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Abstract

This work analyses context effect in the evaluation of music similarity performed by human annota-
tors to better understand the impact of context effects in the current annotation protocol of Music
Information Retrieval Evaluation eXchange (MIREX). Human annotators are known to be subjective
when giving similarity judgements. The Audio Music Similarity task in MIREX uses human annotators
to collect similarity judgements. The annotator gives judgements to a list of candidate songs that are
similar according to the participating system. The annotation protocol has no clear guidelines, and
on top of that, literature shows psychological effects which can influence the similarity score. Studies
show that disagreement exists between different annotators in the Audio Music Similarity task. It is
argued that the disagreement is due to the natural subjectivity of human annotators, but how much
of the subjectivity is natural?

In this work, context effects are explored, which are the over- or underrating of candidate songs
due to specific properties of the annotated list of candidates. The properties of the list of candidates
are called factors and will be used as dependent variables. The exploration of context effects is split
into two parts, 1) recognizing context effects and 2) measuring the impact of the context effect. New
similarity judgements are collected through crowdsourcing, this data is checked on reliability before
analysing the context effects. For recognizing context effects, the changes of previous judgements
made by annotators are taken as a metric to see if the annotators are noticing potential context effects.
The second part is measuring the magnitude of the over- or underrating by looking at the distance of
the set of judgements to the ground truth. Hypotheses are made for the dependant variables change
and distance, based on the factors Order, Trend, Location, Spread and Outlier. It seems that the col-
lected data shows signs of context effects, with the Trend and Outlier hypotheses being in line with
the data. The Order hypothesis seems to be the opposite of the data. When changes are made by an
annotator, the final scores of the judgements are closer to the ground truth than before the changes.
However, throughout the work, no significant results are found related to context effects.
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Introduction

The time of buying music in a physical store is almost over. Nowadays music can be listened to on
online platforms like Spotify and Youtube, with the benefit of widely accessible music. To make it eas-
ier for the music consumer to navigate through the large pool of online songs, Audio Music Similarity
(AMS) can be used to automatically generate playlists, help a music consumer find new music, rec-
ommend songs, etc. To improve the systems using Audio Music Similarity, evaluation important and
will be the focus in this work. In this chapter, the concept of Music Information Retrieval evaluation is
explained, followed by an introduction to the evaluation protocols which involves human annotators.
Then the points of criticism on the current evaluation methods involving human annotators are given.
Finally, the motivation for this work is explained together with the approach to analyse them.

1.1. Evaluation in Music Information Retrieval

Evaluation is one of the key components in Information Retrieval research. Evaluation is the process of
assessing how well a system meets the information needs of its users and therefore indicating how the
retrieval process equates good performance with relevant system output [48]. The retrieval processes
generally consist out of techniques, procedures, methods, or other processes which produce a list of
items for a given statement or information need, also called a query. The goal of the retrieval systems
is to produce a list of items which are the most relevant to the given query. To see if the list of items is
relevant, evaluation is needed. The evaluation is not only indicating how the systems are performing,
but also in which direction research should go. Throughout the years, evaluation is acknowledged
as important in the development of information retrieval systems. The development of information
retrieval systems usually follow a cycle which leads to better systems [47]. In this cycle, a task definition
is defined to solve a research problem, with the task definition, a new system or adaption of a previous
one is developed. In the evaluation phase, the system is assessed on how good it is. After evaluation,
the results are interpreted and learned from, with the goal to either improve the system, or go back
and improve the task definition by modifying it. Evaluation is a key component in this development
cycle, leading to better quality systems.

Evaluation in Music Information Retrieval (MIR) is relatively scarce compared to the Text Informa-
tion Retrieval but has become better with the introduction of the Music Information Retrieval Evalua-
tion eXchange (MIREX) in 2005'. In 2005, 10 evaluation contests, also called tasks, were defined [10].
Throughout the years, this set of evaluation tasks is extended or modified, but in general, all tasks are
following the so-called Cranfield paradigm [8]. This paradigm consists out of a document collection,
a set of information needs, and a set of relevance judgements that describes the extent to which a
document is relevant to an information need. The set of relevant documents is also called the ground
truth. This ground truth is interesting for tasks where the ground truth is conducted by human an-

Ihttps://www.music-ir.org/mirex/wiki
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2 1. Introduction

notators. The Audio Music Similarity (AMS) is one of these tasks and can be seen as one of the more
general concepts of music similarity. A typical AMS system gives a list of songs to a given query based
on the audio signal of the songs. The list of songs consists out of the most similar songs, according to
the system, for a given query. To assess how similar the songs are to the query, human annotators are
used.

The ground truth conducted by human annotators has a subjective nature, and it is this subjective
nature which leads to some criticism on the way of collecting the ground truths for the tasks. The two
points of criticism used in this work are 1) disagreement among different annotators, and 2) annota-
tors going back to change previous judgements.

* Disagreement: The first point of criticism is based on the difference in score among different
annotators, this phenomenon is also called the inter-rater agreement. Each annotator is giving a
score based on what they find similar, which is subjective for each individual annotator. There-
fore the annotators apply differently when making human similarity judgements [38]. In the
2006 MIREX edition, three annotators are used for each query-candidate pair, where the query
is the input song for the system and the candidate one of the similar songs in the output list.
Other editions of MIREX only used one annotator per query-candidate pair. It is indeed showed
that different annotators give varying similarity scores [17, 25].

* Change previous judgements: The second point of criticism is the need for annotators to
change their previous judgements [25], which has not been studied extensively in current lit-
erature but will be the main focus of this work. The reason for changing previous judgements
during the process is the awareness of the annotator that previous judgements are over- or un-
derestimated relative to the new judgements. The reason for this is probably due to the annota-
tion protocol used in MIREX. This protocol consists out of a list of items which are annotated by
the same annotator. The list of items is the whole list of songs which are similar to the query ac-
cording to all participating systems. Annotating a list of items by the same annotator can lead to
effects occurring due to the properties or conditions of the specific list of items being annotated.
In this work, the occurring effects are called context effects.

The disagreement between annotators is not the main focus of this work, but will be discussed in
chapter 4, to see if the collected data is reliable. The context effect will be the main focus and will be
analysed in chapter 5.

1.2. Context Effects

The context effects in this work can be described as the over- or underrating of candidate songs due to
specific properties or conditions of the list of candidates. It has been shown that disagreement exists
among different annotators. When this disagreement is the result of a natural subjectivity, there is
no need to eliminate or correct the judgements because they represent the real world. However, it is
not exactly known how much of the disagreement is natural. It is claimed that there exists an upper
bound for the performance of automatic analysis systems due to the disagreement among annota-
tors. This upper bound has already been reached and not surpassed since 2009 for the AMS task[17],
although not everyone agrees with this claim. The upper bound depends on many factors which could
influence the decision making of the judges, think of past experience, musical background, personal
preferences, and many more factors.

In the AMS task, the human annotator gets a list of candidates which need to be annotated within
a bounded scale from 0 (not relevant) to 100 (relevant). Literature shows psychological effects when
human annotators are giving a list of relevance judgements. Suppose an annotator is judging a list
of candidates which order of appearance is low to high, then the annotator will probably give each
candidate a higher score relative to the previous candidate. When the first candidate is already given
a high score, the next candidates will be even higher because the candidate appearance is low to high.
With the bounded scale of 100, the annotator could have a problem when annotating towards the edge
of the scale. When this happens, the annotator could either change the previous candidates or correct
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the next candidates within the boundaries of the scale. This is an example that will be seen as a context
effect in this work. Not only the order, but also other properties of evaluated lists of candidates, such
as Trend, Location, Spread and Outlier, will be taken as factors.

In this work, the changes made by annotators as well as the impact of the not corrected judgements
will be studied. Changes have not been studied for the MIREX data, but it is shown that changes are
made by annotators [25]. Why these changes are made is not explained. When context effects exist, it
will be a sign that the differences between annotators are not a result of the natural subjectivity, but
due to the current annotation protocol used in MIREX. This will lead to unreliable annotations and in
the end, unreliable evaluations.

To eliminate context effects in the current annotation protocol, alternatives to the protocol have
already been studied. Alternatives can be that not the whole list of candidates is annotated, but for
example, preference judgements are made [46, 50]. Protocols where the annotator is judging a small
set of candidates will probably eliminate the context effects.

1.3. Research Questions and Contribution

This work will be focusing on recognizing context effects by looking at the changes made by annotators
and the differences in factors, as well as the impact of the context effects on the judgements. Therefore,
the research questions are:

RQ1 Are context effects measurable in the current annotation protocol of MIREX?
To understand if context effects due to the current annotation protocol have an impact on the
evaluation, they need to be recognizable in the data.

RQ2 What is the impact of context effects in the current annotation protocol?
Context effects can be seen as a problem when they have an impact on the annotations and in
the end the evaluation of systems. When signs of context effects exist the magnitude of these
effects have to be measured.

In order to investigate if context effects are recognizable and have an impact on judgements, new
data is needed. A total of 120 querysets are created consisting out of the input of the systems, which is
the query, and the output of the systems, which is a list of 15 candidates to be annotated. The set is as
varying as possible with respect to the factors analysed.

The annotators used for collecting judgements are approached with the use of Amazon’s Mechan-
ical Turk (MTurk), which is a crowdsourcing marketplace that makes it easier for individuals and busi-
nesses to outsource their processes 2. A web-based system is created to collect the music similarity
judgements. The system is similar to the system used in MIREX such that the annotator has the same
environmental factors. The reliability of crowdsourced data compared to the MIREX experts will be
analysed. A ground truth is established by taking the average over the other annotators. For a specific
candidate judged by annotator i, the golden Fine score will be the average Fine scores given by the
other annotators where j # i. In this way, the comparison to the ground truth will not include the Fine
score of the annotator itself.

The context effects will be based on the changes made by annotators. The change is used as a
dependent variable with the factors as independent variables. The impact will be measured by the
distance of the Fine scores to the ground truth, and this distance will be used to indicate the over- or
underrating.

1.4. Outline

The outline of the work will be as follows. Chapter 2 will state the current literature related to this work
with a more extensive explanation of the definitions in the introduction. Chapter 3 will explain the
methodology, including the design decisions and data collection. Chapter 4 will discuss the reliability
of the crowdsourced music similarity judgements. Chapter 5 describes the existence of context effects

2https://www.mturk.com/
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and their impact. In chapter 6, the limitations for this work will be discussed, and the last chapter will
conclude the work.



Background

This chapter will cover the current literature on evaluation in MIR, and in particular on the AMS task.
First, the general evaluation process will be described and how this is done in MIREX, followed by an
explanation of the AMS task, together with the potential problems of human annotators performing
the AMS evaluation. The potential problems will be translated into context effects with literature used
as explanation. The last part of the chapter will be devoted to crowdsourcing, which will be used to
collect the similarity judgements in this work.

2.1. Evaluation in Information Retrieval

As already mentioned in the introduction, evaluation is a key component in the development of in-
formation retrieval systems. In the evaluation of information retrieval, two broad ways of evaluation
are known, system evaluation and user-based evaluation. User-based evaluation measures the user’s
satisfaction with the system, while system evaluation focuses on how well the system can rank doc-
uments [48]. When going back to the definition of information retrieval, it seems that user-based
evaluation is the best way of assessing user satisfaction. However, for user-based evaluation, there
is a need for a large, representative sample of users of the systems, equally well-trained users, equally
well-developed systems etc [24]. This makes the user-based evaluation expensive and complex, which
leads to IR researchers using system evaluation [48]. With system evaluation, there is need for (i) a
document collection; (ii) a set of information needs, also called queries; and (iii) a set of relevance
judgements, which is also called the ground truth or golden judgements. This kind of evaluation is
following the Cranfield paradigm which was carried out by Cyril Cleverdon in the 1960’s [7, 8] and is
seen as the basis of information retrieval evaluation. Another successful project was the SMART sys-
tem by Gerard Salton [36] which adopted the Cranfield paradigm and has the goal to investigate the
effectiveness and efficiency of automatic methods of retrieval of text [6].

The last part of the Cranfield paradigm, the set of relevance judgements, has a central role in the
evaluation of information retrieval systems. Where the document collection and set of information
needs are used by the system to give relevant output, the set of relevance judgements is indicating how
relevant the output is. The relevance judgements are used to make conclusions, when interpreted in
the wrong way, it can lead to unnecessary borders or wrong direction in the research of music infor-
mation retrieval.

2.2. Music Information Retrieval Evaluation eXchange

Most of the research in information retrieval evaluation is done for text-based systems. For this work,
Music Information Retrieval is relevant. Music information retrieval is a younger discipline than text
information retrieval, with the consequence that evaluation in this field is scarcer. With the start of



6 2. Background

Candidate 1 Candidate 1: 80

Candidate 2 Candidate 2: 75
Query Candidate 3 Candidate 3: 90 Performance
song — % Candidate 4 =" "% Candidate 4: 42
| 2YstEm Candidate 5 — Candidate 5: 60 score
Candidate .. Candidate ..

Figure 2.1: General overview of the components in the AMS task.

the Music Information Retrieval Evaluation eXchange (MIREX) in 2005!, which is the equivalent of
the Text REtrieval Conference (TREC)?, the awareness of the importance of evaluation in MIR was
improved. TREC and MIREX share many similarities and are both based on the standardization of the:
1) test collections of significant size; 2) tasks and/or queries to be performed on the test collections;
and, 3) evaluation methods to be used to evaluate the results generated by the tasks/queries [12].
Despite the similarities, one major difference is the distribution of the datasets. MIREX is not able to
distribute datasets to participants freely, due to the lack of freely available datasets in the current state
of musical intellectual property copyright enforcement. This means that the participating systems are
sent to MIREX and run by MIREX.

2.2.1. Audio Music Similarity and Retrieval

This work will focus on the Audio Music Similarity and Retrieval (AMS) task, which is one of the more
general concepts of music similarity and is part of MIREX. The task is based on the Cranfield paradigm,
where the components are:

e Query: The query is the information need and will be the input of the system. It is a randomly
chosen song from each genre group.

e Candidates: The candidates are the output of the system, it is the list of songs that are the most
similar to the query according to the system.

* Similarity judgements The list of candidates needs to be evaluated which is done by a human
annotator. Each candidate is labeled with a score on how similar it is to the query.

An overview of the components can be found in figure 2.1. For this work, the last part is the most
important. The set of similarity judgements is also called the ground truth. The ground truth for the
AMS task is created by human similarity judgements which are collected with a web-based system
called the Evalutron 6000 (E6K) [19], developed for MIREX tasks. The E6K collects similarity judg-
ments for query-candidate pairs generated by the submitted algorithms. For each query-candidate
pair, judges are asked to input two similarity evaluations: 1) a Broad category of similarity (i.e., Not
Similar (NS), Somewhat Similar (SS), and Very Similar (VS)); and, 2) a Fine score between 0.0 (Least
similar) and 10.0 (Most similar). The Fine score could also be between 0.0 (Least similar) and 100.0
(Most similar), depending on which year. The Fine score has an expected higher variability and is
more likely to be prone to context effects. Due to this expected higher variability, only the Fine scores
are used in this work.

At the start of MIREX in 2005, the AMS task was not part of the evaluation exchange. The AMS task
started in 2006 but has not been part of the exchange every year. The AMS task was part of MIREX
in the years from 2006, 2007, 2009 till 2014. Not each year has the exact same protocol concerning
the amount of queries, candidates and annotators, for example, 2006 was the only year with three
different annotators per query-candidate pair. Also the amount of queries changed in 2012 from 100
to 50, however, in the same year the amount of candidates changed from 5 to 10. The overall amount
of judgements to be made per system is therefore the same, except for the 2006 edition. See table 2.1
for an overview, where the values are based on one participating system.

Thttps://www.music-ir.org/mirex/wiki
2https://trec.nist.gov/overview.html
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Year Queries Candidates Annotators

2006 60 5 3
2007 100 5 1
2009 100 5 1
2010 100 5 1
2011 100 5 1
2012 50 10 1
2013 50 10 1
2014 50 10 1

Table 2.1: The amount of queries, candidates per query and annotators for the AMS task in each year. The table is based on one
participating system.

The queries are randomly chosen from a collection of songs in certain genres. The genre can be
important for similarity judgements, because if the candidate is from the same genre as the query, it
is easier to give a higher score than another genre. But also the variety in music songs is important to
include in the evaluation of the systems. The systems have to be evaluated for all music, not only for
a particular genre. In 2006, the queries were skewed towards Rock/Pop, roughly 50% of examples are
labeled as Rock/Pop, while a further 25% are Rap & Hip-Hop®. After the 2006 edition, the queries were
equally representing ten different genre groups: Baroque, Country, Edance, Jazz, Metal, Raphiphop,
Rockroll, Romantic, Blues, Classical.

2.3. Human Annotators

Information retrieval can be described as finding material of an unstructured nature that satisfies an
information need from within large collections [30]. This definition can be interpreted as the process
of searching through a set of documents to find items that may help to satisfy the information need.
However, ’satisfies the information need’ can be seen a something which is subjective, especially when
humans are involved in the process. Human behaviour and human thinking is complex, which makes
it difficult for systems to satisfy the information need for each individual user at each point in time.
When items are retrieved from a set of documents, not all users will agree on how relevant these items
are. In other words, there is some subjectivity involved.

2.3.1. Challanges of Music Similarity

When considering music, this subjectivity is even more complex because music is multidimensional.
There are a lot of factors which can influence the way music is interpreted, but also the way music
is represented can cause challenges in the development and evaluation of MIR systems. J. Stephen
Downie [11] describes several challenges for the field of music information retrieval. First of all, there
are multiple facets in music, think of pitch, temporal, harmonic, timbral, editorial, textual, and bib-
liographic facets. When considering the similarity of music, these different facets can be taken into
account individually. But in practice, these facets are not mutually exclusive, meaning that the in-
teraction of different factors also plays a role in similarity. Downie describes this challenge as the
multifaceted challenge. Another challenge is the way music is represented, which could be symbolic
or melodic. And even in these two categories, multiple ways are possible. For example, the symbolic
representation of music can be notes, text, encoding etc. Melodic could be live performance, acous-
tic, analog, digital etc. Downie describes this challenge as the multirepresentational challenge. Music
is also perceived differently across people. The experience of music will vary among people based
on their mood, situation, and circumstances, also called the multiexperiential challenge. Other chal-
lenges Downie describes are the multicultural challenge and the multidisciplinarity challenge. The

Shttps://www.music-ir.org/mirex/wiki/2006:Audio_Music_Similarity_and_Retrieval_Results
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described challenges can be summarized as subjectivity in music similarity. When looking at eval-
uation in MIR, it is exactly this subjectivity which makes it difficult to evaluate information retrieval
systems. But at the same time, evaluation of these systems can be seen as a key component in the
development of information retrieval systems.

2.3.2. Disagreement among Annotators

For the AMS task in MIREX, the similarity judgements are given by human annotators which have
some affiliation with MIREX. They can be seen as experts or at least be seen as annotators which have
some knowledge about music similarity. However, it seems that between different "expert” annota-
tors, there still is some disagreement about how similar a candidate is. In the 2006 MIREX edition,
three annotators are used for each query-candidate pair, while the other editions only used one anno-
tator per query-candidate pair. For the 2006 edition, it is indeed shown that different annotators are
varying in Broad and Fine score, this difference is also called the inter-rater agreement. The inter-rater
agreement for the Broad score in 2006 is calculated with Fleiss’s Kappa [16], and gives a score of 0.2141
for the AMS task [25]. Fleiss’s Kappa scores can range from 0.0 (no agreement) to 1.0 (perfect agree-
ment), the AMS score above is considered as a fair level (0.21-0.40) of agreement [27]. But the score is
at the low end of the fair level range which indeed confirms the subjectivity in human relevance judge-
ments. The Fine score inter-rater agreement can not be calculated with the categorical Fleiss’s Kappa,
but Pearson correlation shows that the difference between the three different judges in 2006 is ranging
from 0.37 to 0.43, which again is quite low [17]. For example, query-candidate pairs which are rated as
very similar, a score between 9 and 10, by one grader in 2006, have on average a score around 6.5 by
the other judges. The relatively low inter-rater agreement in the 2006 edition is confirming the subjec-
tive nature of human similarity judgements. A consequence of the low inter-rater agreement between
annotators is the low chance of a perfect agreement, which is reached when all the judges give the
same score to a system. This perfect agreement will probably never be reached due to the subjective
nature of annotators. It is claimed that there exists an upper bound for the performance of automatic
analysis systems which has already been reached and not surpassed since 2009 for the AMS task[17],
however, not everyone agrees with this claim. The upper bound depends on many factors which could
influence the decision-making of the annotators.

2.3.3. Changing Annotations

The decision-making is not only based on the factors related to a specific annotator, for example past
experience, musical background, and personal preferences. There are also factors related to the an-
notation protocol used in MIREX. The annotators are given the whole list of candidates which needs
to be annotated by the same annotators. They are able to take a break and come back to finish the list
of candidates, but the principle of annotating multiple candidates within a short time period stays the
same. In psychology, effects are described when annotators are judging a list of items. The magnitude
of these effects is dependent on the characteristics of the queryset. For example, annotators are care-
ful with their first judgements and will not give scores close to the ends of the scale, in order to leave
some space for judging the next candidates [15]. When having a queryset of very similar candidates
to the query, this means that the judgements will be underestimated due to staying away from the
ends of the scale. Meaning that the judgements are underestimated or annotators are going back to
change previous judgements. Another example would be the behavior of annotators when candidates
are close to each other. Candidates are given a score based on the previous candidates [45], when
close to each other, there is no space left to correct previous candidate scores, resulting in annotators
going back and change these candidate scores. The AMS task in 2006 showed that people go back and
change previous judgements, but the reason why is not clear [25]. In this work, the changes made by
annotators are explored based on the properties of the queryset, also called the context effects.

2.4. Context Effects

Context effects are described as the influence of environmental factors on someone’s decision-making.
The environmental factors studied in this work are based on the properties of the querysets, the Fine
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scores in the querysets together can indicate these properties. For example, the median of the set of
Fine scores indicates where the set of scores is on the scale. The factors used are Order, Trend, Loca-
tion, Spread, and Outlier and will be further explained in section 3.2. Context effects have not been
widely studied, to my knowledge, in the field of music information retrieval. Therefore, this section
will mainly be based on the text information retrieval field.

One of the best studied context effect is the order effect, which will be one of the factors in this
thesis. The order effect can be described as an effect that occurs when results are not consistent if dif-
ferent orders are used. In other words, the presented order matters for the results. In the case of music
similarity judgements, an order effect exists when it matters in which order the list of candidates is
presented to the judge. Eisenberg and Barry [15] conducted a study related to the order effect back in
1988. In their experiment, they ask annotators to judge a list of relevance judgements, which is either
in a high to low or low to high order. These orders are based on already been made relevance judge-
ments which were conducted in random order by an earlier study of their own. They show that an
order effect exists when different orders are used. Annotators tended to underestimate the relevance
of documents when the order was presented in a high to low order, and the relevance of documents
was overestimated when a low to high order was used. The study by Eisenberg and Barry [15] shows
that an order effect exists, but the reasons why is not discussed in depth.

Besides the Order effect as main effect, the other factors can also influence the results and are
chosen based on context effects found in literature. Not only the main effect of each factor but also
the interaction effect of factors is interesting for the magnitude of the effect. The following context
effects found in literature are used to define the factors: End-aversion, Anchoring effect, Cursoriness
effect, Learning effect, Decoy effect, and the Diagnosticity effect.

* End-aversion: In one of the first studies by Eisenberg and Barry [15], they suggest that people
are hedging their bets. They find it conceivable that subjects were reluctant to assign extremely
high or low scores to the documents presented first. If a judge assigned a 1 to the first document
and then found an even less relevant document, the scale does not provide a means of indicating
that judgment. By assigning a 2 or 3 to the first document, the judge has maintained the option
of judging following documents as either more or less relevant than the first document. This
phenomenon is also referred to as end-aversion, meaning that people tend to stay away from
the extremes. In the case of the Fine scale, it would mean that annotators will less likely choose
the ends of the Fine scale at the beginning of the judge session, i.e. the first judgements will
in most cases not be at the ends of the scale. And even when an annotator has judgements at
the ends of the scale, other judges judging the same candidate are likely to have other ratings,
causing the mean to be away from the extremes. Flexer [17] showed for the 2006 data, which
have three judges per query-candidate, that when a judge has a judgement between 0-1, the
other judges have an average of around 3. For the other end, when a judgement is between
9-10, the other judges will have an average of 6,5.

* Anchoring effect: The anchoring effect is another effect which can occur when an annotator
is giving judgements. Anchoring describes the phenomenon that a given stimulus affects later
judgments in the direction of the previous judgment, even if both stimuli are completely un-
related. Therefore people adjust their estimation towards an initial presented value. [45]. Also
Strack and Mussweiller [42] explained that anchor values serve as the reference point for people
to adjust their values which have to be estimated. One example of their study is asking people
whether the age of Gandhi at his death was higher or lower than 9 years, or whether the age of
Gandhi at his death was higher or lower than 141 years, the average guess of his actual age at
death was lower when 9 years was used in the question. People, therefore, estimate their value
towards an initial presented value. Both studies above are based on anchor values which are
more extreme than the range of plausible answers. In the case of relevance judgements, the an-
chor value or values will not be extreme, because there is a limited Fine scale, and the anchor
values are self-generated within the boundaries of that Fine scale. In a later study of Strack and
Mussweiler [33], they study the anchoring effect with anchor values which are in the range of
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plausible answers. They showed that judges search for ways in which their answer is similar to
the anchor value, and thus are based on the first estimation value. This study will better fit the
case of music similarity judgements which have to be rated within the Fine scale.

* Cursoriness effect: The cursoriness effect is also known as fatigue, which is based on energy and
cognitive capacity consumption of judges who read or listen carefully to candidates, leading to a
lower cognitive capacity for future readings. Without a break to replenish the cognitive capacity,
fatigue sets in [51]. This means that judges pay less attention and motivation to the candidates
at the end of the list of candidates compared to the beginning of the list. This phenomenon is
also confirmed by Huang and Wang [22], where document sets of 75 documents showed fatigue
among judges. The cursoriness effect is especially interesting for the order. Huang and Wang
studied the relationship between the number of documents judged and the order. They use dif-
ferent list sizes of the to be judged documents to see for which number of documents an effect
occurs. Significant effects exist when 15 and 30 documents are presented, 45 and 60 documents
show signs of an effect but are not significant. When the number of documents was 5, no effect
was found. Therefore, they conclude that list with fewer documents than 15 will not be influ-
enced by an effect, which was already confirmed by a study of Purgailis Parker and Johnson [35]
where they indicate that users are not influenced by an order effect when the set of retrieved
documents is less than 15. Both studies assume that fatigue can be an important reason for
large sets, but no clear indications are given for this assumption.

* Learning effect: The learning effect is kind of the opposite of the cursoriness effect. Xu and
Wang [51] describe the learning effect as participants gaining more knowledge about documents
over time. Therefore, documents presented later might be regarded with a lower degree of rel-
evance, because the information need it fulfills has already been satisfied. This satisfaction is
probably more related to relevance search, but the concept of the learning effect could also be
applied to music similarity judgements. The concept of the learning effect used by Xi and Wang
[51] is based on Sperber and Wilson’s [41] relevance theory, according to which, "documents are
relevant to a user because the new information is able to work together with the existing knowl-
edge (i.e., cognitive context) to produce new knowledge, or to strengthen or weaken the con-
fidence in the existing knowledge." In the case of music similarity judgements, it would mean
that judges are learning throughout the session of judging all candidates of a query set. With
the consequence of having biased judgement at the end of the session due to the increasing
knowledge gain in the session.

* Decoy effect: The decoy effect is defined as a situation in which the addition of a new option to
a choice set will make the target option in that set more attractive to consumers and more likely
to be chosen. It is more relevant to choose one item out of a list of items, but can be relevant
to a list of query-candidate pairs, where the most similar candidate has to be chosen. Euckhoff
[13] showed that in crowdsourcing scenarios there is a considerable risk of suffering from Decoy
Effects when multiple options are shown for relative ranking.

 Diagnosticity effect: Tversky [44] started with studying the effect of what he called diagnosticity,
which is an effect when categorization has an influence on the item similarity. The idea is that
features used as the basis for categorization acquire diagnostic value and increase the similarity
of the objects that share them [43]. Considering the music information retrieval, it would mean
that the similarity of a candidate is dependant on the other candidates in the set. This same
candidate could have another level of similarity when judged in another set.

There is a lot more to find and study in the field of psychological effects on the decision-making
process of people. The background is needed to create factors for a varying dataset to increase the
chance of observing a context effect. However, the focus will not be on how the measured effects can
be explained according to psychological literature, but on how and if the context effects are measur-
able in the data.
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Figure 2.2: Flow of submitting and completing tasks via crowdsourcing.

2.5. Crowdsourcing

The similarity judgements collected in the MIREX AMS task are given by annotators which have a stake
in Music Information Retrieval and Music Digital Library research. These people have a connection
to the field and can be considered as experts when giving similarity judgements. For this work, not
the experts, but the crowd is used to obtain similarity judgements. The phenomenon of using the
crowd for problem solving is also called crowdsourcing. Howe [21] described crowdsourcing as the
act of a company or institution taking a function once performed by employees and outsourcing it
to an undefined (and generally large) network of people in the form of an open call. In the case of
music similarity judgements, the judgements are not made by people which have a stake in Music
Information Retrieval, but made by an undefined network of people.

In this work, crowdsourcing will be done using Amazon’s Mechanical Turk (MTurk), which is a
crowdsourcing marketplace that makes it easier for individuals and businesses to outsource their pro-
cesses and jobs to a distributed workforce who can perform these tasks virtually*. With MTurk, a Hu-
man Intelligence Task (HIT) is created by the requester and this task is listed on the platform. Workers
who meet the requester requirements can perform the task and based on the performed task, the re-
quester can approve or reject the worker. Rejection will happen when the performed task does not
pass the quality control measures of the requester, but this process should be done fairly. When the
work is approved, the worker will be paid with the before mentioned compensation. See figure 2.2[37]
for a flowchart representation of the crowdsourcing process.

2.5.1. Benefits and Risks
Crowdsourcing has the main advantage of having a relatively low cost compared to experts. Instead of
experts judging the query-candidate pairs, individuals who have access to a device and have an inter-
net connection can perform the task. The individuals are mostly unemployed and have a low level of
education, but due to the open access, it is easy to perform the tasks. In the early years of crowdsourc-
ing, the compensation of the tasks was not high which made it very cheap for the requester. Nowadays,
the compensation is more ethical and around minimum wage, which is still relatively cost-efficient.
Not only the low cost is beneficial, but crowdsourcing can be done in parallel with a lot of people,
which makes it time-efficient. The MIREX AMS task takes around two weeks, table 2.2, while the same
amount of tasks done with crowdsourcing is a matter of days or even hours [28, 29].

Crowdsourcing also has the benefit of having a diverse group of people [4, 37, 49]. People in the
crowd can be diverse in language, culture, background, age, country etc. Related to the AMS task, this

4https://www.mturk. com/
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AMS

MIREX 2006 15 days
MIREX 2007 8 days
MIREX 2009 14 days

Table 2.2: Number of days needed to collect all similarity judgements

is beneficial because the experts are not the end-users of the system. When using a small group of
annotators, the judgements can be tailored to this small group. When having a big diverse group of
people, it better reflects a real-life scenario in which the systems will be deployed.

If there were only benefits with crowdsourcing, all research would be done using the crowd. How-
ever, this is not the case, there are also downsides when conducting experiments using the crowd.
One of the major disadvantages of using crowdsourcing is the reliability of the experiments or data
collected. In most cases, it is not known who the people in the crowd are and if they can be trusted.
Although some platforms do have the option to select some of the prerequisites of workers using the
platform, these are still general options. And even when the crowdworker has the prerequisites, it
does not automatically mean that the worker will put effort into the task. The consequence of not
completely trusting the crowd is the chance of not having reliable data. Having reliable data is a key
component of making conclusions or directions in research.

2.5.2. Quality Control

To eliminate the chance of having unreliable data, quality control measures have to be taken to pre-
serve the quality of the work. Almost all studies using crowdsourcing make use of quality control in
some way. The most common ones found are:

e Verifiable question: A measure which is commonly used, is the use of a verifiable question
before the task to see if the worker understands the question, and if the worker has the prereq-
uisites to perform the task. The verifiable question can be a small task which is part of the real
task to perform, but it could also be a question to check if the user is not a machine. All kinds of
questions have the same purpose, which is beforehand filtering the users who will perform an
unreliable task. [3, 26, 32, 37]

* Repeating tasks: When repeating the tasks, the same task will be performed by different anno-
tators. When using multiple annotators for the same task, the task is not dependant or tailored
to only one annotator. When a high agreement between different annotators occurs, it can be
seen as reliable data. The other way around is the same principle, different annotators with no
agreement, could indicate that the data is unreliable. The level of agreement is really dependant
on which task or purpose the crowd is used, but in general, a higher level of agreement indicates
better reliability. 2, 3, 20, 23, 28, 32, 34]

* Response time: The response time on the task by the worker is an easy to use measure. The
only implementation needed for this measure is two timestamps or more when measuring time
spent on sub parts of the task. When workers are not putting effort into the task, they will not
spend a lot of time doing the task. This could be an indication that the results of the worker are
unreliable. [26]

e Worker reputation: Most of the workers have done multiple tasks before which are approved
or rejected. The benefit of using a crowdsourcing platform like MTurk, is the monitoring of the
workers by MTurk itself. This gives the opportunity to see or choose which workers have a good
reputation on the platform, i.e. which workers have a good approved-reject ratio. MTurk gives,
for an additional fee, the option to choose workers who have the Master qualification. These
workers have shown that they can provide reliable data. [14, 32, 37]
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* Ground truth comparison: This measure cannot be applied in all situations, but when a ground
truth is available, it can be used to compare the crowdsourced data. This is not a measure to fil-
ter unreliable workers beforehand, but a measure which is used after the data is collected. The
data can be compared to the ground truth to see if the way of collecting data is leading to reliable
data. Having reliable data is an important aspect for further analysis. [32, 34]

e Trap questions: The last common measure to discuss, is the trap question. This is a question
which will check if the worker is paying attention or putting effort into the task. There are mul-
tiple ways to make use of this measure, related to similarity judgements, the requester could list
a candidate twice to see if both scores are similar. Another way is to list the query in the list of
candidates, this means that the query will be compared with the query itself leading to a maxi-
mal score. There are other forms of trap questions, but the main purpose is to filter out workers
who are not paying attention. [28, 29, 37, 52]






Methodology

This chapter will explain the process of creating, collecting, and analysing music similarity judge-
ments. The approach in this work is mainly quantitative with some qualitative methods for recogniz-
ing context effects. The creation of the dataset is based on the available MIREX data from previous
years and based on factor levels which will be further explained in this chapter. The factor levels are
used to get a varied dataset, which is important for measuring context effects. After explaining the
creation of the instances, the procedure of collecting the similarity judgements will be explained, to-
gether with describing the collected data.

3.1. Dependent Variables

The measurement of the context effects will be split into two parts, 1) recognizing context effects and
2) measuring the impact of the context effect. To answer the first part, a metric is needed to see which
querysets are prone to context effect. The metric will be the amount of changes made by the anno-
tator. In a judgement session of an annotator, some will notice an effect, some will not. When an
effect is noticed by the annotator, they will change their previous judgements and therefore adjust
their previous over- or underestimation of the judgements. When not being noticed, this over- or un-
derestimation is not corrected and therefore has some distance to the true value of the judgement.
This distance is used to answer the second part, the impact of the context effects.

3.1.1. Calculation

To capture all kinds of change, six response variables are created to capture the different ways of look-
ing at change. The response variables are Count, Total change, Average Total change, Direction of
change, Average Direction of change, and Where the change is made. They can be described as:

e Count: The total amount of changes made in the queryset.
* Total: The absolute value of all changes in a queryset together.

» Average Total: The absolute value of all changes in a queryset together divided by the amount
of changes made in the queryset. Total change divided by Count.

* Direction: The total value of positive changes substracted by the total value of negative changes
in a queryset.

* Average Direction: The total value of positive changes substracted by the total value of negative
changes in a queryset divided by the amount of changes made in thequeryset. Direction of
change divided by Count.

15
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* Where: Each candidate number is given a rank between 0-1 based order of appearance. The
average rank of all changed judgements in a queryset is taken to indicate where the changes are
made.

The distance is used to indicate the impact of the context effects. When annotators over- or un-
derestimated their judgements, it means that the judgements have some distance to the ground truth.
To indicate the distance to the ground truth, two metrics are used:

e Pearson correlation: The Pearson correlation is used to evaluate the linear relationship be-
tween two Fine scores and therefore taking proportions into account. It is calculated with the
following formula:

_ cov(X,Y)

Ox0y

(3.1)

where X and Y are the sets of Fine scores of two annotators, cov is the covariance and o xo, are
the standard deviation of X and Y.

* Root-Mean-Square Error The Root-Mean-Square Error (RMSE) is used to indicate, for each
Finescore in the set, the distance to the ground truth. It is calculated with:

1 n
RMSE =1 [(-) ) (yi = xi)? (3.2)
i=1

3.2. Independent Variables

In order to measure context effects, factors needs to be considered which are interesting based on
existing literature. These factors are used as the independent variables when analysing the data. The
factors used are the Order, Trend, Location, Spread, and Outlier and can be described as:

e Order: The list of candidates in each queryset appears in a certain order to the annotators. The
order of appearance is most interesting related to the anchoring effect, cursoriness effect, and
learning effect. The Order factor will have three levels: High to Low (H2L), random and Low to
High (L2H).

e Trend: The Order factor is evaluating the monotonic increase or decrease of the queryset. When
having the list of Finescores itself, the trend of the Finescores can be calculated. Same as Order,
the appearance order of the list of candidates is used, but now together with the Fine scores
instead of the ranks. The Trend is different than the Order factor, but considering the psycho-
logical effects, they share similarities. The anchoring effect, cursoriness effect, and the learning
effect are interesting. The reason to include Trend separately from the Order factor is the mag-
nitude in which they can differ as well as the interaction effects with other factors. The levels of
the Trend factor are: Exponential (Exp), Linear, Flat, Logarithmic (Log).

* Location: Another factor to consider is the Location. The Location factor is especially based
on the end-aversion in literature. People tend to stay away from the extremes, which can be
interesting for the location of the queryset. The location indicates how far away the queryset
is from the extreme. The scale used for the Finescores is bounded between 0 and 100. Within
the boundaries of the scale, the annotator is free to give judgements wherever they want. The
Location will be using three levels: High, Middle and Low.

* Spread: The Spread factor is indicating the range of the Finescores in the queryset. The range
is bounded between 0 and 100, but annotators can differ in how much of that scale they use.
Considering the effects in literature, Spread is based on the decoy effect and the diagnosticity
effect. The spread indicates what the range of the queryset is, i.e. how close are the candidates
to each other. Candidates in a low spread are expected to be similar, while a high spread can
indicate a varying set of candidates. The levels of the Spread factors are: High, Middle and Low.
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e Outlier: The Outlier factor indicates whether or not the queryset contains outliers. A set of
Finescores contains an outlier when mostly one Finescore is far from the other Finescores. The
Outlier is chosen based on the decoy effect, diagnosticity effect, and the end-aversion. The out-
lier has some overlap with other factors because having an outlier means the rest of judgements
are close together at the opposite level of the outlier. The levels of the Outlier Factor are: High,
None and Low.

To illustrate when a list of candidates belongs to a certain factors, examples are shown in figure
3.1.

3.2.1. Calculation
The calculation and labeling of the factors is based on a queryset of 15 candidates, an overview of the
calculation can be found in table 3.1. The calculation of the factors is done as follows:

e Order: The Order factor will have three levels: High to Low (H2L), random and Low to High
(L2H). For calculating the Order, Spearman’s rank correlation coefficient is used on the list of
candidates, which is calculated with the following formula:

_cov(rgx,rgy)

Orgx0Orgy

(3.3)

where rgx is the list of Finescores of the candidates and rgy is the appearance order, both
converted to ranks, cov is the covariance and 04,0 ¢, are the standard deviation of rgx and
rgy. The correlation coefficient is used to label the queryset to a Order level with the following
thresholds: H2L == p < —0.2, Random == -0.2 < p < 0.2 and L2H == 0.2 < p. The reasons for
using ranks instead of the Finescores itself is that the Order should be evaluated in a monotonic
way. The trend of the Finescores itself will be used in the Trend factor.

* Trend: The levels of the Trend factor are: Exponential (Exp), Linear, Flat, Logarithmic (Log). For
Labeling the queryset with a level, three formulas are fitted to the set of Finescores:

y=bo+by*x (3.4a)
y= xP (3.4b)
y=1- xb (3.4¢0)

Where y is the set of Finescores and x the appearance order. The first formula is the linear
model, the second one the exponential model and the third one is the logarithmic model. Each
set of Finescores is fitted to all formulas and based on the residual sums of squares, the model
which fits the set of Finescores the best is chosen. When the linear model is chosen, the queryset
will be labeled as flat when —2.2 < b; < 2.2. This threshold is used based on the Finescore scale
from 0 to 100. With 15 candidates the threshold indicates a flat set when the fitted model only
uses one-third of the scale.

* Location: The Location will be using three levels: High, Middle and Low. The calculation of the
Location is based on the median of the set of Finescores. The list of candidates consists out of
15 candidates, meaning that the median is the Finescore of the 8th candidate.

All medians of the queryset will be split into three parts. Based on the boundaries of these parts,
the querysets will be labeled to the High, Middle and Low levels.

» Spread: The levels of the Spread factors are: High, Middle and Low, and are based on the stan-
dard deviation of the queryset. The standard deviation measures the dispersion of a queryset
relative to its mean. The standard deviation is calculated as the square root of variance by:
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Figure 3.1: Visual illustration of the factor levels, with each level and example set of Fine scores.
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Factor Method Equations Threshold
H2L: p < —0.2
Order Spearman correlation p= W Random: —0.2< p <0.2
o L2H:0.2< p
Linear: y=by+ b; * x
Trend Residual sums of squares Exp: y = xP Flat: —2.2< by <2.2
Log:y=1- xP
Location Median 8" Finescore of list High, Middle, Low
Spread Standard deviation s= \/ 75 XN (x;—%? High, Middle, Low

High> Q3 +1.5*% IQR

Low> Q; —1.5% IQR None: No outlier

Outlier Upper- and Lowerbound

Table 3.1: Overview of the thresholds for level labeling

1 N
S=4|——) (x;—7x)? 3.5
N_-1 i=1( i—X) (3.5
Where N is 15, the number of candidates. x; the value of the i Finescore, and x the mean of the
queryset. The same as Location, the standard deviation of all querysets will be split into three
parts to make thresholds for the High, Middle and Low levels.

* OQutlier: The levels of the Outlier Factor are: High, None and Low. The Outlier levels are calcu-
lated with:

High> Q3 +1.5*% IQR (3.6a)
Low> Q; —1.5% IQR (3.6b)

Where Q; and Qg3 are the first and third quartile of the set of Finescores, and IQR is the interquar-
tile range. When all the Finescores of a set are between the given bounds, the queryset will be
labeled with None.

3.3. Hypotheses
The hypotheses made on how the dependent variables are influenced by the independent variables
are based on literature and intuition. This section will describe hypotheses about change in general,
and about the distance.

3.3.1. Change

The hypotheses about how much annotators will change when a queryset belongs to certain factor
levels are made for the main factors and some factor interactions which are the most interesting. The
details for each hypothesis will be explained, for an overview, see table 3.2.

e Order: When the appearance of candidates to the annotator has a clear structure (H2L and
L2H order), the annotator will be more confident about new judgements related to the previous
judgements. Changes will occur when the annotator is not confident about the new judgement
related to the previous judgements, which means that a clear structure in appearance of candi-
dates will result in fewer changes.
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When changes are made, they will be made at the beginning judgements in the opposite direc-
tion of the order. Meaning that H2L will have more positive changes and L2H more negative
changes.

 Trend: Trend has 4 levels, with the flat trend corresponding, in most cases, to the random Order.
This means that it has an unclear structure, resulting in more changes. The logarithmic and
exponential trend have the characteristic of having a tail, which has most of judgements close
to each other. The tail is at the end of alogarithmic trend, and at the beginning in an exponential
trend. The part of judgements which is close to each other gives the annotator less confidence,
meaning that more changes will be made.

e Location: Due to end aversion, annotators stay away from the extremes of the scale. When
a new judgements is relatively closer to the end of the scales than previous judgements, the
annotator will change the previous judgements. These changes are made in the direction to
the middle, meaning that a high location has more negative changes, and a low location more
positive changes.

 Spread: Having a low spread means that most of the judgements are close to each other, which
limits the annotator to correct their previous judgements. A high spread gives the annotator
space to adjust their new judgements to their previous judgement. However, when a change is
made, the change will be bigger when the spread is higher.

e Outlier: An outlier in a set means that the other judgements are close to each other. When
judgements are close to each other, more changes will be made. Concerning an outlier, the
changes will be made in the direction of the outlier.

* Order:Location: In addition to the main effect explanation of Location, where annotators stay
away from the extremes of the scale, the effect will be enlarged when the structure is towards
that same edge. The most extreme interactions are H2L:Low and L2H:High. The direction of the
change will be in the opposite direction of the closest edge.

* Order:Spread: From the main effect of Order, the hypothesis is that the clearer the structure, the
fewer changes. For Spread, the higher the spread, the fewer changes are made. However, when
changes are made due to the Order, the spread could influence the magnitude of the change.
The absolute value of the change is probably higher when having a high Spread compared to a
low Spread. In other words, the higher the spread, the lower the chance of a change, but when a
change is made, the change will be bigger.

* Trend:Spread: The same hypothesis as Order:Spread, where the spread will influence the mag-
nitude of the change. The Trend main effects still hold for this interaction.

3.3.2. Distance
When the over- or underrating is not corrected, and is a result of the queryset having certain proper-
ties, it is seen as a context effect. To see if there is an over- or underrating, the distance to the ground
truth is taken. As discussed, change can be used as a metric to indicate that a potential context effect
occurs. Annotators changing their judgements is not necessarily a problem as long as the judgements
are close to the ground truth. When annotators change their previous judgements, it means that the
annotator is aware of the over- or underestimation of the previous judgements. The annotator corrects
the context effects by changing the judgements. When context effects occur which are not corrected,
thus not changed, it means that the context effects have an impact on the set of judgements. There-
fore, the hypothesis is: When changes are made, the context effects are corrected, which results in
judgements closer to the ground truth.

Not only change can be used as a metric, but also the factor levels themselves. After the judge-
ments are made, the set of judgements belongs to certain properties which are translated into the
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Factor/Interaction = Change Hypothesis

Order If there is a clear structure in the order of judgements, fewer changes will be made.
Trend Judgements without a clear structure: flat trend and in the tail of a Log or Exp trend,
have more changes.
Location The closer judgements are to the ends of the scale, the more change will be made.
Spread The higher the spread, the fewer changes will be made. However, when changes are
P made, the changes will be bigger in a high spread.
Outlier If there is an outlier in the set, the other judgements are close to each other, which

will result in more changes.

The closer the judgements are towards the ends of the scale, the more changes will

Order:Location be made. The most extreme cases: H2L:Low and L2H:High

More changes are made in an unclear structure, these changes are bigger when the

Order:Spread spread is higher.

Same principle as Order:Spread, changes are made in an unclear structure, the spread

Trend:Spread will influence the magnitude of the change.

Table 3.2: Factor hypothesis for the change behaviour of an annotator

factor levels. If the distance to the ground truth is different among certain factor levels, it is another
indication of an over- or underestimation.

3.4. Data Collection

For this work, new data will be created and collected with the benefit of having control over how the
music similarity judgements are collected and in which setting. Although there is control on how the
data is collected, the process is as close as possible to MIREX to be able to make a fair comparison.

3.4.1. Instances Selection

The available AMS data of MIREX consists out of the tasks from the years 2006, 2007, 2009 till 2014. Not
each year contains the same data concerning the amount of queries, candidates, and annotators, see
table 2.1. The Finescores of the historical MIREX data can be used to create the new querysets. The
Finescores are subjective and may be different among other annotators, however, they can be used
as an indication because it can be assumed that the MIREX annotators are somewhere around the
ground truth. The differences among annotators will be discussed in chapter 4, but for this chapter,
the assumption is made that the MIREX annotator will be close enough to the ground truth to take the
data as a useful reference.

The size of the querysets, i.e. amount of candidates, annotated with MIREX’s E6K is dependent on
which year the task is done. But for all years, the size is based on the output of all participating systems
together. It is possible and happens frequently that different participating systems assign the same
candidates as being similar. When this happens, the duplicates are removed such that judges are not
assigning a score to the same candidates multiple times. The querysets in the MIREX data from 2006
till 2014 have varying sizes from 20 to 75 with two peaks around 25 and 60. These two peaks are due to
the different amount of output candidates in certain years. The amount of candidates in the output of
the system is dependent on what rules are applied per year, with the consequence of having varying
sizes in the querysets. However, for this work the amount of candidates will deviate from the MIREX
sizes for two reasons: 1) The judgements will be collected through crowdsourcing. In order to keep the
amount of work reasonable for the crowdworkers, 15 candidates are chosen. This amount is the same
amount used in a study about collecting music similarity judgement with crowdsourcing [28]. To give
an example, when using 60 candidates in one queryset, it will take approximately 30 minutes for one
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Factor Number of Levels Levels

Order 3 Decreasing (H2L), Random, Increasing (L2H)
Trend 2 Exponential (Exp), Logarithmic (Log)
Location 2 High, Low

Spread 2 High, Low

Outlier 3 High, None, Low

Table 3.3: Overview of the levels used for the full factorial design

Combination Trend Location Spread Outliers
1 Logarithmic Low High None

2 Exponential High Low Low

3 Exponential High High Low

4 Exponential High High High

Table 3.4: Non-existing combinations

judge, which is too much for a crowdworker; 2) The relation between amount of candidates and the
specific Order factor has already been studied in the field of text information retrieval [22, 35]. They
conclude that a minimum of 15 candidates is needed to show signs of an effect.

The new querysets with a fixed size of 15 candidates are extracted from the existing MIREX query-
sets. As already stated, these sets are larger and have to be reduced to get the required size of 15.
This can be done by checking each permutation, with the benefit of increasing the chance to find in-
stances for all conditions. However, this would result in a lot of permutations which requires too much
computational power. For example, when having a MIREX set of 40, when reducing that set to 15 can-
didates it would have 5.26e + 22 permutations. Doing this for all queries would take too much time.
Therefore, instead of all permutations, 500 samples of each queryset are made by randomly removing
candidates till the size of the queryset is 15.

From all samples, queries have to be chosen such that the chosen queries in the dataset are varying
enough. To do this, a full factorial design is applied to the factors. This means that all existing combi-
nations of the levels across all factors are part of the dataset. The amount of queries needed to include
all existing factor levels is 4! * 3% = 324. However, due to the limited amount of resources, the amount
of queries is reduced to 120. This is done by removing the middle levels of Location and Spread, and
one by the changed labeling process of the Trend factor during the process of this work. Why this is
changed will be further discussed in chapter 6. The querysets are chosen based on the most extreme
levels, except for Order and Outlier. The most extreme levels are probably having a bigger magnitude
when measuring context effects. An overview of the factor levels used to create the querysets can be
found in table 3.3. This gives a total of 3% * 23 = 72 combinations, however, out of the 72 combinations,
12 combinations are not found in all samples leaving the dataset with 60 queries. Without consider-
ing the order factor, the non-existing combinations can be found in table 3.4. The combinations in
the table are mathematically difficult or not possible to create. Considering the very small chance of
appearance of these combinations in a real-life scenario, it is not needed to make these combinations
for the experiment.

During the process of the thesis, the amount of queries is doubled to 120 queries. All 120 query-
sets are different, but each of the 60 existing factor combinations will have 2 queries labeled to the
combination.
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3.4.2. Annotation Protocol

The created instances consist out 120 * 15 = 1800 candidates, which have to be judged with crowd-
sourcing. To approach the crowdworkers, Amazon Mechanical Turk! is used. How this is done, and
which measures are taken will be discussed in this section.

The collection of music similarity judgements will be similar to the collection method used in
MIREX. In MIREX, the judgements are collected with the Evalutron 6000 (E6K) [19], which is developed
for MIREX tasks involving human annotators. The E6K uses lists of candidates which are generated
by the participating systems. These lists are, according to the systems, the most similar songs to a
specific query. The annotators using the E6K are asked to give two similarity evaluations to each query-
candidate pair: 1) a Broad category of similarity (i.e., Not Similar (NS), Somewhat Similar (SS), and
Very Similar (VS)); and, 2) a Fine score between 0.0 (Least similar) and 10.0 (Most similar). The Fine
score could also be between 0.0 (Least similar) and 100.0 (Most similar), depending on which year. For
this thesis, only the Fine score is used.

Because the E6K is not available for usage in this work, the collection system is reproduced to an
own web-based system. Same as with the E6K the annotator can listen to the query first, followed
by the candidate, both query and candidate are 30 seconds snippets of the song. All candidates are
listed in a row, with at the right side of the candidate player, a slider from 0 to 100. With this slider, the
annotator can give their similarity score in the same way as the E6K. See figure 3.2 for a visual view for
a query with the first two candidates.

QUERY SONG:
p 0:00/0:30 == L D]
CANDIDATE 1:
Select score: Score: 65
p 0:00/0:30 o= L D] .
0 50 100
CANDIDATE 2:
Select score: Score: 33
p 0:00/0:30 oo o)
0 50 100

Figure 3.2: Visual representation example of how the annotators give their judgements.

During the session of the annotator, important actions are logged to the connected database. The
following actions are logged:

* Finescore: When a score is given by the annotator, the Query ID, Candidate ID, Timestamp and
the Finescore itself are logged.

* Changed Finescore: When a score is given to a candidate which has already been judged, it
is also logged. This is considered as a change when another candidate is between the time of
judging the initial and changed Finescore. Same as with Finescore, the Query ID, Candidate ID,
Timestamp and the Finescore itself are logged.

* Audio Play: When a song is played, it will be logged with the Timestamp, QueryID and Candi-
date ID.

Thttps://www.mturk. com/
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* Audio Stop: When a song is stopped, it will be logged with the Timestamp, QueryID and Candi-
date ID.

3.4.3. Quality Control

As already stated, the similarity judgements will be collected with crowdsourcing. To approach the
annotators, Amazon Mechanical Turk will be used, this is a crowdsourcing marketplace that makes
it easier for individuals and businesses to outsource their processes and jobs to a distributed work-
force who can perform these tasks virtually>. As mentioned in section 2.5.1, crowdsourcing has some
benefits compared to the expert used with MIREX, but also some disadvantages. The main argument
for not using the crowd is that the crowd cannot always be trusted, the crowdworkers and their en-
vironment are not known, which makes it a not fully controlled experiment. However, studies using
crowdsourcing have already shown some successful results, but each of them mentioned the impor-
tance of quality control.

The definition of quality is subjective and is depending on the requirements of the study to what
level the quality measures will be taken. A general definition of quality is the “conformance to require-
ments” [9] or in other words “the extent to which the provided outcome fulfills the requirements of
the requester” [1]. For the similarity judgements obtained with MTurk, the annotators need to fulfills
the following requirements:

* Has a good reputation on the platform.

e Spent at least 5 minutes on the session.

e Listens to each song for at least 10 seconds.
* Effortis put into the session.

To check if the annotator fulfills the requirements, quality control measures are taken. The quality
control measures ensure that the judgements are of a minimum level of quality. The quality control
measures are:

e Master Qualification: MTurk is monitoring the tasks done by workers using their platform.
Workers who have the master qualification are part of a specialized group of Workers who con-
sistently demonstrate accuracy in performing a wide range of tasks. For using these workers, a
5% additional fee have to be paid. There is no need for additional implementation to make use
of the master workers. MTurk is automatically filtering the master workers when asked for it.

* Response time: The whole session takes some time for an annotator. This includes reading the
instructions, giving some basic information, listening to the songs, and thinking about which
Finescore to give. Before submitting all tasks to MTurk, the task was tested on both MTurk and
people not approached through MTurk. The average time spent in the test sessions was between
8 and 9 minutes, which is used as a base before submitting the tasks to MTurk. To give the
crowdworkers some space, the requirement is that at least 5 minutes are spent on the session.

This quality control measure can be applied by looking at the logs. For each action in the logs,
a timestamp is given. By simply subtracting the timestamp at the start of the session with the
timestamp at the end of the session, the total time is known. To ensure that an annotator is not
taking a break such that enough time is spent, also the time between actions is considered.

* Time spent on listening: To get a proper understanding of the query and candidates, the an-
notator needs to listen to it for at least a significant part of the song. This is important to make a
good comparison between the query and the candidates. Based on the test tasks, it can be seen
that most of the annotators are not listening to the whole 30 seconds snippets of the song. It
even is the case that most of the test annotators are only listening to half of the song snippets.

2https://www.mturk.com/
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To ensure quality, the annotator needs to listen for at least 10 seconds to each song, which is
taken as a threshold for this quality measure.

To apply this measure, the timestamps between the start of the played song is subtracted with
the pause of the song. This is the time an annotator has listened to the song.

* Query as a candidate: To ensure that the judgements are made with effort and attention, the
query itself is in the list of candidates. This means that the list of candidates is not of size 15, but
16. When the query is in the list of candidates, the annotator has to compare the query with the
query itself. Comparing a song with the same song would mean that the Finescore should be
100, however, the test judgements showed that annotators are not completely confident about
if it is exactly the same song and judge the song high but not 100. Probably because they paused
or played the song at another timestamp, or they forget about how the exact query sounded like.
To ensure that this common occurrence will not eliminate a lot of annotators, the Finescore of
the query itself should be significantly high compared to the other judgements.

To apply this to the data, the Finescore is taken where the Query ID is the same as the Candidate
ID. This Finescore should be at least higher than the rest of the judgements by this annotator.
The query as a candidate is not included in calculating the factor levels but will be added ran-
domly to the list.

* Compensation It has been shown that financial incentives are important for crowdworkers [31].
The amount of the payment can be used to control tradeoffs among accuracy, speed, and total
effort put into the task. With the resources available and ethical standards, the minimum wage
of the United States is taken as a level of compensation.

The payment process is done by MTurk. Because the judgements are given on an external web-
based system, each annotator is given a unique ID which is linked to MTurk at the end of the
session by the annotator. This ID can be used to approve or reject the work of the annotator.

The quality measures described are ensuring that the judgements have a certain quality which
fulfills the requirements. It does not mean that the quality is comparable to the MIREX judgements.
In chapter 4, the comparison between MIREX judgements and MTurk judgements will be compared.

3.5. Collected Data

The data which is collected with MTurk consists out of 120 querysets with each 16 candidates, where
15 candidates are real candidates and 1 candidate is the quality control measure. A total of 1920 judge-
ments are collected in 3 different batches, each batch has 40 querysets.

The time needed to collect the judgements in significantly faster than the MIREX judgements, see
table 3.5. Each batch was collected within 2 days, it is not known why the first batch was way faster
than the others. However, taking into account the time needed for the MIREX judgements, some years
2 weeks, it is significantly fast. The most obvious explanation is that MTurk can run in parallel with a
lot of annotators, while MIREX is restricted to a limited amount. The total cost of all jugements was
169,86 dollars including fees for MTurk.

A total of 153 querysets are submitted, where 33 (22%) are rejected and 120 (78%) are approved.
When a queryset was rejected, it came available again for other annotators till the total approved
amount of querysets was 120. The amount of rejections is lower than the AMS Broad score study
by Lee [28], where 44.3% was rejected. Lee uses other quality control measures, which could explain
the difference. Whether the approved querysets are reliable or not will be discussed in chapter 6. For
an overview, see table 3.5.

3.5.1. Ground Truth
For each query-canditate pair, there is a total of 4 different Fine scores by 4 different annotators. The
4 annotators consist out of the MIREX, MTurk-H2L, MTurk-Random and MTurk-L2H annotator. For
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Batch Amount Approved Rejected Time

1 54 40 14 16 Hours
2 49 40 9 26 Hours
3 50 40 10 28 Hours

Table 3.5: Amount of approved and rejected submitted querysets

each query-candidate pair, the annotators quite differ in scores given, also called the inter-rater agree-
ment. To establish a ground truth or golden judgements, the average is taken over the other annota-
tors. For a specific candidate judged by annotator i, the golden Fine score will be the average Fine
scores given by the other annotators where j # i. In this way, the comparison to the ground truth will
not include the Fine score of the annotator itself.

3.5.2. Factors

The new MTurk data is distributed and labeled in the same way as discussed in section 3.4.1. The
MTurk querysets can deviate from the MIREX factor distribution, due to the subjectivity of different
annotators. The factors will be calculated based on the golden judgements, which means that for each
queryset the factors which are independent of the order of appearance to the annotator are likely to
be the same. These factors are Location, Spread and Outlier. Due to the golden judgements being
calculated over the Fine scores of the other annotators, the Location, Spread and Outlier can still be
different.
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As described in section 3.4.2, the similarity judgements are obtained using the crowdsourcing plat-
form Mechanical Turk!. In comparison to the MIREX experts, crowdsourcing is beneficial considering
the cost and time [4, 39]. However, when using an unknown crowd of people, there is a risk of lower
quality work. Although quality control measures are taken, these measures will not by definition elim-
inate the difference between an expert and a non-expert. The quality control measures are filtering
the people who did not have attention or did not put effort into the list of judgements, this does not
automatically mean that the Fine scores of a non-expert are comparable to the ones of an expert.
Therefore, the MTurk judgements have to be compared to the MIREX judgements to see if they are
reliable and can be used for further analysis.

Music similarity judgements are known to be subjective, meaning that there could be differences
across Fine scores between multiple annotators. The AMS task has two different scores, the Broad
score and the Fine score. To see how big the difference between annotators is, in other words, how
much they agree on the Fine score of the same query-candidate pair, the inter-rater agreement can
be used. For both Broad and Fine score, the inter-rater agreement has been studied [17, 25]. This
was only possible for the 2006 edition, which had three different annotators for each query-candidate
pair. Both studies are based on judgements obtained with the Evalutron6K [19]. Music similarity
judgements obtained with crowdsourcing in the current annotation protocol have only be studied for
the Broad score [28], not for the Fine score, which is a gap to be filled 4.1. Therefore, this chapter will
analyse the gap of crowdsourced Fine scores by answering the question if music similarity judgements
obtained through crowdsourcing are reliable.

4.1. Data
The data used for analysing the reliability consists out of three parts:

e MTurk data: the data which have to be analysed for reliability. The data consists out of three
annotators for each query-candidate pair. Each queryset has 15 candidates.

Thttps://www.mturk. com/

Broad score Fine score

MIREX [25] [17]
MTurk [28] This Thesis

Table 4.1: Studies about agreement between annotators
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Graders per Queryset  Total Querysets Size of Queryset Total judgements

MTurk 3 40 15 1784
MIREX 2007-2014 1 40 15 600
MIREX 2006 3 60 30 5400

Table 4.2: Data used for analysing MTurk reliability

e MIREX 2006-2014 data: the MTurk querysets are created based on MIREX data. Each MTurk
queryset of 15 candidates also has a set of the same 15 candidates in the MIREX data, which
already has a Fine score given by a MIREX annotator.

¢ MIREX 2006 data: the AMS task in the 2006 edition consists out of three annotators for each
query-candidate pair. Querysets differ in size from 30 to 60 candidates.

See table 4.2 for more detailed statistics for each dataset. To answer the question if the MTurk data
is reliable, the comparison will be made in two ways: 1) Comparing the inter-rater agreement of pairs
of annotators in the MTurk and 2006 data separately from each other, and 2) Comparing the MTurk
data with the corresponding MIREX data.

4.2. Inter-rater Agreement

The inter-rater agreement measures the agreement between different annotators. There are multiple
ways of measuring the inter-rater agreement, in this section, the inter-rater agreement will be mea-
sured by the correlation between pairs of annotators, the error between pairs of annotators and by
looking at the agreement of pairs of Fine scores.

4.2.1. Correlation

For the Broadscore it has been shown that there is a "fair" level of agreement [25]. They studied the
correlation for both the original three-level Broad scores, but also a two-level Broad score, by concate-
nating the Very Similar Broad score with the Somewhat Similar Broad score. The level of agreement
is based on Fleiss’s Kappa score which is a measure of inter-grader reliability for nominal data, and is
based on Cohen’s two-grader reliability Kappa, but measures reliability among an arbitrary number
of graders [16]. The Fleiss’s Kappa of the three-level and two-level Broad score is 0.2141 and 0.2989.
Considering the range of a fair level of agreement is between 0.21 - 0.40, the inter-rater agreement of
the Broad score is at the low end of the range.

The Broad score has a "fair" level of agreement, but this is based on three and two-level categorical
scores. The numeric Fine score is different due to the wider range of values the annotator can choose
from. Therefore, the expectation would, intuitively, be that annotators will have a lower correlation
with each other, compared to the Broad score. Fleiss’s Kappa was used to measure the agreement
with the Broad score, but this score is only suitable for categorical variables, for the Fine score other
correlation measures are used to show the inter-rater agreement between annotators. Flexer showed
that the Pearson correlation between pairs of annotators for all candidates together on average ranges
from 0.37 to 0.43 in the 2006 data [17].

To answer the question if the MTurk data is reliable, a comparison has to be made with the 2006
data. In terms of correlation, the comparison will be made by comparing the correlation of the pairs
of annotators in the 2006 data versus the pairs of annotators in the MTurk data, but also by comparing
the 2006 correlations with the MTurk correlations. The correlation will be measured with the Pearson
correlation and the Spearman correlation. The Pearson correlation is used to evaluate the linear rela-
tionship between two Fine scores and therefore taking proportions into account. It is calculated with
the equation from 3.1. Spearman correlation is calculated with the following formula:

_ cov(rgx,rgy) @.1)

Orgx0Orgy
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Pearson 2006 MTurk Spearman 2006 MTurk
Mean 0.27  0.36 Mean 0.23  0.33
Median 0.30 0.46 Median 0.27  0.40
Min -0.51 -0.61 Min -0.52 -0.62
Max 0.83 0.89 Max 0.83 0.90
SD 0.30 0.36 SD 0.29 0.37

(a) Pearson correlation (b) Spearman correlation

Table 4.3: Correlation statistics for each queryset between all pairs of judges for the 2006 and MTurk data. Both datasets has
three different judges for each queryset.

where rgx and rgy are the X and Y converted to ranks, cov is the covariance and ¢, 04, are the
standard deviation of rgx and rgy. Both correlation measures are in essence similar, but Spearman
uses the rank for each candidate in the queryset instead of the Fine score itself. It evaluates in a mono-
tonic way and therefore somewhat normalizes the Fine scores of the annotators.

The correlation values of the mean, median, minimum, maximum and standard deviation are
shown in table 4.3. For the MIREX data, there is a small difference in correlation between Pearson
and Spearman. Because Spearman evaluates monotonically, it was expected that this would result
in higher values. However, this is not the case in the data. This is probably the case due to outliers
in the candidate sets, which influences the Pearson correlation, but not the Spearman correlation.
In both cases, the median is higher than the mean, because of the logarithmic shape when putting
all correlation values together in a trend. The values for both correlations are quite low, this is espe-
cially interesting taking into account that the judgements are made by experts. This is confirming the
subjective nature of music similarity judgements described by Flexer [17]. The same correlations are
calculated for the MTurk data, in table 4.3 it can be seen that the correlation between pairs of annota-
tors from MTurk is higher than the pairs of annotators from MIREX. This was not expected and could
be interesting considering time and costs. Figure 4.1 shows a more detailed view of the values in table
4.3.

It has to be noted that the sizes of the querysets are different between MIREX and MTurk, with
MIREX having 30 candidates and MTurk 15 candidates. When calculating correlation, the size of the
sets can influence the correlation in terms of confidence [5]. To see what happens with the correlation
values when the MIREX queryset also has 15 candidates instead of 30, 5 random samples of size 15
are created for each MIREX queryset. The correlation between pairs of annotators for all samples is
calculated in the same way as described before. Results are shown in table 4.4, the correlation values
are highly similar. Therefore the original MIREX queryset size will be used for further analysis.

Overall, the MTurk data seems reliable in terms of correlation. The correlation between pairs of
graders in the MIREX data is lower than pairs of graders in the MTurk data. Although the standard
deviation is higher in the MTurk data, the MTurk data is reliable when using sufficiently large enough
datasets.

The MTurk data is based on MIREX Fine scores, so the agreement can not only be measured be-
tween MTurk annotators, but also together with their corresponding MIREX Fine scores. Each query-
candidate pair has 3 MTurk annotators and 1 MIREX annotator. The correlations will again be made
with the Pearson 3.1 and Spearman 4.1 correlation. The Pearson and Spearman values seems highly
comparable to previous tables, so for the remainder of this section, only the Pearson correlation will
be used.

Lee studied the correlation between MTurk Broad scores and MIREX Broad scores, a Pearson cor-
relation of 0.495 was found [28]. This correlation is based on the whole dataset, not for each queryset
individually. When taking the whole set of MTurk Fine scores and their corresponding MIREX Fine
scores, the Pearson correlation is 0.401. This is slightly lower than the Broad score Pearson corre-
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Pearson 2006 2006 samples Spearman 2006 2006 samples
Mean 0.27 0.26 Mean 0.23 0.22
Median 0.30  0.30 Median 0.27 0.28
Min -0.51 -0.51 Min -0.52  -0.55
Max 0.83 0.78 Max 0.83 0.76
SD 0.30 0.30 SD 0.29 0.29
(a) Pearson correlation (b) Spearman correlation

Table 4.4: Correlation statistics between all pairs of judges for the 2006 querysets of size 30 and the random samples of size 15.
Both datasets has three different judges for each queryset.

MTurk -

MIREX -

05 00 05
Correlation Value

(a) Pearson correlation values

MTurk -

MIREX -

05 00 05
Correlation Value

(b) Spearman correlation values

Figure 4.1: Boxplots of the correlation values, with on each figure, the MIREX set on the left and the MTurk set on the right. For
both Pearson and Spearman.



4.2. Inter-rater Agreement 31

MTurk-MIREX H2L-MIREX L2H-MIREX Random-MIREX
Mean 0.41 0.45 0.41 0.37
Median 0.48 0.56 0.47 0.46
Min -0.54 -0.40 -0.54 -0.44
Max 0.97 0.92 0.97 0.85
SD 0.37 0.32 0.38 0.39
(a) Pearson correlation (b) Pearson correlation

Table 4.5: The correlation between all MTurk annotators and the MIREX annotator (a), and the MTurk annotators separated in
Order for the Pearson correlation.

lation, however, this could be explainable due to the difference in the three-level categorical Broad
score and the continuous Fine score. Both values are comparable to other studies related to experts
versus MTurk annotators [40].

The correlation values are different when calculating the correlation value for each queryset indi-
vidually, where each MTurk queryset is compared with the corresponding MIREX queryset. Table 4.5a
shows the Pearson correlation for all MTurk annotators compared with their MIREX annotator. The
values are higher than the correlations between annotators in MIREX and MTurk separately. Table
4.5b shows the correlation for each of the three MTurk annotators separately compared to the corre-
sponding MIREX set, as described in section 3.2, each annotator has a different order, which could
influence the correlation in a positive way. This will be further analysed in chapter 5. A more detailed
view of the values in table 4.5, can be seen in figure 4.5, the correlations between pairs of annotators
in the MIREX and MTurk data separately are shown as a reference.

Overall, the correlation values seem to be even higher when calculated between the MTurk an-
notator and the original MIREX annotator. It was already shown that the correlation between MTurk
annotators pairs was higher than the pairs of the MIREX data, although the difference is not that much.
Therefore, the MTurk judgements are comparable with the MIREX judgements in terms of correlation.

4.2.2. RMSE

The values of the correlation in the previous section are based on the whole set of Fine scores in the
queryset, it is representing the linear relation with the Pearson correlation based on the best fitted
linear line. However, the Pearson values shown in the previous section are not showing how far the
Fine scores are from the line, i.e. what the error is. For comparing the error, the root-mean-square
error will be used in this section. For this section, the 2006 and MTurk data will be used, which both
have three different annotators. The MIREX data has a total of 180 querysets, while the MTurk data
has 120 querysets.

For the calculation of the RMSE, the list of Fine scores of one annotator is used together with the
average of the corresponding Fine scores of the other two annotators. The RMSE is calculated between
these two lists, note that this is slightly different than the ground truth as described in 3.5.1. The RMSE
values can be found in figure 4.3, with the general statistics in table 4.6. The RMSE in the 2006 data
seems to be lower than the MTurk data. This would mean that the error between an annotator and the
average of the other annotators is smaller in the 2006 data than the MTurk data. A possible explanation
would be that the MTurk data consists for a big part out of extreme querysets, which are more prone to
context effects, this will be further discussed in chapter 5. The three different annotators in the MTurk
data have annotated the querysets in H2L, Random and L2H Order, while the MIREX data is judged in
Random order by all annotators. When a queryset is annotated by an annotator who was not aware of
the effect, the Fine scores will be further away from the other annotators, which could possible explain
the higher RMSE in combination with the higher correlation.
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0.0-

Correlation Value

MIREX MTuk  RandomMREX MTukMREX — LPHMREX  H2LMREX

(a) Pearson correlation values

Figure 4.2: Boxplots of the Pearson correlation values between each MTurk annotator (indicated with an Order) and the MIREX
annotator. The correlation between annotators from Figure 4.1 are given as reference. The boxplots are sorted on increasing

order.

RMSE 2006 MTurk
Mean 26.09 29.21
Median 25.79 29.22
Min 11.33 12.96
Max 46.06 50.70
SD 6.97 8.89

Table 4.6: RMSE statistics for the 2006 and MIREX data.

MTurk-

MIREX -

30

RMSE

" 50

Figure 4.3: RMSE values per queryset between Fine scores of one annotator and the average Fine score of the other two anno-

tators. Both for the MIREX and MTurk annotators.



4.3. Summary 33

4.2.3. Pairwise Fine Score

The correlation in the previous section is based on the whole set of Fine scores in a queryset, this
section will not analyse the whole queryset, but each Fine score individually. Each query-candidate
pair has three different MTurk annotators, the Fine scores of these three annotators are compared.
The 2006 MIREX edition has also three different annotators for each query-candidate pair, which can
be used as a baseline to check the reliability of the MTurk data.

The distribution of the MTurk Fine scores is shown in Figure 4.4. H2L, Random and L2H indicate
the different annotators from MTurk, the corresponding MIREX Fine score distribution is also shown.
Each Fine score is added to a certain interval [0, 10), [10, 20) to [90, 100], indicating the interval to
which the Fine score belongs. When exploring the distribution for each interval, they are quite sim-
ilar among the different annotators. The distribution on its own is not a solid measure, but is a first
indication that the Fine scores are distributed over the same intervals. Note that the Fine scores are
not equally distributed over all intervals, due to created querysets with factor Location having levels
High and Low. Middle is not part of the creating process which explains the absence of the Fine scores
around the middle.

For analysing each query-candidate pair individually, the absolute distance between the Fine scores
of three different annotators is taken. To measure this distance, the Fine score of annotator i is taken
and compared to the average of the Fine scores of the other two annotators j # i. Flexer showed
this for the MIREX 2006 data, for example, the data showed that Fine scores in the (90, 100] interval, is
given an average Fine score of 65.4 by the other graders [17]. All MIREX and MTurk intervals are shown
in figure 4.5a, the dashed diagonal line indicates the perfect agreement. When taking the value of the
Fine score itself instead of the interval, see figure 4.6, it can be seen that in both MIREX and MTurk
the points are following the trend, but with a very high range of values on the scale. When comparing
the results for MIREX and MTurk, it can be seen that the lines are almost similar. MTurk has a slightly
lower avg Fine score at last intervals, but considering the correlation values, this difference can be ne-
glected. When splitting the MTurk data into the different orders, fig. 4.5b, the other annotators have a
slightly higher average when the interval annotator has a H2L order. But again, this can be neglected
taking into account the correlation.

The comparison of the pairwise Fine scores between MIREX and MTurk are quite similar, but it
is clear that agreement between annotators for both MIREX and MTurk is rather low, which is in line
with the already shown correlation values.

4.3. Summary

In this chapter, the collected data through MTurk is discussed to compare the data with the MIREX
data. The MTurk data is collected according to the same annotation protocol as the MIREX data, with
the difference of having non-experts as annotators. To check the reliability of the MTurk annotators,
the data is compared with the MIREX data in two ways, 1) Comparing the inter-rater agreement of
pairs of annotators in the MTurk and 2006 data separately from each other, and 2) Comparing the
MTurk data with the corresponding MIREX data.

The inter-rater agreement is measured for the 2006 data and the MTurk data separately, both
datasets have three different annotators. The inter-rater agreement is measured with the correlation
between annotators, the RMSE between annotators and with pairwise Fine score comparisons. The
correlation is calculated with Pearson and Spearman, both measures are comparable, so Pearson is
used as a base. The correlation values show promising results, the MTurk data has even a better corre-
lation between annotators than the MIREX data. It has to be noted that this can be due to the Order in
which the MTurk annotators are giving their judgements, but this will further be analysed in chapter
5. Overall, the MTurk correlation is highly comparable to the MIREX data. Although the higher corre-
lation values for MTurk, the MTurk data has a bigger error concerning the RMSE. For each annotator,
the RMSE is calculated with the list of Fine scores of the annotator together with the average of the cor-
responding Fine scores of the other two annotators. The RMSE between annotators in the MTurk data
is higher than the 2006 data, meaning the Fine scores of MTurk annotators are further away from each
other. Again, this could be due to the Order in which the MTurk annotators are giving their judge-
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Figure 4.4: Distribution of all Fine scores for both MTurk and MIREX. The scale is divided into 10 intervals.

ments. However, the difference in RMSE is not of such magnitude that the data seems unreliable.
When looking at the difference between Fine scores for each query-candidate pair individually, the
MIREX and MTurk data are highly comparable. This is done by taking the absolute distance between
the Fine scores of three different annotators. To measure this distance, the Fine score of annotator i is
taken and compared to the average of the Fine scores of the other two annotators j # i.

The MTurk data is based on the MIREX data and thus has corresponding MIREX query-candidate
pairs. When comparing the MTurk data with their corresponding MIREX data, the correlation is higher
than between annotators in both the MTurk and MIREX data. The reason for this is not explored, but
itis in favor of the reliability of the MTurk data. Overall, the MTurk data is comparable with the MIREX
data and will therefore be used for analysing the context effects.
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Figure 4.5: For each judgement i in both MIREX as MTurk (a), the average of the other two graders j # i is given. i is shown in
the interval, the average is shown as a line. (b) shows the different annotators in MTurk.
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Figure 4.6: For each judgement i in both MIREX (a) and MTurk (b), the average of the other two graders j # i is given.






Context Effects in Music Similarity
Judgements

This chapter will address the two research questions by 1) recognizing context effects and 2) measur-
ing the impact of the context effect. To answer the first part, a metric is needed to see which querysets
are prone to context effect. The metric will be the amount of changes made by the annotator. In a
judgement session of an annotator, some will notice an effect, some will not. When an effect is no-
ticed by the annotator, they will change their previous judgements and therefore adjust their previous
over- or underestimation of the judgements. When not being noticed, this over- or underestimation
is not corrected and therefore has some distance to the true value of the judgement. This distance is
used to answer the second part, the impact of the context effects.

5.1. Change

The logs in the MTurk data shows that around half of the annotators go back and change at least one
of the candidates to a new Fine score. The change is used as a metric to indicate if a context effect
exists. Hypotheses are made about the factors as independent variables and the change as dependant
variable. The hypotheses are made for the main factors and some factor interactions which are the
most interesting. The hypotheses are already discussed in section 3.3, where the main points are:

* Order: If there is a clear structure in the order of judgements, fewer changes will be made.

 Trend: Judgements without a clear structure: flat trend and in the tail of a Log or Exp trend, have
more changes.

* Location: The closer judgements are to the ends of the scale, the more change will be made.

» Spread: The higher the spread, the fewer changes will be made. However, when changes are
made, the changes will be bigger in a high spread.

* OQutlier: If there is an outlier in the set, the other judgements are close to each other, which will
result in more changes.

¢ Order:Location: The closer the judgements are towards the ends of the scale, the more changes
will be made. The most extreme cases: H2L:Low and L2H:High

* Order:Spread: More changes are made in an unclear structure, these changes are bigger when
the spread is higher.

* Trend:Spread: Same principle as Order:Spread, changes are made in an unclear structure, the
spread will influence the magnitude of the change.

37
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Response Variable Description
Count The total amount of changes made in the queryset
Total The absolute value of all changes in a queryset together
Average Total The absolute value of all changes in a queryset together divided by the amount
& of changes made in the queryset. Total change divided by Count
S The total value of positive changes subtracted by the total value of negative
Direction

changes in a queryset

Average Direction

The total value of positive changes subtracted by the total value of negative
changes in a queryset divided by the amount of changes made in the queryset.
Direction of change divided by Count

Where

Each candidate number is given a rank between 0-1 based order of appearance.
The average rank of all changed judgements in a queryset is taken to indicate
where the changes are made

Table 5.1: Change response variables

Factor Count Total AvgTotal Direction AvgDirection =~ Where
Ord Random >H2L. Random >H2L. Random >H2L. Random <H2L. Random <H2L. Random >H2L
rder Random >L2H Random>L2H Random >L2H Random >L2H Random >L2H Random >L2H
Flat >Exp Flat >Exp Flat >Exp Exp >Flat
Trend Flat >Log Flat >Log Flat >Log Exp >Linear
ren Exp >Linear Exp >Linear Exp >Linear Log >Flat
Log >Linear Log >Linear Log >Linear Log >Linear
Location High >Middle = High >Middle High >Middle  High <Middle = High <Middle
OCaloOn 1 sw>Middle  Low>Middle Low>Middle  Middle<Low  Middle <Low
S d High <Middle High >Middle
prea Middle <Low Middle >Low
Outli High >Middle = High >Middle High >Middle  High >Middle = High >Middle
UHIET owsMiddle  Lows>Middle  Lows>Middle  Middle sSLow  Middle >Low

Table 5.2: Hypotheses for each response variable, displayed in contrasts for the applicable factor levels.

Not all hypotheses can be captures based on one value of change, therefore six response variables

are created to capture the different ways of looking at change. The response variables are Count, Total
change, Average Total change, Direction of change, Average Direction of change and Where the change

is made, for an explanation, see table 5.1.

To see if the MTurk data is in line with the hypotheses, comparisons have to be made between the

factor levels. For example, the Order hypothesis stated that the clearer the structure, the fewer changes
will be made. This means that the H2L and L2H order has fewer changes than the Random order.
When applicable to the response variable, pairwise comparisons can be made for all the levels in a
factor or factor interaction. Table 5.2 shows the comparison hypotheses for each applicable pairwise
factor level.
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5.1.1. Analysis Method

To see if the data is in line with the hypotheses, the Imer! package in R will be used for fitting the
models. The package provides functions to fit and analyze linear mixed models. The Linear Mixed-
Effects Models are used due to the kind of messy data. First of all, the model has to deal with a lot
of parameters. The factor levels are taken as independent variables in the model, meaning that there
are a lot of combinations with the data available. The consequence of having a lot of combinations is
that the sample size per combination is relatively small. On top of that, the factor levels are not truly
independent. The Imer models deal with these kinds of problems.

From the model, the contrasts between pairwise factor levels are calculated. The contrasts are
based on the estimated marginal means (EMM), which are the means for the factors averaged for all
levels of the other factors, which will result in taking care of the unbalanced data. When taking the
normal mean, the results will be biased due to the imbalance of the dataset. Depending on the model,
some contrasts do not have enough data, and thus combinations, to calculate the significance of the
contrast. This is especially the case when the model uses the whole set of factors with all two-level
interactions. In this case, it is complex to calculate the significance of the contrast. Therefore, two
different ways of evidence are used: soft and hard evidence.

5.1.2. Soft Evidence

With the soft evidence, all factors are used in the model as main effects, together with their two-level
interactions. As already described, some combination do not exist which makes it difficult to calculate
the estimated marginal means. However, the reference grid of the model includes predictions of all the
combinations which do exist. These combinations can be used to calculate the mean of the existing
predictions, which will be used as the estimated marginal mean. This is not the fully correct way of
calculating estimated marginal means, but it gives an indication based on the existing means. There
is not enough statistical power to see if any significant difference exists between certain factor levels,
but it could indicate if the data is in line with the hypotheses. This way of looking at how much the
data is in line with the hypotheses will be used as soft evidence.

For each change response variable, a model is made. For all hypotheses, the corresponding marginal
means and contrasts are calculated and showed in 5.3. The table cells are colored according to if the
contrast is in line with the hypotheses. Green indicates that the contrast is in line, red indicates that
the contrast is not in line, and white means that the response variable or contrast is not applicable to
the hypotheses.

Table 5.4 shows for each factor the percentage of how many contrasts are in line with the hypothe-
ses. A red cell means below 25%, yellow between 25% and 75% and green cell is above 75%.

5.1.3. Hard Evidence

For the hard evidence, not the full model used for soft evidence is taken, but the model with significant
results. To obtain a model which can be used for hard evidence, the full model, including main effects
and two-level interactions, is taken as starting point. Iterations will be made over this model, where
the least significant interaction is removed till only main effects with significant interactions are left.
The least significant interaction is removed based on Analysis of variance (Anova), which looks at the
variation of the groups and where the variation is. This is done by looking at the variation between
groups and compare it with the variation within the groups. When the least significant contrasts are
removed, the significant contrasts will be used as hard evidence. For the significance, the 0.05 p-value
threshold is taken.

The hard evidence is showed in 3.2 by a darker green or red color. The table is only showing sig-
nificant contrasts which are part of the hypotheses. There are a few observations which are not part
of the hypotheses, but show significant differences among contrasts. However, only three significant
observations are outside the hypotheses which are not worth mentioning or used for further analysis

Ihttps://cran.r-project.org/web/packages/lme4/
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Factor Level Contrast Count  Total AvgTotal Direction AvgDirection Where
Order H2L - Random -0.14 23.22 5.01 -13.79 -2.03 -0.26
H2L - L2H -1.77 -7.61 -5.52 -10.31 -5.30 0.41
Random - L2H -1.63 -30.83 -10.52 3.48 -3.27 0.67
Trend Exp - Linear -2.24 -53.55 -9.94 8.63 -4.78 -0.48
Exp - Flat -3.15  -59.93 -15.40 -21.53 -11.10 -0.16
Exp - Log -2.62  -37.41 -10.38 -34.15 -12.62 0.57
Linear - Flat -0.91 -6.38 -5.45 -30.16 -6.33 0.32
Linear - Log -0.38 16.15 -0.44 -42.78 -7.84 1.05
Flat - Log 0.53 22.52 5.02 -12.62 -1.52 0.73
Location High - Middle -1.98  -11.64 -3.47 9.13 0.32 0.55
High - Low -5.13 -9.79 0.68 -15.37 -6.73 0.54
Middle - Low -3.15 1.85 4.15 -24.49 -7.05 -0.00
Spread High - Middle 0.38 5.62 -6.12 -3.73 -1.47 0.50
High - Low -0.25  -20.75 -9.88 17.55 7.05 -0.10
Middle - Low -0.63  -26.37 -3.76 21.28 8.51 -0.61
Outlier High - None -0.58 7.59 8.77 26.64 14.41 -0.32
High - Low -2.39 -23.38 9.11 28.40 15.82 -0.38
None - Low -1.81  -30.97 0.35 1.76 1.41 -0.06
Order:Location H2L(High - Middle) -2.16  -15.66 -9.73 13.45 0.04 0.72
H2L(High - Low) -5.37 -28.83 1.56 1.49 -5.73 0.53
H2L(Middle - Low) -3.21 -13.17 11.29 -11.96 -5.77 -0.19
Random(High - Middle) -3.02 -3.49 -2.76 13.92 -7.93 0.83
Random(High - Low) -6.95 -8.98 1.06 8.13 -7.41 0.53
Random(Middle - Low)  -3.93 -5.49 3.82 -5.79 0.53 -0.30
L2H(High - Middle) -1.07  -12.16 3.70 0.65 6.17 0.39
L2H(High - Low) -3.49 7.40 1.07 -44.75 -6.25 0.78
L2H(Middle - Low) -2.42 19.56 -2.64 -45.40 -12.42 0.38
Order:Spread H2L(High - Middle) 0.80 14.54 -11.79 -4.77 -1.71 0.61
H2L(High - Low) 1.18 -8.86 -14.99 25.45 5.93 -0.60
H2L(Middle - Low) 0.38 -23.40 -3.20 30.22 7.64 -1.21
Random(High - Middle) -1.34 -16.25 -20.21 -20.03 -9.48 0.78
Random(High - Low) -1.73  -13.14 -18.80 -2.29 1.56 0.44
Random(Middle - Low)  -0.39 3.11 1.40 17.74 11.05 -0.34
L2H(High - Middle) 1.06 10.40 9.17 8.07 4.04 0.27
L2H(High - Low) -0.81 -38.46 1.42 22.12 11.83 0.15
L2H(Middle - Low) -1.87 -48.86 -7.75 14.05 7.79 -0.11
Trend:Spread Exp(High - Middle) 3.10 53.85 20.70 13.34 10.16
Exp(High - Low) 1.13 15.86 2.21 13.42 6.46
Exp(Middle - Low) -1.97 -37.98 -18.50 0.08 -3.70
Linear(High - Middle) 0.42 -17.89 -0.29 -2.64 4.88 0.05
Linear(High - Low) -1.06 -59.99 -3.34 29.76 6.74 -0.47
Linear(Middle - Low) -1.48  -42.10 -3.05 32.40 1.86 -0.52
Flat(High - Middle) 1.56 27.99 -4.42 3.12 -7.25 0.94
Flat(High - Low) 0.77 -1.90 0.81 14.89 5.78 0.29
Flat(Middle - Low) -0.79 -29.88 5.23 11.77 13.02 -0.64
Log(High - Middle) -1.53 -13.59 -18.66 -15.73 -2.93 0.38
Log(High - Low) -1.09 -22.94 -28.07 13.15 8.67 -0.26
Log(Middle - Low) 0.45 -9.35 -9.41 28.88 11.61 -0.65

Table 5.3: Contrast of the levels for each change response variable.
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Factor Count Total AvgTotal Direction AvgDirection Where
Order 50% 0% 0% 50% 0% 50%
Trend 80%  60% 80% 60%
Location 100% 0% 0% 50% 50%

Spread 67% 0%

Outlier 50% 100% 50% 100% 100%
Order:Location 50% 17% 50% 50% 33%
Order:Spread 44% 33%

Trend:Spread 50% 33%

Table 5.4: Percentage of how many contrasts are in line with the hypotheses.

5.2. Distance

When annotators over- or underestimated their judgements, it means that the judgements have some
distance to the ground truth. When the over- or underestimation is not corrected, and is a result of the
queryset having certain conditions, it is seen as a context effect. To measure the distance to the ground
truth, the ground truth is necessary. However, the problem is that the ground truth of the judgements
is not known before the judgements are made, which makes it hard to see if the judgements are over-
or underestimated. And if they are over- or underestimated, it has to be of such a magnitude that is
bigger than the natural subjectivity of different annotators. For analysing the distance in this section,
the golden judgements as described in 3.5.1 will be used as ground truth.

As discussed in the previous section, change can be used as a metric to indicate that a potential
context effect occurs. Annotators changing their judgements is not necessarily a problem as long as
the judgements are close to the ground truth. When annotators change their previous judgements, it
means that the annotator is aware of the over- or underestimation of the previous judgements. The
annotator corrects the context effects by changing the judgements. When context effects occur which
are not corrected, thus not changed, it means that the context effects have an impact on the set of
judgements. Therefore, the hypothesis is: When changes are made, the context effects are corrected,
which results in judgements closer to the ground truth.

Not only change can be used as a metric, but also the factor levels themselves. After the judge-
ments are made, the set of judgements belongs to certain conditions which are translated into the
factor levels. If the distance to the ground truth is different among certain factor levels, it is another
indication of a context effect.

5.2.1. Change
The hypotheses related to distance and change is that when annotators change previous judgements,
the final judgements will be closer to the ground truth.

For analysing the distance with change as a metric, the distance to the ground truth is measured
before and after changes are made. Each queryset consists out of 15 candidates and thus 15 Finescores,
these Finescores are split into a set containing the Finescores before changes are made, and a set con-
taining Finescores after changes are made. The latter one is the set that is submitted by the annotator.
The first one is based on the logs. To indicate the distance to the ground truth, two metrics are used:

* Pearson correlation: For each queryset, the Finescores before and after change are separately
used and compared to the ground truth. The Pearson correlation, as described in equation 3.1,
is used to indicate the correlation with the ground truth.

¢ Root-Mean-Square Error The Root-Mean-Square Error (RMSE) is used to indicate the distance
to the ground truth for each Finescore in the set. It is calculated with equation 3.2. The RMSE is
calculated for both the set of Finescores before and after the change.

The comparison of two of the exact same querysets judged by the same annotator at another time
span, is also called the intra-rater agreement. Flexer [18] studied the intra-rater agreement for a time
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Pearson MTurk Pearson After
Mean 0.36 Mean 0.89
Median 0.46 Median 0.97
Min -0.61 Min 0.10
Max 0.89 Max 0.99
SD 0.36 SD 0.18
(a) Pearson correlation inter-rater agreement MTurk (b) Pearson correlation before-after set

Table 5.5: The inter-rater agreement between annotators of the MTurk data compared with the intra-rater agreement for the
before and after change set.

Pearson Before After RMSE Before After

Mean 0.469 0.480 Mean 27.06 27.23

Median 0.514 0.519 Median 25.87 25.62

Min -0.582  -0.582 Min 13.52 13.52

Max 0.927 0.927 Max 48.67 52.92

SD 0.337 0.336 SD 8.22 8.73
(a) Pearson correlation (b) Root-Mean-Square Error

Table 5.6: Before is indicating the set of Finescores before the change, after is indicating the set of Finescores after the change.
Both sets are compared to the ground truth and translated into the Pearson correlation and the Root-Mean-Square Error statis-
tics.

span of 2 weeks. This is clearly different than the timespan between the before and after set, which is a
matter of minutes. However, the study showed that the intra-rater agreement correlation for a 2 weeks
interval was higher than the inter-rater agreement, but not significantly higher. Due to the relatively
short time period between the before and after set, it is expected the intra-rater agreement is higher
than the inter-rater agreement. This is clearly the case when looking at the values in table 5.5.

The general statistics for the Pearson correlation to the ground truth can be found in table 5.6,
the values are plotted in figure 5.1a. The clear line is due to the querysets not having any changes.
The querysets which do have a clear difference between before and after the change, are querysets
having more than 5 changes or a few changes which are large. For example, the four points above
the line consist out of three querysets with more than 5 changes, and one queryset with two changes
larger than 50. When comparing all correlation values to the inter-rater agreement correlation values,
they are higher. The reason for this is probably due to the comparison to the ground truth instead
of other annotators. The ground truth is averaged over all other annotators, meaning there are fewer
outliers or extreme Fine scores which can lead to lower correlation. The general statistics show that the
correlation to the ground truth is slightly better after the changes are made. When conducting a paired
t-test, it confirms that the mean is smaller than 0. However, the differences are not significant so the
null hypothesis can not be rejected, see table 5.7. A paired t-test is chosen because the comparison is
made between the means of two related group of samples.

The same procedure is done for the RMSE values. The RMSE values are shown in figure 5.1b. The
differences are not significant, see table 5.7, there is even less confidence than the Pearson correlation
values to reject the null hypothesis. This is confirming the general statistics of table 5.6.

5.2.2. Factors

Not only the change, but the factors themselves can be used as a metric to see if over- or underes-
timation occurs in certain conditions. The factor levels representing the conditions are used as in-
dependent variables in the model. Distance is again measured with the Pearson correlation and the
RMSE. In table 5.8, the estimated marginal means of the contrasts is shown. The model consists out
of the main effects and the significant interaction effect according to an Anova. The contrasts which
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Figure 5.1: The values of the Pearson correlation (a) and RMSE (b) between the before and after change sets.

t df  p-value Mean 95% Conf interval

Pearson -1.306 119 0.1939 -0.1078  [-0.0271, 0.0055]
RMSE -0.827 119  0.4097 -0.1668 [-0.5661, 0.2324]

Table 5.7: Paired t-test results for the Pearson correlation and RMSE to the ground truth between the before and after change
sets.

are around the significance level are in bold.

From the table, it can be seen that only two of the contrasts are around the significance level.
The amount of data in these levels is quite low, with Outlier High having 31 querysets and Outlier
Low 24 querysets, together with the interaction Trend:Outlier having 6 querysets in the Linear:High
combination and 12 querysets in the Linear:Low combination. Taking in mind this low amount of
data and considering the chance of Type I errors, the table does not show interesting results.

5.3. Summary

This chapter addresses context effects in two ways, whether they are recognizable and what the impact
is. Change is used as a metric to see if annotators correct their judgements when they are aware of the
over- or underrating of their previous judgements. How much the over- or underrating is, is based
on the distance which is calculated with the Pearson correlation to the ground truth and the RMSE
to the ground truth, both before and after change. For both the change and the distance, hypotheses
are made which are checked whether they are in line with the data or not. To see if the data is in line,
linear mixed-effects models are made with the factors as independent variables. From the models,
the estimated marginal means are calculated for each factor level in the model. To see if the data
is in line with the hypotheses, the contrasts between factor levels of the estimated marginal means
are calculated and checked with the hypotheses. There is a distinction made between soft and hard
evidence, the soft evidence is indicating the contrasts which are in line with the hypotheses, but not
significantly. The hard evidence is showing the significant contrasts with a p-value below 0.05.

For both change and distance, there is no convincingly hard evidence. However, the soft evidence
showed that some of the factor hypotheses are in line or with the data, or the data showed the opposite
of the hypotheses. The Outlier factor seems to be in line with most of the hypotheses, while the Order
factor shows the opposite. However, most of the factors seem to be in the middle of what was expected.
The distance to the ground truth before and after change is indeed closer when changes are made,
however, not significantly.
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Factor Contrast Pearson RMSE
Emmean p-value Emmean p-value
Order H2L - Random -2,558 0,536 -0,04183 0,8784
H2L - L2H -2,458 0,4629 -0,03675  0,8701
Random - L2H 0,101 0,999 0,00508 0,998
Trend Exp - Linear 5,1357 0,5726  0,06431 0,9743
Exp - Flat 3,3708 0,8288 0,11803 0,8425
Exp - Log 3,2761 0,8676 0,12558 0,8495
Linear - Flat -1,765 0,889 0,05373 0,9304
Linear - Log -1,8596 0,9123  0,06128 0,931
Flat - Log -0,0946 1 0,00755 0,9998
Location High - Middle 1,48 0,8601 0,0137 0,9922
High - Low -0,945 0,9377 0,1267 0,5397
Middle - Low -2,425 0,7419  0,1131 0,6258
Spread High - Middle -0,999 0,8884  -0,1036 0,4864
High - Low -3,36 0,2885 -0,0607 0,8335
Middle - Low -2,361 0,4788 0,0429 0,8684
Outlier High - None -3,77 0,1865  0,0724 0,6998
High - Low -6,46 0,0565 0,0888 0,7224
None - Low -2,69 0,4624 0,0163 0,9829
Trend:Location Exp(High - None) 5,883 0,7897 -0,1582 0,8748
Exp(High - Low) 10,344 0,2385  0,1452 0,8224
Exp(None- Low) 4,461 0,8999  0,3034 0,7015

Linear(High - None) -8,535 0,1164  0,2647 0,2897
Linear(High - Low) -10,975 0,0522  0,4232 0,0608

Linear(None- Low) -2,44 0,7889 0,1584 0,5014
Flat(High - None) 1,935 0,7888 0,1021 0,6714
Flat(High - Low) 2,381 0,6212 -0,0337 0,9541
Flat(None- Low) 0,446 0,9872 -0,1258 0,4826
Log(High - None) 6,637 0,3393 -0,1539 0,6761
Log(High - Low) -5,531 0,662 -0,0277 0,9931
Log(None- Low) -12,168 0,116 0,1262 0,8382

Table 5.8: The estimate and p.value for the model with distance as response variable and the factors as IV.



Limitations

During the process of this work, some limitations are faced. Most of the limitations are dealt with, but
the decisions made in the process have possibly influenced some of the results. With the knowledge
today, a reflection can be made on the decision-making process during work.

The limitations worth mentioning are:

* Factor distribution for reliability: Before analysing data, the data needs to be reliable. In the
first iteration of collecting judgements, only the extreme factor levels were chosen. Especially
the Order factor could influence the reliability results, with in the first iteration only having the
H2L and L2H order. The MIREX judgements are collected in random Order, which means that
the reliability comparison in the first iteration was: MIREX random vs. MTurk H2L and L2H.
Especially when taking in mind the research questions of this work, context effects in factor
levels, the comparison is not reflecting the right question of reliability. To solve this issue, the
random Order of the same queryset as H2L and L2H is also collected, with the result of having
another factor distribution of the data than expected.

* General factor distribution: Not only the Order factor could have been distributed otherwise
from the start, but also the general distribution for all factors. It was not really clear from the start
how many querysets were needed and if they would show interesting results. Due to limited re-
sources, only the extreme querysets were created at the first iteration, resulting in 40 querysets.
Due to the reliability comparison for the Order factors, another 20 querysets in random order
were added, leaving a distribution according to table 3.3. During the process, there were signs
of results going into a certain direction, but there was not enough data. The decision was made
to add another 60 querysets with the same factor distribution as the first 60 sets, meaning each
combination has 2 different querysets. With the knowledge today, the distribution of factor lev-
els could have been different from the start. For example, add a middle level to the Location
or Spread factor. This would result in a more varied dataset, another decision can be to choose
a less varied dataset with more annotators judging the same combination. For both decisions,
there are arguments to support it, but it would be better to choose one of them. The dataset
used in this work has a bit of both.

* Subjectivity in context effects: It is clear from literature that subjectivity is involved in music
similarity judgements. However, the question arises of how much subjectivity is natural, and
how much is influenced by context effects. And even if it is known, how much subjectivity is
allowed? There is not a clear line in these kinds of questions, which makes the area a bit vague.
Due to this subjectivity, the road to the research question is changed during the process. Start-
ing with recognizing context effects by modeling the Fine scores themselves, which did not show
significant results. Looking at the Fine scores itself changed to measurements which can indi-
cate that a context effect occurs. By diving into the thinking process of an annotator, change
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was chosen to indicate a potential context effect. The change ended up being a big part of the
thesis, while it was initially not a big part of the plan.

Generated querysets for context effects: The generated querysets are distributed according to
the factor levels. While creating the querysets, the focus was on which candidates together are
belonging to a factor level. When comparing factor levels for context effects, the best way is to
compare the exact same candidates. This is only possible for the Order factor which has H2L,
Random and L2H with exactly the same set of candidates. When comparing, for example, the
Location factor with levels high and low, the comparison is made between two different sets of
candidates which is not a solid comparison when taking in mind that it could be possible that
the high median is 99, and the low median is 32. This is a comparison between an extreme high
level and a high low level. It is of course not possible to create two querysets with exactly the
same candidate belonging to both a high and low Location, but a better way would be to have a
part of the queryset with exactly the same candidates. In this way, the comparison can be made
between the part with the same candidates which are judges by the annotator in a set belonging
to different factor levels. Another way would be to make more levels or not labeling querysets
to levels, but looking at the value of the factor itself. However, for both ways a lot more data is
needed.

Trend calculation: The calculation of the Trend factor has been changed throughout the pro-
cess. With the creation of the querysets, the querysets were ordered according to the H2L and
L2H Order levels. When having a clear order, the trend can be calculated with the exponential
and logarithmic equation. However, after the new judgements were collected, there was a lot
of randomness in the set of candidates. In a random set of 15 candidates, the exponential and
logarithmic equations have high errors when fitting the data. Therefore, the calculation of the
Trend factor was changed to the equations from section 3.2.1, with the consequence of having
two different calculation methods of the Trend factor at the creation of the querysets and at the
analysis part. Although it did not seems to have a lot of influence on the results, it would have
been better to use the last method from the start.

Confounding factor levels: Some factor levels are confounding, which was expected at the cre-
ation of the querysets, but the decision was made to leave it as is. For example, an exponential
Trend has most of the values at the low side of the queryset range. Combining this with a high
Spread, there is a high chance that the queryset has a low Location. The confounding factor lev-
els could have been filtered at the start, but this is not done because it excludes the extreme sets
which are interested for the magnitude of effects. Creating querysets with a low chance of exis-
tence in a real scenario is useful to analyse the extremes, but a trade-off has to be made between
the extremes and the usefulness in a real scenario. For this thesis, the extremes were chosen.



Conclusion

This chapter addresses the conclusions about the two following questions: 1) Are context effects mea-
surable in the current annotation protocol of MIREX?, and 2) What is the impact of context effects in
the current annotation protocol? After the conclusions, the future work is discussed.

7.1. Conclusion

To be able to answer both research questions, the data collected needs to be reliable. The MIREX
judgements are collected by experts, or people who have affiliation with MIREX or the AMS task.
The judgements in this work are collected with the crowdsourcing platform MTurk. Crowdsourcing
is known to have a lower quality when not used carefully. To filter the low-quality judgements, quality
control measures are taken. The MTurk judgements are collected with the same annotation proto-
col as the MIREX judgements. They are compared with four different measurements: 1) Pearson and
Spearman correlation, 2) RMSE, 3) Pairwise Fine score, and 4) Factor comparison. The correlation
and the pairwise comparisons seem to be highly comparable to the 2006 MIREX data. The correlation
seems to be even better with the MTurk data, however, this could be due to extreme orders used in
the MTurk data. The RMSE is better between annotators in the 2006 MIREX data, the reason could be,
again, due to the extreme querysets used in the MTurk data. For the factor comparison between the
MIREX and MTurk, there is no clear reference on how much they should differ, but the data seems to
be in line with each other.

Overall, music similarity judgements collected with crowdsourcing seem to be reliable. When con-
sidering the subjective nature of similarity judgements, the differences between annotators obtained
with crowdsourcing, and compared to the differences between annotators from MIREX seem to be
negligible. However, this work does not have a lot of data. The low amount of data could have influ-
enced the results, but the results given are promising considering cost and time.

After it is determined that the crowdsourced judgements are reliable, the research questions can
be answered. For the first question, change is taken as a measurement. When annotators recog-
nize that the judgements given, are over- or underrated, they will correct the judgements by changing
them. Around half of the annotators in the MTurk data changed at least one of the judgements in the
queryset. Extensive information about change in the MIREX data is unfortunately not available, which
means there is no reference of what the standard is. Hypotheses are made for each of the factors Order,
Trend, Location, Spread and Outlier, and for some factor interactions. To see whether the data is in
line with the hypotheses, two kinds of evidence are presented, 1) soft evidence, and 2) hard evidence.
Unfortunately, hard evidence is not really found which could have different reasons, the two main rea-
sons are: 1) not enough data or 2) there is no difference in change among factors. However, the soft
evidence shows some signs of a difference in change. The amount of changes seems to be in favour of
the Trend and Outlier hypotheses, but not convincing for the rest of the factors. The Order factor and
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the Average Total change response variable are even showing the opposite of the hypotheses. Overall,
there is no hard evidence to say that change is different among factor levels.

The second question is about the impact of context effects. The impact is measured in distance
to the ground truth which is given by the Pearson correlation and the RMSE. The change is used as
a metric to recognize a potential context effect. The distance to the ground truth is analysed for the
judgements before the change, and after the change. Both correlation and RMSE are showing closer
Fine scores to the ground truth after a change, however, this difference is not significant. When using
the factors as a metric for distance, there is also no significant distance among different factor levels.
Overall, there is no hard evidence found that differences in distance exist among factor levels.

Both research questions are used to obtain a better understanding of occurring context effects in
the current annotation protocol of the AMS task in MIREX. The goal is to give insight into how much
of the disagreement among annotators is due to a natural subjectivity and how much is due to context
effects in the annotation protocol. Unfortunately, no significant results are found, however, signs of
context effects are measured and need to be further explored.

7.2. Future Work

This work has explored context effects in the current annotation protocol for the AMS task in MIREX.
During the process and due to the limitations, additional questions are raised. This work was explor-
ing the existence of context effects, but should be further studied to make significant conclusions.
First of all, the presumption is made that, due to the limited amount of data, significant results were
not obtained. At the start of the work, it was not known if the new collected data would show observa-
tions considering context effects. Therefore, three iterations are made to be able to make adjustments
when the results were going into certain directions. Although some adjustments are made, it seems
that still more data is needed to get significant results. The amount of data used in this work shows
signs of context effects, for significant results, more data should be used.

The created instances are made based on balancing the factor levels, however, the distribution of
the factors levels are not reflecting the MIREX distribution. A more extensive exploration of the factors
would result in a better reflection of the MIREX data. If certain factors are not common in the MIREX
data, it raises the question of how important it is and how much influence it has on the results. A more
extensive exploration of the distribution of the MIREX factors should be done to obtain better insights
of the importance of certain factors.

This work is only exploring whether context effects exist and if they have an impact on the judge-
ments. In the end, it is about the system performance ranking of the AMS task. Even when context
effects exist, it needs to be studied if they influence the system ranking. It could be possible that
judgements are affected by context effects, but of such a small magnitude that system rankings are
not affected.

The data obtained in this work is collected with crowdsourcing. Although the reliability of Fine
scores in the current annotation protocol was not studied in current literature for the AMS task, it was
not the main focus in this work. Studies have shown alternatives for crowdsourcing the AMS task, but
the reliability of the Fine scores in the current annotation protocol seems comparable to the MIREX
data. In this work, the reliability is not studied extensively with a lot of data, but the result seems
promising. When a more extensively study about the reliability shows comparable results, MIREX
could use crowdsourcing instead of experts for collecting similarity judgements.
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