305
	-12.750
	.000
	-4.482
	-3.287

	[Source = 0]
	.486
	.359
	1.354
	.176
	-.218
	1.190

	[Source = 1]
	0a
	.
	.
	.
	.
	.

	[Style = 0]
	.056
	.377
	.150
	.881
	-.682
	.795

	[Style = 1]
	0a
	.
	.
	.
	.
	.

	[Size = 0]
	.347
	.362
	.960
	.337
	-.362
	1.057

	[Size = 1]
	0a
	.
	.
	.
	.
	.

	[Source = 0] * [Size = 0]
	.305
	.392
	.778
	.437
	-.463
	1.073

	[Source = 0] * [Size = 1]
	0a
	.
	.
	.
	.
	.

	[Source = 1] * [Size = 0]
	0a
	.
	.
	.
	.
	.

	[Source = 1] * [Size = 1]
	0a
	.
	.
	.
	.
	.

	[Style = 0] * [Size = 0]
	-.235
	.377
	-.624
	.532
	-.974
	.504

	[Style = 0] * [Size = 1]
	0a
	.
	.
	.
	.
	.

	[Style = 1] * [Size = 0]
	0a
	.
	.
	.
	.
	.

	[Style = 1] * [Size = 1]
	0a
	.
	.
	.
	.
	.

	[Source = 0] * [Style = 0]
	-.070
	.387
	-.182
	.855
	-.829
	.688

	[Source = 0] * [Style = 1]
	0a
	.
	.
	.
	.
	.

	[Source = 1] * [Style = 0]
	0a
	.
	.
	.
	.
	.

	[Source = 1] * [Style = 1]
	0a
	.
	.
	.
	.
	.

	a. This parameter is set to zero because it is redundant.

	b. Model: Poisson

	c. Design: Constant + Source + Style + Size + Source * Size + Style * Size + Source * Style


Appendix 13: Additional Model 1 – SPSS Output

	Goodness-of-Fit Testsa,b

	
	Value
	df
	Sig.

	Likelihood Ratio
	6.070
	2
	.048

	Pearson Chi-Square
	6.070
	2
	.048

	a. Model: Poisson

	b. Design: Constant + Source


	Cell Counts and Residualsa,b

	What kind of traffic source is used
	What kind of banner size
	Observed
	Expected

	
	
	Count
	%
	Count
	%

	inapp
	full
	45
	38.5%
	34.864
	29.8%

	
	standard
	30
	25.6%
	40.136
	34.3%

	mobile web
	full
	24
	20.5%
	21.569
	18.4%

	
	standard
	18
	15.4%
	20.431
	17.5%

	a. Model: Poisson

	b. Design: Constant + Source


	Parameter Estimatesb,c

	Parameter
	Estimate
	Std. Error
	Z
	Sig.
	95% Confidence Interval

	
	
	
	
	
	Lower Bound
	Upper Bound

	Constant
	-3.036
	.154
	-19.676
	.000
	-3.338
	-2.734

	[Source = 0]
	.611
	.193
	3.169
	.002
	.233
	.988

	[Source = 1]
	0a
	.
	.
	.
	.
	.

	a. This parameter is set to zero because it is redundant.

	b. Model: Poisson

	c. Design: Constant + Source


Appendix 14: Additional Model 1 – SPSS Output

	Goodness-of-Fit Testsa,b

	
	Value
	df
	Sig.

	Likelihood Ratio
	11.838
	2
	.003

	Pearson Chi-Square
	11.742
	2
	.003

	a. Model: Poisson

	b. Design: Constant + Size


	Cell Counts and Residualsa,b

	What kind of traffic source is used
	What kind of banner size
	Observed
	Expected

	
	
	Count
	%
	Count
	%

	inapp
	full
	45
	38.5%
	32.251
	27.6%

	
	standard
	30
	25.6%
	24.773
	21.2%

	mobile web
	full
	24
	20.5%
	36.749
	31.4%

	
	standard
	18
	15.4%
	23.227
	19.9%

	a. Model: Poisson

	b. Design: Constant + Size


	Parameter Estimatesb,c

	Parameter
	Estimate
	Std. Error
	Z
	Sig.
	95% Confidence Interval

	
	
	
	
	
	Lower Bound
	Upper Bound

	Constant
	-2.908
	.144
	-20.148
	.000
	-3.191
	-2.625

	[Size = 0]
	.405
	.188
	2.153
	.031
	.036
	.773

	[Size = 1]
	0a
	.
	.
	.
	.
	.

	a. This parameter is set to zero because it is redundant.

	b. Model: Poisson

	c. Design: Constant + Size
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