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Abstract
Advertising in mobile apps has recently become one of the most popular advertising channels
for businesses when its annual revenue has rapidly increased year over year. On this kind of
advertising, the app publishers do not only play a critical role in the ad serving process but
also receive a significant portion of the advertising revenue. Their goal of maximizing the
revenue sometimes contradict with those of the advertisers. This research conceptualises the
role of publishers and proposes an integrated effectiveness framework to further improve the
effectiveness of mobile in-app advertising not for one but all participants involved. In specific,
this research explores the factors being controlled by publishers and evaluates their impact on
the common outcome metric of mobile in-app advertising. An application of the proposed
effectiveness framework might help to increase the global mobile in-app advertising revenue
significantly higher by balancing the benefits of all participants.
Keywords: Mobile advertising; Mobile apps; Effectiveness

1 Introduction
Mobile display advertising communicates with its audiences via a mobile device in the forms
of mobile web display, in-app display, and search (Haghirian & Inoue 2007). It is predicted
that the revenue of these types will continue to grow in the future, especially the in-app display
one. According to eMarketer (2015), the global spending on mobile in-app advertising was
almost 30 billion USD, three times that of mobile web advertising. That accordingly accounts
for 37% of the total online advertising spending worldwide (IAB 2017). Apparently, mobile inapp advertising has become one of the most effective marketing channels for businesses.
In the second decade of the millennium, businesses are creating and running in-app
advertising campaigns to improve advertising effectiveness in terms of brand awareness,
customer attitudes and purchase intention (Barwise & Strong 2002) and to increase online
conversion, customer engagement and advocacy (Brakenhoff & Spruit 2017; Ghose & Todri
2015). Businesses can either run their advertising campaigns through guaranteed contracts or
more popularly through an unguaranteed Real-Time Bidding process (Choi et al. 2017). The
Real-Time Bidding (RTB) process is created and maintained by the Interactive Advertising
Bureau (IAB), who defined and maintained the specifications for this ad serving process. There
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are two main parties that are involved in an ad serving process: the advertiser who provides
the ads and the publisher who offers the ad spaces in their mobile applications. Between the
advertiser and the publisher, there are two service parties: the bidding service and the auction
service (see Appendix A). When a consumer visits the website, an auction takes place in
milliseconds and the winner can make the impression (Perlich et al. 2012). The bids are highly
automated and informed by data and models – that is the reason why RTB-based advertising
is sometimes called programmatic advertising. The intermediaries got paid from the
advertisers per the numbers of impressions and click supplied and pay back the publishers by
the numbers of impressions and clicks delivered (Kumar, Sa 2016). In 2017, more than 62% of
the total display advertising revenues were priced on the basis of the number of clicks (IAB
2017). A better ad click performance, therefore, brings the benefits not only to the advertisers
but also to the publishers.
With the help of ad networks like Google Ads, Facebook Audience Network, and Twitter
MoPub, the advertisers nowadays have many options to improve the effectiveness of their
advertising campaigns by using contextual and personalized targeting (Andrews 2017; Broder
et al. 2007; Yan et al. 2009), needless to mention the traditional use of ad designs as controlled
by the advertisers themselves. Basically, in practice, there are three types of targeting related
to ad characteristics, personal information and context (Chen, P-T & Hsieh 2011; De
Pelsmacker, Geuens & Anckaert 2002). On the theoretical side, the Interactive Advertising
Model (IAM) proposed by Rodgers and Thorson (2000) categorized all the factors affecting the
interactive advertising effectiveness into either advertiser or consumer-controlled (see
Appendix B). The Online Behavioral Advertising (OBA) framework recently proposed by
Boerman, Kruikemeier and Zuiderveen Borgesius (2017) extended the IAM to include more
factors but basically are controlled by advertiser or consumer only (see Appendix C). The
Mobile Advertising Effective Framework (MAEF) by Grewal, Bart, Spann and Zubcsek (2016)
is built around the advertiser goals and categorize factors affecting the outcome metric into ad
elements, context, consumer, market, and firm (see Appendix D), extending more factors that
are controlled by ad networks.
Despite the seeming utility of IAM, OBA and MAEF, they all basically includes only factors
related to consumers, advertisers, ad networks and built around the goals of advertisers – the
demand side of an ad serving process (Brakenhoff & Spruit 2017; Grewal, Bart, Spann & Pal
Zubcsek 2016; Rodgers & Thorson 2000). On the unexplored supply side, the publishers still
have their own control on supplying ad spaces (Brakenhoff & Spruit 2017; Hao, Guo & Easley
2017) and delivering ad impressions (Choi et al. 2017; Ha 2008). The fact is that 20-30% of the
global mobile in-app advertising spending, aka around 10 billion USD annually, is paid to
publishers (Aimonetti 2012). The publishers definitely have their own goal of maximizing their
revenue, which sometimes contradicts with the advertiser goal (Adler, Gibbons & Matias 2002;
Choi et al. 2017; Korula, Mirrokni & Nazerzadeh 2016; Kumar, Subodha, Jacob &
Sriskandarajah 2006). However, surprisingly the studies on the publisher role are limited and
there are not that many options available for publishers, even though they are one of the key
participants involved in that money flow (see Appendix D). On one hand, educational
materials related to mobile advertising are surprisingly scarce (Nittala 2011; Okazaki 2012).
On another hand, there are continuing difficulties in determining and optimizing the
advertisements’ effectiveness (IAB 2017). This lack of academic attention and these practical
difficulties is not surprising, given the inherent technical and organizational complexity of
designing a meaningful field experiment with mobile ads and it required a close collaboration
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with practitioners who can provide greater access to relevant data, such as earned traffic via
apps (Grewal, Bart, Spann & Zubcsek 2016).
There is a need to determine the factors controlled by the publishers in specific and the
necessity of building an integrated effectiveness framework for all participants involved in the
mobile in-app advertising in general. That framework must be built around a common goal of
all participants and included publishers-controlled factors which are missed out in previous
frameworks.
The present study will address the following research questions:
•

What factors are controlled by app publishers and their impacts?

•

What is the common goal of all participants involved in mobile in-app advertising and
what is the outcome metric to measure that goal? What framework can combine all the
participants’ factors in the process to enhance that outcome metric? What are the main
and interactive impacts of those factors on the common outcome metric of mobile inapp advertising?

The purpose of the present study was to fill the gap in mobile in-app advertising studies in
relation to an integrated effectiveness framework and the publishers-controlled factors,
particularly their relationship with consumer, advertiser, and network-controlled ones.
Empirically, the present study attempted to evaluate their main and interactive impacts on a
common outcome metric first before testing the proposed integrated effectiveness framework
on a larger scale.
Four main independent variables were studied in the present research:
•

Ad Space Duration: refers to the duration of ad spaces supplied by publishers

•

Ad Space Size: refers to the size of ad spaces supplied by publishers

•

Ad Space Position: refers to the position of ad spaces delivered by the publishers

•

Ad Space Timing: refers to the timing of ad spaces delivered by the publishers

The dependent variable of the present study is the click-through rate, which was found in this
study as the common metric which can measure the common goal of direct response
interactively.
Besides the four publishers-controlled variables, the present study also examines these
following non-publisher-controlled ones:
•

Location: refers to the receiver contextual location where the ads are served and
controlled by the ad networks (Grewal, Bart, Spann & Zubcsek 2016)

•

Time: refers to the receiver contextual time when the ads are served and controlled by
the ad networks (Grewal, Bart, Spann & Zubcsek 2016)

•

Ad Type: refers to the media type on which the ads are served and controlled by the
advertisers (Rodgers & Thorson 2000)

•

Ad Medium: refers to the medium/app on which of ads are served and controlled by
the consumers (Boerman, Kruikemeier & Zuiderveen Borgesius 2017)

To answer the first research question, academic literature relating to mobile in-app advertising
processes and factors are systematically reviewed. Firstly, it reviewed ones in mobile in-app
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advertising, mobile display advertising and then web advertising in general. The factors when
found will be grouped by their participants. For the first research question, the present study
attempted to investigate the descriptive and explanatory relationships between publishercontrolled factors and the effectiveness of mobile in-app advertising. Thus, it was found
suitable to pursue the hypothetical-quantitative approach. It started by testing hypotheses
deduced from theoretical issues subject to empirical scrutiny via the use of data collected from
mobile applications. In specific, the identified publishers-controlled factors will be
individually evaluated using the A/B testing – the most popular testing methodology on the
Internet (Kohavi et al. 2009).
To answer the second research question, academic literature relating to the mobile in-app
advertising goals and outcome metrics will be systematically reviewed to determine what the
common goal is and what metric to measure that common goal. Any discussion of advertising
effectiveness necessarily must involve the role of objectives in advertising management
contexts (Li, H & Leckenby 2004). With reference to the previous effective frameworks, the
present study will propose an integrated effectiveness framework based on that common goal.
To test the framework, a fractional 28xn experimental design is used. Multivariate tests via
Statistical Packages for Social Sciences (SPSS), RStudio and Excel Data Analysis ToolPak, were
employed for further data analyses. The multi-factorial experimental design is common in the
statistical literature (Cox & Reid 2000), where each parameter (factor) can be experimented on
independently and when each experimental value for a parameter overlaps with every other
experiment value for all of the other parameters.
The contributions of the present study can be presented from three perspectives, i.e.
theoretical, empirical and practical, which are described below. Theoretically, the present
study proposed a newly integrated effectiveness framework which extends previous
effectiveness framework to include new constructs and relationships. Empirically, the present
study set up a new way of designing multiple ad spaces in a single app. By doing so, multiple
factors can be tested interactively and concurrently. That helps to save the time of doing
multiple nested A/B tests. Practically, the present study suggests newly integrated advertising
strategies associated with publishers to further enhance the ad click performance of mobile inapp advertising. By which, newly integrated advertising strategies could be recommended to
be applied in practice and could help increasing mobile in-app advertising revenue
significantly higher by balancing the benefits of all participants involved.

2 Background
The present study is grounded in web advertising, mobile advertising and mobile display
advertising.

2.1 Web Advertising
There are various definitions of advertising. Richards and Curran (2002) suggested that
advertising is defined as a communication designed to entice an audience to take some action,
either instantly or in the near future. The advertisement is usually paid from an identifiable
source and can be conveyed through print, TV, web and other methods.
Advertising on the web became mainstream in early 1994 when a banner ad was displayed on
the website of AT&T (Briggs & Hollis 1997; Lohtia, Donthu & Hershberger 2003; Robinson,
Wysocka & Hand 2007). During the preliminary period when fewer than one-third of U.S.
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households had computers, and fewer than half of those machines had Internet connections,
only traditional methods of advertising were used (Thorson & Schumann 1999). At that time,
banner ads were served as links to the online versions of newspapers, business directories or
other direct services. By then, banner ads were one of the most prevalent online display ad
formats (Hoffman & Novak 2000; Mangani 2004). Banner ads are considered as display ads
(Edizel, Mantrach & Bai 2017). They are a form of graphical ads embedded into a webpage and
commonly used as a combination of static/animated images or text and/or video. These are
designed to convey an advertising/marketing message and/or encourage users to take action.
Banner ad dimensions are generally defined by width and height, represented in pixels. By
1996, the banner ads on the web bring back a revenue of $267 million (Internet Advertising
Revenue Report 1996-2016).
Since 1997, web advertisers have become more mature. They started focusing on targeting web
advertisements. Instead of links, they are more concerned with location and personalization
(Thorson & Schumann 1999). To overcome the geographic limitation of web advertising at that
time, the websites asked their users to register the zip codes. Tailoring advertisements and
purchase experiences to individual tastes, on the basis of people’s needs, interests, and
preferences are called as personalization (Chellappa & Sin 2005). Personalization is an
antecedent of online service quality (Wolfinbarger & Gilly 2003). Mokbel and Levandoski
(2009) assert that advertising contents should be personalized or matched to users’ preferences
and profile. Web display advertising could be in the forms of banners, skyscrapers, and rich
media in order to achieve brand awareness and encourage click through to a target website.
In one of the early studies of banner advertisement effects, Briggs and Hollis (1997) found that
banner advertisements resulted in heightened awareness, brand perceptions and attitudinal
shifts for brands.
By 1998, another form of ads was created and become popular. Those are Interstitial Ads. Ads
of this type will appear while users wait for screens to download. By then, the advertisers have
learnt to maximize their advertising revenue by taking advantage of loading time. The year
1998 is also the year when the history of contextual advertising began. Oingo, Inc., a privately
held company started by Gilad Elbaz and Adam Weissman, developed a proprietary search
algorithm based on word meanings and built upon an underlying lexicon called WordNet.
Google acquired Oingo in April 2003 and renamed the system AdSense (Karp 2008). Later,
Yahoo! Publish Network, Microsoft adCenter and Advertising.com Sponsored Listings
amongst others were created to offer similar services (Kenny & Marshall 2001). Until then, the
contextual advertising platforms have evolved to adapt to a richer media environment, such
as video, audio and mobile networks with geographical information. These platforms allowed
publishers to sell ad spaces on their web pages, video clips and mobile applications to make
money. Usually, such services are called an advertising network or a display network that are
not necessarily run by search engines and can consist of a huge number of individual
publishers and advertisers.
A critical question that many website owners face at that time is how many ads to place. In the
short-term, increasing the real-estate given to ads can increase revenue, but what will it do to
the user experience, especially if these are non-targeted ads? The tradeoff between increased
revenue and the degradation of the end-user experience is a tough one to assess, and that is
exactly the question that the MSN home page team at Microsoft faced in 2007 (Kohavi et al.
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2009). By then, web publishers have started thinking of maximizing revenue through their ad
spaces while balancing it with user experience.
Around 2007, new platforms focusing on real-time buying and selling impressions were
created, like ADSDAQ, AdECN, DoubleClick Advertising Exchange, adBrite, and Right Media
Exchange, that is now known as ad exchanges (Graham 2011). Unlike traditional ad networks,
these ad exchanges aggregate multiple ad networks together to balance the demand and
supply in marketplaces (Muthukrishnan 2009). Individual publishers and advertising
networks can benefit from participating in such businesses. On one hand, publishers sell
impressions to advertisers who are interested in associated user profiles and context.
Advertisers, on the other hand, could also get in touch with more publishers for better
matching. During this time, other similar platforms emerged: the demand-side platform (DSP)
and supply-side platform (SSP). These services help individual ad networks exchange their ad
inventories in real time. Due to that, the kind of advertising is sometimes called programmatic
advertising (Laudon & Traver 2018).
The emergence of ad exchanges is a result of the fact that there are thousands of ad networks
available on the Internet, which can act as a barrier for advertisers as well as publishers when
getting into the online advertising business. Advertisers have to create and maintain
campaigns frequently for better coverage and analyse data across many platforms for a better
impact. Publishers have to register with and compare several ad networks carefully to achieve
optimal revenue. The ad exchange came as an aggregated marketplace of multiple ad
networks to help alleviate such problems. Advertisers can create their campaigns and set
desired to target only once and analyse the performance data stream in a single place, and
publishers can register with ad exchanges and collect the optimal profit without any manual
interference (Meyer et al. 2018). The advertising marketplaces are becoming more mature with
the emergence of DSP, SSP and the revenue comes higher (Steel 2011).
With the invention of search engines in the later years, noticeably Google, web advertising
revenue went even higher (Evans 2009). With those search engines, the advertisers have more
access to the users’ interest and behaviour, which in turn helped improving ad targeting and
personalization (Ha 2008). Since then, the advertising campaigns become more interactive
(Park, Shenoy & Salvendy 2008). During this time, websites have started making use of an
array of Personally Identifiable Information (PII) about users whilst they are accessing the
website, derived from cookies, flash cookies, web beacons, browser and other meta-data. This
PII is used to profile users and so deliver relevant, targeted ads to them, which has been shown
to be effective in the study by Yan et al. (2009) who were able to provide empirical evidence of
improvement using behavioural targeting. Even in the absence of cookies and other tracking
files, it is possible to perform user profiling based on browser data alone. A higher number of
studies on the contextual factors is recorded in this time, e.g. Adler, Gibbons and Matias (2002),
Menon et al. (2011), Nakamura and Abe (2005) and Kumar, Subodha, Jacob and Sriskandarajah
(2006). As technology has advanced, practitioners have become more concerned about
increasing the effectiveness of employing modern technology like contextual analysis and
using geographic location (Idwan et al. 2008). The popularity of web advertising continued to
grow in the twenty-first century with the help of social media (such as Facebook, Twitter, and
LinkedIn). By 2013, around $5.1 billion was already spent on social advertising.
In web advertising, the top two forms are paid-search and display advertising. In paid search
advertising, advertisers pay an advertising fee, usually based on ad views or click-throughs,
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to have their websites shown in top placement on search engine result pages. In web display
advertising, advertisers reach out to a target Internet audience via some form of a visual
advertisement such as display banner ads (including mobile), flash-based rich media, or
digital video (Aksakallı 2012). The web advertising practice is basically based on traditional
advertising theories (Okazaki 2012). Firstly, it is based on Uses and Gratifications Theory,
which were developed by Katz, Blumler and Gurevitch (1973). The driving question of Uses
and Gratifications is why do people use media and what do they use them for. The Uses and
Gratifications Theory discusses how users deliberately choose media that will satisfy given
needs and allow one to enhance knowledge, relaxation, social interactions, diversion or escape.
The users are normally active in their selection of content and messages from the mass media.
In advertising, the Uses and Gratification Theory implies that the consumer is not passive,
helpless advertising fodder (Hedges, Ford-Hutchinson & Stewart-Hunter 1997). Instead,
advertisers and consumers factors interactively affect the outcome of advertising and they
should be consumer-based, not vice versa. Another popular advertising theory is the theory
of reasoned action developed by Fishbein and Ajzen (1975). The theory is used to explain the
relationship between attitudes and behaviours within human action (the A-B relationship). It
predicts how individuals will behave based on their pre-existing attitudes and behavioural
intentions. Based on the theory of reasoned action, Ducoffe (1996) developed a well-defined
Advertising Value Model. It is a framework for predicting attitudes toward web advertising.
The Technology Acceptance Model was later developed by Davis (1985). The model suggests
that the user’ attitude to the information system will directly affect the user’s intention, while
the perceived usefulness and perceived ease of use will affect the users’ attitude towards
information system, including clicks on advertisements. Okazaki and Barwise (2011) claimed
that, in the field of web advertising, Technology Acceptance Model is the most frequently used
model.
In terms of revenue, by 2013, the total revenue was already at $43 billion, including both web
display advertising and mobile advertising (Internet Advertising Revenue Report 1996-2016).

2.2 Mobile Advertising
Mobile advertising is related closely to web advertising but with a far greater reach. Mobile
advertising is referred to as “advertising or marketing messages delivered to portable devices,
either via a synchronized download or wirelessly over the air” (Laszlo 2009). The differences
between fixed (e.g. PC, web) and portable devices create some new opportunities for
marketers, but they also prevent them from easily generalizing the research findings from
fixed to mobile online settings. Typical online (but fixed) advertising strategies are either not
applicable or at least demand modification to be effective (Shankar & Balasubramanian 2009).
Mobile advertising, therefore, is considered as a new type of advertising and requires new
academic research and practical strategies.
Ads on mobile devices have a long history especially after Short Message Service (SMS)
became popular (Yunos, Gao & Shim 2003). In the early days, mobile advertising is usually
considered as SMS advertising (Barwise & Strong 2002; Haghirian & Inoue 2007). Actually, the
dawn of mobile advertising research begins with two seminal SMS related works: Barnes
(2002) and Barwise and Strong (2002). The former is conceptual and the latter empirical
(Okazaki 2012).
Since 2007, the year that the first iPhone is introduced, the number of people accessing the
Internet via a portable device, such as a smartphone or tablet, has surpassed the number of
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people using fixed devices, such as PCs. These rapid shifts have been echoed by advertisers,
who have shifted their expenditures. The mobile advertising captured 22% of U.S. digital
advertising expenses in 2013 and that number keeps increasing year by year (eMarketer 2015).
By 2014, 66% of Facebook advertising revenue came from mobile ads, while that number on
Twitter is already 85% (Bergen 2014). The success of mobile advertising is due to the fact that
mobile devices are considered very personal, as extensions of users’ selves (Shu & Peck 2011).
The increase in smartphone usage, in the sense that it provides marketers with an opportunity
for electronic presence sense that this provides marketers with an opportunity for electronic
presence (Lemon & Verhoef 2016; Varnali & Toker 2010).
The popularity of iPhone and Android devices bring a new form of mobile advertising
through mobile web and mobile apps. Basically, the mobile ads in the forms of SMS messages
and as display ads on mobile web and apps are different. According to Barnes (2002), they are
two types of mobile advertising: push and pull. Push advertising involves or 'pushing'
advertising messages to consumers, usually via an alert or SMS text message. Pull advertising
involves placing advertisements on browsed wireless content, promoting free content. On
mobile web and apps, messages are transferred by the free will of the audience, which is
considered as a pull-type mobile display advertising (Park, Shenoy & Salvendy 2008).
Between the two types of mobile advertising, in theory, the research trends have been heavily
skewed toward push advertising (Okazaki 2012). Empirical field research in mobile
advertising mainly investigates the effectiveness of mobile coupons delivered via SMS, which
are of push-type (Grewal, Bart, Spann & Zubcsek 2016) leaving the pull-type mobile display
advertising largely unexplored (Korula, Mirrokni & Nazerzadeh 2016).

2.3 Mobile Display Advertising
Although largely unattended in academic literature, the revenue of pull-type display
advertising keeps increasing. The trend in online publishing shows that online news outlets
increasingly rely on advertising to generate revenue, as most readers refuse to pay
subscription fees to read online news (Newman et al. 2016). In 2017, Mobile Display
Advertising already generated nearly 70 billion USD (Statista 2018). As smartphones penetrate
markets worldwide and applications on smartphones become more popular, a new type of
form of mobile display advertising, called mobile in-app advertising, has become more
popular (Hirose, Mineo & Tabe 2017). Smartphone users spend much more time on their apps
while spending less time on mobile Internet access through web browsers.
The increase in popularity of smartphones has led to the growing need of developing
smartphone applications (apps) that are gradually replacing the traditional use of internet
services (Gupta, Khirbat & Singh 2014). As of Jun. 2016, Android and iPhone users were able
to choose respectively between 2.2 million and 2 million mobile apps (Gupta, Khirbat & Singh
2014). The users are ever more motivated using mobile apps and it was announced that more
than 195 billion mobile apps have already been downloaded together from App Store and
Android Market (Cumulative number of apps downloaded from the apple app store 2018).
Mobile in-app advertising has several advantages over mobile web advertising. Firstly, in-app
advertising is less clutter than websites advertising because smartphone users access the
Internet directly through apps. Once users download an app and like it, they tend to use it
frequently. Secondly, advertisers can easily select their advertising media. Because most apps
have a specific purpose. Thirdly, with mobile apps, advertisers can develop highly
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personalized advertising. Compared to mobile website advertising, in-app advertising can be
related to personal information collected with a global positioning system (GPS) (Hirose,
Mineo & Tabe 2017). Rosenkrans and Myers (2012) study explored the effectiveness of the
Technology Acceptance Model (TAM) and the uses and gratifications theory by comparing
mobile banner ads to non‐mobile banner ads on a local newspaper’s website. Findings from
their research indicated that mobile banner ads had significantly higher click‐through rates
than the non‐mobile banner ads.
Another difference between mobile in-app advertising and mobile web advertising is the role
of app publisher. It is observed that more apps adopt a pure ad strategy, that is, free apps with
ads. That could be due to: consumer learning of the valuation of the app (Niculescu & Wu
2014); many developers adopt a freemium model where the app is made free to facilitate
consumer referrals (Lee, C, Kumar & Gupta 2013); some developers offer free trials to reduce
consumers’ uncertainty about the functionalities of their products and leverage the network
effect among the users (Cheng, Li & Liu 2015; Cheng & Liu 2012) and some developers allow
users to pay to remove ads in the free version (Lin, M, Ke & Whinston 2012). In mobile in-app
advertising, publishers have more control than any other type of advertising. For example,
unlike traditional newspaper and television firms, which have control over their ad publishing
channels, a mobile platform owner has to induce mobile app developers to publish ads in their
apps in order for the ads to reach any app users. If a developer chooses to publish in-app ads,
the platform owner shares a portion of the advertising revenue with the app developer based
on a revenue-sharing contract (Hao, Guo & Easley 2017). Furthermore, compared to traditional
advertising (e.g., newspaper), in-app advertising has an important difference that for in-app
advertising, the platform has a split structure with the platform owner and the app developer
jointly provision both the app and the ads (Hao, Guo & Easley 2017). In April 2010, when
Apple’s ad network, iAd, was initially launched, the percentage of ad revenue that iAd passed
to the developer was 60%. In 2012, Apple decided to boost the developer’s ad-revenue-sharing
percentage from 60% to 70%, reducing its own ad revenue percentage in favour of the app
developer’s (Aimonetti 2012). The new money flow which involves the app publishers is
shown in Appendix B.
According to eMarketer (2015), the global spending on mobile in-app advertising was almost
30 billion USD, three times that of mobile web advertising. That accordingly accounts for 37%
of the total online advertising revenue worldwide (IAB 2017). Apparently, mobile in-app
advertising has become one of the most effective marketing channels for businesses and have
become a significant revenue source for publishers.

3 Mobile In-App Advertising
The present study is related to literature in four areas of mobile in-app advertising: processes,
participants, outcome metrics and factors.
Any discussion of advertising effectiveness necessarily must firstly involve the role of
objectives in advertising management contexts. Objectives also serve the function of providing
a means by which results can be evaluated. And importantly, objectives force those involved
to gain a deeper understanding of the processes underlying their particular problems.
Reasonable advertising objectives cannot be set without knowledge about how the advertising
process works. (Li, H & Leckenby 2004). A keyword search of the most important electronic
databases in digital advertising and communication science (i.e., ProQuest, Web of Science,
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ABI/INFORM Complete, Taylor & Francis, ScienceDirect, ACM, IEEE, Psychology Database is
performed. The keywords used were “in-app advertising processes”, “in-app advertising
participants”, “in-app advertising outcome metrics” and “in-app advertising factors”. The
search period covered all manuscripts available by the end of May 2019. After identifying a
study, its references will be examined to find further studies. In addition, experts in the field
are also contacted to inquire about other relevant manuscripts. Studies that reported on
empirical data will be included while nonempirical studies, such as legal studies are left out.
In total, 192 manuscripts fit the criteria, and the earliest study was published in 2008. Among
these, 154 were from academic journals, 16 from conference proceedings, 18 was a book
chapter, and 4 were published online.

3.1 Mobile In-App Advertising Processes
On mobile apps, the users consume the advertising content by clicking or tapping on the ads.
Before a mobile ad, or impression, is served in a mobile application, an ad serving process is
performed. There are two ways that ads can be supplied to a mobile application: through
guaranteed contracts or through an unguaranteed Real-Time Bidding process (Korula,
Mirrokni & Nazerzadeh 2016). In the guaranteed contract setting, the publisher supplies the
ad spaces and deliver the ad impressions strictly following the contract commitments. That
guaranteed process normally involves only one publisher and one advertiser (Yuan, Wang &
Zhao 2013). The contracts agreed by advertisers and publishers, or between ad networks, are
long term and of large volume. Yuan et al. (2012) called that kind of private contracts as overthe-counter (OTC).
On the other hand, in the unguaranteed setting, between the advertiser and the publisher,
there are two additional service parties that monitor the ad serving process: the bidding service
and the auction service (Balseiro & Candogan 2017; Choi et al. 2017). Interactive Advertising
Bureau is an organization who creates and maintains the standards and specifications for RealTime Bidding (RTB) process in order to improve the ad network landscape (see Appendix A).
If advertising opportunities are traded in unguaranteed and transparent markets, the trading
units are usually small, although the total number of impressions for the advertising campaign
could be huge (Yuan et al. 2012).
In RTB, the advertiser is not directly involved in the auction but is outsourcing the bidding
process to a service on the Demand Side Platform (DSP). Businesses on the DSP compete in
auctions to obtain a unique impression. The decisions made regarding the participation in the
auction and its result is totally automatic and ambiguous. In RTB, the job is almost impossible
to complete manually due to the high volume and speed of incoming requests for placing bids
for every impression, which requires analysing the context, user profile and other data (Yuan
et al. 2012). Therefore, automated systems are employed in RTB platforms, enabling
advertisers to give precise bids very quickly with the help of machine learning algorithms. On
the other side of this ad serving process, the publisher is the one who supplies the ad spaces.
A Supply-Side Platform (SSP) will carry out an auction among bidders for the impression. The
DSP works as the agency of advertisers by bidding and tracking in selected ad networks, the
SSP works as the agency of publishers by selling impressions and selecting optimal bids.
When the bidding is completed, the publisher delivers the ad impressions to the user via an
ad space. An ad exchange/ad network is normally an advertising service providing the RTB
mechanism that enables advertisers to promote their products to targeted groups of users. The
ad network/exchange acts as auctioneer, selling keywords to advertisers. Besides that, an ad
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exchange manages contract negotiation between advertisers and content publishers that wish
to sell ad spaces.
Usually, the publishers will employ the brokering services of an advertising platform such as
Google’s DoubleClick, AOL’s Advertising.com and Microsoft Media Network. For large
publishers, normal practice is to sell only remnant inventory through an ad exchange, with the
other inventory being negotiated directly with advertisers. Smaller publishers normally sell
all of their advertising spaces through ad exchanges (Yuan et al. 2012). In both guaranteed and
unguaranteed ad serving processes, the publisher is the one who supplies ad spaces and
delivers ad impressions via their ad spaces. Because of that, any mobile in-app advertising ad
serving process can be broken down to ad space supply process and ad space delivery one.
3.1.1 Ad Space Supply Process
If an app developer chooses to publish ads, he allocates space in the app for displaying ads.
The allocated in-app ad space can then be filled by the platform owner, with a certain
probability, upon receiving an ad request from the app (Hao, Guo & Easley 2017). Brakenhoff
and Spruit (2017) highlighted how publishers control the ad space supply in a standard ad
serving process as shown in Appendix A. The ad space supply process is triggered when a
user opens an application and the ad spaces are loaded. When design their apps the publisher
will reserve some spaces to display advertisements, which are called ad spaces. Supplying ad
spaces with different characteristics are something that the publisher can control by
themselves. An ad is only considered as an impression when the design characteristics,
specified by the advertiser, meet the specifications of the request from the publisher and it is
only possible that a certain design is shown to a user if the design fits the available ad space
(Brakenhoff and Spruit, 2017). Ad space is a physical object, and like any physical object, the
ad space can be measured by both spatial and temporal dimensions. Information like height,
width, and duration of ad spaces can be sent for auctioning via an ad exchange/ad network
(Edizel, Mantrach & Bai 2017). The present study argued that by controlling the ad space supply
process, the publishers can actively influence and determine the effectiveness of mobile in-app
advertising.
3.1.2 Ad Space Delivery Process
Besides supplying ad spaces for bidding, the publisher is also the one who controls the
delivery of ad impressions. Brakenhoff and Spruit (2017) illustrated the publishers-controlled
delivery process in a standard ad serving process as shown in Appendix A. Referring to that
process after the ads have been selected by the advertiser and the ad network, the publisher
will have full control on how to deliver them to the user. The publishers can control how to
position the ads on their applications and how to schedule them. Interactive Advertising
Bureau recommends ad positions to be top or bottom of the screen and sometimes in the
middle of page sections. They also recommend ad scheduling to be before, in between or after
the primary content experience ('IAB New Standard Ad Unit Portfolio’ 2017; Rastogi et al.
2016). The present study argued that by controlling the ad space supply process, the publishers can
actively influence and determine the effectiveness of mobile in-app advertising.

3.2 Mobile In-App Advertising Participants
In mobile in-app adverting, there are four main participants involved including advertisers,
ad networks/ad exchanges, publishers and users (Barwise & Strong 2002). Advertisers are
those who design the advertisements and initiated the advertising campaigns. Next, they will
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use ad networks/ad exchanges to bid and distribute the advertisements with the publishers.
The publishers will then place those advertisements on their apps for impressing. In the end,
the users are the consumers of the advertisers’ brands or products (Lin, TTC et al. 2015). These
four players have different goals in mind when involving advertising.
Firstly, the users want to receive advertisements with their permissions, personalized and
relevant (Barwise & Strong 2002). In a study conducted by Cho (2003), it was found that users
who were interested in the site and shown advertisements for products and services related to
those on the site achieved a higher click‐through rate and that those more involved in a
product were more likely to click through. Jansen and Spink (2007) reported from their
experiments that people will retain their behaviour of clicking on organic or sponsored links
even when these two types of result are mixed. This leads to a belief that from the user’s
perspective, the only thing that matters is the relevance of ads. Actually, Kumar, V and Gupta
(2016) claimed that customers’ expectations for the relevant messaging are evolving; they seek
customized communication designed to fulfil their specific needs. As long as the advertising
message is relevant to either the content that is being viewed by the consumer or his or her
consumption goals, the effectiveness of an advertisement is not adversely impacted by
multimedia usage (Angell et al. 2016). Argued that users also clicked on ads that they found
trusted, personalized and relevant.
Secondly, the advertisers when running a campaign aimed to achieve two main goals of
branding and direct response (Barwise & Strong 2002; Kumar, Sa 2016; Park, Shenoy &
Salvendy 2008; Zhu & Wilbur 2011):
•

Branding: Brand awareness, attitude, purchase intention

•

Direct Response: Engagement, conversion, advocacy

On the other hand, ad networks/exchanges naturally try to find the best match for their ad
inventories. The best match, overall, is not limited to the ‘relevance’ from the traditional
informational retrieval research sense, but also includes the best revenue from the economic
perspective (Yuan et al. 2012). It is to maximize the revenue based on the probability that an
ad will be clicked as well as the relevance of the ads to the users (Richardson, Dominowska &
Ragno 2007). As an ad exchange, revenue optimization is among the most important tasks in
order to run a business. This is especially true for search engine companies, for example,
Google made 96% of its revenue from its advertising business (Alphabet 2018).
Lastly, when the publishers involved with advertising, they are more concerned with the
direct response (Choi et al. 2017). That is how they could earn revenue. In order to maximize
revenue from the guaranteed contracts, the publisher’s allocation and inventory management
have to be efficient (Feige et al. 2008; Roels & Fridgeirsdottir 2009). In general, the publishers
can earn money based on the number of impressions and the number of clicks on their ad
spaces.
Participant
User
Advertiser
Ad networks/exchanges
Publisher

Goal
Personalized (impressions), Relevance (clicks)
Branding (impressions), Direct Response (clicks)
Best match (click-throughs)
Revenue (impressions, clicks)

Table 1: Participants and their goals

12

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Table 1 shows the participants and their goals. Out of the four participants, the goals of users
and advertisers are most studied in the current literature (Boerman, Kruikemeier &
Zuiderveen Borgesius 2017). For example, Rodgers and Thorson (2000) categorized all the
factors affecting the interactive advertising effectiveness into either advertiser or consumercontrolled in their Interactive Advertising Model (IAM). The Interactive Advertising Model
(IAM) has been widely referenced by scholars from various disciplines around the world since
it is first proposed in 2000 (Rodgers, Ouyang & Thorson 2017). The IAM offers an integrated
way to evaluate advertising effects from both consumer-controlled and advertiser-controlled
viewpoints. According to IAM, the consumer controls the internet motives, mode and
information processes, while the advertiser controls the ad types, ad formats and ad features
(see Appendix B). Recently, Grewal, Bart, Spann and Zubcsek (2016) proposed Mobile
Advertising Effectiveness Framework (MAEF) to enhance the advertising effectiveness for
advertisers using advertisers’ ad elements, ad networks’ context and users’ consumer factors,
but not publishers. Most of the online/interactive advertising frameworks are built around the
advertiser and consumer goals but not the publisher’s one.
Noted on the missing role of publishers, Choi et al. (2017) provided a comprehensive view of
the display ad ecosystem, including both guaranteed and non-guaranteed selling channels and
suggested publishers find the benefits by balancing the ad allocations between these two
channels. The study highlights the publisher goal of maximizing revenues through clicks.
Yuan, Wang and Zhao (2013) showed a money flow, on which advertisers are those who pay
for their advertising contents to be shown on publishers’ ad spaces. They pay that to the ad
networks, like Google Ads, Facebook Audience Network. Those ad networks, in turn, will pay
back the publishers. In April 2010 when Apple’s ad network, iAd, was initially launched, the
percentage of ad revenue that iAd passed to the developer was 60% (Apple Inc 2010). Two
years later, in 2012, Apple decided to boost the developer’s ad-revenue-sharing percentage
from 60% to 70%, reducing its own ad revenue percentage in favour of the app developer’s
(Aimonetti 2012). It means the revenue for publishers could start from 20-30% of the total
mobile in-app advertising spending of 30 billion USD (eMarketer 2015). Mobile In-App
Advertising is, therefore, also for publisher purpose (Yuan et al. 2012).
Typically, the publishers might not need to promote brand awareness as advertisers, but they
share the same direct goal, aka clicks. The direct response also is used to measure the relevance
of the ads to the users in the long run (Kohavi et al. 2009) and to measure the best match for
the ad networks/exchanges (Kumar, S 2016). Increasing the matching, in the interactive context
like mobile in-app advertising, therefore, is where both the publisher, the advertisers, the ad
networks/exchange and the user's goals could meet. The present study argued that enhancing
the matching is the common goal of all participants involved in mobile in-app advertising.

3.3 Mobile In-App Advertising Outcome Metrics
As in Section 3.2, the key goals of advertisers in a mobile in-app advertising context are
facilitating awareness, encouraging positive attitudes, increasing engagement, increasing
conversion rates, encouraging repurchases, and promoting advocacy. Those advertisers, who
are willing to spend on ads for brand awareness, attitude, intention purposes, will aim at
achieving the viewability goals, aka. impressions. On the other hand, if the advertisers have
engagement, online conversion, advocacy goals in mind, they will pay for the performance of
their displayed ads, aka. clicks. The effectiveness of the selected goals is measured by outcome
metrics.
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Some common Web metrics include: (1) page impressions, (2) ad impressions, (3) clicks, (4)
visits, (5) unique visitors, (6) path analysis, (7) conversion rate, (8) frequency, and (9) recency
(Rosenkrans, Ginger 2007). Among those metrics, clicks and ad impressions, i.e., the number
of times an advertisement is served to a user's browser, are the top two metrics used for
advertisement delivery reporting and audience measurement (Bhat, Bevans & Sengupta 2002).
According to ('Interactive Audience Measurement and Advertising Campaign Reporting and
Audit Guidelines’ 2014, September), a click is a user-initiated action of clicking on an ad
element, causing a redirect to another web location. A click is when users interact within a
Web browser or an app by using a device (i.e., mouse, finger, or a stylus). The 'Interactive
Audience Measurement and Advertising Campaign Reporting and Audit Guidelines' 2014,
September) states there are three kinds of clicks: click-through, in-unit click, and mouse-over
(e.g., mouse rollover, or user rolls mouse-over ad). These three actions are referred to as clicks.
A click-through is when a user initiates action by clicking on an ad and the click-through
directs the user to another online location, such as another browser window or Web site. Clickthroughs are tracked and reported by an ad server, and it is imperative that bot activity is
excluded to ensure accurate and reliable metrics. The cost-per-click (CPC) model or clickthrough rate (CTR) remains one of the most important media pricing metrics for the Internet.
Click-throughs are based on the number of clicks divided by the number of ads requested or
clicked on by users during a time period (Bhat, Bevans & Sengupta 2002).
According to the structurational point of view (Giddens 1986), these two sets of measures are
characterized by different, but complementary views regarding the role of interactive
advertising. One set of measures focuses on the number of impressions. Such measures might
be descriptively labelled as control process measures centralizing around advertisers’ goal.
This is related to branding goals. The second set of measures focuses on the effects of
consumers' using interactive media. Within an interactive context measures such as
awareness, attitude, and product choice, among others, are not simply the result of exposure
to advertising; they are also the result of choices made by the consumer, which are, in turn,
guided by the consumer's goals and purposes. These outcome measures are the joint product,
or interaction, of the consumer and the advertising. In that sense, advertising both shapes and
is shaped by consumer preferences (Pavlou & Stewart 2000).
Accordingly, Revenue Per Thousand Impressions (RPM) and Click Through Rate (CTR) are
the two most common metrics currently being used (Hagen, Robertson & Sadler 2006;
Punyatoya 2011; Rosenkrans, G. 2007; Rosenkrans, Ginger 2007). When the number of
impressions is chosen, the cost is calculated by the Cost Per Thousand Exposure (CPM) model;
and the revenue is calculated by the Revenue Per Thousand (RPM) metric (Hoffman & Novak
2000). The CPM model has commonly been used for many traditional media, such as television
and newspapers, and has also been adopted for online advertising. Even though highly adaverse users are unlikely to respond to ads, the CPM model charges advertisers according to
the level of exposure, regardless of ad effectiveness. Impressions, basically, do not track
whether users interacted with an ad and definitely do not measure the matching of mobile
ads.
On the other hand, when the number of clicks is chosen, the cost and the revenue are both
calculated by performance-based models. These performance-based revenue models take into
account user ad aversion and charge advertisers on the basis of user actions. For example, in
cost-per-click (CPC)—a highly successful and popular performance-based model—advertisers
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pay only when their ads generate clicks. Recently, performance-based ad revenues surpassed
the CPM revenues in 2006 and remain increasingly dominant (Lin, M, Ke & Whinston 2012).
Click-Through Rate (CTR) is a performance-based metric. It is the ratio of a number of times
an advertisement is clicked to the number of advertisement impressions (Schonberg et al.
2000). This metric is one of the oldest methods of evaluating the success of online advertising
campaigns and is an appropriate tool for assessing direct marketing objectives. CTR is
commonly used to evaluate the effectiveness of banner ads (Kumar, S 2016). Clickthroughs are
behavioural and are an accountable measure for online advertising. Click‐through metrics are
easy to observe and they indicate a behavioural response; clicks indicate an immediate interest
in the advertised brand (Chatterjee, Hoffman & Novak 2003; Singh, Dalal & Spears 2005)
(Chatterjee, Hoffman, & Novak, 2003; Lawrence 2000; Singh & Dalal 1999). The CTR is
considered a good diagnostic metric for direct responses.
The CTR is also a good metric to measure the branding goal in the long run. Hollis (2005)
suggests that the two paradigms, i.e., branding and direct response, are not contradictory but
they are in fact complementary and that the applicability of either model depends not only on
the intent of the advertiser but also the mindset of the audience. It can thus be argued that the
two objectives are not mutually exclusive, yet, at a conceptual level, how the advertising
budget should be prioritized is usually a matter of debate. Kohavi et al. (2009) argue that longterm goals should be part of the direct response. For example, when ads are plastered over a
page, they hurt the user experience, so a good direct response should include a penalty term
of usage of real-estate for ads that are not clicked, and/or should directly measure repeat visits
and abandonment. Similarly, delayed conversion metrics should already count for a lag from
the time a user is exposed to something and take action. Miller, S (2006) and Quarto-von
Tivadar (2006) called them latent conversions (Miller 2006; Quarto-von Tivadar 2006).
According to Kohavi et al. (2009), coming up with a good metric is hard, but what is the
alternative? The key point here is to recognize this limitation, but avoid throwing the baby out
with the bathwater.
Goals
Impressions
Clicks

Demand-side (Advertisers)
Cost Per Impression (CPM)
Cost Per Click (CPC)

Supply-side (Publishers)
Revenue Per Impression (RPM)
Revenue Per Click (RPC)

Best match
CTR (long term)
CTR (short term)

Table 2: CTR as the common metric to measure advertising goals
In practice, behavioural campaigns seem to be especially popular in the online arena. It is
estimated that behavioural advertising accounts for a larger amount of all ad dollars spent
online. In 2017, more than 62% of the total display advertising revenues were measured by
CTR and 4% were measured by both CTR and CPM/RPM (IAB 2017). Apparently, compared
with ad impression, ad click has become the most important indicator of online advertising
effectiveness. Improving the outcome metric CTR or the ad click performance is to enhance
the advertising effectiveness for all participants as shown in Table 2. A better click-through
rate, directly and indirectly, means a better ad relevance (users’ goal), a better direct response
(advertisers’ goal) and higher revenue (ad networks and publishers’ goal). Most advertising
research assumes that the effectiveness of online ads depends on their benefits for individual
consumers (Čaić et al. 2015). The present study argued that enhancing the click-through rate
(CTR) is to enhance the effectiveness of mobile in-app advertising for all participants.
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3.4 Mobile In-App Advertising Factors
Factors that affects the mobile in-app advertising as well as enhances the click-through rate of
mobile in-app advertising can be categorized into three groups (Chen, P-T & Hsieh 2011): ad
characteristics (brand, price, informativeness, entertainment, etc.), user behaviours (age,
gender, interest, preference, activity history, etc.) and context (time, location, weather,
technology, etc.) or three-factor components: stimuli characteristics, personal characteristics,
and advertising context (De Pelsmacker, Geuens & Anckaert 2002). Grewal, Bart, Spann and
Zubcsek (2016) grouped those factors into ad elements, consumer and context factors. Those
three groups are correspondingly controlled to the three participants: advertisers, consumers
and ad networks. The Ad Elements in the MAEF are elements that characterize the look and
feel of an ad and can be referred to as design characteristics, which are controlled by the
advertisers. The component ‘consumer’ contains information about the consumer. Besides the
information of the current state of the consumer in the ‘customer journey‘, it also contains
information about the history of the consumer and possibly demographic information, which
are related to consumers (Brakenhoff & Spruit 2017). The context component contains factors
relating to the environment, such as location, time, weather, events, and technology such as
the size of the screen and the location (website or app) they come from. In addition to the
demographic and contextual targeting, advertisers greatly enjoy behavioural targeting in RTB
(Choi et al. 2017). The contextual factors are controlled by ad networks/exchanges (Broder et
al. 2007).
3.4.1 Advertisers-controlled factors
Advertisers make decisions regarding ad designs and inventory characteristics (Zubcsek and
Sarvary 2011). Advertisers control the ad characteristics or ad elements. The impacts of ad
elements on advertising effectiveness have been examined in many studies. For example, Goh,
Chu and Wu (2015) emphasized the importance of mobile ad content to the user response. The
concept of content marketing is not a new phenomenon (Pulizzi 2012). The content
characteristics that need to consider include informative, persuasive, images viewed,
characters viewed, depth of search, and breadth of search. In web advertising, a study from
Ducoffe (1996) indicated that the advertising value is a useful measurement criterion for
evaluating advertising effects. An advertisement is considered as valuable if it is important or
useful. The research showed that all the relevant characteristics of an advertisement like
informativeness, entertainment and irritation have effects on advertising value and hence
affect the attitude toward online advertising. This is once again confirmed with a recent study
by Le and Nguyen (2014) for the Vietnamese market. They examined the effect of
informativeness, credibility, entertainment, and irritation characteristics of mobile advertising
for Vietnamese customers. Kim, KY and Lee (2015) built a research model to show how the
entertainment and informativeness affect user perception before affecting the user intention
to perform. Trivedi (2015) agreed with the findings that Informativeness, Credibility,
Entertainment have positive effects on mobile advertising. Irritation, on the other hand, has a
negative effect. In this study on Gen Y Indians, permission has a negligible effect. Lin and
Chen (2009) considered the animated online advertising and found out that the ad types and
animation lengths are significantly related to advertising performance. Readers evaluate
advertisements more positively when they consider the advertisement as useful, fulfilling
their needs for information and/or entertainment (Van Reijmersdal, Neijens & Smit 2005).
When the information matches readers’ interests, readers respond more positive towards the
advertisement, regardless of whether they recognize the persuasion attempt (Sweetser et al.
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2016). Another related study by Lim, Tan and Jnr Nwonwu (2013) revealed that mobile users
better recall image banner ads than text ones and more likely to perceive large image banner
ad as app content. Certain aspects related to the specific format of the ad can have an impact
on its effectiveness such as the type of ad (Grigorovici & Constantin 2004). Li, Y-W, Yang and
Liang (2015) found out that both website interactivity and promotional methods can enhance
consumer attitudes, but price discount is effective only when the brand perception is
functional but not effective when the brand image is symbolic. Appendices B, C and D listed
out several ad elements specified in the Interactive Advertising Model (Rodgers & Thorson
2000), Online Behavior Model (Boerman, Kruikemeier & Zuiderveen Borgesius 2017) and
Mobile Advertising Effective Framework (Grewal, Bart, Spann & Zubcsek 2016) respectively.
Nowadays, advertisers have many options to design their ads and directly improve the
performance-based effectiveness of their mobile in-app advertising campaigns.
3.4.2 Consumers-controlled factors
Consumers control user behaviours or personal characteristics. There are also many studies
on consumer-controlled factors and their impact on mobile advertising performance. For
example, Luo et al. (2014) demonstrated that one-day coupons are best suitable for consumers
who are near the provider, while multiple day coupons performed better for consumers who
are far away from the provider. The research showed that a consumer journey consists of
multiple stages, and at each stage, there should be a different advertising strategy to make the
advertisement more relevant and consequently improve its effectiveness. Online advertisers
provide behaviourally targeted advertisements, based on a user’s behaviour on the Internet
over time (Goldfarb & Tucker 2011). Personalizing banner ads based on products consumers
placed in their shopping carts during the shopping visit increases click-through rates (Bleier
& Eisenbeiss 2015a). Personalized ads are approximately twice as effective as nonpersonalized versions of similar ads (Aguirre, M et al. 2012). The industry claims that
behavioural advertising creates more relevant and efficient ads and boost ad effects (Chen, J
& Stallaert 2010). Leading scholars argue that advertising will become more personalized and
targeted and will involve more individual communication, where advertisers can iterate
messages based on consumer behaviour and needs (Keller 2016; Kumar, V & Gupta 2016; Rust
2016; Schultz 2016). Furthermore, like Mackenzie, Lutz and Belch (1986) have shown, mobile
advertising effectiveness is also mediated by consumer attitudes. Based on that pioneering
work, Korgaonkar, Petrescu and Karson (2015) studied education and ethnic background
factors and showed that those factors play key roles in mobile services and mobile advertising.
The different demographic has different usage, useful, satisfied and expensive attitude. That
is confirmed in the study of Hispanic Americans by Kim and Lee (2015). Basic demographics
are age, gender, income, occupation and race (Haley 1968). Kim and Lee (2015) proposed a
hybrid quantitative and qualitative model to suggest preferred ads for four different consumer
segments, including Business Partner, Skilled Enthusiast, New Experience Seeker, and Close
Buddy. From the research, lifestyle and psychology tendency are the attributes need to be
considered in mobile advertising effectiveness. Shavitt, Lowrey and Haefner (1998) argued
that people are actually more favourable toward advertising. Males, wage consumers, and
persons with less education and income, and non-whites generally report more favourable
advertising attitudes than others. Shavitt, Lowrey and Haefner (1998) have shown the
importance of gender, age, education, income and ethnic factors in advertising performance.
Zhou et al. (2017) proved that historical advertisement behaviour of a user plays a key role to
predict the user advertisement behaviour in the future. Conner and Armitage (1998) pointed
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out that when individuals engage in behaviours that are habitual for them, they use simplified
decision rules, which results in enacting the same behaviours as in the past. Previous
behaviours, in turn, seem to be an important predictor of future behaviour (Ouellette & Wood
1998).
Understanding the role of consumer information, some of the social platforms enable
advertisers to target ads using consumers' social profiles (Bakshy et al. 2012). New Internet
technologies provide the possibility of automated tracking of consumers' Internet behaviour.
Such tracking is used to create user profiles for the purpose of displaying advertisements that
fit the interest of these individuals (Goldfarb & Tucker 2011; McDonald & Cranor 2010).
Personalization is a customer-oriented marketing strategy that aims to deliver the right
content to the right person at the right time, to maximize business opportunities (Tam & Ho
2006). The types of information used included age, gender, location (Aguirre, E et al. 2015),
education level (Tucker 2014), interests (Aguirre, E et al. 2015), online shopping behaviour
(Bleier & Eisenbeiss 2015a), and search history (Doorn & Hoekstra 2013). Their findings
suggest that the level of personalization influences consumer-related factors, such as feelings
of intrusiveness (Doorn & Hoekstra 2013), feelings of vulnerability, the ad’s perceived
usefulness, reactance, and privacy concerns (Bleier & Eisenbeiss 2015a). The level of
personalization also influences the outcomes, such as click-through rates (Aguirre, E et al.
2015). Appendix B and D listed the factors controlled by consumers according to Interactive
Advertising Model (Rodgers & Thorson 2000) and Mobile Advertising Effective Framework
(Grewal, Bart, Spann & Zubcsek 2016) respectively. Nowadays, advertisers have many
consumer targeting options to control and improve the performance-based effectiveness of
their mobile in-app advertising campaigns.
3.4.3 Ad networks-controlled factors
Ad networks facilitate the programmatic and real-time buying and selling of advertisements
(Choi et al. 2017; Laudon & Traver 2018). Programmatic advertising delivers dynamic content
to users based on their location, time and so on (Kumar, V & Gupta 2016). In general, “context”
is referred to as the editorial medium environment of an advertisement (Moorman 2003). In
the words of Norris and Colman (1993), "the same source delivering the same message to the
same audience on separate occasions might produce different effects depending on the
differing programming or editorial contexts in which the message appears”. Instead of
displaying the same ads to everyone, different ads are shown with regard to the geography,
language, device and other characteristics of visitors, to maximize the utilization of advertising
opportunities. “Context” refers to both the physical and social environments, which can be
paraphrased as “situation”. Advertisers can make use of the context of user actions and their
personal information in order to tailor adverts to their demographic and taste, so as to
maximise the number of click-throughs received for each ad and subsequently the revenue
obtained (Belk 1975).
Moorman (2003) suggested the context be categorized as objective or subjective. Objective
characteristics include contextual aspects such as genre, content and style, characteristics that
can easily be recognized by every receiver and are not dependent on interpretation. Subjective
characteristics, in contrast, are not experienced uniformly but comprise the individual mental
reactions that people experience when confronted with an editorial message (Moorman 2003).
Context can also be divided as context characteristics related to the receiver of the
advertisement and those related to the vehicle carrying the advertisement: the medium
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context. The receiver context can be described as the situational circumstances in which a
person is exposed to an advertisement. This includes the person's physical environment, the
social environment, the time frame, and the mental state a person is in prior to exposure to the
medium content (Moorman 2003). The medium context concerns with the environment of the
ad provided by the vehicle carrying it, such as a television program, an issue of a magazine or
an Internet site (Pieters & Raaij 1992). Another distinction can be made between an editorial
context and commercial context. Studies on commercial context have predominantly
concentrated on the effect of the amount and nature of other commercial messages in the
environment of an ad, referred to as clutter and competitive clutter (Moorman 2003). It has
been shown that as the number of other ads in the environment of the target ad increases the
effectiveness of the target add decreases, especially when the other ads are directly
competitive. On the other hand, knowledge about the effect of editorial context is more
valuable for media planners since they are only provided with information about the editorial
context, while information about the commercial context is not given in advance. This makes
it difficult to take the effect of other advertisements into account when making media planning
decisions (Kent 1993, 1995).
On the context factors, there are many studies about their impacts on ad click performance.
For example, Effendi and Ali (2017) used Linear Regression along with some dynamically
added features known as keywords to improve the Click-Through Rate prediction for
contextual advertisements by serving more suitable ads to the viewers. Similarly, Goh, Chu
and Wu (2015) investigated the attributes of province location, mobile service plan (pre/post
paid) and indicators of last digits towards the advertising performance goals. The research
guided a link between the advertising response and the information search. Other factors like
physical location and time of day can also influence how each consumer evaluates and
responds to mobile display ads. Different physical location and time of day associated with
different outcomes as shown in a study by Luo et al. (2014). Luo et al. (2014) found out that
mobile ads that match users' logical location are more effective and Andrews et al. (2015) that
the performance of advertisements varies with the amount of local crowding. Ghose, Goldfarb
and Han (2013) discovered the relationship in the distances between consumers' homes and
the point of sale, as part of so-called location-based advertising (Molitor, Reichhart & Spann
2012). Spatial and temporal factors were detected to be very important in traditional
advertising in forms of ambient advertising (Karimova 2012). In the context of social networks,
Li, Y (2014) discovered that most of Twitter tweets are posted from a small portion of Twitter
users and there is a positive linear correlation between the radius of the city and the commute
distance. Twitter users are found to be active from 10:00 am to 12:00 am at midnight with a
peak at 9:00 pm. Twitter users are also found to have more activities during weekends than
weekdays. Similarly, Baker, Fang and Luo (2014) demonstrated that the effectiveness of
advertisements varies with the time of day. For that, both business-to-business marketing
practitioners and researchers emphasize that customers require a business culture change
from “selling” to “helping” (Holliman & Rowley 2014; Jefferson & Tanton 2015). Strong
content effects were found in the study by Nasco and Bruner (2008), such that weather
information was perceived as most important, most involving, and most likely to influence
future mobile usage. All of those research responded to a frequent call to pay more attention
to contextual variables in assessments of communication effectiveness. Grewal, Bart, Spann
and Zubcsek (2016) summarized those context factors in the Mobile Advertising Effectiveness
Framework as shown in Appendix D. Apparently, the advertisers have many contextual
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targeting options to control and improve the performance-based effectiveness of their mobile
in-app advertising campaigns.
This section presented an overview of the mobile in-app advertising processes, participants,
outcome metrics and factors. It is noticeable that there are four participants involved in mobile
in-app advertising, while there are only three components of factors being explored in
previous studies. It is also noted the lack of an integrated effectiveness framework, which is
built around a common goal of all participants. The knowledge vacuum and research gaps
identified within the discussion pointed to further actions in the present study. Theoretical
and empirical literature in regard to the publishers-controlled factors gap and the integrated
effectiveness framework gap are discussed in Section 4 and 5 respectively.

4 Publishers-controlled Factors and Interactions
The previous literature basically only includes factors controlled by advertisers, users and ad
networks, while there are actually four participants. The role of publishers and their controlled
factors are not included in previous effectiveness frameworks and have not been fully
explored in the advertising effectiveness studies. Due to the lack of academic materials in the
field, the present study will also bring in academic literature from other types of advertising
and also literature from practice.

4.1 Publishers-controlled Factors
As shown in Section 3.1, from a publisher standpoint, any mobile in-app advertising ad
serving process can be broken down to ad space supply process and ad space delivery one. By
supplying the ad space with predefined and relevant characteristics, the publisher could
significantly enhance the effectiveness of mobile in-app advertising. The question is what are
those ad space characteristics?
'IAB New Standard Ad Unit Portfolio' 2017) stated that ads/ad spaces could have two
characteristics: duration and size. That means publishers can control how long they want the
ads last on their apps regardless of how long those ads are designed by the advertisers. They
can do that by setting the duration for their ad spaces. When the publisher supplies an ad
space with a predefined duration or a predefined size, only ads with those elements are
selected to be provided and displayed. However, while measurement guidelines have existed
for other forms of online advertising, mobility has its own special set of challenges. For
instance, on TV or on websites, there are fairly standard expectations from marketers about
what constitutes a "view" of an ad. On smartphones, it's a little less certain. We're not at a point
yet where we have a clear and fast definition on viewability. Is it where half the ad is viewable
for a couple of seconds, or does it need to be the entire ad?" (Schick, 2013). Furthermore,
advertising on an app is diﬀerent than advertising on TV and radio because ads on an app are
usually placed alongside the content whereas ads on TV and radio appear instead of the
content.
In the fields of TV and website, there are several related studies on the effectiveness of ad
duration. One example is a two-part study by Danaher and Mullarkey (2003). The study found
that higher exposure time was correlated with increased recognition and recall. In TV,
increasing the duration of a television ad slightly increases the probability the ad will be
remembered in an aided recall task (Patzer 1991). In web advertising, Baltas (2003) found that
banners with lengthy messages and multiple frames (animation) received fewer clicks. He
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reasoned that these two factors increase the complexity of an ad and hence have a negative
effect on the viewer’s attitude towards and response to the banner. Chandon, Chtourou and
Fortin (2003) and Lohtia, Donthu and Hershberger (2003) concluded that animation improved
click-through rates. On the other hand, Burke et al. (2005) suggested that animated banners
may be more difficult to remember than static ones. Goldstein, McAfee and Suri (2011) found
that displaying two shorter ads results in more total recollection than displaying one longer
ad of twice the duration. Studies about the impact of ad duration on the advertising
effectiveness actually deliver mixed results in the context of web advertising. Some research
could not point out if recollection relates to click-through rates. In most cases, current
monetization strategies do not explicitly consider time as a resource to be optimized (Sun, et
al, 2017).
All the mentioned academic and practitioner literature has pointed out that the ad space
duration is not fully studied in the past but could be a factor that can strongly impact the clickthrough rate of mobile in-app advertising. This study, therefore, hypothesized that:
Hypothesis 1: The publishers-controlled supply factor: ad space duration, has a significantly strong
impact on the click-through rate of mobile in-app advertising
Similar to the ad space duration, publishers can set the size of their ad spaces ('IAB New
Standard Ad Unit Portfolio’ 2017). When the publisher supplies an ad space with a predefined
ad size, only ads with that element are selected to be provided and displayed. By supplying
the ad space with predefined and relevant characteristics, the publisher could significantly
enhance the click-through rate. Conventional industry wisdom has maintained that large
banner advertisements will receive more viewer attention as measured by clicks, supporting
past research finding (Marx 1996). The success of larger advertisements to secure attention also
has an impact on viewer impression of brand quality. A larger advertisement can imply a
higher level of advertising cost and effort that the viewer equates with a higher level of brand
credibility and success. With regard to banner advertisements, where a click leads the viewer
to another location, this may have a positive impact on viewers’ impressions and site
expectations, resulting in increased viewer response, i.e., clicks. Baltas (2003) also found that
bigger ads are more effective in attracting attention and (hence more likely to) trigger response.
Chandon, Chtourou and Fortin (2003) found positive interactions on five banner sizes,
although no significant difference between the two bigger sizes.
The empirical results from Li, H and Bukovac (1999), however, showed that the click-through
rates do not proportionally increase accordingly to the size. Drèze and Hussherr (2003)
claimed the smaller ads performed just as well as the large ones, in accordance with Cho (2003)
who found no significant relationship between banner size and clicking. The relationship
between the banner size and CTR is conflicting. The impact of ad size on mobile apps could
be different than that in web advertising as well. Previous research has shown the limits of
consumer capacity called the Limited Capacity Model (Craik 2002; Miller, GA 1956). In the
mobile context, there are limitations related to the screen size. The screen size of mobile devices
could be as small as Apple Watch, while the smartphone screen is normally a fourth that of a
PC. That limitation should be taken into consideration. However, current metrics do not
support the measurement of size (Schick 2013). Herrewijn and Poels (2018) found that the
effect of ad size is neglectable partly because their measurement did not take into account the
size variable.
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All the mentioned academic and practitioner literature has pointed out that the ad space size
is not fully studied in the past but could be a factor that can strongly impact the click-through
rate of mobile in-app advertising. This study, therefore, hypothesized that:
Hypothesis 2: The publishers-controlled supply factor: ad space size, has a significantly strong impact
on the click-through rate of mobile in-app advertising
Besides supplying ad spaces for bidding, the publisher is also the one who controls the
delivery of ad impressions. After the ads have been selected by the advertiser and the ad
network, the publisher will have full control on how to deliver them to the user. The publishers
can control how to position the ads on their applications and how to schedule them. Interactive
Advertising Bureau recommends ad positions to be top or bottom of the screen and sometimes
in the middle of page sections. They also recommend ad scheduling to be before, in between
or after the primary content experience ('IAB New Standard Ad Unit Portfolio’ 2017). The
publishers-related delivery factors are shown as being critical in the ad serving process that
will then enhance the click-through rate of mobile in-app advertising.
There are many studies on scheduling and positioning ads on a website, pioneering by Adler,
Gibbons and Matias (2002), Nakamura and Abe (2005) and Kumar, Subodha, Jacob and
Sriskandarajah (2006). In websites, ads can be placed on top, at the bottom, in the middle of
the screen or in relation with other contents (Djamasbi, Hall-Phillips & Yang 2013). Prominent
brand placements (e.g. large ads, central ads) seem to be better in capturing the player’s
attention, resulting in a positive effect on brand awareness (Jeong & Biocca 2012; Lee, M &
Faber 2007; Schneider, Systems & Cornwell 2005). It was found that banner advertisements at
the top of the webpage were more often viewed (Josephson 2004; Sundar & Kalyanaraman
2004).
Herrewijn and Poels (2018) claimed that the spatial position is actually the most important
placement characteristic. Agarwal, Hosanagar and Smith (2011) evaluated the impact of ad
placement on revenues and profits generated from a sponsored search. The authors measure
the impact of ad placement on both click-through and conversion rates. They find that while
the click-through rate decreases with the position, and contrary to the conventional wisdom
in the industry, the topmost position is not necessarily the revenue or profit-maximizing
position. They help correct a significant misunderstanding among advertisers regarding the
value of the top position. Ansari and Mela (2003) find that the higher position of links in an email campaign can lead to a higher probability of clicking. Johnson, EJ et al. (2004) find that
consumers searched fewer than two stores during a typical search session. Similarly,
Brynjolfsson, Dick and Smith (2010) find that only 9% of shopbot users select offers beyond
the first page. In general, because of the cognitive costs associated with evaluating alternatives,
consumers often focus on a small set of results (Montgomery, Hosanagar & Clay 2004). Those
research have shown the importance of position in search advertising. Does that apply to
mobile app advertising as well? Until we could find out the answer, in the meantime, many
publishers simply display some banner ads and never consider how effective the placement
of those ads is (Oak 2008). The question of optimizing mobile advertising placements remains
open (Grewal, Bart, Spann & Zubcsek 2016). That led to the following hypothesis:
Hypothesis 3: The publishers-controlled delivery factor: ad space position, has a significantly strong
impact on the click-through rate of mobile in-app advertising

22

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Ads can also be scheduled to be displayed before, after or in between sessions (Chatterjee,
Hoffman & Novak 2003; Kumar, S., Dawande & Mookerjee 2007; Sun 2017). With different
delivery schemes like that, the click-through rate could be significantly different. In online
search advertising, Hoque and Lohse (1999) found that consumers are more likely to choose
advertisements near the beginning of an online directory than they are when using paper
directories. Weingarten and Berger (2017) studied how temporal location—that is, whether
events or experiences occurred in the past, present or future—affects word of mouth. Bleier
and Eisenbeiss (2015b) highlighted the importance of the interplay of what, when and where,
aka scheduling. The ﬁrst seconds of exposure caused a steep increase in the memory for an ad,
and further exposure time had a smaller, albeit still increasing the impact on recollection.
Unlike broadcast networks, mobile app publishers are able to observe the traffic to their
websites and therefore can dynamically plan a strategy to deliver impressions (Roels &
Fridgeirsdottir 2009). Nakamura and Abe (2005) developed an LP-based algorithm to schedule
banner ads, where they presented three features that each ad was associated with; time of day
that the ads were preferred to be viewed (e.g. the afternoon), page category (e.g. sports) and
the number of impressions. The features were then used to determine the optimal ad time and
location that maximises overall revenue, rather than relying solely on the CTR of an individual
ad. Their strategy showed an improvement over greedy and random methods. Trope and
Liberman (2003) found out that the temporal distance to objects or events alters the way in
which they are processed. Sahni (2015) conducted a ﬁeld experiment on a restaurant search
website. The key result of their work is that increasing the time between exposures, up to two
weeks, increases the probability of a purchasing event. Do that imply a direct response also?
Goldstein, McAfee and Suri (2015) claimed that there is no guidance to publishers as to how
ads should be scheduled. (Goldstein, McAfee & Suri 2015). King (2017) recently called
publishers to take back control of the inventory and to remind that timing is just as important
as audience targeting. In line with these findings, the present study hypothesized that:
Hypothesis 4: The publishers-controlled delivery factor: ad space timing, has a significantly strong
impact on the click-through rate of mobile in-app advertising

4.2 Publishers-controlled Interactions
Consumers control the consumer factors, advertisers control the ad elements while the ad
networks control contextual factors. Relatively, little effort has been apportioned toward
assessing the interrelationship among these various inputs or their efficacy with respect to cost
(Johnson, G & Lewis 2015), although there are few studies on the interactions among
themselves. For example, another study by Zorn et al. (2012) showed that different websites
have different users. Users on one social networking site, myspace.no, preferred animated ads
but users of the other social networking site, ebuddy, preferred static ads. For surf sites,
animated ads worked significantly better than static ads. Yet, myspace.no accounted for 96%
of all impressions on surf sites and English static ads worked best for the second surf site,
ebuddy.no. CTRs for static ads and animated ads had an insignificant difference in search sites.
The study by Lin, Y and Lin (2006) showed the effects of ad types and users' gender on the
click-through rate of web advertisement. If an online consumer is motivated to use the Internet
to shop, banner ads that match this motive will presumably be more persuasive than banner
ads that do not according to a study by Rodgers and Sheldon (2002). That study together with
others has shown the interaction between consumers, advertisers and ad networks-controlled
factors. How do those factors interact with the publishers-related ones?
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Firstly, in the MAEF, there are ten context factors listed out, including Location, Time,
Weather, Events, Economic Conditions, Devices, Delivery Mechanism Availability, Owned or
3rd party, Another Screen presence. About Location, Goh, Chu and Wu (2015) further
categorized it as area, city, and country. Goh, Chu and Wu (2015) investigated the attributes
of province location, mobile service plan (pre/post paid) and indicators of last digits towards
the advertising performance goals. The research guided a link between the advertising
response and the information search. Luo et al. (2014) found out that mobile ads that match
users' logical location are more effective. As the location is confirmed as a contextual factor
that has a significant strong impact on the effectiveness of online advertising in previous
studies, the present study hypothesized that:
Hypothesis 5: The impact of location on the click-through rate of mobile in-app advertising is strongly
moderated by the publishers-controlled factors
Similarly, the time has been considered as an important factor that could affect mobile
advertising effectiveness. For example, Li, Y (2014) discovered that most of Twitter tweets are
posted from 10:00 am to 12:00 am at midnight with a peak at 9:00 pm. The Twitter users are
also found to have more activities during weekends than weekdays (Li, Y 2014). All of the
research showed the different level of activities over weekdays. Similarly, Baker, Fang and
Luo (2014) demonstrated that the effectiveness of advertisements varies with the time of day.
Different time of day associated with different outcomes as shown in a study by Luo et al.
(2014). Not only the time of day, but the day of the week is also considered as an important
factor. According to 'Digital Marketing Trends in the Education Market' 2018) for their clients,
the optimal days to send email to continue to be during the business week on Tuesday,
Wednesday, and Thursday for both the K-12 and Higher Ed markets. Open rates for the K-12
market were highest for emails delivered on Thursdays, while open rates for the Higher Ed
market were highest on Wednesdays. Similarly, Tuesday and Friday are the best days when
maximum India Internet Users Open and Click on the email communications sent to them
('Annual State of Email Marketing in India’ 2015). In their report, Tuesday is the day when
they see maximum engagement rates for email open rates. As time is confirmed as a contextual
factor that has a significant strong impact on the effectiveness of online advertising in previous
studies, the present study hypothesized that:
Hypothesis 6: The impact of time on the click-through rate of mobile in-app advertising is strongly
moderated by the publishers-controlled factors
Grewal, Bart, Spann and Zubcsek (2016) identified six ad elements: ad medium, medium type,
push/pull, interactive/static, promotional elements. The medium type is the channel through
which the ad is served to a consumer. The medium types can be a webpage or a mobile
application. The content of the webpage or application can influence the perception of an ad
(Grewal, Bart, Spann & Zubcsek 2016). The medium type can also be the platform (e.g. iOS
and Android) on which the app is running. As these mobile platforms have very different
characteristics, it could be assumed that ads displaying on different platforms generate
different click-through rate. Given users differ in their motivation to access the web such as
information seekers and entertainment seekers, website users might react differently to
advertisements on news and entertainment sites (San José-Cabezudo, Gutiérrez-Cillán &
Gutiérrez-Arranz 2008). Similar to banner elements, the website type relates to user
involvement. Based on motives to use the web, web users search a website, scrutinizing core
information to achieve search satisfaction or surf a website in an experiential mode, skimming
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core and peripheral information (Muylle, Moenaert & Despontin 1999). A study by Zorn et al.
(2012) showed that different websites have different users. Users on one social networking
site, myspace.no, preferred animated ads but users of the other social networking site, ebuddy,
preferred static ads. For surf sites, animated ads worked significantly better than static ads.
Yet, myspace.no accounted for 96% of all impressions on surf sites and English static ads
worked best for the second surf site, ebuddy.no. CTRs for static ads and animated ads had an
insignificant difference in search sites. Advertisements placed on different apps could have
different results as shown in the study of Brakenhoff and Spruit (2017). As app design is
confirmed as a factor that has a significant strong impact on the effectiveness of online
advertising in previous studies, the present study hypothesized that:
Hypothesis 7: The impact of ad medium on the click-through rate of mobile in-app advertising is
strongly moderated by the publishers-controlled factors
Grewal, Bart, Spann and Zubcsek (2016) distinguished four different ad types: static, dynamic,
interactive, and ads containing a video. In the MAEF the creative attributes are indicated as
interactive/static. The type of creative in an ad can be important regarding how inviting the ad
is for interaction. According to Edizel, Mantrach and Bai (2017), many advertisers have begun
to implement animated banners to deliver a progressive and sequential image. It is well known
that television is one of the most intrusive, involving media forms because of its ability to use
moving images. When banners use animation, they also take on the character of television
advertisements, and this may suggest that animated banner advertisements will attract more
attention and hence be clicked more (Wegert 2002). Studies of the side-by-side performance of
advertisements for different companies conducted by ACNielsen suggest that animation
increases click rate (Briggs 2001). Based on their experiment, Li, H and Bukovac (1999)
illustrate that animation increases response times and recall of banner advertisements. Ad
interactivity has a significant impact on effectiveness. However, most of the ads today are still
static, and there are static text and static image. Lim, Tan and Jnr Nwonwu (2013) revealed
that mobile users better recall static image banner ads than static text ones and more likely to
perceive large image banner ad as app content. As ad type has been confirmed as a factor that
has a significant strong impact on the effectiveness of online advertising in previous studies,
this study hypothesized that:
Hypothesis 8: The impact of ad type on the click-through rate of mobile in-app advertising is strongly
moderated by the publishers-controlled factors
In this section, four publishers-controlled factors were identified. Their main and interactive
effects will be evaluated accordingly in the present study. Those constructs and relationships
will be part of an integrated effective framework, which will be presented in Section 5.

5 An Integrated Effectiveness Framework
Modelling the factors into effectiveness framework has quite a long history, starting with the
original ideas of Elmo St. Lewis in 1898 when he proposed a systematic way of discussing
criteria of effectiveness. He did so in the personal selling context with his “Attention, Interest,
Desire and Action” or AIDA model (Barry 1987). Later, Lavidge and Steiner (1961) postulated
a “hierarchy of effects” in a stair-step fashion with attention leading to interest, to conviction,
to desire and finally to action. Importantly, they also categorized these elements into the three
broader categories of “Cognition,” “Affection,” and “Conation.” “Conation” was then a
popular term for Behavior. Many hierarchy-of-effects models have been proposed for
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advertising effectiveness. One of the first models are the Defining Advertising Goals for
Measured Advertising Results (DAGMAR). The model assumes that advertising works in the
sequence of awareness, comprehension, conviction and action (Scholten 1996). The process
was also thought to be largely inevitable. That is, if the first was established, others would
follow in their natural order—with some help along the way, of course, by the advertiser (Li,
H & Leckenby 2004). Hierarchy of effect model basically categorizing elements into three
categories: cognition, affection and behaviour. However, the internet introduces an additional
dimension – alienation (subject’s estrangement from its community, society. So, the internet is
an active media and moving consumer to the role of an active receiver from being a passive
receiver (Davidavičienė 2012).
Rodgers and Thorson (2000) proposed the Interactive Advertising Model in 2000. According
to the authors, one of the most basic ways to think about how individuals process
advertisements in an interactive environment are to distinguish between aspects of the
Internet that are consumer-controlled and those that are advertiser-controlled. Traditionally
speaking, advertisers have controlled which ads consumers see, when and how. Of course,
consumers always have the option of not paying attention to, becoming involved with or
ignoring the ad. In the case of the Internet, however, the control has switched from advertiser
to consumer. In fact, a number of researchers and practitioners argue that consumers have
more control over the Internet than do advertisers (Roehm & Haugtvedt 1999). Some have
gone so far as to argue that interactive marketing and advertising techniques will not work
unless practitioners "step into the shoes" of an approach the Internet from the consumer's
vantage point. Rodgers and Thorson (2000) went further to classify customers and advertisers
controlled characteristics. Most of these advertiser controlled variables include structural
elements, such as ad types, formats and feature. The model also includes consumer controlled
variables such as attitude toward online advertising and attitude toward websites. According
to IAM, the Internet motives, the inner drive to carry out the internet activity, can explain why
individuals use the internet. Four categories of reasons were identified as the primary motives
for entering cyberspace including researching, communicating, surfing, and shopping. Mode,
the extent of a user’s goal-directedness of internet activities, conjointly determines the level of
ad processing with motive, as internet motive will influence the mode in which users use the
internet. Individuals are also expected to experience several stages of information processing
of online ads: attend to, remember, and develop attitudes toward internet ads, as well as
actions taken in response to internet ads (Boerman, Kruikemeier & Zuiderveen Borgesius
2017). The IAM argued that information processing of online ads would be influenced by the
presentation of the interactive ad, as well as characteristics of the stimulus environment. Ad
type represents the general structure of an advertisement and was classified into five main
categories: product/service, PSA, issue, corporate, and political. The ad format is the manner
in which the online ad appears. Several popular interactive ad formats were examined using
the IAM model: banners, interstitials (pop-ups), sponsorships, hyperlinks, and websites. The
IAM provides a comprehensive list of two subjective ad features, structures based on
consumer responses (e.g., “attitude towards the website” and “interest”), and objective ad
features (e.g., colour, size, or typeface) across print, broadcast, and the internet. The Online
Behavioral Advertising (OBA) framework recently proposed by Boerman, Kruikemeier and
Zuiderveen Borgesius (2017). It extended the IAM to include more advertisers and consumercontrolled factors. By leaving out the ad networks, the framework actually grouped some
factors to the other two participants. For example, the OBA categorizes “level of
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personalization” to advertisers-controlled. Rodgers, Ouyang and Thorson (2017) claimed that
after 15 years the IAM needs to be updated. MAEF designed by Grewal, Bart, Spann and
Zubcsek (2016) extended and covered a broader picture with more factors including the
contextual ones. It is a framework that maps the components involved in “the creation and
targeting of an advertisement”. The components are context, consumer, ad goal, market, firm,
ad elements, and outcome metrics. Out of those components, the consumer components group
factors controlled by consumers, the ad elements group those controlled by advertisers, the
context factors controlled by ad networks/exchanges. MAEF emphasized the context
component when the authors repeatedly called for more research on the interaction of context
factors.
The integrated effectiveness framework that this study proposed is built around the common
goal of all participants and includes factor components that previously identified in other
effective frameworks. Two new components of factors have been introduced with the
framework are supply and delivery. The framework is the answer to the present study to the
second research question regarding what framework can combine the publisher goal and other
participants’ ones. In this framework (Figure 1), the common outcome metric is the clickthrough rate, which measures the short and long term goals of all participants. The framework
is structured to how ads are served to start from consumer requested until completed. It also
reflects the relationships between publishers and other participants in aligning of achieving
the common goal.

Figure 1: The integrated Mobile In-App Advertising Effectiveness Framework, which includes factor
components controlled by consumers, advertisers, ad networks and publishers
There are four participants recorded in the framework, and their factors are included
accordingly. The dotted line denoted the “private contract” when the ad network role is
absent. The consumer, advertiser and ad networks-controlled factor components comprise
theoretical content derived during the literature review stage and are critical to the
conceptualization of the present study. The previous theoretical and empirical literature on
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mobile in-app advertising factors were reviewed extensively. The relationship between
consumer, advertiser and ad network controlled factors and the click-through rate were also
examined. Their theoretical content was abstracted from various sources so as to enable the
researcher to isolate variables important to the study. The review of literature is presented in
Chapter 4.
The publishers-controlled supply and delivery components comprise variable deemed specific
and critical to the present study. The proposed variables formed relationships that called for
further empirical testing. The relationships focused on were those relating the factors to the
click-through rate upon which the key critical moderating variables were contingent. Clickthrough rate refers to the significance and implications of the present study derived from the
empirical analyses and results. These indicate whether or not the conceptualized relationships
have been confirmed by the data and could be generalized throughout the population.

6 Experiments
In this section, the methodology of the present study – the reasoning of choosing methods to
evaluate the framework in Section 5 - is discussed. Then, the results of the hypothesis tests will
be presented.

6.1 Methodology
This research is concerned with the click-through rate of mobile in-app advertising. This study
follows a deductive research approach to deduce conclusions from the data collected. It first
develops hypotheses. Then it designs a research strategy to test those hypotheses. This
research collects primary data (the frequency of ad impressions and ad clicks) through indirect
observations to improve the data quality (Hewson, Vogel & Laurent 2016). The measurement
is done through the ad spaces, which are designed with different characteristics based on the
four publishers-controlled factors. In order to simulate the ad space characteristics according
to the four factors, it needs to access the source of apps that the ad spaces reside. The research
procedure starts with (1) developing apps, publishing them to app store, (2) designing ad
spaces inside those apps, (3) using ads from one ad networks to load contents to those ad
spaces, (4) collecting the number of ad impression and clicks on the loaded ad spaces and (5)
measuring the click-through rates.
Out of the eight relationships of the present study, four of them are related to simple main
effects and the remaining are related to interactive ones. To test the main effects of the four
publishers-controlled factors individually, the research firstly uses a controlled experimental
design. A controlled experiment is the most popular form of experiment in online advertising
(Kohavi et al. 2009). The present study follows the simplest form of controlled experiments,
often referred to as an A/B test. The four main independent variables have the following
values:
•

Ad Space Duration: the duration of ad space is adjustable by publishers (Sandberg &
Rollins 2013). Many ad networks allow publishers to choose the duration of their ad
spaces. For example, AdMob allows the ad space duration up 120 seconds (Prochkova,
Singh & Nurminen 2012). It is also found that by default AdMob uses a refresh rate of
60 seconds (Qian et al. 2012). The present study argued that ad spaces shorter than 60
seconds, and ones longer than 60 seconds have different yield different CTRs. For that
reason, 30 seconds and 90 seconds are selected as values of ad space duration.
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•

Ad Space Size: the size of ad spaces is selected by publishers (‘Display and mobile
advertising creative format guidelines’ 2015). Many ad networks allow publishers to
choose the size of their ad spaces in forms of banners. For example, AdMob allows the
ad space size to be Banner (320x50), Large Banner (320x100) or IAB Full-size Banner
(468x60). Among those Banner has the smallest size while Large Banner is the biggest.
The present study chose those two sizes are two values of ad space size.

•

Ad Space Position: refers to the position of ad spaces delivered by the publishers. An
ad can be on the top and bottom of the screen ('IAB New Standard Ad Unit Portfolio’
2017). Sometimes, they can be middle of the screen (Djamasbi, Hall-Phillips & Yang
2013). The research so far yields mixed results regarding the top and the bottom of the
screen. Some other research highlights the importance of native ads, which are
normally displayed in the middle of the screen. For that reason, the top and the middle
of the screen are selected as two values of ad space position.

•

Ad Space Timing: refers to the timing of ad spaces delivered by the publishers. For
example, when a user first opens the application and has not done any action yet. The
ads showing at that time is considered as the beginning. When the user has performed
the main activity, e.g. capture a photo, finish one level in games, finish a call, the ads
showing during that time is considered as the end (Hoque & Lohse 1999). The present
study selected Beginning and End as two values of ad space timing.

To test the interactive effects among the four publishers-controlled factors and with other
participants-controlled ones, an eight-level factorial design was used. The eight independent
variables were ad space duration, ad space size, ad space position, ad space scheduling,
location, time, ad medium and ad type. The values of the four participant controlled factors
are:
•

Location: Location is a contextual factor (Grewal, Bart, Spann & Zubcsek 2016). Effendi
and Ali (2017) suggested that there are three types of location: city, area and country.
Furthermore, marketing reports showed that CTRs are significantly different between
the region of North America, Europe, Australia and New Zealand, East Asia the region
of Latin American, Africa, Middle East and South Asia. ('DoubleClick for Advertisers,
a cross section of regions’ 2010; 'Country CTR Stats: Spaniards like to tap’ 2012; 'The
Facebook Ads Benchmark Report’ 2012). The present study selected those two regions
as the two values of location, naming Region 1 and Region 2.

•

Time: Most of our research is focusing on the time of day. For example, Li, Y (2014)
discovered that most of Twitter tweets more active during weekends than weekends.
Furthermore, a report from Chitika Insights shows that marketers can best capitalize
on elevated user CTR on Saturdays and Sundays when the rate at which users click
and browse the Web lies well above weekday levels (2013). User CTR on the weekdays
is, on average, 7% – 12% below the CTRs during the weekend, depending on the day.
The present study selected weekdays and weekend as the two values of the time.

•

Ad Medium: The medium type is the channel through which the ad is served to a
consumer. The medium types can be a webpage or a mobile application. The content
of the webpage or application can influence the perception of an ad (Grewal, Bart,
Spann & Zubcsek 2016). The medium type can also be the platform (e.g. iOS and
Android) on which the app is running. Advertisements placed on different apps could
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have different results as shown in the study of Brakenhoff and Spruit (2017). The study
has shown that the content of the application can influence the perception of an ad
placed on it. For the present study, the researcher selects two apps with different
designs as the two values of medium type.
•

Ad Type: Interactive Advertising Bureau defines many different types of ads including
static and dynamic advertisements ('IAB New Standard Ad Unit Portfolio’ 2017). Ad
networks normally can support all kinds of ad types like those. For example, text
advertisements and image banner advertisements are available in AdMob (Prochkova,
Singh & Nurminen 2012). Lim, Tan and Jnr Nwonwu (2013) revealed that mobile users
better recall static image banner ads than static text ones and more likely to perceive
large image banner ad as app content. For the present study, text and image ads are
selected as two values of ad type.

In the present study, there is one dependent variable which is the click-through rate. The value
is typically measured as the ratio between the number of clicks and the number of impressions.
For the cases of ad space duration and ad space size, the click-through rate will be adjusted
following the time-based formula of CTR (Truong 2016). Accordingly, one impression of 90
seconds is not considered the same as one of 30 seconds, and one impression of large banner
ads is actually considered as two smaller ones. The CTR is used to measure the effects of the
four publishers-controlled factors and their interactions with factors controlled by other
participants.

6.2 Results
As the population of mobile users is limitless and not all of them are given equal chances of
downloading mobile apps, a non-probability sampling technique is needed (Lavrakas 2008).
Accordingly, the sample size is calculated with the Van Belle (2011) formula:
𝑛𝑛 =

𝑧𝑧 2 × 𝑝𝑝 × (1 − 𝑝𝑝)
𝑐𝑐 2

Where the z-score that corresponds to 95% confidence is 1.64. p is the percentage of picking a
choice being calculated as CTR, where CTR is the average CTR of the whole sample. c is the
confidence, being calculated as CTR(A) – CTR(B) (Yacko 2012), with CTR (A), is the average
CTR of the first variant and CTR (B) is the average CTR of the second variant. With the average
CTR of 5%, and the confidence level of 1%, the sample size is calculated as 1,278 impressions.
For over two months, there are 2,813 impressions and 118 clicks being recorded. The ShapiroWilk Test has shown that the data is normally distributed (W = 0.96277, p = 0.7123). Table 3
summarizes their results.
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Duration
Size
Position
Timing
Location
Time
Ad
Medium
Ad Type

Variant
30s
90s
Small
Large
Top
Middle
Beginning
End
Region 1
Region 2
Weekdays
Weekend
App1
App2
Text
Image

Number of
Impressions
1597
1216
1611
1202
1451
1287
1411
1402
1381
1099
1707
551
2048
765
1367
1446
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Number
of Clicks
66
52
71
47
51
62
87
31
45
61
77
36
102
16
92
26

CTR
4.13%
1.43%
4.41%
1.96%
3.51%
4.82%
6.17%
2.52%
3.26%
5.55%
4.51%
6.53%
4.98%
2.09%
6.73%
1.80%

Deviation
0.0050
0.0034
0.0051
0.0040
0.0048
0.0060
0.0064
0.0039
0.0048
0.0069
0.0050
0.0105
0.0048
0.0052
0.0068
0.0035

Z score

p-value

4.49

1.00*

3.78

1.00*

1.70

0.96*

5.26

1.00*

2.73

1.00*

-1.73

0.04*

4.09

1.00*

6.47

0.04*

Table 3: Results of main effect z-tests on the four publishers controlled factors and four factors being
controlled by other participants
Based on the p-values of the z-tests, it has shown that all the factors are strongly impacting the
click-through rate.
Firstly, the 30 seconds ads and the smaller ads are shown to be more effective than the longer
and larger ones, taking into account their duration and size. Secondly, between the top and
middle ads, this study observed a significant difference in term of CTR (with confidence level
= 93%). Middle ads could yield a higher CTR (4.82% ± 0.0063) than that from top ones (3.51%
± 0.0048). Thirdly, the present study confirms that the ads showing in the beginning when the
app is firstly initiated have higher CTR (6.17% ± 0.0064) than those showing later (2.52% ±
0.0039). Those tests have confirmed Hypothesis 1, 2, 3 and 4: ad space duration, ad space size,
ad space position and ad space timing are all factors that can impact the click-through rate.
Table 3 also shows the z-test results of factors controlled by other participants. This step is
necessary before the interaction test can be later performed.
The average click-through rate in Region 2 (6.19% ± 0.0077) is significantly higher than those
in Region 1 (4.13% ± 0.0063) as suggested in other reports ('DoubleClick for Advertisers, a cross
section of regions’ 2010; 'Country CTR Stats: Spaniards like to tap’ 2012; 'The Facebook Ads
Benchmark Report’ 2012).
The average click-through rate on weekends (6.52% ± 0.0105) is found to be significantly higher
than those on weekdays (4.52% ± 0.0050). That agreed with the results from previous research
(Donnini 2013; Li, Y 2014).
The average click-through rate in App1 (6.13% ± 0.0060) is significantly higher than that in
App2 (2.37% ± 0.0059). App1 is designed with an editing screen is separated from the menu
screen, while in App2, the ads are shown alongside the editing functions. The click-through
rates are different on different apps agreed with the previous findings (e.g. Brakenhoff and
Spruit (2017)).
The z-tests of the present study lastly showed that the click-through rate of Text ads (7.68% ±
0.0078) is significantly higher than that of Image, Animated Image and Rich Media ads (2.19%
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± 0.0044). That confirms that Ad Type is a factor which strongly impacts the click-through rate
in the context of mobile in-app advertising (Lim, Tan & Jnr Nwonwu 2013).
As the eight factors are all confirmed having main effects on the click-through rate. This study
proceeded with the interaction tests. Table 4 shows the results.
Hypothesis
Hypothesis 5

Hypothesis 6

Hypothesis 7

Hypothesis 8

Interaction
Duration * Location
Size * Location
Position * Location
Timing * Location
Duration * Time
Size * Time
Position * Time
Timing * Time
Duration * Ad Medium
Size * Ad Medium
Position * Ad Medium
Timing * Ad Medium
Duration * Ad Type
Size * Ad Type
Position * Ad Type
Timing * Ad Type

Z score
0.21
-1.09
-2.82
2.00
-1.20
-2.34
2.61
64.17
0.68
-0.09
-0.87
4.72
1.92
8.72
1.35
0.00

p-value
0.583
0.137
0.002*
0.977*
0.115
0.01*
0.995*
1.00*
0.753
0.464
0.192*
1.000*
0.972*
1.00*
0.912
0.499

Table 4: Results of interaction tests
Based on the results in Table 4, it is clearly shown that all four hypotheses are partly supported
by the data. There are nine strong interactions of Position * Location, Timing * Location, Size *
Time, Position * Time, Timing * Time, Position * Ad Medium, Timing * Ad Medium, Duration
* Ad Type and Size * Ad Type among them. That further proved that the impacts of consumers,
advertisers and ad networks factors on the click-through rate is strongly moderated by
publishers-controlled factors.
This section has summarized the statistic test results. The hypotheses of the study accordingly
have been confirmed. A detailed discussion on how those results imply will be presented in
Section 7.

7 Discussions
7.1 Key Findings
At the confidence level of 95%, the hypotheses 1, 2, 3 and 4 are all confirmed. The publisherscontrolled factors: ad space duration, ad space size, ad space position and ad space timing all
have a significantly strong impact on the click-through rate of mobile in-app advertising. The
statistic tests also yield that location, time, ad medium and ad type all have strong impacts on
the click-through rate as previously confirmed. Based on that, the interaction tests involving
the eight factors were carried out. At the confidence level of 95%, the hypotheses 5, 6, 7 and 8
are all partly confirmed, showing that the impacts of consumers, advertisers and ad networks
factors on the click-through rate is strongly moderated by publishers-controlled factors.
As the key research questions and suggested directions summarized above reveal, the
publishers play an important role in the ad serving process, therefore could individually and
interactively enhance the click-through rate. Several key factors that define these relationships,
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including ad space duration, ad space size, ad space position and ad space timing are found
and evaluated. Accordingly, this study proposed an integrated effectiveness framework
building around a common goal of all participants.

7.2 Contributions
Mobile in-app advertising is a growing business. Optimizing mobile in-app advertising by
itself is a new subject. The present study is one of the first attempts at digging into this
promising area. The research contributes to mobile in-app advertising literature by exploring
the role of publishers and the impact of their supply and delivery factors on the click-through
rate of mobile in-app advertising.
The present study suggests new advertising strategies associated with publishers to further
enhance the ad click performance of mobile in-app advertising. By which, newly integrated
advertising strategies could be recommended to be applied in practice and could help
increasing mobile in-app advertising revenue significantly higher by balancing the benefits of
all participants involved. The present study also developed a new empirical method whereas
multiple factors controlled by multiple participants could be tested interactively.
For publishers, who have more than one app published, applying the new supply and delivery
strategies could bring multiple benefits to them. For agents, who publish the apps on the
publishers’ behalf, this strategy can bring even more values. Ad networks can integrate new
strategies associated with these factors to increase the matching and relevance of the ads to
their users.
Furthermore, not only highly applicable to mobile in-app advertising area, the present study
could extend to other types of advertising where the role of publishers has not been well
studied. The present study shines a new light on online marketing where the interactive
outcome metrics play a more important role than ever before.

7.3 Limitations and Future Research
The study has several limitations regarding theoretical conceptualisation. First, the study has
included only a limited set of important variables within its framework, although other
potentially influential variables can also be included in the study. In other words, although the
present study has found several key publishers-related factors, there many more of them need
to be explored as well. Thus, future researches could gain from adding a larger number of
potential variables within their frameworks.
The present study has recruited thousands of mobile users. The data is only enough for the
fractional factorial test. Further research could access to a large user base. For which, a full
factorial analysis can be performed and the higher level interaction tests with more factors can
be validated.
Even though the research has shown the main effects of ad space duration, ad space size, ad
space position and ad space timing, it has not found the optimal value for each. Practitioners
can continue the test on each factor with more variants to determine the optimal value.
This research responds to a call of more research into e-business (Jiang, Liang & Tsai 2019),
especially the mobile advertising field (Grewal, Bart, Spann & Pal Zubcsek 2016; Okazaki
2012). The study itself calls for even more research into this promising area.

33

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

References
Adler, M, Gibbons, PB & Matias, Y 2002, 'Scheduling space‐sharing for internet advertising',
Journal of Scheduling, vol. 5, no. 2, pp. 103-119.
Agarwal, A, Hosanagar, K & Smith, MD 2011, 'Location, Location, Location: An Analysis of
Profitability of Position in Online Advertising Markets', Journal of marketing research, vol.
48, no. 6, pp. 1057-1073.
Aguirre, E, Mahr, D, Grewal, D, de Ruyter, K & Wetzels, M 2015, 'Unraveling the
personalization paradox: The effect of information collection and trust-building
strategies on online advertisement effectiveness', Journal of Retailing, vol. 91, no. 1, pp.
34-49.
Aguirre, M, Mahr, D, de Ruyter, K, Wetzels, M & Grewal, D 2012, 'The Impact Of Vulnerability
During Covert Personalization–A Regulatory Mode Approach', paper presented to 41st
EMAC Conference, Liston-ISCTE,
Aimonetti, J 2012, 'Apple increases developer iAd revenue to 70 percent',
<https://www.cnet.com/news/apple-increases-developer-iad-revenue-to-70-percent/>.
Aksakallı, V 2012, 'Optimizing direct response in Internet display advertising', Electronic
Commerce Research and Applications, vol. 11, no. 3, pp. 229-240.
Alphabet 2018, 'Alphabet Investor Relations Numbers', <https://abc.xyz/investor/>.
Andrews, M 2017, 'Increasing the Effectiveness of Mobile Advertising by Using Contextual
Information', GfK Marketing Intelligence Review, vol. 9, no. 2, p. 37.
Andrews, M, Luo, X, Fang, Z & Ghose, A 2015, 'Mobile ad effectiveness: Hyper-contextual
targeting with crowdedness', Marketing Science, vol. 35, no. 2, pp. 218-233.
Angell, R, Gorton, M, Sauer, J, Bottomley, P & White, J 2016, 'Don't Distract Me When I'm
Media Multitasking: Toward a Theory for Raising Advertising Recall and Recognition',
Journal of Advertising, vol. 45, no. 2, pp. 1-13.
'Annual State of Email Marketing in India' 2015, <http://octaneresearch.in/research/indiaemail-marketing-2015-the-annual-state-of-email-marketing-2/>.
Ansari, A & Mela, CF 2003, 'E-Customization', Journal of marketing research, vol. 40, no. 2, pp.
131-145.
Baker, BJ, Fang, Z & Luo, X 2014, 'Hour-by-hour sales impact of mobile advertising', Available
in SSRN.
Bakshy, E, Eckles, D, Yan, R & Rosenn, I 'Social influence in social advertising: evidence from
field experiments', Valencia, Spain, ACM, 2229027, pp. 146-161.
Balseiro, SR & Candogan, O 2017, 'Optimal contracts for intermediaries in online advertising',
Operations Research, vol. 65, no. 4, pp. 878-896.
Baltas, G 2003, 'Determinants of internet advertising effectiveness: an empirical study',
International Journal of Market Research, vol. 45, no. 4, pp. 1-9.
Barnes, SJ 2002, 'Wireless digital advertising: nature and implications', International journal of
advertising, vol. 21, no. 3, pp. 399-420.

34

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Barry, TE 1987, 'The Development of the Hierarchy of Effects: An Historical Perspective',
Current Issues and Research in Advertising, vol. 10, no. 1-2, pp. 251-295.
Barwise, P & Strong, C 2002, 'Permission-based mobile advertising', Journal of Interactive
Marketing, vol. 16, no. 1, pp. 14-24.
Belk, RW 1975, 'Situational variables and consumer behavior', Journal of Consumer research, vol.
2, no. 3, pp. 157-164.
Bergen, M 2014, 'Twitter beats revenue expectations again but user engagement slows',
Advertising Age.
Bhat, S, Bevans, M & Sengupta, S 2002, 'Measuring users' Web activity to evaluate and enhance
advertising effectiveness', Journal of Advertising, vol. 31, no. 3, pp. 97-106.
Bleier, A & Eisenbeiss, M 2015a, 'The importance of trust for personalized online advertising',
Journal of Retailing, vol. 91, no. 3, pp. 390-409.
Bleier, A & Eisenbeiss, M 2015b, 'Personalized Online Advertising Effectiveness: The Interplay
of What, When, and Where', Marketing Science, vol. 34, no. 5, pp. 669-688.
Boerman, SC, Kruikemeier, S & Zuiderveen Borgesius, FJ 2017, 'Online Behavioral
Advertising: A Literature Review and Research Agenda', Journal of Advertising, vol. 46,
no. 3, pp. 363-376.
Brakenhoff, L & Spruit, M 'Consumer Engagement Characteristics in Mobile Advertising', pp.
206-2014.
Briggs, R 2001, 'Measuring advertising success: The value of Interactive Branding', Interactive
Advertising Bureau.
Briggs, R & Hollis, N 1997, 'Advertising on the Web: Is there response before click-through?',
Journal of Advertising Research, vol. 37, no. 2, pp. 33-45.
Broder, A, Fontoura, M, Josifovski, V & Riedel, L 2007, 'A semantic approach to contextual
advertising', Proceedings of the 30th annual international ACM SIGIR conference on Research
and development in information retrieval, vol., pp. 559-566.
Brynjolfsson, E, Dick, AA & Smith, MD 2010, 'A nearly perfect market?', QME, vol. 8, no. 1, pp.
1-33.
Burke, M, Hornof, A, Nilsen, E & Gorman, N 2005, 'High-cost banner blindness: Ads increase
perceived workload, hinder visual search, and are forgotten', ACM Transactions on
Computer-Human Interaction (TOCHI), vol. 12, no. 4, pp. 423-445.
Čaić, M, Mahr, D, Aguirre, E, de Ruyter, K & Wetzels, M 2015, '“Too Close for Comfort”: The
Negative Effects of Location-Based Advertising', Advances in Advertising Research (Vol.
V), vol., pp. 103-111.
Chandon, JL, Chtourou, MS & Fortin, DR 2003, 'Effects of configuration and exposure levels
on responses to web advertisements', Journal of Advertising Research, vol. 43, no. 2, pp.
217-229.
Chatterjee, P, Hoffman, D & Novak, T 2003, 'Modeling the Clickstream: Implications for WebBased Advertising Efforts', Marketing Science, vol. 22, no. 4, pp. 520-541.

35

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Chellappa, RK & Sin, RG 2005, 'Personalization versus privacy: An empirical examination of
the online consumer’s dilemma', Information technology and management, vol. 6, no. 2-3,
pp. 181-202.
Chen, J & Stallaert, J 2010, 'An economic analysis of online advertising using behavioral
targeting', vol.
Chen, P-T & Hsieh, H-P 2011, 'Personalized mobile advertising: Its key attributes, trends, and
social impact', Technological Forecasting & Social Change, vol. 79, no. 3, pp. 543-557.
Cheng, HK, Li, S & Liu, Y 2015, 'Optimal software free trial strategy: Limited version, time‐
locked, or hybrid?', Production and Operations Management, vol. 24, no. 3, pp. 504-517.
Cheng, HK & Liu, Y 2012, 'Optimal software free trial strategy: The impact of network
externalities and consumer uncertainty', Information Systems Research, vol. 23, no. 2, pp.
488-504.
Cho, C-H 2003, 'The Effectiveness of Banner Advertisements: Involvement and Click-through',
Journalism & Mass Communication Quarterly, vol. 80, no. 3, pp. 623-645.
Choi, H, Mela, C, Balseiro, S & Leary, A 2017, 'Online Display Advertising Markets: A
Literature Review and Future Directions', in Columbia Business School Research Paper
18-1, <https://ssrn.com/abstract=3070706>.
Conner, M & Armitage, CJ 1998, 'Extending the theory of planned behavior: A review and
avenues for further research', Journal of applied social psychology, vol. 28, no. 15, pp. 14291464.
'Country
CTR
Stats:
Spaniards
like
to
tap'
2012,
AdDuplex,
<https://blog.adduplex.com/2012/02/22/country-ctr-stats-spaniards-like-to-tap/>.
Cox, DR & Reid, N 2000, The theory of the design of experiments, Chapman and Hall/CRC.
Craik, FI 2002, 'Levels of processing: Past, present... and future?', Memory, vol. 10, no. 5-6, pp.
305-318.
Cumulative number of apps downloaded from the apple app store 2018, viewed
<https://www.statista.com/statistics/263794/number-of-downloads-from-the-appleapp-store/>.
Danaher, PJ & Mullarkey, GW 2003, 'Factors Affecting Online Advertising Recall: A Study of
Students', J. Adv. Res., vol. 43, no. 3, pp. 252-267.
Davidavičienė, V 'Effectiveness factors of Online advertising', pp. 822-830.
Davis, FD 1985, A technology acceptance model for empirically testing new end-user information
systems: Theory and results, thesis, Massachusetts Institute of Technology.
De Pelsmacker, P, Geuens, M & Anckaert, P 2002, 'Media context and advertising effectiveness:
The role of context appreciation and context/ad similarity', Journal of Advertising, vol. 31,
no. 2, pp. 49-61.
'Digital
Marketing
Trends
in
the
Education
Market'
<https://mdreducation.com/reports/digital-marketing-trends-in-the-educationmarket/>.

2018,

36

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

'Display
and
mobile
advertising
creative
format
guidelines'
2015,
<https://archive.iab.com/www.iab.net/media/file/IAB_Display_Mobile_Creative_Guide
lines_HTML5_20153.pdf>.
Djamasbi, S, Hall-Phillips, A & Yang, R 2013, 'SERPs and Ads on Mobile Devices: An Eye
Tracking Study for Generation Y', Universal Access in Human-Computer Interaction. User
and Context Diversity, vol., pp. 259-268.
Donnini, G 2013, 'How Marketers Can Optimize For Clicks Based On Time Of Day',
MarketingLand,
<https://marketingland.com/how-marketers-can-optimize-for-clicksbased-on-time-of-day-30312>.
Doorn, J & Hoekstra, J 2013, 'Customization of online advertising: The role of intrusiveness', A
Journal of Research in Marketing, vol. 24, no. 4, pp. 339-351.
'DoubleClick for Advertisers, a cross section of regions' 2010, SmartInsights,
<https://www.smartinsights.com/internet-advertising/internet-advertisinganalytics/display-advertising-clickthrough-rates/>.
Drèze, X & Hussherr, FX 2003, 'Internet advertising: Is anybody watching?', Journal of
Interactive Marketing, vol. 17, no. 4, pp. 8-23.
Ducoffe, RH 1996, 'ADVERTISING VALUE AND ADVERTISING ON THE WEB', Journal of
Advertising Research, vol. 36, no. 5, p. 21.
Edizel, B, Mantrach, A & Bai, X 'Deep Character-Level Click-Through Rate Prediction for
Sponsored Search', pp. 305-314.
Effendi, MJ & Ali, SA 2017, 'Click Through Rate Prediction for Contextual Advertisement
Using Linear Regression', <https://arxiv.org/abs/1701.08744>.
eMarketer 2015, 'Mobile Will Account for 72% of US Digital Ad Spend by 2019', eMarketer,
<https://www.emarketer.com/Article/Mobile-Will-Account-72-of-US-Digital-AdSpend-by-2019/1012258>.
Evans, DS 2009, 'The Online Advertising Industry: Economics, Evolution, and Privacy', Journal
of Economic Perspectives, vol. 23, no. 3, pp. 37-60.
'The

Facebook
Ads
Benchmark
Report'
2012,
Top
Growth
Marketting,
<https://topgrowthmarketing.com/wp-content/uploads/2017/02/Facebook-AdsBenchmark-Report.pdf>.

Feige, U, Immorlica, N, Mirrokni, V & Nazerzadeh, H 'A combinatorial allocation mechanism
with penalties for banner advertising', ACM, pp. 169-178.
Fishbein, M & Ajzen, I 1975, Intention and Behavior: An introduction to theory and research,
Addison-Wesley, Reading, MA.
Ghose, A, Goldfarb, A & Han, SP 2013, 'How Is the Mobile Internet Different? Search Costs
and Local Activities', Information Systems Research, vol. 24, no. 3, pp. 613-631.
Ghose, A & Todri, V 2015, 'Towards a digital attribution model: Measuring the impact of
display advertising on online consumer behavior'.
Giddens, A 1986, The constitution of society: Outline of the theory of structuration, Univ of
California Press.

37

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Goh, K-Y, Chu, J & Wu, J 2015, 'Mobile Advertising: An Empirical Study of Temporal and
Spatial Differences in Search Behavior and Advertising Response', Journal of Interactive
Marketing, vol. 30, pp. 34-45.
Goldfarb, A & Tucker, C 2011, 'Online display advertising: Targeting and obtrusiveness',
Marketing Science, vol. 30, no. 3, pp. 389-404.
Goldstein, DG, McAfee, RP & Suri, S 2011, 'The effects of exposure time on memory of display
advertisements', Proceedings of the 12th ACM conference on Electronic commerce - EC '11,
vol., pp. 49-58.
Goldstein, DG, McAfee, RP & Suri, S 2015, 'Improving the Effectiveness of Time-Based Display
Advertising', ACM Transactions on Economics and Computation (TEAC), vol. 3, no. 2, pp.
1-20.
Graham,
R
2011,
'A
brief
history
of
digital
ad
buying
and
sell',
<http://www.clickz.com/clickz/column/1721924/a-brief-history-digital-ad-buyingselling >.
Grewal, D, Bart, Y, Spann, M & Pal Zubcsek, P 2016, 'Mobile Advertising: A Framework and
Research Agenda', Journal of Interactive Marketing, vol. 34.
Grewal, D, Bart, Y, Spann, M & Zubcsek, PP 2016, 'Mobile advertising: a framework and
research agenda', Journal of Interactive Advertising, vol. 34, pp. 3-14.
Grigorovici, DM & Constantin, CD 2004, 'Experiencing interactive advertising beyond rich
media: Impacts of ad type and presence on brand effectiveness in 3D gaming immersive
virtual environments', Journal of Interactive Advertising, vol. 5, no. 1, pp. 22-36.
Gupta, R, Khirbat, G & Singh, S 2014, 'A Novel Method to Calculate Click Through Rate for
Sponsored Search', arXiv preprint arXiv:1403.5771.
Ha, L 2008, 'Online Advertising Research in Advertising Journals: A Review', Journal of Current
Issues & Research in Advertising (CTC Press), vol. 30, no. 1, pp. 31-48.
Hagen, P, Robertson, T & Sadler, K 2006, 'Accessing Data: methods for understanding mobile
technology use', Australasian Journal of Information Systems, vol. 13, no. 2.
Haghirian, P & Inoue, A 2007, 'An advanced model of consumer attitudes toward advertising
on the mobile internet', International Journal of Mobile Communications, vol. 5, no. 1, pp.
48-67.
Haley, RI 1968, 'Benefit segmentation: A decision-oriented research tool', Journal of Marketing,
vol. 32, no. 3, pp. 30-35.
Hao, L, Guo, H & Easley, RF 2017, 'A Mobile Platform's In-App Advertising Contract Under
Agency Pricing for App Sales', Production and Operations Management, vol. 26, no. 2, pp.
189-202.
Hedges, A, Ford-Hutchinson, S & Stewart-Hunter, M 1997, Testing to Destruction: A Critical
Look at the Uses of Research in Advertising, Institute of Practitioners in Advertising.
Herrewijn, L & Poels, K 2018, 'The effectiveness of in-game advertising : examining the
influence of ad format.', Advances in advertising research, vol. 9, no. Power to consumers.

38

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Hewson, C, Vogel, CM & Laurent, D 2016, Internet research methods, Second Edition edn, SAGE
Publications Ltd, London.
Hirose, M, Mineo, K & Tabe, K 2017, 'The Influence of Personal Data Usage on Mobile Apps',
in Advances in Advertising Research (Vol. VII), Springer, pp. 101-113.
Hoffman, DL & Novak, TP 2000, 'Advertising pricing models for the world wide web', Internet
publishing and beyond: The economics of digital information and intellectual property, vol. 5, p.
2.
Holliman, G & Rowley, J 2014, 'Business to business digital content marketing: marketers’
perceptions of best practice', Journal of research in interactive marketing, vol. 8, no. 4, pp.
269-293.
Hollis, N 2005, 'Ten years of learning on how online advertising builds brands', Journal of
advertising research, vol. 45, no. 2, pp. 255-268.
Hoque, AY & Lohse, GL 1999, 'An Information Search Cost Perspective for Designing
Interfaces for Electronic Commerce', Journal of marketing research, vol. 36, no. 3, pp. 387394.
IAB, IAB 2017, 'Internet Advertising Revenue Report', Internet Advertising Revenue Report,
<www.iab.com>.
'IAB New Standard Ad Unit Portfolio' 2017.
Idwan, S, Alramouni, S, Al-Adhaileh, M & Al-Khasawneh, A 2008, 'Enhancing mobile
advertising via Bluetooth technology', International journal of mobile communications, vol.
6, no. 5, pp. 587-597.
'Interactive Audience Measurement and Advertising Campaign Reporting and Audit
Guidelines' 2014, September, <https://www.iab.com/wp-content/uploads/2015/06/AdImpression-Measurment-Guideline-US.pdf>.
Internet Advertising Revenue Report 1996-2016, <https://www.iab.com/insights/iab-internetadvertising-revenue-report-conducted-by-pricewaterhousecoopers-pwc-2/>.
Jansen, BJ & Spink, A 2007, 'Sponsored search: is money a motivator for providing relevant
results?', Computer, vol. 40, no. 8, pp. 52-57.
Jefferson, S & Tanton, S 2015, Valuable content marketing: how to make quality content your key to
success, Kogan page publishers.
Jeong, EJ & Biocca, FA 2012, 'Are there optimal levels of arousal to memory? Effects of arousal,
centrality, and familiarity on brand memory in video games', Computers in human
behavior, vol. 28, no. 2, pp. 285-291.
Jiang, J, Liang, T-P & Tsai, JC-A 2019, 'Knowledge Profile in PAJAIS: A Review of Literature
and Future Research Directions', Pacific Asia Journal of the Association for Information
Systems, vol. 11, no. 1.
Johnson, EJ, Moe, WW, Fader, PS, Bellman, S & Lohse, GL 2004, 'On the depth and dynamics
of online search behavior', Management Science, vol. 50, no. 3, p. 299.
Johnson, G & Lewis, RA 2015, 'Cost per incremental action: Efficient pricing of advertising',
vol.

39

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Josephson, S 2004, 'Eye tracking methodology and the Internet', in Handbook of Visual
Communication, Routledge, pp. 85-102.
Karimova, GZ 2012, 'Toward a Bakhtinian typology of ambient advertising', Journal of
Marketing Communications, vol. 20, no. 4, pp. 251-269.
Karp, S 2008, 'Google AdWords: A brief history of online ad- vertising innovation.',
<https://publishing2.com/2008/05/27/google-adwords-a-brief-history-of-onlineadvertising-innovation/>.
Katz, E, Blumler, JG & Gurevitch, M 1973, 'Uses and gratifications research', The public opinion
quarterly, vol. 37, no. 4, pp. 509-523.
Keller, KL 2016, 'Unlocking the power of integrated marketing communications: How
integrated is your IMC program?', Journal of Advertising, vol. 45, no. 3, pp. 286-301.
Kenny, D & Marshall, J 2001, 'Contextual marketing: The real business of the internet',
<https://hbswk.hbs.edu/archive/contextual-marketing-the-real-business-of-theinternet>.
Kent, RJ 1993, 'Competitive versus noncompetitive clutter in television advertising', Journal of
Advertising Research, vol. 33, no. 2, pp. 40-47.
Kent, RJ 1995, 'Competitive clutter in network television advertising: current levels and
advertiser responses', Journal of Advertising Research, vol. 35, no. 1, pp. 49-49.
Kim, KY & Lee, BG 2015, 'Marketing insights for mobile advertising and consumer
segmentation in the cloud era: A Q–R hybrid methodology and practices', Technological
Forecasting and Social Change, vol. 91, pp. 78-92.
King, V 2017, 'Publishers, It’s Time to Take Back Control of Your Inventory.', Medium,
<https://medium.com/buysellads-restoring-the-balance/publishers-its-time-to-takeback-control-of-your-inventory-869b72e38e6>.
Kohavi, R, Longbotham, R, Sommerfield, D & Henne, R 2009, 'Controlled experiments on the
web: survey and practical guide', Data Mining and Knowledge Discovery, vol. 18, no. 1, pp.
140-181.
Korgaonkar, P, Petrescu, M & Karson, E 2015, 'Hispanic-Americans, Mobile Advertising and
Mobile Services', Journal of Promotion Management, vol. 21, no. 1, pp. 107-125.
Korula, N, Mirrokni, V & Nazerzadeh, H 2016, 'Optimizing display advertising markets:
Challenges and directions', IEEE Internet Computing, vol. 20, no. 1, pp. 28-35.
Kumar, S 2016, Optimization issues in web and mobile advertising : past and future trends, Springer
International Publishing : Imprint: Springer, Cham.
Kumar, S, Dawande, M & Mookerjee, V 2007, 'Optimal Scheduling and Placement of Internet
Banner Advertisements', IEEE Transactions on Knowledge and Data Engineering, vol. 19,
no. 11, pp. 1571-1584.
Kumar, S, Jacob, VS & Sriskandarajah, C 2006, 'Scheduling advertisements on a web page to
maximize revenue', European journal of operational research, vol. 173, no. 3, pp. 1067-1089.
Kumar, Sa 2016, Optimization issues in web and mobile advertising : past and future trends, Springer
International Publishing : Imprint: Springer, Cham.

40

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Kumar, V & Gupta, S 2016, 'Conceptualizing the evolution and future of advertising', Journal
of Advertising, vol. 45, no. 3, pp. 302-317.
Laszlo, J 2009, 'The new unwired world: an IAB status report on mobile
advertising.(Interactive Advertising Bureau)(Report)', Journal of Advertising Research, vol.
49, no. 1, p. 27.
Laudon, KC & Traver, CG 2018, E-commerce 2017.
Lavidge, R & Steiner, G 1961, 'A Model for Predictive Measurements of Advertising
Effectiveness', Journal of Marketing, vol. 25, no. 6, p. 59.
Lavrakas, PJ 2008, Encyclopedia of survey research methods, Sage Publications.
Le, TD & Nguyen, B-TH 2014, 'Attitudes toward mobile advertising: A study of mobile web
display and mobile app display advertising', Asian Academy of Management Journal, vol.
19, no. 2, pp. 87-103.
Lee, C, Kumar, V & Gupta, S 2013, 'Designing freemium: a model of consumer
usage,
upgrade,
and
referral
dynamics',
<http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.475.3716&rep
=rep1&type=pdf>.
Lee, M & Faber, RJ 2007, 'Effects of product placement in on-line games on brand memory: A
perspective of the limited-capacity model of attention', Journal of Advertising, vol. 36, no.
4, pp. 75-90.
Lemon, KN & Verhoef, PC 2016, 'Understanding customer experience throughout the
customer journey', Journal of Marketing, vol. 80, no. 6, pp. 69-96.
Li, H & Bukovac, JL 1999, 'Cognitive Impact of Banner Ad Characteristics: An Experimental
Study', Journalism & Mass Communication Quarterly, vol. 76, no. 2, pp. 341-353.
Li, H & Leckenby, JD 2004, 'Internet advertising formats and effectiveness', Center for Interactive
Advertising, vol., pp. 1-31.
Li, Y-W, Yang, S-M & Liang, T-P 2015, 'Website interactivity and promotional framing on
consumer attitudes toward online advertising: Functional versus symbolic brands',
Pacific Asia Journal of the Association for Information Systems, vol. 7, no. 2.
Li, Y 2014, Spatial and temporal patterns of geo-tagged tweets, thesis, ProQuest Dissertations
Publishing.
Lim, TY, Tan, TL & Jnr Nwonwu, GE Usablity testing, 'Mobile In-App Advertising for
Tourism: A Case Study', in C Stephanidis (ed.), Four banner ads; 10 participants, Berlin,
Heidelberg, Springer Berlin Heidelberg, How user memorize mobile in-app banner ads
and why user ignore or interact with the banner ad?, pp. 695-699.
Lin, M, Ke, X & Whinston, AB 2012, 'Vertical differentiation and a comparison of online
advertising models', Journal of Management Information Systems, vol. 29, no. 1, pp. 195236.
Lin, TTC, Paragas, F, Goh, D & Bautista, JR 2015, 'Developing location-based mobile
advertising in Singapore: A socio-technical perspective', Technological Forecasting & Social
Change, vol. 103, no. C, pp. 334-349.

41

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Lin, Y & Lin, K 'Effects of ad sizes, positions, types, and user's gender on the click-through rate
of web advertisement',
Lohtia, R, Donthu, N & Hershberger, EK 2003, 'The Impact of Content and Design Elements
on Banner Advertising Click-through Rates', J. Adv. Res., vol. 43, no. 4, pp. 410-418.
Luo, X, Andrews, M, Fang, Z & Phang, CW 2014, 'Mobile Targeting', Management Science, vol.
60, no. 7, pp. 1738-1756.
Mackenzie, S, Lutz, R & Belch, G 1986, 'The Role of Attitude Toward the Ad as a Mediator of
Advertising Effectiveness: A Test of Competing Explanations', Journal of marketing
research, vol. 23, no. 2, p. 130.
Mangani, A 2004, 'Online advertising: Pay-per-view versus pay-per-click', Journal of Revenue
and Pricing Management, vol. 2, no. 4, pp. 295-302.
Marx, W 1996, 'How to make Web ads more effective', Advertising Age's Business Marketing,
vol. 81, no. 10, p. M1.
McDonald, A & Cranor, LF 2010, 'Beliefs and behaviors: Internet users' understanding of
behavioral advertising', in Available at SSRN 1989092, TPRC.
Menon, AK, Chitrapura, K-P, Garg, S, Agarwal, D & Kota, N 'Response prediction using
collaborative filtering with hierarchies and side-information', ACM, pp. 141-149.
Meyer, KE, Ding, Y, Li, J & Zhang, H 2018, 'Overcoming distrust: How state-owned enterprises
adapt their foreign entries to institutional pressures abroad', in State-Owned
Multinationals, Springer, pp. 211-251.
Miller, GA 1956, 'The magical number seven, plus or minus two: Some limits on our capacity
for processing information', Psychological review, vol. 63, no. 2, p. 81.
Miller, S 2006, 'The ConversionLab.com: how to experiment your way to increased web sales
using split testing and Taguchi optimization', <http://www.conversionlab.com/>.
Mokbel, MF & Levandoski, JJ 'Toward context and preference-aware location-based services',
ACM, pp. 25-32.
Molitor, D, Reichhart, P & Spann, M 2012, 'Location-based advertising: measuring the impact
of context-specific factors on consumers’ choice behavior', Available at SSRN 2116359.
Montgomery, A, Hosanagar, K & Clay, K 2004, 'Designing a Better Shopbot', Management
Science, vol. 50, no. 2, pp. 189-206.
Moorman, M 2003, Context considered: the relationship between media environments and
advertising effects, thesis, Universiteit van Amsterdam [Host].
Muthukrishnan, S 'Ad Exchanges: Research Issues', Berlin, Heidelberg, Internet and Network
Economics, Springer Berlin Heidelberg, pp. 1-12.
Muylle, S, Moenaert, R & Despontin, M 1999, 'A grounded theory of World Wide Web search
behaviour', Journal of Marketing Communications, vol. 5, no. 3, pp. 143-155.
Nakamura, A & Abe, N 2005, 'Improvements to the linear programming based scheduling of
web advertisements', Electronic Commerce Research, vol. 5, no. 1, pp. 75-98.

42

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Nasco, SA & Bruner, GC 2008, 'Comparing consumer responses to advertising and non‐
advertising mobile communications', Psychology & Marketing, vol. 25, no. 8, pp. 821-837.
Newman, N, Fletcher, R, Levy, DA & Nielsen, RK 2016, 'Digital news report 2016', Reuters
Institute for the Study of Journalism.
Niculescu, MF & Wu, DJ 2014, 'Economics of free under perpetual licensing: Implications for
the software industry', Information Systems Research, vol. 25, no. 1, pp. 173-199.
Nittala, R 2011, 'Registering for incentivized mobile advertising: Discriminant analysis of
mobile users', International Journal of Mobile Marketing, vol. 6, no. 1, pp. 42-53.
Norris, CE & Colman, AM 1993, 'Context effects on memory for television advertisements',
Social Behavior and Personality: an international journal, vol. 21, no. 4, pp. 279-296.
Oak,

P
2008,
'The
importance
of
ad
placement',
eConsultancy,
<https://www.econsultancy.com/blog/2778-the-importance-of-ad-placement>.

Okazaki, S 2012, 'Lessons Learned for Teaching Mobile Advertising', Advertising Theory, vol.,
p. 373.
Okazaki, S & Barwise, P 2011, 'Has the time finally come for the medium of the future?:
Research on mobile advertising', Journal of Advertising Research, vol. 51, no. 1 50th
Anniversary Supplement, pp. 59-71.
Ouellette, JA & Wood, W 1998, 'Habit and intention in everyday life: The multiple processes
by which past behavior predicts future behavior', Psychological bulletin, vol. 124, no. 1, p.
54.
Park, T, Shenoy, R & Salvendy, G 2008, 'Effective advertising on mobile phones: a literature
review and presentation of results from 53 case studies', Behaviour & Information
Technology, vol. 27, no. 5, pp. 355-373.
Patzer, GL 1991, 'Multiple dimensions of performance for 30-second and 15-second
commercials. (includes appendices)', Journal of Advertising Research, vol. 31, no. 4, p. 18.
Pavlou, PA & Stewart, DW 2000, 'Measuring the Effects and Effectiveness of Interactive
Advertising: A Research Agenda', Journal of Interactive Advertising, vol. 1, no. 1, pp. 6177.
Perlich, C, Dalessandro, B, Hook, R, Stitelman, O, Raeder, T & Provost, F 'Bid optimizing and
inventory scoring in targeted online advertising', ACM, pp. 804-812.
Pieters, FGM & Raaij, WF 1992, Reclamewerking, Stenfert Kroese.
Prochkova, I, Singh, V & Nurminen, JK 2012, Energy Cost of Advertisements in Mobile Games on
the Android Platform.
Pulizzi, J 2012, 'The rise of storytelling as the new marketing', Publishing research quarterly, vol.
28, no. 2, pp. 116-123.
Punyatoya, P 2011, 'How Effective are Internet Banner Advertisements in India', Journal of
Marketing & Communication, vol. 7, no. 1.
Qian, F, Wang, Z, Gao, Y, Huang, J, Gerber, A, Mao, Z, Sen, S & Spatscheck, O 'Periodic
transfers in mobile applications: network-wide origin, impact, and optimization', ACM,
pp. 51-60.
43

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Quarto-vonTivadar,
J
2006,
'AB
Testing:
Too
Little,
Too
<https://persuasion.typepad.com/architect/2006/03/ab_testing_too_.html>.

Soon',

Rastogi, V, Shao, R, Chen, Y, Pan, X, Zou, S & Riley, R 'Are these Ads Safe: Detecting Hidden
Attacks through the Mobile App-Web Interfaces',
Richards, JI & Curran, CM 2002, 'Oracles on "advertising": searching for a definition', Journal
of Advertising, vol. 31, no. 2, p. 63.
Richardson, M, Dominowska, E & Ragno, R 'Predicting clicks: estimating the click-through
rate for new ads', ACM, pp. 521-530.
Robinson, H, Wysocka, A & Hand, C 2007, 'Internet advertising effectiveness: The effect of
design on click-through rates for banner ads', International Journal of Advertising, vol. 26,
no. 4, pp. 527-541.
Rodgers, S, Ouyang, S & Thorson, E 2017, 'Revisiting the Interactive Advertising Model (IAM)
after 15 Years', Digital Advertising: Theory and Research, vol., pp. 1-18.
Rodgers, S & Sheldon, K 2002, 'An improved way to characterize Internet users', Journal of
Advertising Research, vol. 42, no. 5, pp. 85-94.
Rodgers, S & Thorson, E 2000, 'The Interactive Advertising Model: How Users Perceive and
Process Online Ads', Journal of Interactive Advertising, vol. 1, no. 1, pp. 41-60.
Roehm, HA & Haugtvedt, CP 1999, 'Understanding interactivity of cyberspace advertising',
Advertising and the world wide web, vol., pp. 27-39.
Roels, G & Fridgeirsdottir, K 2009, 'Dynamic revenue management for online display
advertising', Journal of Revenue and Pricing Management, vol. 8, no. 5, pp. 452-466.
Rosenkrans, G 2007, Online Advertising Metrics.
Rosenkrans, G 2007, 'Online advertising metrics', in Handbook of research on electronic surveys
and measurements, IGI Global, pp. 136-143.
Rosenkrans, G & Myers, K 2012, 'Mobile advertising effectiveness', International Journal of
Mobile Marketing, vol. 7, no. 3.
Rust, RT 2016, 'Comment: Is Advertising a Zombie?', Journal of Advertising, vol. 45, no. 3, pp.
346-347.
Sahni, N 2015, 'Effect of temporal spacing between advertising exposures: Evidence from
online field experiments', QME, vol. 13, no. 3, pp. 203-247.
San José-Cabezudo, R, Gutiérrez-Cillán, J & Gutiérrez-Arranz, AM 2008, 'The moderating role
of user motivation in Internet access and individuals' responses to a Website', Internet
Research, vol. 18, no. 4, pp. 393-404.
Sandberg, Ra & Rollins, M 2013, The Business of Android Apps Development Making and Marketing
Apps that Succeed on Google Play, Amazon App Store and More, 2nd ed. edn, Apress :
Imprint: Apress, Berkeley, CA.
Schick, S 2013, 'The in-app advertising metrics that will matter', FierceDeveloper [Newton].

44

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Schneider, L-P, Systems, B & Cornwell, TB 2005, 'Cashing in on crashes via brand placement
in computer games: The effects of experience and flow on memory', International Journal
of Advertising, vol. 24, no. 3, pp. 321-343.
Scholten, M 1996, 'Lost and found: the information-processing model of advertising
effectiveness', Journal of Business Research, vol. 37, no. 2, pp. 97-104.
Schonberg, E, Cofino, T, Hoch, R, Podlaseck, M & Spraragen, SL 2000, 'Measuring success',
Communications of the ACM, vol. 43, no. 8, pp. 53-53.
Schultz, D 2016, 'The future of advertising or whatever we're going to call it', Journal of
Advertising, vol. 45, no. 3, pp. 276-285.
Shankar, V & Balasubramanian, S 2009, 'Mobile marketing: a synthesis and prognosis', Journal
of interactive marketing, vol. 23, no. 2, pp. 118-129.
Shavitt, S, Lowrey, P & Haefner, J 1998, 'Public attitudes toward advertising: More favorable
than you might think', Journal of Advertising Research, vol. 38, no. 4, pp. 7-22.
Shu, SB & Peck, J 2011, 'Psychological ownership and affective reaction: Emotional attachment
process variables and the endowment effect', Journal of Consumer Psychology, vol. 21, no.
4, pp. 439-452.
Singh, SN, Dalal, N & Spears, N 2005, 'Understanding web home page perception', European
Journal of Information Systems, vol. 14, no. 3, pp. 288-302.
Statista 2018, 'Worldwide mobile in-app advertising revenues in 2015, 2016 and 2020 (in billion
U.S. dollars)', Statista, <https://www.statista.com/statistics/220149/total-worldwidemobile-app-advertising-revenues/>.
Steel,

E
2011,
'Using
credit
cards
to
target
web
ads',
<https://www.wsj.com/articles/SB10001424052970204002304576627030651339352>.

Sun 2017, 'Not Just a Fad: Optimal Sequencing in Mobile In-App Advertising', Information
Systems Research, vol. 28, no. 3.
Sundar, SS & Kalyanaraman, S 2004, 'AROUSAL, MEMORY, AND IMPRESSIONFORMATION EFFECTS OF ANIMATION SPEED IN WEB ADVERTISING', Journal of
Advertising, vol. 33, no. 1, pp. 7-17.
Sweetser, KD, Ahn, SJ, Golan, GJ & Hochman, A 2016, 'Native advertising as a new public
relations tactic', American behavioral scientist, vol. 60, no. 12, pp. 1442-1457.
Tam, KY & Ho, SY 2006, 'Understanding the impact of web personalization on user
information processing and decision outcomes', MIS quarterly, vol., pp. 865-890.
Thorson, E & Schumann, DW 1999, Advertising and the World Wide Web, Psychology Press,
Mahwah, N.J.
Trivedi, JP 2015, 'Mobile Advertising Effectiveness on Gen Ys Attitude and Purchase
Intentions', International Journal of Marketing and Business Communication, vol. 4, no. 2, p.
2.
Trope, Y & Liberman, N 2003, 'Temporal construal', Psychological review, vol. 110, no. 3, p. 403.
Truong, VN 'Optimizing mobile advertising using ad refresh interval', IEEE, pp. 1-4.

45

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

Tucker, CE 2014, 'Social networks, personalized advertising, and privacy controls', Journal of
marketing research, vol. 51, no. 5, pp. 546-562.
Van Belle, G 2011, Statistical rules of thumb, John Wiley & Sons.
Van Reijmersdal, E, Neijens, P & Smit, E 2005, 'Readers' reactions to mixtures of advertising
and editorial content in magazines', Journal of Current Issues & Research in Advertising,
vol. 27, no. 2, pp. 39-53.
Varnali, K & Toker, A 2010, 'Mobile marketing research: The-state-of-the-art', International
journal of information management, vol. 30, no. 2, pp. 144-151.
Wegert, T 2002, 'Pop-up Ads, Part 1: Good? Bad? Ugly', Retrieved July, vol. 9, p. 2004.
Weingarten, E & Berger, J 2017, 'Fired up for the future: How time shapes sharing', Journal of
Consumer Research, vol. 44, no. 2, pp. 432-447.
Wolfinbarger, M & Gilly, MC 2003, 'eTailQ: dimensionalizing, measuring and predicting etail
quality', Journal of Retailing, vol. 79, no. 3, pp. 183-198.
Yacko, S 2012, MINIMUM SAMPLE SIZE: HOW MANY USERS IS ENOUGH?
Yan, J, Liu, N, Wang, G, Zhang, W, Jiang, Y & Chen, Z 'How much can behavioral targeting
help online advertising?', ACM, pp. 261-270.
Yuan, S, Abidin, AZ, Sloan, M & Wang, J 2012, 'Internet advertising: An interplay among
advertisers, online publishers, ad exchanges and web users', in arXiv preprint
arXiv:1206.1754.
Yuan, S, Wang, J & Zhao, X 'Real-time bidding for online advertising: measurement and
analysis', ACM, p. 3.
Yunos, HM, Gao, JZ & Shim, S 2003, 'Wireless advertising's challenges and opportunities',
Computer, vol. 36, no. 5, pp. 30-37.
Zhou, G, Song, C, Zhu, X, Ma, X, Yan, Y, Dai, X, Zhu, H, Jin, J, Li, H & Gai, K Model Testing,
'Deep Interest Network for Click-Through Rate Prediction', Alibaba data, ACM, How
does Deep Interest Network compare with the MLP-based model?, pp. 1059-1068.
Zhu, Y & Wilbur, KC 2011, 'Hybrid advertising auctions', Marketing Science, vol. 30, no. 2, pp.
249-273.
Zorn, S, Olaru, D, Veheim, T, Zhao, S & Murphy, J 2012, 'IMPACT OF ANIMATION AND
LANGUAGE ON BANNER CLICK-THROUGH RATES', Journal of Electronic Commerce
Research, vol. 13, no. 2, pp. 173-183.

46

Australasian Journal of Information Systems
2019, Vol 23, Research Article

Truong, Nkhoma & Pansuwong
Integrated Effectiveness Framework for In-App Advertising

APPENDIX A: Real-Time Bidding Process

Source: Brakenhoff and Spruit (2017)
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APPENDIX B: Interactive Advertising Model

Source Rogers & Thorson, 2000
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APPENDIX C: Framework for Online Behavioral Advertising

Source: Boerman, Kruikemeier and Zuiderveen Borgesius (2017)
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APPENDIX D: Mobile Advertising Effectiveness Framework

Source: Grewal et al. (2016)
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