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Accurately measuring content consumption on a 

modern Play service 

Abstract 
This research represents an attempt to define and accurately measure user consumption of                         
content on a modern, advertised VOD service (AVOD), more specifically known in Sweden as a                             
Play service. With a foundation of previous research in the area of VOD and AVOD services,                               
the characteristics and flaws of these types of platforms are discussed to shine light on factors                               
that might concern Play services. Optimizing the vast content inventory offered on these                         
services is crucial for long term profitability, and to achieve this, content providers need to                             
understanding how to measure the consumption properly. 
 
A contentcentric approach was used to focus on individual formats (e.g. TV shows) and the                             
factors that can describe its consumption. A macro perspective was initially applied to                         
investigate global factors that dictates consumption. Analysis on a micro level was carried out                           
by analyzing tracking data collected for a full year from one of the biggest Play services in                                 
Sweden, TV3play.se. Ultimately, the development of a new method to measure consumption                       
called Consumption Volume Score (CVS) is proposed. It is introduced as an alternative to the                             
traditional unit which has been to measure the amount of video starts (VS). The validity was                               
evaluated using comparison of rank difference for individual formats, using both methods and                         
different criterias. 
 
The results shows that the method of using CVS to measure consumption yields little to no                               
difference in ranking of highly popular formats, while less consumed formats had a more varied                             
change in rank. Further analysis on some of these formats indicated that they might have a                               
dedicated niche audience, where content editors might see potential gains from handpicking                       
them to optimize the consumption further. The findings gives support to believe that CVS as a                               
unit of measuring consumption can help to further understand how individual formats perform,                         
especially less consumed and potentially niched ones. Future research on CVS is                       
recommended to discern its feasibility in a live context. 
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Noggrann mätning av konsumtion på en modern 

Playtjänst 

Sammanfattning 
Denna forskning ämnar att finna metoder för att definiera samt noggrant kunna mäta                         
konsumtionen av streamad media på en modern, reklamfinansierad VODtjänst (AVOD), i                     
Sverige är dessa mer kända som Playtjänster. Med utgångspunkt från tidigare forskning inom                         
på streamingtjänster, belyses de egenskaper och brister dessa typer av plattformar kan                       
påverkas av, i synnerhet de faktorer som kan vara relevanta för Playtjänster. Att kunna                           
organisera och underhålla de stora mängder media som erbjuds på dessa tjänster är avgörande                           
för långsiktig lönsamhet, och för att uppnå detta måste redaktörerna förstå hur man mäter                           
konsumtionen med hög tillförlitlighet i sin uppgift att ta väl grundade beslut. 
 
En innehållscentrerat (contentcentric) tillvägagångssätt användes för att kunna fokusera på                   
enskilda format (t.ex. TVprogram) och de inbördes faktorer som kan beskriva dess konsumtion.                         
Ett makroperspektiv applicerades initialt för att undersöka de globala faktorer som styr                       
konsumtion. Vidare tillämpades en analys på mikronivå genom att undersöka spårningsdata                     
kopplat till det innehåll som finns tillgängligt på plattformen. Underlaget för spårningsdatan                       
bestod av ett helt års konsumtion (2014) från en av de största Playtjänsterna i Sverige,                             
TV3play.se. Framtagning av en ny metod för att mäta konsumtionen kallad Consumption                       
Volume Score (CVS) föreslås och införs som ett alternativ till den traditionella metod som har                             
varit att mäta den totala mängden av Videostarter (VS). Signifikansen av den nya metoden                           
utvärderades genom jämförelse av rangordning av enskilda format baserat på CVS och VS                         
samt olika kriterier. 
 
Resultaten visar att CVS för att mäta konsumtion ger ytterst liten eller ingen skillnad i ranking av                                 
mycket populära format, medan mindre konsumerade format hade en mer varierad förändring i                         
rang. Vidare analys av en del av dessa format indikerade att de skulle kunna ha en nischad                                 
publik som uppskattar innehållet, trots relativt låg konsumption. För dessa format anser jag att                           
det finns möjlighet för redaktörer att manuellt handplocka dem för att optimera konsumtionen                         
ytterligare. Resultaten ger underlag för godta CVS som en signifikant mätenhet för konsumtion                         
och kan bidra till att förstå hur enskilda format presterar, särskilt mindre konsumerade och                           
potentiellt nischade sådana. Framtida forskning om CVS som metod för att mäta konsumtion                         
rekommenderas, i synnerhet för att avgöra hur väl det lämpas att applicera i en skarp miljö. 
 

  

2 



 

 III 

 
 
  



 

 IV 

Table of Contents!

1! Background!.......................................................................................................................!1!
1.1! Main!research!question!...............................................................................................................................................!2!
1.2! Defining!content!and!formats!...................................................................................................................................!2!
1.3! Purpose!and!objectives!................................................................................................................................................!2!
1.4! Delimitations!....................................................................................................................................................................!2!
2! Theory!..............................................................................................................................!3!
2.1! The!current!online!media!landscape!.....................................................................................................................!3!
2.2! AVOD!and!Play!services!...............................................................................................................................................!3!
2.3! Play!services!and!linear!TV!........................................................................................................................................!4!
2.3.1! “Catch+up”+features3of3Play3services3...................................................................................................................34!
2.3.2! Content3characteristics3.............................................................................................................................................34!
2.3.3! Content3availability3restrictions3...........................................................................................................................35!

2.4! The!abundance!of!online!media!...............................................................................................................................!6!
2.4.1! Interpersonal3network’s3impact3on3individual3consumption3...................................................................36!

2.5! Media!repertoires!..........................................................................................................................................................!7!
2.6! Audience!fragmentation!..............................................................................................................................................!7!
2.6.1! Long3tail3effect3of3online3media3consumption3.................................................................................................38!
2.6.2! Winner+take+all3and3the3Pareto3principle3.........................................................................................................39!

2.7! Measuring!content!consumption!............................................................................................................................!9!
3! Methodology!..................................................................................................................!11!
3.1! Literature!study!...........................................................................................................................................................!11!
3.2! User!behavior!flow!.....................................................................................................................................................!12!
3.3! Data!mining!and!pattern!analysis!........................................................................................................................!12!
3.3.1! Data3collection3using3Google3Analytics3...........................................................................................................312!

3.4! HerfindahlLHirschman!Index!(HHI)!to!measure!fragmentation!.............................................................!13!
3.5! Long!tail!distribution!curve!....................................................................................................................................!14!
3.6! ContentLcentric!vs.!userLcentric!approach!to!consumption!.....................................................................!14!
3.7! Format!consumption!analysis!...............................................................................................................................!14!
3.7.1! Calculating3In+stream3Drop+off3Rate3...............................................................................................................314!
3.7.2! Defining3Consumption3Volume3Score3(CVS)3to3measure3consumption3.............................................314!
3.7.3! Statistical3hypothesis3testing3of3rank3difference3using3t+Test3...............................................................315!

3.8! Errors!when!measuring!consumption!...............................................................................................................!15!
4! Results!............................................................................................................................!16!
4.1! Identifying!the!user!behavior!flow!on!TV3play.se!........................................................................................!16!
4.1.1! Way3of3entry3................................................................................................................................................................316!
4.1.2! Drill3down3of3interactions3.....................................................................................................................................317!
4.1.3! 1st3interaction3............................................................................................................................................................318!
4.1.4! 2nd3interaction3+3“Program3section”3................................................................................................................319!
4.1.5! 2nd3interaction3+3“Search”3....................................................................................................................................319!

4.2! Video!start!distribution!per!format!.....................................................................................................................!20!



 

 V 

4.2.1! Pareto3principle3.........................................................................................................................................................322!
4.3! HHI!calculation!of!the!video!start!distribution!..............................................................................................!23!
5! Format!consumption!analysis!on!a!micro!level!................................................................!24!
5.1! Factors!affecting!consumption!..............................................................................................................................!24!
5.1.1! In+stream3drop+off3rate3(IDR)3.............................................................................................................................324!
5.1.2! Average3User3Retention3(AUR)3...........................................................................................................................325!
5.1.3! Consumption3Volume3Score3(CVS)3.....................................................................................................................327!

5.2! Evaluating!Consumption!Volume!Score!............................................................................................................!28!
5.2.1! Assessing3statistical3difference3in3format3ranking3using3t+Test3...........................................................329!

5.3! Identified!prominent!metric!patterns!................................................................................................................!30!
5.3.1! Production3type3and3category3.............................................................................................................................330!

5.4! Individual!episodes!impact!on!Consumption!Volume!Score!....................................................................!30!
6! Discussion!.......................................................................................................................!33!
6.1.1! The3undeniable3power3of3the3users3...................................................................................................................333!
6.1.2! Theoretical3implications3........................................................................................................................................333!
6.1.3! Implications3of3user3behavior3flow3....................................................................................................................334!
6.1.4! Validity3of3using3CVS3to3measure3consumption3...........................................................................................334!
6.1.5! Sifting3out3the3hidden3gems3from3the3long3tail3............................................................................................335!

6.2! Conclusion!......................................................................................................................................................................!37!
6.2.1! Research3limitations3................................................................................................................................................339!

6.3! Recommendations!for!future!research!..............................................................................................................!40!
6.4! Last!words!......................................................................................................................................................................!41!
7! References!......................................................................................................................!42!
8! Books!..............................................................................................................................!43!
9! Interviews!.......................................................................................................................!43!
 

  



 

 VI 

Acronyms & Definitions 

MTG - Modern Times Group. 
MMS - Mediamätning i Skandinavien. 
VOD - Video On Demand. 
AVOD - Advertised Video On Demand. 
VS - Video Start. 
CVS - Consumption Volume Score. 
AUR - Average User Retention. 
IDR - In-stream Drop-off Rate. 
HHI - Herfindahl-Hirschman Index. 
Long tail - A type of “Power law” distribution. 
Format - Typically a TV show or standalone content. 
Consumption - Consumption measured by total VS or CVS. 
Dimension - A tracked metric/metadata for content. 
Play service - AVOD service. 
User behavior flow - Analysis of user interactions on a Play service. 
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1 Background 

Currently there is an ongoing shift in the world of TV broadcasting and how we consume media. 
The long lasting traditional linear TV era is slowly losing its audience while cloud-based TV is 
steadily increasing (MMS, 2014). With an ever-increasing amount of linear TV channels in 
Sweden being accessible on the Internet as AVOD? Play services (Advertised Video-On-
Demand), a lot of focus has been on putting as much of the content online as possible, 
whenever the show airs on its linear-based counterpart (Holeby, 2015). However, finding 
content that suits the average user on these services is not always easy, and certain content 
might be promoted to be more accessible, despite one's personal preferences. 
 
Streamed media is forming to become a medium that is both very accessible, but also heavily 
focused on the individual. This is evident from streaming services such as Netflix where they 
have put a lot of energy into making the service adapt to the individual’s viewing behavior 
(Amatriain, 2013). In contrast, the old approach of broadcasting the same content to everyone 
as seen on linear TV might no longer be a viable format. 
 
Research has shown that when users are given an abundance of sites to choose content from 
online, they end up forming a media repertoire that is widely distributed from several sources 
(Webster & Ksiazek, 2012). This user-centric fragmentation of media consumption makes 
recommendation on content based on the individual users hard, since the behavior of a single 
user can give false assumptions on their actual preferences on a specific site. 
 
Considering that a lot of the available content on the Play services have been previously aired 
on traditional TV channels, many use the platform as a way to “catch-up” with content they did 
not have time to watch. Because of this, a lot of the users may already know what they want to 
consume, but for content editors to decide what is relevant to promote is not an easy task. Thus, 
a lot of effort has to be put into analyzing data gathered from the streamed content to pinpoint 
what is actually consumed, and to which extent. 
 
The objective with this research is to apply a content-centric approach to identify important 
factors that characterize consumption. This will be applied on one of Sweden’s biggest Play 
service, TV3play.se, which is owned by Modern Times Group (MTG). By analysis and 
compilation of metrics, such as video starts and at how much of each format is consumed, a 
conceptual framework can be developed to reflect the findings. Finding ways to accurately 
measure the consumption is crucial to understand what the users are actually watching, and just 
as important, to monetize on the content inventory. If the framework were to be mapped to the 
current content inventory, it might help content editors to identify and pinpoint specific content 
that should be promoted; potentially optimizing the consumption of individual formats on the 
platform as a result. 
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1.1 Main research question 
Which are the most important factors that characterize to which extent content is consumed on 
a modern Play service, and how can it be measured? 
 
To answer the main question, the following additional questions have been raised: 

● Which content dimensions are important? 
● Which prominent consumption behavior can be identified on the Play service? 

 

1.2 Defining content and formats 
A format is defined as content that is either episodic, for example a TV show with seasons and 
episodes, or as standalone content like documentaries. However, some formats are web 
exclusive and only exist on the Play service, hence, the word format is used to make a 
distinction between traditional TV content and all the types of streamable content that a Play 
service can potentially offer. If not stated otherwise, the word format will refer to this definition, 
and content will refer to all the formats available on a Play service. In this research, an 
optimized consumption of content is defined as: 
 

“An increase in actual watched time by users for a specific format” 
 

1.3 Purpose and objectives 
The purpose of this research is to map out the content consumption behaviors of TV3play.se by 
analyzing content dimensions, such as number of video starts, in-stream drop-off rate and to 
which extent content is being consumed by its users. This will be used to identify prominent 
consumption factors that the platform is affected by. The objective is to identify which factors 
that describe to which extent individual formats are consumed and how it can be used to 
measure consumption more accurately. 

1.4 Delimitations 
The aim of this research is not to create a recommendation algorithm for content, but rather to 
find patterns that can be used to measure consumption for individual formats. This might, 
however lay out the foundation for future implementations that are more autonomous. This 
research will attempt to find, and evaluate, patterns in big data sets that is already collected by 
MTG, but analyzed to find ways in which they can improve how the consumption is measured 
on their Play services today. Since this research will apply a content-centric approach, analysis 
of user behavior data will not be investigated to a great extent. 
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2 Theory 

In this section I will give a brief introduction to the current media landscape of Play 
services and its characteristics. I will also discuss important aspects of Video-On-
Demand services in general, which factors that can affect consumption and the 
behaviors of its consumers. This will give the reader a proper understanding of the non-
trivial efforts required to manage content on these platforms. Lastly, I will explain what 
characterizes content specifically on MTG’s Play services. 

2.1 The current online media landscape 
In Sweden, audience measurements are carried out by MMS (Mediamätning i Skandinavien) 
which is jointly owned by the biggest actors on the media market: SVT, MTG, TV4 and SBS 
Discovery. MMS measures both traditional TV viewing using People Meters which reports TV 
viewing from 1200 households, and represents the traditional TV consumption in Sweden. 
Additionally, online platforms accessible from modern browsers have their content consumption 
measured using a tracking script on each site that delivers TV content, and as of 2013, content 
consumption on apps on iOS and Android devices are also tracked. (MMS, 2014) 
 
Online viewing of web-based TV has increased steadily over the years, and from 2013 to 2014 
the amount of spent hours watching increased by 26%, while traditional TV viewing decreased 
by 4%. The decrease in traditional TV viewing has been ongoing since 2010 with an annual 
decrease of 3-4%. Besides measuring the amount of spent hours watching, MMS also 
measures the number of started streams. A started stream, or video start (VS), is when a user 
clicks Play on a specific video. From 2013 to 2014, the amount of video starts increased by 2% 
nationwide. Evidently, there is both an increase in how much content we watch, but especially in 
how much we consume in total hours. However, one should take note of the fact that video 
starts is not based on unique individuals, thus a single user can be subject of multiple video 
starts. On MTG owned channels exclusively, the amount of video starts and spent hours almost 
doubled from 2013 to 2014, 84% and 97% respectively. (MMS, 2014) 

2.2 AVOD and Play services 
AVOD stands for Advertised Video On Demand, not to be confused with Audio and Video On 
Demand. It has its major difference from VOD (Video-on-Demand) services by financing their 
business by means of advertisements, while VOD services usually have a paid subscription 
model (Netflix, 2015a). In Sweden, all major commercial media companies such as SVT, MTG, 
SBS Discovery and TV4 offer their own AVOD services. More commonly known in Sweden as 
Play services. These platforms often serve as a complement to their linear TV-channels, often 
offering the same content. Some Play services also offer content made exclusively for that 
platform alone, which is referred to as web exclusive content (Holeby, 2015). 
 
Just as commercialized TV channels get their revenue from selling advertising space in 
between and during broadcasts, so does Play services. In a similar manner, consumers are 
usually presented a pre-roll before they can watch their desired content, mid-rolls are showed 
during the streaming, while post-rolls are showed after the content has been consumed by the 
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user. The length of these pre-, mid- and post-rolls can be adjusted to allow for more (or less) 
advertisements (Holeby, 2015). 

2.3 Play services and linear TV 
Play services are different to traditional TV in a few areas. Traditional TV-channels are naturally 
limited by the broadcasting time available in a given day. This forces them to have a limited 
selection of what they show, and consequently, they will try to make as much profit as possible 
from this selection. As a consumer, we are provided with recommendations on what to watch, 
based on the TV guide for that specific channel. What users are left with is making decisions on 
what to watch, based on a very small spectrum of potentially available options. If we compare 
this with a Play service, it can offer far more content, due to virtually unlimited storage 
possibilities, and the cost for digital storage is falling at a steady pace, allowing for even more 
content online (Rosenthal et al., 2012). Since the storage is becoming more and more 
inexpensive, content that otherwise would have deemed to be unprofitable for traditional TV due 
to its small audience, for example foreign dramas, independent movies, niched TV shows or 
documentaries can be provided. This development allows Play services to attract an audience 
of viewers that otherwise would have been left out. Netflix for example, has a big part of their 
rentals account for this type of content (Anderson, 2006). Anderson (2006) refers to this as 
“embracing the niches”. Furthermore, the consumer can decide to start and stop at anytime they 
like, without having to worry about when a specific TV show airs. 

2.3.1 “Catch-up”-features of Play services 
The option to decide when to watch opens up for a new type of viewing behavior among 
consumers. They are no longer strictly bound to time and space that allows them to watch a 
show even after it has aired on TV, anywhere. This unique feature of Play services have proven 
to be highly popular among consumers, as a lot of the popular content that aired on TV is being 
consumed the most after its original air date. Play service providers refer to this type of viewing 
behavior as a catch-up behavior, where a user can catch up with TV shows they might not have 
had the time to watch when it first aired on linear TV. (Holeby, 2015) 
 
This indicates that many consumers highly prefer the on-demand features of Play services and 
the freedom to choose when to watch is important to them. 

2.3.2 Content characteristics 
Content can have many definitions based on the context in which is used. At MTG, content, or 
the actual video files, that are published on the platform can be divided into different entities as 
visible from the entity relationship diagram (ERD) in figure 1. If we take a format for example, it 
can be in either long form or short form. Formats that are long form are episodic, for example a 
TV show which has several seasons and multiple episodes. It could also be a documentary 
(standalone) or other types of genres. Formats of the type “short form” are shorter clips and the 
content that is published can either be own-produced or acquired from other parties. 
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Figure 1. ERD showing relationships of content published on MTG’s Play services. 
 
Each file that is published on MTG’s Play service has metadata, or content dimensions, related 
to it, as can be seen from the figure above. The metadata related to a single file is also tracked 
for analysis. At the time of writing, more than 20 custom dimensions are tracked for each file 
that is published on any of the MTG-owned Play services. However, to which extent these 
custom dimensions are needed, or if new dimensions should be introduced will be discussed 
later on in this thesis. 

2.3.3 Content availability restrictions 
Although Play services offer big inventories of content to watch, content that is not own 
produced might be regulated. For example, publishing rights set in place by content owners can 
dictate for how long the content can be available on the platform. If we take a popular TV show 
as an example, there are usually clear restrictions on when service providers can make each 
episode available, depending on when the corresponding episode aired on regular TV. Most 
episodes of a TV show also have a duration for how long it will be available on the platform after 
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it has been published, but also the total amount episodes of a given TV show that can be 
available concurrently. The publishing rights make the Play service’s content inventory have a 
lifespan that is different to media portals that have their content online indefinitely (e.g. 
YouTube). Thus, being profitable on the content that you currently offer as a Play service 
provider is crucial. Over time, the regulation of available content at any given time can be seen 
as a moving window where new content becomes available, while some content is being 
removed. Content that hasn’t been consumed is essentially money lost. (Holeby, 2015) 

2.4 The abundance of online media 
Despite the increased consumption and the availability of online TV content today. The amount 
of content available far exceeds one’s ability to digest it in an effortless manner, and more 
increasingly so. We can assume that there is a finite amount of attention that a single individual 
can devote to any single task, and the amount of content available is exponentially increasing 
(Webster, 2011). Webster defines public attention as: 
 

 [“...the extent to which multiple individuals are exposed to cultural products 
across space and/or time.”] 

 
What we are left with is a situation where it is becoming more and more difficult to navigate the 
media landscape to find relevant content. On the other hand, the media outlets themselves that 
provides the content might find themselves having a harder and harder time to get the attention 
of their intended audience. Ultimately, to be profitable as a content provider, you need to have 
the public’s attention. The competition for the audience’s attention is sometimes referred to as 
an “attention economy”, due to its importance and prerequisite for profitability in the current 
media landscape (Webster & Ksiazek, 2012). Because of the virtually infinite amount of options 
available to the consumer, the cognitive load required to make rational decisions with perfect 
awareness is impossible (Webster, 2010). Unfortunately, the need for content providers to get 
the audience’s attention to sell advertisement at a greater value gets somewhat diluted when 
the whole media market is desperately trying to get a “piece of the action”. 

2.4.1 Interpersonal network’s impact on individual consumption 
To mitigate the process for users to make informed decisions online, many media outlets such 
as Amazon, Ebay and Netflix thrive on the analysis of data gathered from the consumer’s 
behaviors (Amatriain, 2013). This allows them to give automated recommendations to 
individuals based on their consumption and others who share similar behavior (Webster, 2010). 
This is done by aggregating data on events like purchased items, viewed content and time 
spent on a given page (ibid). This data is then reduced to form statistics or rankings of said 
content. 
 
Giving good recommendations can be an invaluable tool for these companies to drive up sales 
and consumption of content that may not have otherwise caught the attention of the consumers. 
However, since the recommendations that are given are often based from people who share 
similar taste and/or behavior, it limits the recommendations to these homogeneous groups of 
people. Although these recommendation systems often offer great support in the decision-
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making process for consumers, Surowiecki et al. (cited in Webster, J.G. & Ksiazek, 2012) states 
that the individuals that the recommendations are based from have to be conformed of diverse 
individuals to give optimal recommendations. If we take social media networks as an example, 
the groups that individuals form on these networks usually consist of people with like minded 
interests, the information shared on these sites often conform with the individual’s own opinions. 
These social networks are, by nature, not a diverse group of people. The same thought can be 
applied to streaming media outlets where people might share the same interests in specific type 
of content. The concept of having automated recommendations on what people in your social 
network are consuming is sometimes referred to as “user information regimes”. The negative 
effect these user information regimes have on the individual is that recommendations given to 
them can be based on too little information (i.e. few individuals) and give strange 
recommendations as a result (Webster 2010). 
 
Knowing that providing good recommendations to users is difficult, it comes as no surprise that 
Netflix put a prize of 1M dollars for anyone who could improve their recommendation algorithm 
by 10% (Netflix, 2015b). Worth mentioning is that Netflix had to wait two long years to announce 
a winner, where the final solution combined hundreds of predictive models (Amatriain, 2013). 
 
Furthermore, automated recommendation systems and search engines often use popularity as 
way to rank content which can lead to “reactive” effects, making the popular content even more 
popular. This in turn creates distance to the other parts of the spectrum where “unpopular”, or 
rather “less consumed” content, becomes even harder to find regardless of its possible 
relevance to the end consumer (Espeland et. al, 2007). Having said this, It would seem 
plausible to make the claim that a user-centric approach, which puts emphasis on analyzing 
user behavior data to give recommendations, might not always be the best choice to promote 
content on these platforms, even more so when measuring the consumption. Depending on the 
nature of the platform, and the basis of the data that supports these recommendations, other 
approaches might be more suitable. 
 

2.5 Media repertoires 
When offered an abundance of options in choosing what content to consume, research by 
Taneja et. al (2012) showed that audiences choose a selection, or subset, from what is 
available to them, a media repertoire. This was regardless of which medium that was used. The 
findings also showed that the social context in which the medium was used affected the results. 
The identified behavior of users limiting their choices to a minimum can be seen as a type of 
coping mechanism or selective exposure to further filter out content considered to be less 
relevant. Automated recommendation systems and personal recommendations play a big role in 
how these repertoires form (ibid). 

2.6 Audience fragmentation 
The fact that the number of sites, or outlets, a user can get their content from increases, the 
media repertoires formed by users can be based on numerous sites with great variation. 
Following this trend further, also taking into account the previously mentioned increase  in 
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competition between content providers, allows for a fragmented media landscape where 
consumption is spread over an ever widening range sources for media content. A study of 236 
different media outlets, TV Channels and web sites, showed that almost all had some degree of 
audience overlap where users of one outlet also visited at least one of the other outlets as well. 
(Webster & Ksiazek, 2012) 
 
What this says about channel loyalty is somewhat subjective, although it might suggest that a 
user on a single website cannot be considered to be a “loyal” customer. He/she might just get 
their content elsewhere. 

2.6.1 Long tail effect of online media consumption 
Services like Amazon and Netflix who offer vast inventories of content have given rise to a 
popular phenomenon called “the long tail” (Anderson, 2006). The long tail essentially illustrates 
a distribution of a platform’s content consumption as an exponentially declining curve, where the 
most consumed content appears in the “head”, and the least consumed content on the far, thin, 
end of the tail (Goel et. al, 2010). What the long tail represents is that the consumption of a 
smaller fraction of the total inventory accounts for the major part of the total consumption. 
 
Previous assumptions about “infinite-inventory” services, such as Amazon and Netflix suggests 
that only a minority of users choose to consume niche content from the thin end of the tail. 
However, research by Goel et. al (2010) states that, although users tends to be either a 
consumer of popular content, or niche content, most users end up consuming content from both 
ends of the long tail. This gives support to question an old assumption that niche content is only 
preferred by a minority (ibid. Goel et. al, 2010). To support that claim, statistics from Netflix 
showed that 25% of the total consumption consisted of content that traditionally would not be 
available in physical “Blockbuster” stores. This would indicate that there is value in both ends of 
the tail towards consumers (ibid). These findings further emphasize the importance of other 
actors on the market, such as Play service providers, making sure that all their content, popular 
or niched, can find its way to the consumers. 
 
However, to make this content “reach the surface”, and the attention of the consumers, requires 
effort. As Anderson (2004) mentions, companies need to “drive demand down the tail” with the 
help of the consumers themselves by “reviewing, tagging or pointing” to the media in some way. 
Unfound content doesn’t necessary have to be unwanted, nor not fall into the taste of the 
mainstream users, but may have just fallen out of sight of the big crowds. How can this content 
be identified? I believe that is indeed an important question that many media companies need to 
answer. If only a fraction of the content is being consumed by most of the users, and we 
imagine that content no longer being available, the risk of putting all eggs in one basket is 
increasing. Equally important, one should reflect on whether you are catering to the full 
spectrum of potential users who might just “want what they can’t find”. Regardless of how big of 
an audience you have for a specific type of content, they are potentially just as important as the 
audience watching the most popular content on a specific platform - they will both contribute to 
the total revenue. Research by Cha et. al (2009) showed that YouTube could potentially gain 
45% more video views from niche content, traditionally found in the long tail, if problems relating 
to poor search and recommendation engines or missing metadata could be improved. 
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What further makes the diversity of the inventory hard to manage is that the content providers in 
some sense sell public attention towards certain content. Intuitively, if they can convince 
companies to buy ad space with a minimum amount of viewers, they can motivate their ad 
prices with higher precision. At the same time, viewers want to find content that suits their needs 
and preferences. Depending on from which perspective you approach the issue, it can be seen 
as a double edged sword, where users can find relevant content and content providers can 
promote content that suits them. An ideal solution might not exist, and the intersection of both 
parties getting their way might be a compromise. To truly identify these niches, tools that can 
measure the consumption by taking multiple factors into account needs to be provided to 
content editors. Not solely on the number of video starts. 

2.6.2 Winner-take-all and the Pareto principle 
In markets where there exists a minority that dominates the market are sometimes referred to 
as a Winner-take-all market. This means that most of the actors in the market accounts for only 
a small fraction of the total market share. In the context of Play services, or VOD services in 
general, this would imply that there are a selected few popular TV shows or movies that stand 
for the majority of all consumption on the service. Thus, the identified platform can be 
considered to be concentrated. Another popular concept is the Pareto principle, or “80-20 rule”. 
As an example, it would imply that 80% of the total content consumption on a given platform 
comes from 20% of the content. The concept of long tails and the 80-20 rule stems from a type 
of distribution called power law distributions which have been identified in natural, physical and 
man-made conditions. (Clauset, 2011) 

2.7 Measuring content consumption 
Understanding how to measure content consumption is important for any type of VOD service. 
System planning, user engagement and system quality evaluation are some of the areas that 
can be improved if content can be measured properly (Chen et. al, 2013). 
 
One practical context is to optimize large-scale video platforms that serve many different files of 
varying length. To reduce workload on servers and easy playback for users, popular content is 
cached to serve files faster with minimum effort. Other factors such as how much of certain 
content is watched is also an integral part of understanding consumption and knowing how 
much of it that should be pre-fetched to lower the waiting times for users (ibid). Research done 
by Chen et. al (2013) performed a systematic analysis on user video watching behaviors to 
characterize watching finish ratio on one of China’s most popular VOD service, PPLive. The 
watching finish ratio was calculated for a given video by taking its duration T and the watched 
time W(T). The watching finish ratio could then be computed as: 
 

 
Table 1. Calculation of watching finish ratio as defined by Chen et. al (2013). 
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Over 100 million streaming sessions from more than 100 thousand distinct videos over a three-
week period was analyzed. Their findings showed that video watching finish ratio linearly 
decreases with video length and that different video types have different watching finish ratios, 
despite having the same length. 
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3 Methodology 

In this section I will introduce the research methodology used and a detailed review of 
the various tools and concepts used to analyze and measure content consumption. 
Furthermore, I will also briefly mention some of the errors that can occur when doing 
this type of analysis. 
 
This research has been conducted in four major parts; 1) Literature study, 2 User behavior flow, 
3) Data mining and patterns analysis and 4) Format consumption analysis. Each part has been 
vital of the findings and the subsequent conclusion. 
 

 
Figure 2. Illustration of research method drilldown. 

3.1 Literature study 
To answer the main research question, I have reviewed relevant literature in the area of VOD 
and Play services. Research on content consumption and its distribution on these services have 
been brought up to illustrate how they are being used, but more importantly, some of the issues 
these platforms are prone to encounter with an ever expanding inventory. The purpose of the 
fundamental study on the characteristics of these services was conducted to see if there was 
any support to propose alternative methods to identify content consumption on MTG’s Play 
services. 
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3.2 User behavior flow 
To understand how the users on the Play platforms use the service, I have analyzed the 
interactions on the biggest Play service that MTG offers, TV3play.se. I chose to analyze this 
platform alone since it stands for most of the traffic if compared to TV6play.se, TV8play.se and 
TV10play.se, which are also owned by MTG. One way to identify behaviors on a specific 
platform is to analyze user flow (Google Analytics, 2015b). The user flow illustrates, in 
chronologic order, how the users of a particular website come and go, and what interactions 
they perform while spending their time on the site. 

3.3 Data mining and pattern analysis 
To properly measure the content consumption on the Play services that MTG offers, extensive 
tracking data from the users on these platforms using Google Analytics have been collected. In 
MTG’s case, they have also added tracking for custom dimensions, such as when users click 
Play on a specific TV show, how long they watch it and how many of the pre rolls they have 
seen (as mentioned in the theory chapter). These custom dimensions that are being tracked for 
each user allows for further analysis of the content consumption behaviors on the platform. 
They will then be used in data analysis to find patterns on consumption, but also taken into 
consideration later in this research whether they actually help to measure consumption, or if the 
metrics that are being tracked needs to be revised. 
 
I have decided to focus on measuring the consumption of formats, since I believe that this is a 
natural connotation to content that users have when visiting an AVOD service. At a high level, 
one can assume that they are looking for a format to watch, for example a TV show or a 
documentary, rather than content with a specific production type. This also aligns well with what 
content editors curate and promote on the platform. Their job is to streamline and improve the 
platform for easy access to formats that are considered to be popular. No specific factors and 
metrics regarding individual formats have been prioritized prior to the analysis to allow for an 
unbiased look at the behaviors and nature of the data that have been collected. Video starts as 
a metric will however be used as a reference alongside the analysis, since it is at the time of 
writing used at MTG to measure consumption to some extent. 

3.3.1 Data collection using Google Analytics 
Google Analytics is a web-based service commonly used by companies to track user’s 
behaviors on their site by adding a tracking script on each page that requires tracking (Google 
Analytics, 2015a). Apart from tracking metrics such as “time spent on page” or which sites that 
are being visited, companies can add their own custom dimensions, typically specific metadata 
related to the content. 
 
Each user that visits any of MTG-owned Play services can either arrive to the site as a new 
visitor or as a returning visitor. A new visitor is a user who has not previously been to the Play 
service, while a returning visitor is a user who has been to the site before, upon which a cookie 
was placed on the user’s computer to track the behavior on that specific site. The traffic that a 
Play service receives can also be divided into four major groups, direct, organic, referral and 
social traffic. Direct traffic comes from users who visit a site directly, for example by typing in 
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TV3play.se in their browser. Organic traffic comes from search engines while referral traffic are 
visits from inbound links on other websites. Social traffic comes from social media websites like 
Facebook and Twitter. 

3.4 Herfindahl-Hirschman Index (HHI) to measure fragmentation 
Herfindahl index is often used to measure competition within industries based on relative market 
share (U.S. Department of Justice and the Federal Trade Commission, 2015). The HHI value 
can be seen as a measurement of concentration for a given market, and in this research, HHI 
will be used to measure the competition for different content formats on MTG-owned Play 
services based on its total consumption, using video starts as unit of measure. 
 
HHI is calculated as follows: 
 

 
Table 2. Formula for Herfindahl-Hirschman Index. 
 
N refers to the total amount of content formats and Si is the total relative consumption for a 
given format on a specific Play platform. To give an example, if we have a total of 7 different 
formats, where each format has a total relative consumption of 15%, 10%, 25%, 12%, 12%, 
16%, and 10% respectively, the HHI for that platform would be: 
 
HHI = 152+102+252+122+122+162+102 = 1513 
 
The reference used to evaluate the index is given in table 3 below: 
 

HHI Evaluation 

< 100 Highly competitive index 

< 1500 Unconcentrated index 

  Moderate concentration 

 High concentration 

Table 3. Evaluation of Herfindahl-Hirschman Index (U.S. Department of Justice and the Federal Trade 
Commission, 2015). 
 
With reference to table 3, the calculated HHI example would suggest that this platform has a 
moderate concentration. A highly competitive index would imply that there are no superior 
format(s) that dominate the platform. However, in this context, it suggests otherwise. By 
calculating Herfindahl-Hirschman Index for all the major Play services, further evaluation of the 
individual importance of different formats can be made. 
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3.5 Long tail distribution curve 
As mentioned in the theory, long tail curves are typical characteristics of outlets where content 
exists in abundance. To analyze the distribution of the content on MTG-owned Play services, 
the content inventory will be illustrated as a distribution of the total relative consumption by 
content format and total amount of video starts. This is to evaluate to which extent previous 
research on long tail distributions can be applied to the content inventory on the Play services at 
MTG. The distribution will be illustrated by sorting each format from highest to lowest in terms of 
total amount of video starts. This can help show the skewness of the distribution and how niche-
centric a platform is (Cha et al., 2009). 

3.6 Content-centric vs. user-centric approach to consumption 
A content-centric approach will be used over a user-centric approach since the impact and 
behaviors regarding the content itself are of interest in this research. A content-centric approach 
allows for more focus on content and how it is consumed and measured, rather than individual 
users and their behaviors on the platform. As previously mentioned in the theory, applying an all 
too user-centric approach can have a negative impact on how content is made more available to 
the users due to the complexity of users’ behavior. 

3.7 Format consumption analysis 
To summarize the patterns of content consumption and the user's viewing behaviors, a 
theoretical framework will be developed to concretize these findings. This part will include the 
different factors that have been identified to play a part to which extent a format is consumed, 
and consequently, how it might be measured. 

3.7.1 Calculating In-stream Drop-off Rate 
To gain a deeper understanding on how much content the users consume in actual time, 
calculation of the In-stream Drop-off Rate (IDR) will be performed. IDR is defined as the amount 
of users watching at a given time during playback of a specific format, compared to the amount 
of users who started playing it – the number of video starts. For example, if 10 users starts to 
play an episode of a TV program and only 5 people are still watching at the 20% mark, the 
corresponding IDR would be 50% (5/10). For an individual user viewing some content, a single 
sample that is sent to Google Analytics represents that the user is currently watching at that 
specific percentage mark. 
 
Calculation of IDR at 10% intervals up until 100% will be measured for each format, and 
consequently, an average user retention (AUR) will be calculated, which represents an average 
of all the IDR samples and can be seen as an alternative to the watching finish ratio used in the 
research by Chen et. al (2013). 

3.7.2 Defining Consumption Volume Score (CVS) to measure consumption 
To find a better way to measure consumption on MTG’s Play services, Consumption Volume 
Score is introduced as a result of the measured IDR samples for a given format. This will be 
further explained in the chapter “Format consumption analysis on a micro level”.  
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3.7.3 Statistical hypothesis testing of rank difference using t-Test 
Comparison of formats will be evaluated by ranking them based on total number of video starts 
as well as the corresponding Consumption Volume Score. A t-Test will be applied to validate the 
difference in rank using video starts and CVS as method of ranking. It will be mainly used verify 
that it truly is statistically significant and to rule out that the difference in rank is a result of 
sampling errors. The difference in rank is calculated by subtracting the VS rank from the CVS 
rank. 

3.8 Errors when measuring consumption 
Naturally, when gathering a lot of data during a long period of time there is always room for 
error. Sometimes, not all data that is sent from the Play services to the Google Analytics service 
is valid. For example, custom dimensions that are tracked might be missing for a specific 
format, resulting in incomplete data sets. Changes to naming conventions of the tracked metrics 
can also make analysis more difficult since the changes need to be accounted for manually. For 
example, if the name of a TV show episode is changed, searching for an exact match might only 
return some of the tracked episodes for the time period. Another issue is double tagged content 
where a single episode can have two different categories where only one is valid. This results in 
single episodes having two entries in the data set. 
 
Taking into account that some of the data collected is redundant and invalid, measuring a full 
year’s consumption may help to ”even out” small errors due to the vast amount of collected 
data. TV3play.se is the biggest of MTG-owned Play services from which the data has been 
collected. The data set includes 249 formats where a few formats have little data collected 
about them, making evaluation for these formats less accurate. 
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4 Results 

In this section I will present data on the content consumption and user behaviors of the 
biggest Play service that MTG offers: TV3play.se. Although, I will put emphasis on 
TV3play.se, comparative analysis of the other AVOD Play services TV6play.se, 
TV8play.se and TV10play.se will be performed to some extent. Using this data, I will try 
to map out the current consumption distribution as well as patterns in consumption 
based on different criteria at a macro level. The data presented was collected during the 
period 1/1-2014 through 31/12-2014 to represent a full year of consumption. 

4.1 Identifying the user behavior flow on TV3play.se 
In figure 3 below, we can see a summary of the user flow up until the second interaction made 
by the users. Following this, a more detailed drill down will be presented for each subsequent 
interaction. 
 

 
Figure 3. User flow diagram of TV3play.se. 

4.1.1 Way of entry 
Intuitively, traffic sources can tell a lot about how many users know a site exists and how well it 
is known by other websites, and if we refer to figure 4 below, almost one in four (23.4%) of all 
visiting users of TV3play.se came to the website directly, while almost a third (31.5%) was 
referral traffic coming from either other MTG-owned Play services or websites pointing to it in 
some way. The major part (42.6%) of all visits came from organic search engines. A total of 2% 
of the traffic came from social media websites. 
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Figure 4. Traffic sources to TV3play.se. 
 
As can be seen from table 4, visiting the main page of TV3play.se is the most common entry 
point. However, around 4 out of 10 people land on a content specific page, while 2.3% enter the 
program section directly. For new users visiting TV3play.se, the main page plays a major role in 
helping the users find content quickly. To further gain an understanding of how users interact 
when visiting the main page, interactions following this entry point have been analyzed. 
 

First page visited Fraction (%) 

TV3play.se (main page) 57,4 

Program section 2,3 

Specific content page 40,3 

Table 4. Distribution of visits on TV3play.se. 

4.1.2 Drill down of interactions 
The interactions a user can perform represent their behavior, and how they move within the 
service. The more type of data one gathers on these interactions, the more can be learned 
about the audience. However, making sense of these interactions in a useful way is not always 
trivial. Here, I will try to illustrate how the users of TV3play.se, as a group, interact on the 
platform. In this context, an interaction is in the form of a user visiting another page on the 
website. For example, going from the main page to the program section. 
Research by Webster & Ksiazek (2012) have shown that online media consumers get their 
content from multiple sources (or outlets), thus, I want to illustrate the behaviors of the users on 
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a single platform. This is important to understand since content providers today need to account 
for the fact that a single platform, most likely, can’t satisfy the whole media repertoire that users 
form when consuming content online (Taneja et al., 2012). Possible updates of existing Play 
services may need to accommodate for this behavior, especially when measuring the 
consumption. 

4.1.3 1st interaction 
The first interaction is what the user performs directly after entering any of the publicly available 
pages on TV3play.se. The interactions that have been identified have been simplified to 
represent the most common tasks a user can perform while spending time on the site: 
 

● Find content 
● Drop off (leave the website) 
● Search for content 
● Browse (visit the program section) 
● Go back (to the start page) 

 
These interactions have been selected to account for the majority of all possible actions that 
have been analyzed from the before mentioned time period. With reference to figure 5, the most 
common interaction is to “Find content”, with a total of 67% finding some type of content in their 
first interaction. This is defined as a user visiting a page where content is presented. Either by 
visiting a specific program, or by clicking on a single episode that is linked to from the main 
page. 14% of users leave the page (“dropping off”), and an equal amount enters the program 
section to browse for content. Lastly, 5% use the search functionality that is available on all 
pages on the platform. 
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Figure 5. 1st Interaction on TV3play.se (main page). 

4.1.4 2nd interaction - “Program section” 
To further analyze what the users do when browsing for content (“Program sect.” in figure 5), 
data has been filtered out to only identify the users who choose to enter the program section. 
What this reveals is that 60% of users entering the program section finds content when 
browsing, while almost a third (27%) of users drop off, making no further interaction. 
Interestingly, 13% of users decided to go back to the main page. 
 

 
Figure 6. 2nd interaction (Program section) at TV3play.se 

4.1.5 2nd interaction - “Search” 
As previously mentioned, 5% of users decides to search for content as their first interaction on 
the platform. These users have been singled out to further illustrate their second interaction. 
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Figure 7. 2nd interaction (Search) at TV3play.se. 
 
In this drill down, we have interactions with a more varied turnout. 53% of the users found 
content, which is a bit lower than when browsing for content. However, 16% users dropped off 
after having searched for content, comparing to 27% of users dropping of after visiting the 
program section. 15% of users who searched for content decided to go back to the main page, 
instead of acting on the content presented after the search. 
 
Without further analysis, this might raise the question whether they did not find what they were 
looking for. Another 16% of users decided to enter the program section after searching, which 
further puts this to question. 

4.2 Video start distribution per format 
Research by Anderson (2006) and Goel et. al (2010) have shown that the distribution of the 
content available on platforms that offer digital content, much like MTG’s Play services, often 
take the shape of a long tail, with a high concentration of the total consumption coming from a 
small fraction of the total amount of available content. 
 
Below is an illustration of the top 25 formats in terms of total video starts (figure 8), combining all 
the Play services (TV3play.se, TV6play.se, TV8play.se, TV10play.se) and their formats 
altogether. The horizontal axis represents individual formats sorted from the most popular to the 
least popular based on the total amount of video starts. 
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Figure 8. Total video starts per format for all Play services combined. Showing top 25 formats. 
 
As evident from figure 8 above, we have a distribution that shows one single format 
outperforming all the other formats, accounting for approximately 42% of all the video starts, 
resulting in a very skewed distribution. The resemblance of a power law distribution can 
somewhat be identified here. Visual identification of the head and the tail has been illustrated 
with a red line, based on when the total video starts for a given format begins to “even out”, 
sharing similar values as its neighboring format. If we would exclude the “break out” format on 
the far left of the head, we end up with the following distribution: 
 

 
Figure 9. Total video starts per format for all Play services, showing top 69 formats (excluding format 1). 
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When excluding the top format, we have a distribution that is more similar to that of the long tail 
distributions to which Anderson (2006) refers. The head and tail has been identified here as 
well. 

4.2.1 Pareto principle 
Comparing both distributions above and summing up the amount of video starts the formats 
contribute in the “head” versus the “tail” for all the formats we get the following results: 
 

 
Visual identification of Head and Tail 

Total video starts 

Head (%) Tail (%) 

Format distribution with “break out” (figure 8) 81 19 

Format distribution without “break out” (figure 9) 50 50 

Table 5. Difference in distribution of video starts in head vs. tail. 
 
Referring to table 5 above, we can see a great difference in how the video start are distributed 
depending on how we identify the head and the tail visually. Here we are comparing visual 
identification of the head and the tail and its corresponding video starts, based on exclusion of 
the top-performing format which we call a “break out” format. 
 
When the break out format is included, we have a distribution, which shows that 81% of all the 
videos started by the users can be found in the head. Worth knowing, is that the head in this 
case only accounts for 2 single formats which stands for 81% of the video starts, while the vast 
majority of all the other formats account for 19%. If we instead discard the top-performing 
format, we get an equal distribution of total video starts in the head versus the tail. 
 
Now if we consider applying the Pareto principle, or the 80-20 rule, it would imply that 20% of 
the formats should account for 80% of all the video starts and the rest would account for only 
20%. Calculating the video starts for the top 20% of the formats shows that actually 93% comes 
from this bulk of formats, while a mere 7% of all the video starts comes from 80% of all the 
formats. Clearly, the Pareto principle does not apply to the distribution we have identified (refer 
to table 6 below). 
 

Format Fraction of total video starts (%) 

Top 20% 93 

“Long tail” 80% 7 

Table 6. Applying the Pareto principle to illustrate the fraction of total consumption in 20%, respectively 
80% of all the formats. 
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4.3 HHI calculation of the video start distribution 
A HHI value was calculated for the Play services TV8play.se, TV3play.se, TV6play.se and 
TV10play.se to illustrate the concentration, or competitiveness, of the formats on each platform. 
As mentioned in the method chapter, the Herfindahl indices calculated in this report are based 
on the total relative video starts per format in comparison to all the formats on each platform. In 
figure 10 below, the HHI has been calculated for each platform individually: 

 
Figure 10. HHI score per platform. 
 
If we refer to table 3 in the methodology chapter, we can evaluate the HHI scores as follows: 

Platform HHI HHI evaluation 

TV8play.se 533 Unconcentrated 

TV3play.se 2359 Moderate concentration 

TV6play.se 492 Unconcentrated 

TV10play.se 336 Unconcentrated 

Table 7. Play platform HHI evaluation. 
 
One might notice the great difference when comparing TV3play.se to the other platforms, this 
can be derived from TV3play.se having a single format that accounts for 42% of the total 
amount of video starts if we would combine all platforms and the amount of video starts per 
format (figure 8 and 9). TV3play.se is evaluated to have a moderate concentration, however, the 
threshold for a platform that has a high concentration requires a HHI greater or equal to 2500, 
which is not too distant. The top format on this platform also clearly stands out to it’s second 
highest grossing format that only accounts for 8% of all the video starts. If we would exclude the 
top format as previously, we end up with a revised HHI score of 375, which is just in between 
the scores for TV6- and TV10play.se, thus making the competition amongst the formats on 
TV3play.se being evaluated as unconcentrated, instead of having a moderate concentration. 
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5 Format consumption analysis on a micro level 

In the previous chapter, we got an understanding of the consumption and distribution of 
different formats on a macro level, but also how the users find and browse for content 
on MTG’s Play services. This part will go in-depth on a more granular level to put 
emphasis on underlying factors that, to some extent, have been identified to affect the 
consumption of different formats, beyond simply measuring the number of video starts. 
By sampling in-stream drop-off rates and calculating the average user retention for 
different formats, a new unit of measurement called Consumption Volume Score (CVS) 
will be introduced and further evaluated in comparison to video starts. At the time of 
writing, video starts as a way to measure consumption has been used at MTG on a 
global level. Additional dimensions that have been identified will also be analyzed 
further. 

5.1 Factors affecting consumption 
What determines to which extent a format is consumed on a global level, as seen from the user 
behavioral flow in the previous chapter, can be summarized to three major factors; 1) The sheer 
traffic from users visiting the Play service from various sources. 2) Depending on their landing 
page, do they find anything to watch at that given moment? If they don’t, they drop off and leave 
the site. 3) The third factor affecting consumption on a global level is if they find content when 
browsing or searching for it. In that context, the Play service can provide content either based 
on user input (when searching for it) or when browsing for it by predefined categories. To 
understand how individual formats are consumed and how much time that is actually spent 
watching them, consumption of different formats have been analyzed on a micro level. 

5.1.1 In-stream drop-off rate (IDR) 
Measuring the in-stream drop-off rate for the top 10 formats on TV3play.se share similar trends 
at the measured intervals. Referring to figure 11 below, the highest drop off can clearly be seen 
from the 90% mark to the 100% mark. On average, the IDR drops 63% during this interval. 
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Figure 11. IDR of the top 10 formats on TV3play.se. Showing IDR samples at 10% intervals. 
 
At the 0% mark, the amount of streaming users are equal to the amount of users clicking play 
on a given episode or clip – a video start. At all the other measurements, the content is actively 
streaming to the end user. 

5.1.2 Average User Retention (AUR) 
The individual IDR samples gives a rough indication to when users stop to watch, but to better 
understand how individual formats perform in terms of watched time, an aggregated average of 
all the IDR samples was calculated. This value is called Average User Retention (AUR) and 
represents the fraction of users, in comparison to the amount of video starts for a specific 
format, that are currently watching content at any given time during its length. Essentially, it can 
be seen as a type of “completion rate”, where a higher value implies that more actual time is 
spent viewing a specific format. 
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Figure 12. AUR for the top 10 formats on TV3play.se, starting from the left. 
 
What can be seen from the AUR distribution above (figure 12), is a varied retention ranging from 
58% (format nr 5 from the left) to 73% (format nr 2). What this suggests is that format nr 5 is 
less consumed in actual watched time by its users than for format nr 2. As mentioned in the 
theory chapter, the Play services at MTG are financed by showing ads, and if there is a format 
which shows a high number of video starts but end up having less watched time, means that the 
ads presented to the users might not receive optimal exposure. The AUR can help give 
indications on these issues. 
 

 
Figure 13. Distribution of AUR per format. Showing number of formats in a given AUR span. Includes all 
formats on TV3play.se. 
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The majority of all formats on TV3play.se have a mode AUR of 55-60% as seen from the normal 
distribution (figure 13). The top 10 formats in terms of video starts have a arithmetic mean AUR 
of 63%. The arithmetic mean of all formats on TV3play.se is 57%. 

5.1.3 Consumption Volume Score (CVS) 
As a part of the effort to improve the accuracy and validity in measuring the actual consumption 
of individual formats, a new unit of measurement was developed. The measurement is called 
Consumption Volume Score (CVS) and makes use of the AUR and the amount of video starts 
(VS) for a given format. 
 
The consumption volume score for any given format n can be calculated as follows: 
 

CVSn = VSn * AURn 

Table 8. Calculation of CVS for a given format n. 
 
To give two examples, if we have a format n with 100 000 video starts over a given time t and 
another one with 162 500 video starts, with IDR measured at 10% intervals and get an AUR of 
65% and 40% respectively, the corresponding CVS would be: 
 
Example 1 
CVSn = 100 000 * 0.65 = 65 000 
 
Example 2 
CVSn = 162 500 * 0.40 = 65 000 
 
This means that both formats have, on average during the video’s length, 65 000 people 
consuming it. The CVS differs from video starts in the sense that it takes the average user 
retention into account, potentially allowing for a more accurate reading to which extent a format 
is consumed by its users. It might also be more resilient to false interpretations since the users 
can trigger video starts quite easily, whereas the consumption volume score is calculated by 
sampling the whole content for actively streaming users from start to finish. In example 2, the 
resilience to false interpretations is apparent, the amount VS is remarkably higher, but results in 
exactly the same CVS due to a lower AUR. 
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5.2 Evaluating Consumption Volume Score 
To evaluate the differences between CVS as the primary measurement unit for consumption, a 
comparison of rank for individual formats, using both VS and CVS, was carried out. Rank 1 is 
the highest grossing format in terms of either video starts or consumption volume score. This 
was applied to the current content inventory at TV3play.se. 
 
Figure 14 below shows a comparison chart illustrating the difference in rank using CVS 
compared to VS: 

 
Figure 14. Top 100 formats on TV3play.se, sorted based on highest grossing video starts per format, 
starting from the left. Each column illustrates a difference in ranking using CVS as rank identifier 
compared to rank based on VS. Blank spaces imply zero difference in ranking. 
 
As visible from the figure, some formats show no difference at all using the two ranking methods 
(illustrated by an empty gap). When the difference is positive (red bar), the format is deemed to 
be less consumed if ranked by CVS. Reversely, a green bar implies that a format is actually 
consumed more; hence, a higher rank (lower number) is given. 
 
A visible trend that can be identified from the figure is that very popular formats (top 20) shows 
little to no difference in rank, while formats down the long tail reveals a more varied rank 
difference with more spikes. Looking at the top 100 formats from the graph, 32 formats received 
a lowered rank, 47 formats received an increased rank while 21 formats had their rank 
unchanged using CVS. 
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5.2.1 Assessing statistical difference in format ranking using t-Test 
To evaluate the significance of the difference in rank using VS and CVS as units of 
measurement. A t-Test with a significance level of 1% (confidence level of 99%) was calculated 
on the top 100 formats. This was carried out to determine whether the null hypothesis of no 
statistical difference exists between the two methods. To rule out the null hypothesis as false, 
the identified results has to be statistically significant, and not solely from sampling errors. 
 

t-Test on significance level of 1% 

 
 

 
 

 
 

 
 

 
 

 
Table 9. Null hypothesis evaluation of systematic difference in ranking using VS and CVS. Calculated 
using t-Test (KTH, 2005). 
 
With the performed hypothesis test (table 9) at a significance level of 1%, the null hypothesis 
can be rejected and we can conclude that there exists a systematic difference in ranking. 
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5.3 Identified prominent metric patterns 
To give insight into what underlying patterns might be found from the difference in ranking, I will 
present the findings that have been identified. To pinpoint an example, the greatest rank 
difference can be seen from format nr 34 (counting from the left), where its rank was lowered by 
18 (positive rank difference). Looking closer on this particular format reveals that it’s AUR is as 
low as 37%, well below the calculated arithmetic mean for all formats. However, if we would 
solely look at VS, it would rank higher than 18 other formats. But as the CVS indicates, less 
actual time is spent consuming this format, ultimately resulting in a lowered rank. The category 
for this specific format is Drama, while the other dramas in the top 100 shows an AUR that lies 
within the calculated arithmetic mean. Another format that received a very high, positive, 
difference in rank is format nr 87, which is categorized as Entertainment, and had its rank 
lowered by 13 and a calculated AUR of 18.4%. This format had the second lowest AUR of all 
top 100 formats. 

5.3.1 Production type and category 
As mentioned earlier, many formats in the top 20 shows little to no difference in ranking. 
Looking further, the top 8 formats account for 78.7% of all the consumption on the platform. 
Format 9 and below only account for around 1% or less respectively. What can also be told 
about these top formats is that the majority of the production types are own-produced and 7 of 8 
of these formats are categorized as Reality. Format 8 is categorized as Lifestyle, but on the 
other side it had two full seasons, which means more episodes available. The other formats only 
have one season per year, albeit some overlap of available content from previous year’s 
season. As mentioned in the theory chapter, content can be divided into two video types, long 
form and short form. In the top 8, all of the formats are long form. However, one short form 
format can be found at rank 10 although it only accounts for around 1% of the total consumption 
volume score. 

5.4 Individual episodes impact on Consumption Volume Score 
Looking at the total number of episodes available for each format has made further analysis of 
the top 8 formats very interesting. Despite the formats having a varied amount of total episodes 
available, calculating the CVS per episode for each format showed that the ranking changes 
once again, leading to very interesting results. 
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Below are the top 8 formats ranked by their respective CVS and the number of episodes 
available for each format: 
 

 
Figure 15. Consumption Volume Score per format. Showing rank of top 8 formats on TV3play.se. 
 
If we compare the above figure where formats are ranked by their total CVS with the figure 
below (figure 16), which ranks the formats by CVS/episode for a given format, we can identify 
some obvious changes in rank. The previously top performing format and format nr 5 kept their 
ranking, while format nr 8 clearly stands out and was pushed all the way up to rank 4, implying 
that individual episodes for this format has a greater impact on the CVS than 4 other formats in 
the top 8. Despite having the lowest CVS of all 8 formats. 
 

 
Figure 16. Impact of individual episodes. Illustrated by displaying Consumption Volume Score per format 
and episode. Showing rank of top 8 formats on TV3play.se. 
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Impressively, this format only has 13 full-length episodes while the average number of available 
episodes for the top 8 formats is 39. One might wonder how well it would have ranked if there 
were more episodes available for the users to consume. What this cross section of CVS says 
about individual formats will be further elaborated on in the discussion chapter. 
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6 Discussion 

The results that have been brought to light in this research have yielded many 
interesting aspects and questions regarding consumption, and how it might be 
measured based on the different identified factors. In this chapter, I will discuss the 
importance of these findings in a wider context and elaborate on how Play service 
providers might benefit from them, both financially as well as strategically. I will 
conclude my research by answering the main thesis question posed in the first chapter 
as well as the additional questions. 

6.1.1 The undeniable power of the users 
The consumers have a choice to ignore media that they consider to be low-quality TV since 
everything on the Play services is available on-demand. Play service providers need to 
understand that the demands from the users might be higher than for linear TV, and that they 
have the power to set their own media repertoire as they see fit. Play platforms and their content 
editors can only recommend and point the users in a direction. But the power is ultimately in the 
hands of the users. Knowing this, I believe that to be profitable on the content you provide, tools 
that can accurately identify and measure the consumption of individual formats is imperative to 
optimize and adjust for trend changes in a proactive way. 

6.1.2 Theoretical implications 
The consumption and distribution of formats on MTG owned Play services have shown that it is 
indeed a fragmented landscape, where very few individual formats dominate the market. As 
Anderson (2006) mentioned in his research regarding long tails, this is indeed properties of 
modern media outlets, and the Play services are no exception. As seen from the results, few, 
but very popular formats dominate TV3play.se to such an extent that it makes one wonder how 
severe the loss of one of these formats would impact the platform, both from a consumer’s 
perspective and financially. The seemingly unhealthy rivalry amongst formats on TV3play.se 
was further emphasized with a very high HHI value, compared to the other Play services that 
MTG offers. Preventive measures should be put in place to diverse the risk and spread the 
consumption to other formats, if possible. 
 
Something that I do believe has been achieved at MTG is that they have no problem identifying 
very popular formats using merely VS. As was seen from my analysis, the ranking using CVS in 
comparison to the traditional way of ranking formats using VS showed little to no difference in 
the top 20 formats. But as I mentioned in the theory chapter, Goel et. al (2010) states that users 
often end up consuming both popular and niched content. The popular content in this research 
being formats in the top 10 or top 20. However, identifying formats that are niched is more 
difficult since the audience is remarkably smaller. This is an area in which I believe consumption 
can be further increased. The pitfalls of having a too trivial way to measure consumption, the 
risk of deeming niched content as unpopular are prone to happen. As an example, a seemingly 
low VS value for a given format does not necessarily mean that the users do not appreciate the 
content; it might just have a smaller audience. To determine that, and to accurately measure 
consumption, several factors need to be accounted for. 
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I believe that my research have provided an extended toolset to both understand how formats 
perform and how their consumption can be measured in a way that is more true to the actual 
time spent watching a given format. In regards to the attention economy to which Webster 
(2011) refers, some of the results revealed in this research can further testify to this concept. 
The fact that some of the top 10 formats received very high CVS, but nonetheless had a low 
AUR simply implies that the formats have indeed had much attention brought to them. But 
despite the great volume of users that decided to watch it, many decided to stop watching 
somewhere during the content’s duration. 
 
Why this behavior can be seen from “popular” formats might be from the fact that the users 
attention have been steered towards certain formats, but wasn’t perceived as high quality 
content in the end. On the other hand, some formats further down the tail that clearly have not 
been widely promoted due to a small CVS, actually had a high AUR, which I believe indicates 
that they might benefit from being brought out into the “limelight”, with a potential increase in 
audience as a result. 
 
As was seen from analyzing IDR samples of the top 10 formats, 63% of users dropped off on 
average during the last 10% of the content’s length. In theory, this implies that only 37% of 
users are exposed to the post roll advertisements that are shown after the content has been 
watched. Whether this is a result of users feeling they have watched all the important bits of the 
content or some other factors is yet to be investigated. 

6.1.3 Implications of user behavior flow 
The user behavior flow that was analyzed in this report showed that 67% of the visiting users on 
TV3play.se found content in their first interaction. If that number is to be regarded as high or low 
remains to be determined, but can be used as a reference for future analysis. In the first 
interaction, unusual or odd behavior was not identified, but in the second interaction when users 
chose to visit the program or search section, some users decided to drop off. This implies that 
they most likely did not find what they were looking for. The drop off when visiting the program 
section was 27% which seems quite high. This is an area where I believe further improvements 
can be made. This is based on the assumption that they did not find anything to watch was due 
to not finding the actual content, rather than the Play services not providing anything relevant to 
watch. There is clearly a distinction between users not finding and the platform not being able to 
make content available for the users to find easily. Another indicator that raised concern is the 
fact that a fraction of users (13-15%) decided to go back to the main page, after they had 
entered the program or search section. 
 
Intuitively, if a user decides to go back to the main page after they have been browsing for 
content explicitly in the program section or after having performed a search, they might believe 
that the main page can give them a “last chance” to help them find something relevant. Whether 
this behavior is normal or not needs to be further investigated. 

6.1.4 Validity of using CVS to measure consumption 
The purpose of this research has been to identify what characterizes consumption and how it 
can be measured. As defined in the first chapter, an optimized consumption is “an increase in 
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actual consumed time for a specific format”. As the definition suggest, time is an important 
factor to understand what characterize it. The metrics that was already collected prior to this 
research did not include this factor and there was no apparent metric that measured the time 
spent watching individual formats in a clear way. With the introduction of CVS, time was 
incorporated as a factor in the total consumption for a given format by sampling the in-stream 
drop-off rate (IDR) during the content’s duration (using AUR). 
 
I believe, based on the results that the ranking of formats using CVS, in contrast to VS, have 
showed that there is a clear difference to which extent a format is consumed when you include 
time as a parameter. This was also verified by the hypothesis testing that gave support to 
interpret CVS as a statistical significant different type of ranking. However, the shortcoming of 
using CVS in its current form is the sampling rate. If more samples would be collected, the 
accuracy could be improved further and possible sampling errors would have less negative 
impact on the validity. 
 
Another aspect regarding the validity of the in-stream drop-off samples are the potentially 
inaccurate reporting of the progress for a single user. Since an event is sent to Google Analytics 
for tracking once every 10th percent for the duration of a given video’s length – what would the 
implications be if a user scrobbles through it, or “jumps” to different timestamps? If the 
implemented tracking would send reports of progress for these jumps, without the user actually 
having watched the content up until that point, but merely scrobbling to it, the AUR would be 
inaccurate for that single user. It would simply track that the user has been viewing from a given 
timestamp, but not for how long. 

6.1.5 Sifting out the hidden gems from the long tail 
As I previously acknowledged, the power lies in the hand of the users. They choose what and 
when to consume. But the power “to influence” has been put in the hands of the content editors. 
They can analyze and promote content, which they believe can gain the user's attention. The 
attention economy can be seen as a finite resource, but it can be “put to work” based on more 
or less informed decisions, if the right tools are there to help them. This was referred to as 
“embracing the niches” and “driving demand down the tail” by Anderson (2006), which was 
discussed in the theory chapter. For content editors to find and provide new and promising 
formats that might end up breaking all records and becoming extremely popular is not 
something that one can expect to happen very often. Thus, optimizing the consumption on the 
smaller, niched formats, might help Play services maintain healthy levels of revenue streams 
during low seasons where extremely popular formats are not actively airing on a weekly basis. 
 
As was made visible from the results, CVS per episode (CVS/Ep) showed once again that the 
ranking of top performing formats could vary depending how you define its performance. I 
believe that it gives a good indication of the “power” of individual formats and it’s impact on a 
more granular level. Questions such as “Will more episodes lead to greater consumption?” and 
“Will it be worth the money it costs to buy them?” can to some extent be made more apparent 
by looking at CVS per episode. Additionally, by using CVS/Ep, individual formats with good 
potential that are further down the long tail can be made more visible and can subsequently be 
“cherry picked” by the content editors since they can be identified to have a dedicated niche 
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audience. Furthermore, I make the claim that it says something about the content quality in the 
sense that a format can have low volumes of “views”, but an audience that actually consume 
that specific content to a greater extent than potentially top performing formats. 

 
  



 

 37 

6.2 Conclusion 
In this last section I will reflect back and answer the research questions posed in the 
first chapter and draw conclusions as well as putting attention to the limitations. Lastly, I 
will put my thoughts and recommendations on future research. 
 
This thesis was set out to identify how individual formats are consumed as well as characterize 
how they can be measured. Furthermore it has also sought to analyze the consumption 
behaviors and important underlying content dimensions that plays a role in how content is 
consumed on a macro level, as well as on a micro level. With the basis of general theoretical 
literature on the subject and the direction in which the streaming media landscape is headed, 
AVOD services in particular, I have underlined the importance of being profitable on all the 
content that is provided on these platforms. This has in turn given rise to several important 
questions. The study sought to answer the following research question: 
 
Which are the most important factors that characterize to which extent content is 
consumed on a modern Play service, and how can it be measured 
The results that have been yielded from this research provides clearly shows that proper ways 
to identify consumption on Play services are needed to accurately measure it. The macro 
analysis using the user behavior flow showed that there could be underlying flaws in how 
accessible content is for the users. The first and the most limiting factor to increased 
consumption is a reduced traffic volume or drop-offs. With these factors in mind, providing an 
effortless and effective content browsing experience is crucial to optimize consumption. 
 
The second factor that has been identified to characterize consumption for individual formats to 
a great extent is the average user retention (AUR). This value gave a clear and transparent view 
on how much individual formats that is actually watched. Video starts (VS) is still a very 
important content dimension to track and should be used as a factor in measuring the 
consumption of individual formats using consumption volume score (CVS), but I argue that it 
should not be interpreted as a value that is interconvertible with consumption per se. The 
amount of video starts for a given format could however be seen as a benchmark value which, 
to some extent, reflects exposure. A 100% AUR would yield a CVS equal to VS. Thus, CVS is a 
third factor that characterizes consumption.  
 
The comparison of rank using CVS and VS gave good reason to believe that the consumption 
of individual formats could be further optimized to reflect the changes in rank. It also indicated 
that some formats in the long tail have a higher frequency of skewness when comparing the 
amount of video starts and its corresponding CVS. 
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Below, I will answer the additional questions related to the main thesis question. 
 
Which content dimensions are important? 
At the core of collecting data from Play services, tracking of useful content dimensions are 
crucial to understand consumption. With basis of the research that has been conducted, the 
following content dimensions have been deemed to be the most important in measuring and 
understanding consumption:  
 

1) Video start 
Video start is a key dimension in tracking content that the users have started to watch. It 
is also used to measure consumption using CVS. 

 
2) IDR samples 

The IDR samples refer to content dimensions that tracks progress in intervals of 10% for 
the duration of a video’s length. It has been used in this research to calculate the AUR 
for a given format. 

 
3) Episode 

Tracking of individual episodes is nothing new but when used as a way to normalize the 
consumption for a given format (CVS/Ep) it can be used to find less consumed, but 
niched formats. 

 
4) Category 

The category has shown to play a part in how the consumption on TV3play.se is 
distributed since 7 of the top 8 formats was categorized as Reality. 
 

5) Production Type 
In addition to the major part of the consumption coming from a single category, the 
production type for these formats was almost exclusively own-produced content. 

 
Which prominent consumption behavior can be identified on the Play service? 
Several distinct consumption behaviors have been identified, and in the context of measuring 
the consumption, it has been clear that there are indeed niched formats on the Play service that 
have a dedicated audience. These formats do not contribute as much to the total consumption 
on TV3play.se as the top performing formats, but do have a consumption that implies that the 
users appreciate the content and sometimes even watch it to a greater extent in total watched 
time in relation to the content’s length. 
 
Some behavior regarding the usability of the website for visiting users indicate that there might 
be issues in how easily content can be discovered and/or browsed on the platform due to a 
significant amount of users dropping off or return to the main page in these interactions. 
 
Lastly, another clear consumption behavior that has been identified is that the majority of the 
consumption on TV3play.se comes from one single category, namely Reality content. 
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6.2.1 Research limitations 
Time span of collected data 

The findings in this research consists of data collected for a whole year and allowed for a more 
detailed analysis than if a shorter time span would have been chosen. For future applications 
and data gathering in a real world context, it would be reasonable to use these findings as KPIs 
and proactive means of measuring consumption in the short term. However, the significance of 
data and its subsequent analysis of just a few months, or even weeks might be lower and 
harder to interpret. I believe that further experimentation with these KPIs are needed in 
collaboration with content editors and product owners to truly evaluate their validity and how 
feasible they are when used with data gathered from a shorter time span. Additionally, the 
trends in consumption that have been identified are specific to the identified period and may 
yield different results for other time periods. 

Accuracy of measured AUR 

To improve the accuracy of the calculated AUR for a given format, some other method of 
tracking the viewing progress should be implemented. If there could be some sort of timer 
running that keeps track of the actual viewed time on the client-side, it could send periodical 
reports with the actual viewed time, instead of merely tracking where the user has been during 
the content’s duration, which is true for when sampling the IDR in its current implementation. 
Accounting for these types of errors becomes more important when measuring consumption of 
a shorter time span of only a few weeks, instead of a full year, as was done in this research. 

Scope of analysis 

The data that has been collected and analyzed in this research has mainly focused on 
TV3play.se. With this said, it does not say anything about how consumption can, and should, be 
measured effectively on other Play services. 
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6.3 Recommendations for future research 
Although the results from this thesis have revealed some important aspects and factors 
regarding consumption, it motivates additional research. The developed methods and the 
research that has been conducted have not been applied on this particular platform before, so it 
would be highly interesting to put these findings in a live context where content editors and 
analysts that work with the content on a day-to-day basis could use it. I would like to highlight a 
few areas in which I think further research could be carried out. 
 

1) Feasibility of using CVS/Episode as a way to measure content quality 
Investigate if CVS/Ep can be used to define content quality and as a way to identify 
niched formats. 
 

2) AUR as KPI to evaluate impact of advertising on individual formats 
If measured correctly, AUR gives a clear indication on how much of any given content 
that is watched. Further improvements on calculating AUR can be made, and in future 
applications it could be used as Key Performance Identifier (KPI). The AUR as a KPI can 
be used to investigate the effect different amounts of advertising have on the user 
experience, and in turn, how it affects consumption of individual formats. Furthermore, I 
would like to see the effect of placing the pre, mid and post roll advertisements at 
different parts of the content to mitigate high drop-offs. 
 

3) Develop a framework to automatically generate consumption reports 
Develop more autonomous reports that can perform the necessary calculations to yield 
the AUR and CVS values for individual formats. This would help speed up the process of 
analyzing data more efficiently. On a regular basis, I would also recommend that HHI 
values should be revised for all Play services to evaluate possible minority domination 
amongst individual formats and unhealthy rivalry in general. 

 
4) Investigate possible limitations in browsing experience 

More research regarding the possible usability issues of the Play services at MTG needs 
to be carried out to rule out if there are bottlenecks in consumption due to bad user 
experience. This is important to optimize since the consumption that can be yielded 
comes from a finite amount of visitors. It is important to curate the content properly, but 
taking care of the visitors is just as important. 
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6.4 Last words 
In retrospect, analyzing factors that is based on time spent watching individual formats when 
measuring consumption is particularly important for AVOD based services, since they heavily 
rely on advertising that is exposed to the users during playback. It makes perfect sense to 
assume that the advertisers are keen on having their ads shown to the users as much as 
possible. As I have previously stated, if there is a format which shows a high number of video 
starts but ends up having less watched time, this means that the ads presented to the users 
might not receive optimal exposure. In that regard, the AUR value for individual formats has the 
potential to give an honest reflection on what effect ads have on the consumption. Lastly, I 
believe that using CVS for individual formats is one step closer to accurately measure 
consumption on these platforms. 
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