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Abstract 

There are more and more people watching video streams over the Internet, and this 
has led to an increase in companies that compete for viewers. To improve the users 
experience, these companies can measure how their services are performing. The 
aim of this thesis was to recommend a way to measure the quality of service for a 
real time video streaming service. Three methods were presented; to buy the in-
formation from a content delivery network, extend existing analytics software or 
build a custom solution using packet sniffing. It was decided to extend existing ana-
lytics software. An evaluation was made on which software to extend. Four solu-
tions were compared: Google Analytics, Mixpanel, Ooyala IQ and Piwik. The com-
parison was made using the analytic hierarchy process, comparing each alternative 
in their performance in criteria such as API maturity, flexibility, visualization and 
support. The recommended software to extend when building a real time video 
streaming service is Ooyala IQ which excel at flexibility and is easy to implement 
into existing solutions. It also had great capacity, offering no limit on how many 
events it can track per month, and finally it offers great dedicated support via tele-
phone or email. 

Keywords 
analytic hierarchy process, ahp, analytics tools, google analytics, live video stream-
ing, mixpanel, piwik, ooyala iq, quality of service, qos 
  



 
 
 
 
 

  



Sammanfattning 

Det finns fler och fler personer som tittar på video strömmar på Internet, detta har 
lett till att nya företag har startats som konkurerar om tittare. För att förbättra 
kundupplevelsen kan man mäta hur tjänsten presterar. Målet med examensarbetet 
var att rekommendera hur man kan mäta tjänstekvalite för en realtidsvideoströmn-
ingstjänst. Tre olika lösningsförslag presenterades; att köpa informationen från en 
content delivery network, att bygga vidare på tillgängliga analytisk mjukvara eller 
att bygga ett eget paketsniffarprogram. Det bestämdes att bygga vidare på tillgäng-
lig analytisk mjukvara. Fyra olika mjukvara jämfördes: Google Analytics, Mixpanel, 
Ooyala IQ och Piwik. Jämförelsen gjordes med hjälp av analytical hierarchy pro-
cess, de olika alternativen jämfördes med avseende på: hur moget API:et var, flexi-
bilitet, visualiseringen av data och support. Rekommendationen är att använda sig 
av Ooyala IQ som utmärker sig med avseende på flexibilitet, det var enkelt att 
använda deras API i sin egen lösning, det fanns ingen gräns på hur många hän-
delser man kunde lagra per månad, och slutligen så fanns det dedikerad sup-
portpersonal att nå via telefon eller email. 

Nyckelord 
analytic hierarchy process, ahp, analytics verktyg, google analytics, live video 
strömmning, mixpanel, piwik, ooyala iq, tjänstekvalitet, qos 
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1  |  INTRODUCTION 

1 Introduction 

The demand for live video content over the Internet have been increasing according 
to a paper by Nathan Edge at Elon University [1]. This increase has led to an emer-
gence of new companies and products that compete for viewers. To measure user 
experience, companies use different ways to analyze the quality of service (QoS) of 
their product so that they can discover insights that would otherwise have re-
mained undiscovered. 

QoS has its roots in the telephone industry and have existed since the mid 1990s. In 
that sector, it is important to provide high voice quality, such as low delay, and high 
enough bit rate for words to be comprehensible [2-3]. Therefore, different metrics 
were defined that were measureable so data could be gathered about the perfor-
mance of the networks. Over the years, QoS has expanded to many different sec-
tors, including live streaming. 

The challenge when providing live video streaming is to minimize buffering while 
maintaining a high resolution and pleasing frame rate. These metrics can be 
tracked in the playback client and sent to a server to be analyzed. Multiple ways of 
collecting and analyzing data exist, and each solution has its own advantages and 
disadvantages, making the selection of a particular solution challenging. The pur-
pose of this thesis is to help companies choose how to measure QoS in their live 
video streaming services. 

1.1 Expected outcome 
This thesis aims to evaluate solutions for measuring Quality of Service that exist 
today and list their advantages and disadvantages and recommend which solution 
to use. 

In detail the objectives are the following: 

1. Compare different methods to measure QoS and evaluate the most suited 
one for live video streaming. 

2. List and compare available solutions for chosen method. 
3. Evaluate a selection of these solutions in regards to: feature set, cost, ease of 

use, documentation, support and general feasibility for the purpose. 
4. Recommend a method or solution to use. 

1.2 Delimitations 
• Time limit for the work is 10 weeks. 
• Compare a maximum of 6 solutions. 
• Measure only video streams being broadcasted through CloudFront and Ak-

amai Content Distribution Networks. 
• Focus only on MPEG-DASH and distribution through CloudFront and Aka-

mai Content Distribution Networks. 
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3  |  BACKGROUND AND THEORY 

2 Background and theory 

This section presents technologies relevant to this thesis work, such as Dynamic 
Adaptive Streaming over http, Quality of Service, Quality of Experience and Con-
tent Delivery Networks. It also describes previous work that has been done in the 
area. 

2.1 Quality of service 
Quality of Service (QoS) is the measurements of different metrics to see how well a 
system is performing. Well performing QoS metrics do not have to mean that users 
are happy with the service but rather that it is working as intended [5]. Common 
QoS metrics include: latency, jitter, adaptation rate and packet loss which are pre-
sented in sections 2.1.1-2.1.4. To get a better picture of what users think of the ser-
vice, QoS should be combined with Quality of Experience (QoE), which is a term 
depicting the subjective experience of different users. QoE is described in section 
2.2. 

2.1.1 Latency 
Latency is the time it takes for a packet to travel from the server to the client, or 
vice versa. The travel time mainly depends on the route the packet takes and the 
current congestion level on the networks the packet it travelling through [6]. 

In interactive applications where the user can change their own experience, there 
are other latencies than just video packet arrival latencies. For instance, if the user 
changes the video stream on one of their views, there is a latency until the chosen 
video stream actually shows up. This means that the latency must be low to mini-
mize the distraction of having to wait. 

2.1.2 Jitter 
Jitter is the measurement of the variance of latency that occurs in best effort net-
works such as the Internet [7]. Because different packets of the same stream may 
take different paths, stop for some time at intermediary devices when travelling, or 
not even arrive at all at the consumer, there is a need to measure how well packets 
are able to arrive at a constant rate. 

Generally, jitter is not a great problem in the MPEG-DASH streaming technique. 
This is because the client downloads segments of a few seconds, which means that 
it buffers seconds of video at a time. Because of how the buffering works, there is 
inherently a delay of a few seconds of the video playback from live.  

As the video is not completely live, and is not required to be, MPEG-DASH is not as 
sensitive to jitter as for example voice communication, where which delay must be 
minimal to not disrupt the users. 

2.1.3 Adaptation rate 
Adaptation rate is how fast the client adapts to network changes. If the streaming 
client in the video player considers it unlikely that it can download segments for 
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playback on time, it will request segments of lower quality [8]. This increases the 
likelihood that segments are downloaded on time, thus avoiding having to buffer. 
Conversely, if the network conditions improve, it will request segments of higher 
quality. Content distributors want to provide streams with as high quality as possi-
ble, with minimum delay from the live events. If competitors are ahead in time, 
that is have less delay, the content provider is at a disadvantage. If the delay is too 
large the provider risks losing customers. 

2.1.4 Packet loss 
Internet is a best effort network, some packets may be lost during transmission, so 
it is also important to see how many of the packets are dropped. Too many dropped 
packets will result in a bad viewing experience, such as artifacts in the video, play-
back jumping around or stopping completely for several seconds. 

2.2 Quality of experience 
Quality of Experience (QoE) describes how the users perceive the service, instead of 
how they work and perform from a technical standpoint, which is the case with 
QoS. Mostly these kind of metrics are about how long it takes before something 
happens on the user’s screen, or what happens if things go wrong, to minimize the 
disruption for the user. Buffering and rebuffering times are the most commonly 
measured QoE parameters, and are described in sections 2.2.1-2.2.2. 

2.2.1 Buffer times 
Buffer times is about how long it takes for a video to start playing on the screen 
from the moment the user presses the play button. There is always a little delay as 
the videos have to be downloaded slightly in advance before they actually start 
playing, as a guard in case it takes unusually long for a particular part of the stream 
to arrive. 

Buffer times are an interesting metric to measure as long buffer times increased the 
likelihood of people abandoning the video [9]. Ideally this delay is to be as short as 
possible. 

2.2.2 Rebuffer times 
Rebuffer is similar to buffer times. The only difference is that this is the delay for 
buffering again when the video has been playing for some time already, but ran out 
of buffered video before the next part of the stream could be downloaded. It is also 
interesting to see how many times a stream can be rebuffered before users leave the 
stream, as more excessive rebuffering means people are less likely to continue 
watching [9]. 

2.3 Content delivery networks 
A content delivery network (CDN) is a Software as a Service (SaaS) which makes it 
easier to provide a service with high availability and scalability. Content providers 
send their data to the CDN who then propagate it to their servers around the globe. 
When a user makes a request to a CDN a domain name system (DNS) will resolve 
the CDN server best suited to handle the request [10]. Benefits of using a CDN in-
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cludes: load balancing, protection against Denial of Service (DoS) attacks, faster 
page loads, robustness and access to user access patterns [11]. 

2.4 A/B testing 
A/B testing is a process where you generate two different HTTP responses to clients 
depending on for example if the client has an even or odd last digit in their IP [12]. 
The different responses can for example be different placements of buttons. This 
change can later be tracked to see how users interact with the different versions. If 
one group is responding better (for example by spending longer time on the service 
and by that generating more ad revenue) then it is the better service. 

2.5 Multi-variate testing 
Multi-variate testing is similar to A/B testing but instead of changing between two 
different versions there can be many different versions of the service [13]. These 
versions can later be tracked to see which is better (for example by measuring how 
long users use the service). 

2.6 Methodologies 
In this section, different approaches about how to measure QoS are presented and 
discussed. Further, different methods to compare softwares or solutions against 
each other are also introduced. 

2.6.1 How to measure quality of service 
There are many different ways to measure QoS. For example, it is possible to meas-
ure it by capturing packets sent and received on the client computer, and then 
manually calculate the needed information by parsing the log data. It is also possi-
ble to purchase the data from the CDN used, such as Akamai [14], who log and pre-
sent the data automatically for the CDN customer. It is also possible to capture data 
in the streaming client by inserting code snippets that send information about the 
experience to a third party, such as an analytics service. 

2.6.1.1 Network packet inspection 
With an application used for network inspection (also known as packet sniffers or 
sniffers), it is possible to capture and save traffic going in and out of the network 
card. This data can later be analyzed for parameters such packet loss, as shown by 
Julianne M.G. Stensen in her paper [15]. 

2.6.1.2 Using CDN data 
These services provide graphs that show how a service is performing in many dif-
ferent aspects. These aspects include: availability, start up time, rebuffers, bitrate; 
behavior: start-, stop-, pause times; and system: operating system, browser and 
others [14]. Akamai provides more than 50 different metrics that can be tracked, 
thus providing most metrics that service providers generally want to see. 

2.6.1.3 Using analytics frameworks 
Another way to measure QoS is with the help of analytic frameworks. These are 
services that allow to track user usage and events and are available in many differ-
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ent flavors such as Amazon Kinesis Streams, Google Analytics, Microsoft Power BI, 
and Ooyala IQ.  

This kind of tracking is done with the help of so called data points and events. Data 
points are small code snippets that are added to specific parts of the code where the 
service provider wishes to know if the code has run or not [16]. That is, every time 
that code runs, it will register it at the provider of the analytics framework. This is 
known as an event, and are vital for this kind of analysis. All events are recorded 
and can be shown as graphs or log entries in the control panel for the framework. 
An example of a snippet used in Javascript with Google Analytics is the following 
code, which will send an event named pageview to Google Analytics. 

ga('send', 'pageview'); 

2.6.2 Different methods to compare alternatives 
There are different methods that can be used to compare solutions. It was decided 
to use SWOT since it is fast to conduct and already known to the authors. AHP was 
chosen since it is powerful, simple, easy to learn and since criterion have weights 
associated to them, it becomes possible to check for inconsistencies mathematically 
which might occur when interviewing people. 

2.6.2.1 Strengths, weaknesses, opportunities and threats analysis 
Strength, weaknesses, opportunities and threat analysis (SWOT) is a process to get 
an overview of what different alternatives have to offer [17]. This is done by making 
a table where rows represent options and with each row there is a column for 
strengths, weaknesses, opportunities and threats. After a SWOT table have been 
completed everyone should share the same view of the available options which is a 
good starting point for any endeavor. Benefits of using SWOT is that it is simple to 
explain to interested parties and fast to do. Table 2.1 shows an example of a SWOT 
analysis between the three largest desktop operating systems. 
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Table 2.1. Example comparison of popular operating systems using a SWOT table. 

 Strength Weaknesses Opportunities Threats 

Windows Compatibility, Tech-
nical support, a lot of 
different features 

Expensive, 
slow 

Updates often Biggest target of 
viruses 

Linux Free, few viruses, big 
variety of distribu-
tions 

Complicated Once properly installed 
and configured Linux 
will run for a long time 

Poor compatibility, 
Few vendors sell 
computers with 
Linux preinstalled 

OS X Few viruses, reliabil-
ity, design 

Expensive  Poor compatibility 

 

2.6.2.2 Analytic hierarchy process 
The analytic hierarchy process (AHP) is a process that can be used when there is a 
decision to be made [18] using mathematics. A decision could be something such as 
deciding which drink is the most consumed, or the most fitting solution for a spe-
cific purpose. AHP heavily relies on the use of weights to weight different criteria in 
terms of how important they are when fared against each other, and for alternatives 
for how well they perform compared to each other for a criterion. 

The process consists of several steps; these are: 

1. Defining the problem (decision to be made) 
2. Defining the different alternatives to solve the problem 
3. Defining criteria that are common for all the alternatives 
4. Defining importance levels 
5. Prioritizing the criteria in terms of how important they are for the solution 
6. Comparing each alternative against each other for every criteria 
7. Synthesizing the comparisons to one final result which shows the most fit-

ting alternative for the problem 

As previously described, the problem can be anything where a decision is to be 
made and there are different alternatives for it. For instance, the problem could be 
“buying a house”, and the different alternatives could be house A, house B and 
house C. Once the problem and alternatives have been set, the criteria that are im-
portant to the problem are defined. In the example with the house, useful criteria 
could be price, house size, location etc. 

Importance levels can be set at different resolutions depending on how important 
the differences in importance between criteria are. That means that it can be set 
freely depending on requirements, for instance five scale (1-5), a ten scale (1-10) or 
even a hundred scale (1-100) system. 
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In the house example, if using a 1-5 scale system, all criteria are balanced against all 
other criteria, setting the importance level of a particular criteria relative to the 
other criteria. A one always means that the two criteria compared against each oth-
er are equally important. Setting the importance is normally done using a table as 
table 2.2 shows, using the criteria set earlier. Table 2.2 shows that the price is mod-
erately (3) more important than the size of the house, and location is half (0.5) or 
slightly less important than the size of the house. 

Table 2.2. Example of importance levels. 

 Price House size Location 

Price 1 3 4 

House size 0.33 1 2 

Location 0.25 0.5 1 

 

Using the values from table 2.2 the weights (importance) of each criterion is then 
calculated. This is done by first finding the total value of the matrix by adding all 
the values in the matrix, and then dividing the sum of each row with the total value. 
This yields the weight of the criteria expressed in a percentage value. With the val-
ues from table 2.2, the weight vector would be calculated as follows: 

The sum of row i can be calculated using the following formula, where m is the 
number of columns: 

𝑆𝑢𝑚	𝑟𝑜𝑤 = 𝜎*,, = 𝜎*,, + 𝜎*,,./ + 𝜎*,,.0 + ⋯+ 𝜎*,22
,3/  (1) 

This means that the sum of the entire matrix can be calculated as follows, where n 
is the number of rows and m is the number of columns: 

𝑇𝑜𝑡𝑎𝑙	𝑠𝑢𝑚 = 𝜎*,,2
,3/

9
*3/    (2) 

Using (2), the total sum can be calculated: 

𝜎*,,2
,3/ = 1 + 3 + 4 + 0.33 + 1 + 2 + 0.25 + 0.5 + 1 = 13.089

*3/  (3) 

And using (1) for earch row: 

𝑆𝑢𝑚BC*DE = 𝜎/,, = 1 + 3 + 4 = 8
2

,3/
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𝑆𝑢𝑚FGHIE	I*JE = 𝜎0,, = 0.33 + 1 + 2 = 3.33
2

,3/

 

𝑆𝑢𝑚KGDLM*G9 = 𝜎N,, = 0.25 + 0.5 + 1 = 1.75
2

,3/

 

These are then divided with the total value (3), which yields the weight vector: 

𝑊𝑒𝑖𝑔ℎ𝑡𝑠 = 0.6115, 0.2548, 0.1338    (4) 

Once the weights are set for the criteria, the next part is to compare the alternatives 
against each other for every criterion. This step is the most difficult as many times 
they are compared against each other based on subjective opinions. It is therefore 
important to as objectively as possible do the comparison, such as on hard numbers 
and facts. For instance, when comparing the alternatives to the location criteria, the 
result can be presented in a table as table 2.3 shows. In this example house A might 
have gotten a four compared to house B because its location had much lower crime 
ratings. Finally, the weight for each alternative is calculated by adding each row’s 
values, and dividing by the sum of the total value of the table. This weight shows 
how the alternatives compare against each other for that particular criteria, with 
higher values meaning an alternative is doing better. In the example, only the table 
for Location is shown, but the same comparison is done for all the criteria. 

Table 2.3. Shows the comparison between the house alternatives for the location criteria. 

Location House A House B House C Weight 

House A 1 4 2 0.5351 

House B 0.25 1 3 0.3249 

House C 0.5 0.33 1 0.1399 

 

The final part of the AHP is the synthesizing step. In this step, all the tables from 
the previous step are weighted with the weights of the different criteria (4). 

For example, from table 2.3, house B got a weight of 0.3249 for the location criteri-
on. This value (0.3249) is multiplied by the weight of that criterion, which is 
0.1338, as seen in (4), which yields 0.0435, as seen in table 2.4. The same process is 
done to fill the entire synthesizing table. When the table is filled, all values in each 
row are added to gain a final weight. This weight shows the most fitting alternative 
to choose for the particular problem. In the house example, house C is the best op-
tion to buy. 
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Table 2.4. Synthesizing the results from the previous tables. 

 Price House size Location Weight 

House A 0.0988 0.0940 0.0716 0.2643 

House B 0.2429 0.0451 0.0435 0.3315 

House C 0.2699 0.1157 0.0187 0.4043 

 

A consistency analysis is generally done together with AHP to measure how con-
sistent the values in the matrix are with themselves. To do this, the sum of each 
column is multiplied with the weight in the final column for the corresponding row. 
The results of each calculation are then added together, and this sum, λmax is used 
to calculate the consistency index CI: 

𝐶𝐼 = XYZ[\9
9\/

, where n is the number of elements  (5) 

CI is a value used together with a table value called the random consistency index, 
RI, found in [19]. These values have been developed by the author of AHP by using 
many different random test cases to arrive to these index values. By dividing CI 
with RI, the consistency ratio CR is found: 

𝐶𝑅 = ^_
`_

     (6) 

A low consistency, ideally zero, means that the values in the matrix are not contra-
dicting themselves and thereby are more reliable for the comparison. 

2.7 Related work 
For this thesis, several previously written papers were studied and the information 
gathered from them were consolidated for use when studying the solutions that 
were focused on in this paper. 

In the paper Web analytics tools and web metrics tools: An overview and compara-
tive analysis by Ivan Bekavac and Daniela Garbin Praničević [20] they compare 
advantages and disadvantages of different analysis software. They did this by first 
comparing their functionalities against each other, and then empirically studying 
the software in terms of user satisfaction regarding for example user interface, cus-
tomizability etc. This information was used when studying some of the alternatives 
studied in the SWOT and AHP analysis in sections 3.1-3.2. 

In Measuring the Quality of Experience of HTTP Video Streaming by Ricky K. P. 
Mok, Edmond W. W. Chan and Rocky K. C. Chang [21] they propose the applica-
tion performance metrics: initial buffering time, mean rebuffering duration and 
rebuffering frequency. When testing the analytics softwares flexibility or how easy 
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it is to implement the different software into custom solutions it will be tested how 
easy it is to implement these metrics. 

The Future of Retail Analytics 2013 by eknresearch [22] compares different analyt-
ics software based on interviews with 65 different executives in the retail industry. 
They evaluate the following criteria: easy to use user-interface, ease of integration 
with existing tools, data model, ease of adding and analyzing unstructured data, 
visualization tools, mobile or tablet access and if the service is available as SaaS. 
Their paper was used to build table 3.1 in this paper. 

In the paper The Forrester Wave: Big Data Streaming Analytics Platforms, Q3 2014 
by Mike Gualtieri and Rowan Curran at Forrester [23] they compare big data 
streaming analytics platforms based on current offering, strategy and market pres-
ence. This was done by evaluating the strength and weaknesses of the top stream-
ing platforms (by market share). Their paper was used to build table 3.1 in this pa-
per. Apart from that, some of the criteria used in the AHP of this paper were in-
spired by the criteria used in their paper as they cover many different aspects rang-
ing from technological capabilities and customer support handling etc. 

In the paper Predictive analytics for business advantage by Fern Halper at tdwi 
[24] provides an overview of different analytics software that exist on the market 
today (Q1, 2014). Their paper was used to build table 3.1 in this paper. 

In the paper Enterprise Web Analytics Tools 2013 by Karen Burka at Digital Mar-
keting [25] they compare web analytics tools based on: data collection, data stor-
age, built-in A/B testing, multi-variate testing, digital multi-channel attribution, 
benchmarking, integrated social metrics, integrated mobile metrics and built-in tag 
management. Their paper was used to build table 3.1 in this paper. 

In the paper Enterprise Web Analytics Platforms 2015 by Brian Kelly at Marketing 
Land [26] they compare analytics software based on: cloud-based, open APIs, built-
in tag management, integrated social/mobile metrics, multi-channel attribution 
and funnels, A/B testing, multivariate testing, customizability and data collection. 
Their paper was used to build table 3.1 in this paper. 
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3 Methods and results 

In this chapter, there is first a comparison between different ways to measure QoS 
and later there is a comparison of web analytics services. These comparisons were 
made by doing a literature study, conducting interviews, and testing the tools by 
implementing them. 

3.1 Chosen method 
From the methods discussed in 2.6.1.1-2.6.1.3, it was decided to measure QoS using 
analytics software. This was because using analytics software is easier to customize 
than using a CDN, and compared to packet inspection it is faster to implement and 
it would be easier to add measurement metrics should the need arise. 

Another reason it was not decided to use a CDN like Akamai Media Services was 
that it could lead to problems if there should be a need to switch cloud provider. 
This is because different cloud providers are generally not compatible with each 
other. The lack of compatibility means that if the new cloud provider is not provid-
ing a similar or as good QoS service as the old, it could lead to issues regarding the 
information gathered not being enough. 

Analytics software are less time consuming to implement then packet inspection. 
Using analysis software only need small snippets of code to be inserted into the ex-
isting media player for different events, like when the client rebuffer. By using 
packet inspection, it would be required to write a program that analyzes log files 
from a program such as Wireshark. It would also be necessary to produce new doc-
umentation how to use that program, where in analytics software there already ex-
ist documentation, guides and support. 

3.2 Finding and choosing quality of service software to compare 
Deciding which analytics software to compare was done by looking for existing 
comparisons that had already been done (see section 2.7) and reading about the 
different analysis software online and then making a SWOT analysis based on the 
information that was found. Table 3.1 summarizes the results gathered from the 
different softwares. 
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Table 3.1. SWOT table for different analysis software. 

Product Strengths Weaknesses Opportunities Threats 

Adobe 
Analytics 

Real time analysis. 24/7 
dedicated support via 
email, phone and forum. 

Documentation avail-
able after purchase. 
Price starting at 
$50,000 per year and 
varies with traffic vol-
ume and service 
needs. 

Support A/B 
and multi-
variate testing. 

Must request a 
demo from Adobe, 
which may take 
time. 

Amazon 
Kinesis 
Streams 

Real time analysis. Scala-
ble price from $49 per 
month (1 MB/s data input 
and 2 MB/s data output) 
to $15,000 per month 
depending on traffic vol-
ume and service needs. 
24/7 dedicated support 
via email, phone and 
forum. Good documenta-
tion. 

- Support A/B 
and multi-
variate testing 

Tied to Amazon 
AWS, which can 
be a problem if 
switching cloud 
provider. 

Flurry 
Analytics 

Real time analytics. No 
monetary cost. Good 
documentation. 

The data is not pri-
vate. Supports mobile 
only. Only support 
through forum. 

- No support for 
A/B or multivari-
ate testing. Free 
only service means 
there is a risk of 
lower quality of 
the support. 

Google 
Analytics 

Good documentation. 
24/7 dedicated support 
via email, phone and 
forum. 

Four-hour delay be-
fore data gets ana-
lyzed. Fixed price at 
$150,000 per year for 
1 billion events per 
month. 

Support A/B 
and multi-
variate testing. 

Low scalability if 
more data points 
are needed as it 
only allows two 
options, free and 
premium. 
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Table 3.1. Continued. 

Product Strengths Weaknesses Opportunities Threats 

Localytics Real time analytics. 
Price ranges from 
$200 per month to 
$600 (for 25,000-
100,000 unique users) 
Good documentation. 

Supports mobile only. 
Only has community 
driven support via 
forums. 

Support A/B and 
multi-variate 
testing. 

Must schedule 
demo with Lo-
calytics, which 
may take time. 

Mixpanel Real time analysis. 
Good documentation.  
Email support. Many 
streaming services use 
the service. Price 
ranges from $0 per 
month to $2,000 per 
month, (for 25,000- 
20,000,000 data 
points). 

- Support A/B 
testing. 

No support for 
multivariate 
testing. 

Ooyala 
IQ 

Real time analytics. 
Focuses on video ser-
vices and video analyt-
ics. Used by many 
media companies. 
Good documentation. 
24/7 dedicated sup-
port via email, phone 
and forums. 

- Support A/B 
testing. Price is 
tailored for dif-
ferent businesses 
and starts at 
$500 per month 
and increases 
with bandwidth, 
storage, support 
and licenses. 

No support for 
multivariate 
testing. 

Piwik Real time analysis. 
Open source. Good 
documentation. Sup-
port from forum and 
email. 

- Support A/B 
testing and multi-
variate. 

Support could 
be harder to get 
as people are 
not working full 
time with sup-
port for the 
service. 

ShinyStat Real time analytics. 
Price from 210€ per 
year to 2,600€ per 
year (for 50,000- 
5,000,000 page 
views.) 

Poor documentation. 
Only support through 
fill out forms. 

-  No A/B or mul-
tivariate test-
ing. 
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When comparing the alternatives in table 3.1, the most important factors looked at 
was price (both in terms of cost and flexibility), that the software focused on the 
web browser and had good documentation. Preferring products with better price 
alternatives, it was decided to leave out Adobe Analytics and Amazon Kinesis 
Streams. Further, preferring products that focused on the web, it was decided to 
leave out Flurry, Localytics and Shinystat. This resulted in the following four prod-
ucts to be further tested and evaluated: 

• Google Analytics 
• Mixpanel 
• Ooyala IQ 
• Piwik 

Apart from being having better pricing options, these four are all established prod-
ucts, with Google Analytics being the most prominent of them all in the analytics 
field. Several companies that focus on real time streaming are using Mixpanel and 
Ooyala IQ. This made these two products especially appealing as it indicates they 
may be good fits for the purpose of the comparison. Piwik was chosen because it 
was the only open source product that was found which was on-par with the other 
ones in terms of its features. Being open source is also very beneficent as it allows 
changing the source code if it for some reason would be necessary. 

Some of the products chosen have weaknesses. For example, Google Analytics be-
ing fairly inflexible when comparing the pricing alternatives to the other services. It 
was decided however, that this was not a big factor enough to disregard it as Google 
Analytics is one of the biggest analytics platform on the market and the service al-
lowing a generous number of data points for the different prices. 

3.3 Comparing analysis software 
The analytics tools chosen in section 3.2 were further studied using the analytics 
hierarchy process (AHP). 

Table 3.2 shows the table describing the intensities of importance that were defined 
and used in the AHP analysis. A five grade scale was deemed enough for the pur-
poses of this comparison. 
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Table 3.2. Table describing intensity of importance for the different criteria compared against each other. 

Intensity of 
Importance 

Definition Explanation 

1 Equal importance Two criteria are of equal 
importance for the objec-
tive 

2 Slight importance Criterion i is slightly more 
important than criterion j 

3 Moderate importance Criterion i is moderately 
more important than crite-
rion j 

4 Strong importance Criterion i is strongly more 
important than criterion j 

5 Very strong importance Criterion i is very strongly 
more important than crite-
rion j 

Reciprocal of 
above 

If activity i has one number of the above non-zero 
numbers assigned to it when compared with activi-
ty j, then j has the reciprocal value when compared 
with i. 

If i is x more important 
than j, then j is 1/x as im-
portant as i 

 
The criteria that were used when comparing the different software to each other 
using AHP are shown in figure 3.1. Further, table 3.3 shows how the criteria were 
weighted against each other. 

Figure 3.1. AHP tree showing all criteria to be weighted in the AHP process. 
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To determine the weights for the criteria in table 3.3 an interview was conducted 
with Erik Åkerfeldt who has worked as a software engineer for ten years at various 
companies and startups such as Ericsson AB, mi.tv (which he co-founded) and at 
the time of this writing as CTO of Znipe Esports AB, which is a company working 
on streaming solutions on the web. The weights were later reviewed by João Coe-
lho, who at the time worked as a consultant for 0+x and had five years of experi-
ence working as a software engineer. This review was done to get more different 
perspectives about the criteria to avoid having too much personal bias from one 
person. 

Table 3.3. Weighting importance of the criterion on the left to the ones on the top. 

Criteria for 
choosing 
software 

API 
ma-
turity 

Availa-
bility 

Capac-
ity 

Documenta-
tion 

Flexi-
bility 

Pri-
vacy 

Visual-
ization 

Sup-
port 

API maturi-
ty 

1 2 0.5 1 2 0.5 3 2 

Availability 0.5 1 0.33 0.5 1 0.33 2 1 

Capacity 2 3 1 1 3 1 4 3 

Documenta-
tion 

1 2 1 1 2 0.5 3 2 

Flexibility 0.5 1 0.33 0.5 1 0.33 2 1 

Privacy 2 3 1 2 3 1 4 3 

Visualiza-
tion 

0.33 0.5 0.25 0.33 0.5 0.25 1 0.5 

Support 0.5 1 0.33 0.5 1 0.33 2 1 
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The matrix can then be normalized by taking the sum of each row in the matrix and 
divide it by the total sum of all elements in the matrix. This yields the following 
values describing the priority of each parameter (Appendix A shows the full table 
with the priorities for each row and consistency calculations): 

𝑊𝑒𝑖𝑔ℎ𝑡𝑠 = 0.14, 0.08, 0.21, 0.15, 0.08, 0.22, 0.04, 0.08   (7) 

Figure 3.2. A radar graph visualizing the weight distribution of the different criteria. 

All criteria are described in more detail in sections 3.3.1-3.3.8, with discussions 
about how the four alternatives were weighted against each other in each criterion. 
The comparison was made by using sources in section 2.7, and by visiting their re-
spective web pages to gather information and some of the criteria, such as API ma-
turity and flexibility required a test implementation to be evaluated. Appendix B 
summarizes all the criteria in table format with calculations of their consistencies. 

3.3.1 API maturity 
API Maturity defines how well developed the API is. This ranges from things as 
how many expected functionalities for these kind of services are available, how long 
the API has been available, how easy the API functions are to use etc. All these fac-
tors are important as a more mature API is generally more well tested, easier to use 
for developers and have more documentation. 

To compare the softwares against each other, all softwares were used to implement 
parts of the QoS measurement metrics defined in chapter 2. This gave a hands-on 
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experience of the softwares which was used to determine how well developed they 
were. From these experiments it was concluded that all four softwares were compa-
rable to each other, and none had any functions missing needed to implement 
proper QoS measuring tools. 

3.3.2 Availability 
Availability determines how straightforward the software is to set up initially, and 
how easy it is to continue using the platform if it was decided to be fit for the pur-
poses that was demanded. It also defines how easy it is to tailor for the needs of a 
company in terms of financial plans. This includes how many different payment 
options are available, for instance pay per usage, or monthly payment. It also con-
siders the data point per cost price because streaming platforms require a large 
amount of data points as they are used up quickly as data is sent so often. These 
factors are important for smaller companies especially as resources are more lim-
ited. 

By studying the different softwares, it was shown that all had free trials available. 
Google Analytics was the only software that only had a set yearly price of 
$150,000/year, while the others had scalable solutions. Ooyala IQ had the strong-
est overall option with its fully tailored solutions, which price was set depending on 
the needs of the company. Mixpanel had solutions for both pay per usage and pay 
per month options, but was overall more expensive than the others, which lowered 
its weight considerably. Piwik only had pay per month solutions which all had fairly 
low numbers of data points available, which lead to a low weight for this criterion. 

Even though Google Analytics was the least customizable solution, it still got the 
highest weight, this is because its price per data point cost was considerably smaller 
than the others. 

3.3.3 Capacity 
Capacity describes how many data points and events that each service allow. The 
more of each that is available the better, as it allows to track more metrics and sup-
ports larger user bases. 

Google Analytics allows 1 billion measurements (data points)/month, which is far 
more than the others for a set price ($150,000/year). Mixpanel allows up to theo-
retically infinite amounts of data points, however the prices are not available for 
comparable numbers of data points to Google Analytics. Ooyala IQ, allowing cus-
tom tailored solutions is again the strongest option as it allows for negotiating price 
per capacity. Piwik’s most expensive solution gives 2 million measure-
ments/month, which was deemed too low for a streaming platform, resulting in a 
low weight. 

3.3.4 Documentation 
Documentation defines how easy the documentation is to understand and follow, 
how many of the most necessary features it covers to easily implement code that 
tracks the necessary QoS metrics. When comparing the platforms against each oth-
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er, introductory tutorials for the platforms were compared to each other, compar-
ing how much they cover and how easy they were to follow. 

The documentations were studied both by their own and when implementing the 
QoS measurements. It was concluded that all four of them had very comprehensive 
text documentation which was easy to read and follow from a developer perspec-
tive. Google Analytics, Mixpanel and Piwik also all had video tutorials which 
showed how to both use the analytics dashboards and how to implement things 
from a developer perspective. This resulted in Google Analytics, Mixpanel and 
Piwik having similar weights in terms of documentation. Ooyala IQ did not have 
any video tutorials which resulted in a lower weight for that software. 

3.3.5 Flexibility 
Flexibility defines how easy it is to implement the tracking code into an already ex-
isting media player. This is important as the media player used in the thesis work 
was custom built for its purpose, so moving to a media player that the platform 
supports just to use the platform was not an option. 

Flexibility was compared by studying the developer documentation of all the soft-
wares. All four had a wide variety of SDK’s available, all supporting the most com-
mon programming languages and platforms, such as JavaScript, Java, Android and 
iOS. All four also support HTTP requests which allow great customizability as 
HTTP allows any data to be sent. Ooyala IQ was the only software to include an 
easy to use JSON API which was deemed very powerful and therefore performed 
the best for this criterion. 

3.3.6 Privacy 
Privacy is about how private the data is, both for the company that uses the analyt-
ics service and for the users that are tracked. For this criterion, the main concerns 
were how the analytics service provider uses the stored data for their own purposes, 
or if they allow any third party partners to access the data for example research 
purposes. Another thing considered was how specifically it was possible to pinpoint 
the data, for instance if it is possible to pinpoint the data to a specific user. 

The privacy each software provides were studied by reading their respective privacy 
policies. Google Analytics and Ooyala IQ’s policies say that they do not share data 
with any third parties unless required by law or requested by the owner of the data. 
Both companies may however use the data themselves. Mixpanel was the only 
company to write in their privacy policy that they do share the data with third par-
ties. The biggest reason Mixpanel scored low in privacy was because its privacy pol-
icy states they may sell the data to third parties in case Mixpanel is to be sold to 
another company. Piwik’s privacy policy stated that all data stored on their servers 
are treated as private and confidential, and only may share it if the client makes it 
publicly available. Piwik’s privacy policy was deemed the best in terms of privacy. 

3.3.7 Visualization 
For visualization, the main things considered were how the service is usable for the 
end users, that is, the people looking at the data gathered. How the data is present-
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ed to the users was also considered, for instance by looking at how many different 
ways the graphs could be presented and if the graphs were useable for color blind 
people or dyslexic people. 

Studying the graphs and logs that the softwares made, it was concluded that all had 
very easy to follow graphs. This resulted in equals weights between all the alterna-
tives. 

3.3.8 Support 
When considering support, easy accessibility of reliable and fast support was the 
main thing considered. The more ways it was possible to contact support, for in-
stance by email, phone, chat, forums, the better. Professional support from support 
staff was considered better than support from community through for instance 
community forums. 

Ooyala IQ had the most support options available, with email, phone, and fill in 
forms available on their website, hence scoring the highest weight. Google Analyt-
ics, Mixpanel and Piwik all have community forums for support. Mixpanel does 
support over email as well. For this criterion, phone support was considered the 
most important, as it generally is the fastest way to get help with issues. 

3.3.9 Summary of the comparison 
Figure 3.3 summarizes all the weights for the criteria. As can be seen, the four plat-
forms performed equally well for API maturity and Visualization. For the other cri-
teria, Ooyala IQ generally performed higher than the others. 

Figure 3.3. The different alternatives compared against each other for every criterion, excluding the weights of the criteria. 
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3.4 Results 
The results calculated by combining the weights for the alternatives with the priori-
ties from (7) is shown in table 3.4. 

Table 3.4. Total weights for the different analysis software. 

 API 
Ma-
turity 

Availa-
bility 

Ca-
pacity 

Documen-
tation 

Flexi-
bility 

Privacy Visuali-
zation 

Sup-
port 

Total 
weight 

Google 
Analyt-
ics 

0.0350 0.0314 0.0619 0.0450 0.0110 0.0454 0.0100 0.0192 0.2589 

Mix-
panel 

0.0350 0.0143 0.0491 0.0450 0.0169 0.0161 0.0100 0.0218 0.2082 

Ooyala 
IQ 

0.0350 0.0283 0.0874 0.0150 0.0390 0.0461 0.0100 0.0278 0.2886 

Piwik 0.0350 0.0060 0.0117 0.0450 0.0130 0.1123 0.0100 0.0112 0.2442 

 

Mixpanel is sharing data with third parties and did not have a scaling pricing struc-
ture so with 0.2082 total weight it came in the fourths place. Piwik only offer com-
munity driven support and did not have a scaling pricing structure which left it 
with 0.2442 total weight and comes in third place. Google Analytics was not easy to 
implement into custom solutions and ended up with a total weight of 0.2589 and 
came in second place. Ooyala IQ did not have any videos to help kickstart the work 
but in turn offered excellent capacity, flexibility and support with a total weight of 
0.2886 it ended up in the first place. 
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4 Analysis and discussion 

In this chapter the result and chosen method is analyzed and the benefits of socio-
economical aspects when using analytics software and different ways to extend this 
thesis is presented. 

4.1 Selecting method to measure quality of service 
The first problem in this thesis was to choose the method to measure QoS. A range 
of different options exist. The thesis focused on three different methods: packet 
inspection, CDN data and analytics tools. 

The three methods differ in complexity of implementation and ease of use. For in-
stance, starting to use CDN data is many times as easy as activating the option in 
the dashboard, meaning it is usually very simple to implement. Another conven-
ience is that all the data is stored by the CDN company, meaning that no extra serv-
ers need to be handled by the company using the service. The downside with these 
systems is that they provide little customizability if there is something specific that 
a service provider wants to track. Another downside is the fact that one has to rely 
on the CDN to gather the data. This can be a problem later on the company decides 
to switch to a different CDN in the future. If the potential new CDNs can’t provide 
QoS data for something that the old one could, switching could be impossible, es-
sentially locking the company to one CDN provider. 

On the other end of the spectrum, the packet inspection method is a highly custom-
izable option. This is because it allows to analyze all traffic coming in and out the 
computer, meaning that virtually anything can be tracked. The major drawback 
with this option is that it is hard to implement client side, thereby limiting it con-
siderably if used for business purposes for tracking customer actions. Customer 
would also not want their integrity being compromised by having their in- and out-
bound network traffic scanned. Another problem with this method is that it is an 
ad-hoc option, and as such, time consuming to implement as it requires to write 
custom code that parses and presents the data in a user friendly way. 

The final method discussed, using web analytics frameworks, provided the best of 
both options above. It allowed highly customizable tracking options as the code 
used to send data to the analytics provider can be implemented nearly anywhere in 
the existing code. Another advantage is that the data is stored by the analytics pro-
vider, meaning no new servers need to be purchased. The downside with this op-
tion is that it requires to change the code for all the data points if there is a need to 
change analytics provider. 

Combining the fact that analytics frameworks provide more benefits than the alter-
natives, and that there are several dozens of different frameworks to choose from, it 
felt like the most compelling option to explore. 
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4.2 Selecting the best solution 
There exist different ways to compare and evaluate solutions. The benefit of using 
SWOT-tables is simplicity and time, it is easy to explain how it works to interested 
parties and fast to do. The cost is the lack of detail, there is no score associated with 
different features that different alternatives may be offering. Considering there 
were 11 different software to choose from this was a good way of choosing which to 
evaluate in greater detail. 

The benefit of using the analytical hierarchy process is detail and applicability. It 
can be used in both qualitative and quantitative comparisons. The cost is that it 
takes a lot of time to do and scales poorly when comparing a significant amount of 
alternatives. Since only four different software were compared in detail this was a 
good way of evaluating the software. 

It was not possible to find previous work where analytics software were evaluated 
to measure QoS for live video streaming. So a study using AHP was done in order 
to find out what was important when producing a solution for measuring QoS for 
video streaming. The AHP weights were then produced in an interview with one 
person, and reviewed by one person. Had there been more time, more people 
would have been interviewed and a mean weight table would have been produced 
instead of using a table by one person. 

Since only one person was interviewed, some criteria, such as availability, had an 
alarmingly high consistency ratio (19%). They were still below the recommended 
20% so no action had to be taken. Had the ratio been over 20%, the weights would 
have to be reworked to check for inconsistencies. 

Tech support is a very important factor when choosing analysis software. Had there 
been more time and money for licenses, this factor would have been extended to 
include test cases where different problems were presented to the analysis software 
company's tech support. The support would be tested for: quality of support, how 
long time it took before help was received and how long time it took to resolve the 
test cases. 

4.3 Socio-economic benefits 
The socio-economic benefits of using analysis software are many: better predicta-
bility of human resource and infrastructure demands. Better predictions for human 
resource demand leads to fewer unexpected layoffs which benefits the society. Bet-
ter predictions of infrastructure mean that companies can avoiding buying unnec-
essary hardware which benefit the environment since new material wouldn’t have 
to be mined, and benefit the company economically since it wouldn’t pay for hard-
ware it didn’t need. 

With QoS data available, and seeing the trends, it is possible to see when the service 
experiences less activity, for instance during the night. With this information it is 
possible to turn off servers that are not necessary for the time being, thus decreas-
ing the carbon footprint and benefitting the environment and benefit the company 
economically by paying less for electricity and server costs. Another benefit of using 
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analysis software is that you can track human interaction to make the service is eas-
ier to use. This is to reduce the risk of getting repetitive strain injuries like carpal 
tunnel syndrome or golfer’s elbow. 
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5 Conclusions 

This thesis work has covered two main topics. The first being which type of method 
to use when measuring QoS for live video streaming. The second was analyzing and 
comparing a set of tools used for the chosen method of measurement. The results of 
the first problem was that using an analytics framework is the best option. This was 
concluded to be the case because they are easy to implement and do not require too 
much modification of the existing code base. It also provided a solid amount of cus-
tomizability which is important if very specific metrics are of interest to a company. 

Using the analytic hierarchy process, the four main contenders, Google Analytics, 
Mixpanel, Ooyala IQ and Piwik were compared against each other. From the AHP-
analysis, it was concluded that, if making a live video streaming solution to track 
the viewers quality of service metrics, or building something with similar priorities 
like those in table 3.3, it is recommended to use Ooyala IQ. Ooyala IQ excels at flex-
ibility and is easy to implement into existing solutions. It also had great capacity, 
offering no limit on how many events it can track per month, and finally offers 
great support in the form of: telephone, email and fillable forms with dedicated 
support staff. 

Some interesting aspects regarding this matter to further study are how the alter-
natives would fare if more criteria were taken into account, for instance user satis-
faction ratings etc. Also, as this thesis work was done with the help of a single com-
pany, it limited the scope of the importance of the criteria to just that one company. 
Therefore, it would be interesting to study which criteria are the most important in 
the industry as a whole by researching how several companies regard different cri-
teria when choosing QoS measurement tools. 
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Appendices 

Appendix A – Calculating criteria priorities 
The consistency ratings were calculated using the random consistency indices (RI) 
from the source shown [19] in the consistency analysis explanation at the end of 
section 2.6.2.2. 

Table A-1. Table showing the results of calculating the criteria priorities. 

 API 
ma-
turity 

Availa-
bility 

Ca-
paci-
ty 

Docu-
menta-
tion 

Flexi-
bility 

Pri-
vacy 

Visual-
ization 

Sup-
port 

Sum Prior-
ities 

API ma-
turity 

1.00 2.00 0.50 1.00 2.00 0.50 3.00 2.00 12.00 0.14 

Availabil-
ity 

0.50 1.00 0.33 0.50 1.00 0.33 2.00 1.00 6.67 0.08 

Capacity 2.00 3.00 1.00 1.00 3.00 1.00 4.00 3.00 18.00 0.21 

Documen-
tation 

1.00 2.00 1.00 1.00 2.00 0.50 3.00 2.00 12.50 0.15 

Flexibility 0.50 1.00 0.33 0.50 1.00 0.33 2.00 1.00 6.67 0.08 

Privacy 2.00 3.00 1.00 2.00 3.00 1.00 4.00 3.00 19.00 0.22 

Visualiza-
tion 

0.33 0.50 0.25 0.33 0.50 0.25 1.00 

 

0.50 3.67 0.04 

Support 0.50 1.00 0.33 0.50 1.00 0.33 2.00 1.00 6.67 0.08 

 Total 
sum 

85.17  

 

λ2Lb = 1.0962 + 1.08 + 0.9954 + 1.0245 + 1.08 + 0.9328 + 0.84 + 1.08 = 8.1289 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

8.1289 − 8
7 = 0.0184 

𝐶𝑅^C*MEC*L	fC*GC*M*EI =
𝐶𝐼
𝑅𝐼 =

0.0184
1.41 = 0.0130 
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Appendix B – Weights of the respective softwares for all criteria 
The consistency ratings were calculated using the random consistency indices (RI) 
from the source shown [19] in the consistency analysis explanation at the end of 
section 2.6.2.2. 

Table B-1. Results for API maturity. 

API Maturity Google Analytics Mixpanel Ooyala IQ Piwik Weight 

Google Analytics 1 1 1 1 0.2500 

Mixpanel 1 1 1 1 0.2500 

Ooyala IQ 1 1 1 1 0.2500 

Piwik 1 1 1 1 0.2500 

 

λ2Lb = 1 + 1 + 1 + 1 = 4 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

4 − 4
3 = 0 

𝐶𝑅gB_	2LMHC*Mh =
𝐶𝐼
𝑅𝐼 =

0
0.9 = 0 

 

Table B-2. Results for availability. 

Availability Google Analytics Mixpanel Ooyala IQ Piwik Weight 

Google Analytics 1 4.5 1/2 4 0.3926 

Mixpanel 1 / 4.5 1 1/3 3 0.1789 

Ooyala IQ 2 3 1 3 0.3534 

Piwik 1/4 1/3 1/3 1 0.075 

 

λ2Lb = 1.3632	 + 	1.5803	 + 	0.7657	 + 	0.825	 = 4.5342 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

4.5342 − 4
3 = 0.1780 

𝐶𝑅giL*jLk*j*Mh =
^_
`_
= l./mnl

l.o
= 0.1978  
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Table B-3. Results for capacity. 

Capacity Google Analytics Mixpanel Ooyala IQ Piwik Weight 

Google Analytics 1 2 1/2 5 0.2946 

Mixpanel ½  1 1/4 5 0.2340 

Ooyala IQ 2 4 1 5 0.4160 

Piwik 1/5 1/5 1/5 1 0.0555 

 

λ2Lb = 1.090	 + 	1.6848	 + 	0.8112	 + 	0.8325	 = 4.4185 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

4.4185 − 4
3 = 0.1395 

𝐶𝑅^LfLD*Mh =
𝐶𝐼
𝑅𝐼 =

0.1395
0.9 = 0.155 

 

Table B-4. Results for documentation. 

Documentation Google Analytics Mixpanel Ooyala IQ Piwik Weight 

Google Analytics 1 1 3 1 0.3000 

Mixpanel 1 1 3 1 0.3000 

Ooyala IQ 1/3 1/3 1 1/3 0.1000 

Piwik 1 1 3 1 0.3000 

 

λ2Lb = 1 + 1 + 1 + 1 = 4 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

4 − 4
3 = 0 

𝐶𝑅pGDH2E9MLM*G9 =
𝐶𝐼
𝑅𝐼 =

0
0.9 = 0 
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Table B-5. Results for flexibility. 

Flexibility Google Analytics Mixpanel Ooyala IQ Piwik Weight 

Google Analytics 1 1/2 1/3 1 0.1381 

Mixpanel 2 1 1/3 1 0.2113 

Ooyala IQ 3 3 1 3 0.4880 

Piwik 1 1 1/3 1 0.1625 

 

λ2Lb = 0.9667	 + 	1.16215	 + 	0.97112	 + 	0.975 = 4.0750 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

4.0750 − 4
3 = 0.0250 

𝐶𝑅qjEb*k*j*Mh =
𝐶𝐼
𝑅𝐼 =

0.0250
0.9 = 0.0278 

 

Table B-6. Results for privacy. 

Privacy Google Analytics Mixpanel Ooyala IQ Piwik Weight 

Google Analytics 1 3 1 1/4 0.2062 

Mixpanel 1/3 1 1/3 1/5 0.0733 

Ooyala IQ 1 3 1 1/3 0.2095 

Piwik 4 5 3 1 0.5108 

 

λ2Lb = 1.3052	 + 	0.8796	 + 	1.1166	 + 	0.9092 = 4.2106 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

4.2106 − 4
3 = 0.0702 

𝐶𝑅BC*iLDh =
𝐶𝐼
𝑅𝐼 =

0.0702
0.9 = 0.0780 
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Table B-7. Results for visualization. 

Visualization Google Analytics Mixpanel Ooyala IQ Piwik Weight 

Google Analytics 1 1 1 1 0.25 

Mixpanel 1 1 1 1 0.25 

Ooyala IQ 1 1 1 1 0.25 

Piwik 1 1 1 1 0.25 

 

λ2Lb = 1 + 1 + 1 + 1 = 4 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

4 − 4
3 = 0 

𝐶𝑅r*IHLj*JLM*G9 =
𝐶𝐼
𝑅𝐼 =

0
0.9 = 0 

 

Table B-8. Results for support. 

Support Google Analytics Mixpanel Ooyala IQ Piwik Weight 

Google Analytics 1 1/3 1/2 3 0.2396 

Mixpanel 3 1 1/2 1 0.2728 

Ooyala IQ 2 2 1 2 0.3472 

Piwik 1/3 1 1/2 1 0.1404 

 

λ2Lb = 1.1517	 + 	1.1821	 + 	0.8675	 + 	0.9828 = 4.1841 

𝐶𝐼 =
λ2Lb − 𝑛
𝑛 − 1 =

4.1841 − 4
3 = 0.0614 

𝐶𝑅sHffGCM =
𝐶𝐼
𝑅𝐼 =

0.0614
0.9 = 0.0682 
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