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Chapter 1
Introduction
People interact. They enter into polite conversations, participate passionately in debates, hold meetings for work and for volunteer committees; they dance, teach, sell
apples, and compete in sports; and all these activities involve communication with
other people. A certain type of researcher spends his time recording these activities as video and audio. Subsequently he annotates them manually — or has other
people do this — describing in varying levels of detail what happened during the
interaction. The result is an annotated corpus of recorded human interactions. Corpus based research may be carried out for several reasons. Human interactions are
analysed in order to learn more about how people interact, to develop automatic
detection and recognition systems for interaction behavior, to develop technology
designed to support humans in their daily activities (ambient intelligence), or to
build animated lifelike Virtual Humans that interact in a human-like way with computer users. These topics will all be elaborated further in Section 1.1.
Researchers who make use of multimodal annotated corpora are always presented with something of a dilemma. On the one hand, one would prefer to have
research results that are reproducible and independent of the particular annotators
who produced the corpus that was used to obtain the results. This issue can be characterized in the way that Bakeman and Gottman [1986] and Krippendorff [1980]
described it: they stated that annotators should be interchangeable and the individuality of annotators should influence the data produced by them as little as possible.
They said that one needs data which is annotated without disagreement between
annotators, because disagreement is, among other things, a sign of errors and lack
of reproducibility. Researchers spend a lot of effort on developing ways to determine
the amount of disagreement and finding out how much disagreement is ‘too much’.
On the other hand, labeling a corpus is a task which involves a judgement by the
annotator and is therefore, in a sense, always a subjective task. This subjectivity is,
of course, a matter of degree. For some annotation tasks different annotators can
realistically be expected to always have the same judgements, such as when annotators are asked to label episodes where somebody raised his hand in a recorded
interaction. In that case, disagreement between annotators may indeed be caused
by one or both of the annotators having made errors. Other annotation tasks are
more strongly subjective. They require an annotator to interpret the communicative
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behavior being annotated. Expressing yourself in communication is a very personal
activity, full of human variability; everybody behaves in his or her own unique way,
and therefore, as an observer, will also judge the communicative behavior of others in
his or her own unique manner. Throughout this thesis, the terms ‘subjective annotation task’ and ‘subjective annotation’ refer to annotation tasks in which the judgements made by the annotators are strongly dependent on the personal way in which
the annotator interprets communicative behavior. Different annotators will, for such
tasks, produce different annotations of the same recorded interaction. For example,
two people who are asked to point out all episodes where people are ‘being ironic’ in
the same recorded interaction will surely produce different annotations. This is not
just because irony is sometimes difficult to see, but also because everyone to a certain extent has his own idea about what irony is. Such personal views of what irony
is may not overlap perfectly. In that case, the amount of similarity or agreement
between the annotations will not just depend on how many errors the annotators
made. It will also be influenced by the amount of intersubjectivity in the judgements
of the annotators.
The difference between an annotation task being subjective or not has clear relevance for the use that is subsequently made of the annotated data. Conclusions
drawn from annotations that are not subjective relate to the (communicative) behavior that was observed in the recordings, possibly somewhat contaminated by
errors in the annotations. One consequence of a certain annotation being subjective
is that conclusions drawn from the data may reflect not just the human behavior
observed in the recorded interaction but also the world view of the annotator. The
subjective aspects of an annotation task also carry over into the development and
use of technological applications that are built using the annotations. One can, for
example, think about an automatic summarization system that is supposed to indicate the fragments in a meeting where the participants had a disagreement about
the issue being discussed, or where they were particularly enthusiastic about a certain proposal. The system has been trained to make judgements similar to those of
the annotator whose data was used to train the system. Since the judgements of this
annotator were subjective, it is not certain that the system will judge in a way that
fits also with what the participants in the meeting thought of their own interactions.
Consequently, the resulting summarizations are at risk of seeming irrelevant to the
participants for whom they were made.
This thesis is an investigation into the diverse relations that exist between the
agreement in judgements of different annotators, the quality of the annotated corpus (number of errors in the data, and reproducibility of the annotations) and the
use of the data for developing interactive applications. The data can be used in
different ways. Development and evaluation of machine-learning modules for automatic recognition of the annotated behavior are strongly represented in this thesis,
but other applications such as building Virtual Humans or the design of interaction
patterns are also affected by the quality and nature of the data. Throughout the
thesis there is a special focus on behavior for which annotation is a subjective task.
The rest of this introductory chapter first describes the area of corpus based research
in more detail as the background against which this thesis originated. After that the
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research questions underlying the thesis will be presented and an overview of the
structure of thesis will be given.

1.1

Corpus Based Research and the AMI Project

This thesis has been written in the context of the AMI (Augmented Multi-party
Interaction) and AMIDA (Augmented Multi-party Interaction with Distant Access)
projects.1 These two projects were concerned with developing technology to support meetings, leading to increased effectiveness and efficiency. They have been
carried out by the 15-member multi-disciplinary AMI Consortium, a large collaboration of (mostly European) academic and industrial partners. The project members
have very broad interests, ranging from hard core signal processing algorithms to
organizational psychology and from developing marketable applications to doing
pure research. One of the most visible results of this collaboration has been the
development of the AMI Meeting Corpus, a large corpus with annotated synchronized audio and video recordings of 100 hours of meetings. The corpus contains
many different layers of annotation describing the communicative behavior of the
participants in the meetings [Carletta, 2007].
As was already mentioned at the start of this introduction, such corpora can be
used for many different goals. In areas such as psychology, content analysis, and
linguistics, a carefully annotated corpus can help in understanding verbal and nonverbal language use, communication, social interaction processes and the myriad relations between all the different elements that make up human behavior. While such
research is concerned with describing and understanding human behavior, there is
also a lot of work on generating human-like interactive behavior. In that research
area, people build animated lifelike Virtual Humans that interact with humans and
each other in a human-like way. In order to make the Virtual Human display the
right behavior, people turn to corpus analysis to find out what kinds of behavior are
best used in which situations. This concerns not only speech and the accompanying
gestures and facial expressions, but also many completely different activities, as can
be seen in the Virtual Conductor project at the Human Media Interaction group [Bos
et al., 2006; Reidsma et al., 2008b]. In that project, an artificial orchestra conductor
was built that not only displays the appropriate conducting behavior for a piece of
music, but also interactively leads and corrects an ensemble of human musicians
based on audio analysis of the music being played. That system depends on knowledge about the interactive behavior of human conductors that has been extracted
from an analysis of a corpus of recorded conducting sessions [ter Maat et al., 2008].
Finally, an annotated corpus is often used to develop detection and recognition
technology for the range of human behavior present in the corpus. This technology
is to be used in smart environments to support humans in their activities. In the
AMI and AMIDA project the goal is to help users have efficient and effective meetings. Smart environments, or Ambient Intelligent environments, need to be able
to perceive and interpret all kinds of subtle human behavior in order to support the
1

http://www.amiproject.org/
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inhabitants of the environment in their daily activities. A high-quality annotated corpus can play a central role in Ambient Intelligence research [Reidsma et al., 2005c].
Aspects such as attitude and mood, the flow of conversations taking place in the
environment, and the intentions underlying the actions of the inhabitants cannot
be interpreted automatically without knowledge of how people behave in daily interaction. Within the AMI Consortium, a vast range of recognition technologies are
being developed [Al-Hames et al., 2007]. There is work on dialog act segmentation
and labeling [Dielmann and Renals, 2007; op den Akker and Schulz, 2008; Verbree
et al., 2006], addressee detection [Jovanović, 2007], recognition of visual focus
of attention [Ba and Odobez, 2006], decision tracking [Hsueh and Moore, 2007],
emotion recognition [Müller et al., 2004], summarization [Kleinbauer et al., 2007],
and many other subjects. These technologies have been developed for systems that
support easy browsing and retrieval of information from past meetings after the
meeting took place [Moran et al., 1997; Whittaker et al., 2008], but also for systems that assist the users in many ways during the meeting [Rienks et al., 2006,
2007]. Such technologies and applications form the background against which this
thesis should be read.

1.2 Research Questions and Thesis Structure
The start of the introduction presented two topics that are present throughout this
thesis. On the one hand there is the method of corpus based research and the application contexts that go with it, discussed in Section 1.1. On the other hand there
are the subjective aspects inherent to elements of this method: in the judgements
made by the annotators producing the corpus and in the perception that end users
of applications have of their own and others’ (inter)actions.
As said before, in the method of corpus based research, the common way of assessing whether the corpus is fit for purpose centers on the level of inter-annotator
agreement that can be achieved on the annotation task. One problem in this context
is that it is not well understood how the relation between inter-annotator agreement
and ‘being fit for purpose’ works out if the errors that led to reduced inter-annotator
agreement are not homogeneous. A second problem is that there is a tension here
between errors and subjectivity: both can lead to reduced inter-annotator agreement, but they can have quite a different impact with respect to the question of
the corpus being fit for purpose. The research questions of this thesis are defined
against the background of these two problems related to corpus based research,
inter-annotator agreement and subjectivity.
The main, abstract, research question is as follows.
Main RQ — What are the relations between inter-annotator agreement, subjective judgements in annotation, and whether a corpus is fit for the purpose for which
it was constructed?
This question is addressed in this thesis by answering three concrete questions, that
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are explained in detail below.
One of the most prevalent ways of assessing the quality of an annotated corpus
using inter-annotator agreement analysis is to compare the level of agreement to
a certain fixed threshold. If the threshold is exceeded, the corpus annotations are
considered to be of sufficient quality for any purpose. Usually, no additional quality
analysis is carried out. This practice is addressed in Chapter 3 by the following research question.
RQ 1 — What is the relevance of placing a threshold on the level of interannotator agreement for assessing the reliability of a corpus, especially if the errors
that caused reduced agreement may not have been homogeneous?
There is a growing interest in, and amount of work with, corpora with annotations
that are inherently subjective. These annotations often have a quite low overall level
of inter-annotator agreement. The next research question, answered in Chapter 5,
concerns possible ways of making such annotations more useful for machine learning or other purposes by removing the less reliable parts of the data.
RQ 2 — Given annotation with a low inter-annotator agreement, how can one
pinpoint more reliable subsets of the annotated data, for which a higher agreement
was achieved?
Another way of making subjective annotations more useful when the different personal points of view from the annotators have led to low level of inter-annotator
agreement is to find out which information and relationships that can be derived
from the annotations are common sense and which stem from idiosyncrasies of annotators. This approach is addressed in Chapter 6 by the last research question.
RQ 3 — Is it possible to find out how subjective the annotations are, and to model
the subjectivity explicitly as it relates to the overlap and disjunctions between the
personal points of view of the annotators, using machine-learning methods?

Answering the research questions involves both an analysis and evaluation of some
existing methods for determining the quality of an annotated corpus as well as the
development of new methods on real data.
The rest of this thesis is structured as follows. Chapter 2 discusses past related
work on data inspection, reliability analysis, and agreement metrics; furthermore
the chapter presents relevant related work on subjectivity in annotation tasks and
on the relation between inter-annotator agreement/data quality on the one hand
and data use on the other. Chapter 3 looks closer into the most used method for
determining the level of inter-annotator agreement in annotated data: calculating
a reliability metric such as Krippendorff’s α [1980]. Some shortcomings of that
method are discussed that are related to the use of the annotated data for machinelearning purposes, concluding that additional methods for analysing annotated data
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are needed. Chapter 4 presents the corpus data that will be used throughout this
thesis. Chapter 5 concerns contextual agreement. The inter-annotator agreement
of the addressee annotations from the AMI corpus is analysed in detail, showing
that it is possible to define subsets of the data, on the basis of the multimodal context, that have a higher level of inter-annotator agreement than the overall annotation. In Chapter 6, subjective annotations are the main topic of investigation.
Inter-annotator disagreement for subjective annotation tasks is likely to be caused
by systematic differences in the way different annotators interpret human interaction, more so than for other types of content. In this chapter, a method is presented
that explicitly models overlap and divergence in the subjective judgements of different annotators using machine learning. This leads to the discussion of two new
concepts in Chapter 7, namely classifiers as subjective entities and classifiers as embodiment of consensus objectivity. Chapter 7 also contains some generalized ideas
and recommendations for designing interactive systems. The thesis ends with conclusions in Chapter 8.

Part I
Theory

Chapter 2
Data and Inter-annotator Agreement
In order to understand how people have been analysing the quality of annotated
corpora it is necessary to see the place of annotation within the larger methodological context of corpus based research. There are many types of research fields where
annotated corpora play a major role. In Corpus Linguistics and Computational
Linguistics, annotated data is collected and analysed in order to increase our understanding of human language use and for developing automatic recognition or
processing algorithms. For example, researchers use an annotated corpus to develop automatic dialog act classification algorithms or to find possible correlations
between topic changes and posture shifts. In Ambient Intelligence research, annotated data is collected and analysed in order to find out how the daily activities
of people are structured, how they can be supported, and, again, to serve as training material for developing recognition algorithms. Besides verbal and nonverbal
language use, this involves such various issues as attitude detection, action recognition, intention recognition, and many other topics. The methodology of Content
Analysis can be thought of as concerning the labeling of material (texts and other
content) with certain concepts (see below) present in the material in order to be
able to answer research questions using the annotated data [Krippendorff, 1980].
Although this could equally be a description of any of the above fields, the term
is usually associated with the analysis of content from television shows, newspaper articles, teaching materials, and similar material, for concepts (often socially
inspired), that may be present in the data or not, such as violence, qualitative evaluations of politicians, opinions about commercial products in advertisements, and
morally tinted messages.

2.1

Methods from Content Analysis

As the central tenets of Content Analysis have been thought about for a long time
and are generally cast in relatively generic terms, Content Analysis literature sources
will be used to introduce the main issues for corpus based research. Other researchers, working in the fields of (Computational) Linguistics or Ambient Intelligence have reached for Content Analysis literature as well, for the same reasons.
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Note that it is not the intention to give a complete survey or exposé of the field
of Content Analysis. This introduction merely presents the main issues to give the
reader a background for the later sections of this chapter. The material in this section is freely summarized from the works of Krippendorff [1980] (and the second
edition [2004a]); Poole and Folger [1981]; Weber [1983]; Bakeman and Gottman
[1986]; and Potter and Levine-Donnerstein [1999], in which the interested reader
can find more information about the material introduced here.
Consider a research project in the field of Content Analysis aimed at investigating the relation between the presence of elements targeting trust, quality of living,
and cost in advertisements on the one hand and changes in sales of a product on
the other hand. The first step in such a project would be to define a research question. In this case, the question may be ‘how can one improve sales by targeting
trust, quality of living and low cost in advertisement campaigns?’ The next step is
for the researcher to determine which concepts are relevant when answering the
question. This concerns both the broad categories of concepts that should be taken
into account when answering the research question, but also the specific classes that
relate to those categories. In the advertisement example, it is at least necessary to
have an idea of what the global concepts ‘trust’ and ‘quality of living’ are taken to
mean. But it is also necessary to specify in detail different types of trust (for example, ‘trust in the competence of the producer’ and ‘trust in the benevolence of the
producer’) and the ways in which trust can be a relevant factor in an advertisement.
It can be present or not, it can be addressed directly (using a phrase such as “We
want the best for you”) or indirectly (displaying serious, knowledgeable people in
white coats), and so forth. One also needs to think about the relation one expects
to hold between the concepts.
The researchers could decide to answer their research question by Content Analytic means. That would involve investigating the content of a collection of advertisement campaigns on the presence and absence of the identified concepts, and
correlating the results with, for example, information about sales fluctuations for
the different advertised products. For this, the collection of advertisement campaigns (the content) must be turned into an annotated corpus. First, an annotation schema is defined that specifies how the content is to be annotated with the
presence of the concepts. This involves many decisions about, for example, the
granularity with which the annotation is performed, whether an annotator can assign multiple labels to one item, whether a ‘bucket class’ can be used to indicate
that an item cannot be labeled with any of the concepts, and many other decisions.
Defining an annotation schema is like the operationalization of the concepts under
investigation. In the advertisement example, the schema may, for example, define
that every advertisement will be assigned exactly one label specifying the type of
trust alluded to in the advertisement. In contrast, the schema may define that every
advertisement can be assigned several of the six possible types of trust when more
than one is relevant for a single advertisement. An instruction manual is written
for training the observers who are going to annotate the material. It is important
to make sure that the annotators properly understand the annotation schema and
are able to recognize the concepts accurately. The manual explains the relevant
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concepts (“Someone is benevolent when (s)he wants the best for others. In an advertisement, trust in the benevolence of the producer may be evoked or referred to
in the following ways: ...”), but may also give very specific practical advice (“With
respect to the cost factor, every advertisement should be labeled with one label from
the following: N O C OST FACTOR, C HEAP, N OT E XPENSIVE, E XPENSIVE L UXURY”). Using
the annotation schema, the annotators will then annotate a selection of content
that was chosen for being representative and sufficient for answering the research
question. Table 2.1 displays an example of the (fictitious) result of having all advertisements in a television show labeled by two different annotators.
Advertisement

Annotator 1

Annotator 2

1
2
3
4
5
6
7
8
9
10

N O C OST FACTOR
C HEAP
E XPENSIVE L UXURY
C HEAP
N O C OST FACTOR
N O C OST FACTOR
N OT E XPENSIVE
C HEAP
C HEAP
E XPENSIVE L UXURY

N O C OST FACTOR
N OT E XPENSIVE
C HEAP
C HEAP
N O C OST FACTOR
N O C OST FACTOR
N OT E XPENSIVE
C HEAP
N O C OST FACTOR
E XPENSIVE L UXURY

Table 2.1: Fictitious labeling of advertisements with respect to how the advertisement refers to
the cost factor, as produced by two (fictitious) annotators.

Finally, the complete set of annotated data can be used to make quantitative
and qualitative inferences that help answering the research question(s). The researchers in the advertisement example might combine the annotations with quantitative data on sales fluctuations in the periods in which the annotated advertisements ran. They may, for example, conclude that “Advertisements for expensive
luxury items that refer to the benevolence of the producer and that stress the improved quality of living that comes from buying the product have a more positive
impact on sales than those that mostly stress the price aspect.” Researchers in other
fields than Content Analysis may build annotated corpora for other reasons. One
frequently occurring task in corpus based research is machine learning. To stay
close to the example above, someone might annotate a corpus of advertisements
with an annotation schema concerning trust and quality of living in order to train
a classifier to automatically classify advertisements with respect to those concepts.
The researcher then also needs to extract features from the advertisements on the
basis of which they can be classified. Nevertheless, the process described above still
applies to such cases.
All possible uses of annotated corpora require the annotations to be of high
enough quality. This means that, firstly, the annotators should all have the same
understanding of the concepts they are annotating. If they do not, for example
because they were not well trained or because the concepts have not been clearly
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defined, conclusions drawn from one annotator’s data may not be valid for another
annotator, or for the intended consumer of the research findings. Secondly, the annotators should not make too many errors. Fatigue, or problems with understanding
a language foreign to the annotator, or simply careless work may cause the annotator to make real errors in the annotation task. Such errors may introduce noise in
the data, making it harder to draw conclusions or to train classifiers. Issues leading to low quality annotations are elaborated in Section 2.4. For socially oriented
annotation schemas, the risk of problems occurring is usually higher than for physically oriented annotation schemas [Bakeman and Gottman, 1986, page 17] (see
Section 2.5).
To assess the risk of the annotations being of too low a quality, one can try to
quantify the number of errors made by the annotators. One method to do that works
from the assumption that annotators do not usually make the same errors. To assess the quality of the annotations, a certain (limited) amount of data is annotated
several times by multiple annotators. This set of data is called the ‘reliability data’
[Krippendorff, 2004a, page 219]. Given the assumption above, errors made by the
annotators would show up in this data as a lack of inter-annotator agreement:
the same item is assigned different labels by the different annotators, not only for
one item, but many times (in Table 2.1 there are 3 such points of disagreement).
Disagreement may also be caused by other problems such as the annotation schema
requiring annotators to make distinctions that make no sense and cannot be applied
to the actual content. If there is too much disagreement in the data, the annotation
schema and/or the particular annotators are then said to be unreliable. If an annotation schema is not reliable, chances are that the results of the research are also
not reproducible or valid, meaning one cannot trust the conclusions drawn from
the data to be really true. Inter-annotator agreement analysis is a very powerful
tool for assessing the reliability and validity of an annotation schema. Note, though,
that the basic assumption that annotators do not make the same errors depends on
other aspects such as the source and kind of errors (see Section 2.4). The relation
between agreement and reliability is not without complications, as the discussions
in Chapter 3 show. Furthermore, disagreement may also stem from differences in
the subjective interpretations of annotators rather than from ‘errors’ that are a deviation from some hypothetical objective ground truth. This topic is taken up in
Chapter 6.

2.2 Reliability Metrics
One of the major techniques for determining the level of inter-annotator agreement
achieved for an annotation task is to calculate a chance-corrected reliability metric.
It was introduced in computational linguistics by Carletta [1996], having been in
use in other fields such as content analysis [Cohen, 1960; Krippendorff, 1980] and
medicine (see the survey of Fleiss [1975] for an overview of early work on this
topic) for a very long time before that.
When one needs to know the level of agreement between two annotations of
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the same content produced by two different annotators, a naive way is to count the
number of instances where two annotators agree on the assigned label compared
to the total number of instances that the annotators had judged. This results in an
observed agreement percentage. For the sake of argument, let us assume that this
observed agreement is 70%, as is the case in the example in Table 2.1. Note, next,
that had the annotators been assigning labels blindly and randomly, without actually
looking at the content, one should have expected a certain amount of agreement by
chance as well. Consider the following quotation from Carletta:
“Taking just the two-coder case, the amount of agreement we would expect coders to
reach by chance depends on the number and relative proportions of the categories used
by the coders. For instance, consider what happens when the coders randomly place
units into categories instead of using an established coding scheme. If there are two
categories occurring in equal proportions, on average the coders would agree with each
other half of the time: each time the second coder makes a choice, there is a fifty/fifty
chance of coming up with the same category as the first coder. If, instead, the two coders
were to use four categories in equal proportions, we would expect them to agree 25% of
the time (since no matter what the first coder chooses, there is a 25% chance that the
second coder will agree.) And if both coders were to use one of two categories, but use
one of the categories 95% of the time, we would expect them to agree 90.5% of the time
(.952 + .052 , or, in words, 95% of the time the first coder chooses the first category,
with a .95 chance of the second coder also choosing that category, and 5% of the time
the first coder chooses the second category, with a .05 chance of the second coder also
doing so). This makes it impossible to interpret raw agreement figures [...]” [Carletta,
1996]
The same observed agreement of 70% has an entirely different meaning for each
of Carletta’s three examples. In the last case, the annotators have even achieved
less agreement than one would have achieved by flipping coins with the same relative frequencies. This makes raw agreement percentages impossible to compare
with each other. Chance-corrected reliability metrics make levels of agreement obtained on different annotation tasks comparable by normalizing them with respect
to chance-expected agreement for the task. For example, Cohen [1960]’s κ is de(E)
, where P(A) is the observed agreement among annotators
fined as κ = P (A)−P
1−P (E)
and P(E) is the agreement expected by chance. When the achieved agreement is
exactly the same as what would be expected by chance, κ = 0; when achieved
agreement is perfect κ = 1 (perfect disagreement might lead to κ = −1, but that
is extremely unlikely to occur). This holds for every annotation, no matter what
the expected level of agreement is (50%, 25%, or 90.5%, as in the examples above,
or any other value) or what the observed agreement is. A value of κ = 0.5 can in
all those cases be interpreted as ‘the level of agreement for this annotation is exactly midway between perfect agreement and the level that would be expected by
chance.’
Throughout the years there have been many proposals for different reliability
metrics as well as many publications dealing with the differences, similarities, advantages and drawbacks for all those metrics. Two very good starting points for information about these subjects are the works of Krippendorff [2004b] and Artstein
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and Poesio [to appear], both of which contain excellent reviews of the relevant discussions as well as extensive pointers to other literature. The general goal of the
different metrics is always as described above: expressing a chance-corrected level
of agreement. Another similarity is that they all operate on annotations defined as
labels assigned to units. The units may be gesture episodes, text fragments, interview sessions, single television programs or fragments thereof. The labels may be
anything from a perceived level of antagonism present in the unit to the number of
references to technical devices. If an annotation is not defined as a labeling of units,
these reliability metrics cannot deal with the annotation directly. Given an annotation that does satisfy this condition, one commonly encodes the points of agreement
and disagreement in the form of a confusion matrix or coincidence matrix from the
set of units labeled by two or more annotators. Both types of matrices encode information about how many times a unit labeled with class label Ci by one annotator
was labeled with class label Cj by another annotator (agreed cases are counted in
cells with i = j; disagreed cases in cells with i <> j). From these matrices, observed agreement and expected agreement are derived and used to calculate the
chance-corrected agreement metric. Table 2.2 displays the confusion matrix for the
example annotations from Table 2.1.

Annotator 1
N O C OST FACTOR
C HEAP
N OT E XP
E XP L UX

N O C OST FACTOR
3
1
0
0

Annotator 2
C HEAP N OT E XP
0
0
2
1
1
0
1
0

E XP L UX
0
0
0
1

Table 2.2: Confusion matrix for the two annotations from Table 2.1.

Not every disagreement between different labels assigned to the same unit by
two annotators has necessarily the same impact. For example, turning to the advertisements one last time, one can imagine that it is worse when one annotator assigns
the label E XPENSIVE L UXURY to an advertisement and another annotator chose the
label C HEAP for the same advertisement, than when the annotators assigned C HEAP
and N OT E XPENSIVE respectively in the same annotation schema. In both cases the
annotators disagreed, but the first pair of labels differ more than the second pair
of labels. A distance metric is sometimes used to determine for how much ‘agreement’ or ‘disagreement’ any combination of two classes counts. The exact conceptual and formal definition of the calculations — Cohen’s κ as defined above is only
one possible example — separates the different existing reliability metrics from each
other, and even now discussions about which metric is more appropriate abound
[Di Eugenio and Glass, 2004; Krippendorff, 2004b; Craggs and McGee Wood, 2005;
Stegmann and Lücking, 2005]. For the two most commonly used metrics, κ and
Krippendorff [1980]’s α, the differences tend, in most real data sets, to lie in the
third decimal place, though [Artstein and Poesio, to appear].
The availability of a chance-corrected agreement metric allows one to compare
the levels of agreement obtained on two different annotation tasks, or on two vari-
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ations of the same task or annotation schema. It also allows one to define a threshold value and define an obtained level of agreement higher than the threshold as
‘good enough’ and one lower than the threshold as ‘not good enough.’ Krippendorff
[1980] very tentatively suggested a threshold that has subsequently been quoted
extensively. Nowadays many researchers simply assume that this level of agreement
of α > 0.8 indicates that the annotated data is good enough to use. The drawbacks
of that particular way of using reliability metrics will come up in the next chapter.

2.3

Fitting Data to Metric

Annotation tasks in which the annotator is asked to label predefined units with labels from a discrete set — such as labeling pre-segmented sentences with dialog act
classes — lend themselves well to the calculation of a reliability metric. However,
not all annotation tasks concern only labeling predefined units. Sometimes the annotator is first asked to identify the units to be labeled in the content, and possibly
also to assign start and end boundaries to them. Subsequently, the units may be labeled. Finally, some tasks require an annotator to link units to each other in (labeled
or unlabeled) relations. If the first or last steps mentioned here are part of an annotation task, such as for segmenting and labeling continuous video data, annotating
discourse relations, and many other tasks, the different annotators do not necessarily label exactly the same units. This makes it more complicated to construct a
coincidence matrix from which to calculate the reliability metric. In Figure 2.1 a fictitious example is visualized of a segmentation-and-labeling task where annotators
are requested to mark periods in a recorded meeting where the participants were
laughing, as well as to label each period with the type of laughter. Some laughing
events were clearly similarly identified and can be seen as “the same unit annotated
by both annotators,” whereas other events were identified by only one annotator.
For the second segment of annotator B it is even not at all clear how to relate it to
the segments of annotator A. It is not clear what values should be put in the confusion matrix. The data needs to be transformed into ‘labeled units’ before α can be
calculated. In this section examples of data transformations used to fit the data for
calculating α or κ reliability are discussed for two types of data: one for analysing
the segmentation of data along a time line and one for analysing annotations with
a graph structure.

2.3.1

Unitizing

The reliability metrics discussed in Section 2.2 can be used to assess the level of
agreement of labels assigned to units. Many annotation tasks start one step earlier:
annotators are first required to identify the units, as fragments in a text or episodes
in a video recording. In the construction of the AMI corpus, which plays a central
role later in this thesis, annotators were asked to identify and label communicative
gestures in the recordings in one annotation task, together with start and end times.
The result looks somewhat similar to the example in Figure 2.1. The agreement ana-
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Figure 2.1: A fictitious example annotation for “types of laughter during a meeting” for two annotators. Each type of shading stands for a different label (for example, the labels
S ARCASTIC L AUGHTER, S OCIAL S MILE, and A MUSED L AUGHTER), with the white, unlabeled areas standing for periods where no laughter occurred.

lysis for such tasks ideally includes an additional step, namely determining whether
the annotators identified the same units or episodes to be labeled.
However, one often used agreement analysis for such segmentation-and-labeling
tasks leaves out this step. Frame level agreement calculations are based on discretizing the time line in an annotation into small equal-sized windows (often single video
frames). Figure 2.2 shows the resulting transformed annotation for the laughter example. Each window defines one separate labeled unit. From this ‘labeling of units’
one can calculate a measure of inter-annotator agreement as described above. Many
researchers report agreement using this method. Quek et al. [2005] used frame
level percent agreement for gaze and gesture annotation. Ciceri et al. [2006] used
it for behavior annotations including gaze direction, FACS units, posture and vocal
behavior. Falcon et al. [2005] presented frame level reliability for an annotation of
(social) group behavior.

Figure 2.2: The annotation from Figure 2.1 discretized into windows. The arrows indicate the
windows that count as units with the same label.

A clear drawback to the method is that it does not give any insight into how
well annotators identify the same episodes or segments, or how well they assign
the same timing to them. This problem is illustrated in Figure 2.3, which visualizes
part of the real gesture annotations from the AMI corpus. It can be seen that it is
impossible to distinguish with this method disagreement that occurs because people
do not detect the same episodes (2), because people label them differently (3) and
because people assign different timing (1,4) to the episodes. All of these different
types of disagreement have exactly the same impact on the agreement analysis: they
end up as frame level disagreement in the same confusion matrix, losing important
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information about the (dis)agreement between annotators. It is also unclear how
appropriate this method is for annotations that are more easily interpreted as eventlike segments than as frame-by-frame occurrences or states.

Figure 2.3: A fragment of gesture annotations from the AMI corpus for two annotators in which
(1) different timing was assigned by the two annotators (2) only one annotator identified a segment (3) different timing and different label assigned by the two annotators
(4) different timing was assigned by the two annotators (non-overlapping)

A better approach to this agreement analysis is to first identify which episodes
have been found by both annotators, before looking at the agreement on the assigned labels and the exact timing of the boundaries for the agreed episodes. One
can, for example, consider two segments identified and labeled by different annotators to be the same unit for the purpose of calculating α when their respective
start and end times differ by at most some threshold value θ (see Figure 2.4). Allwood et al. [2006] (θ = 0.25s), Jovanović et al. [2005] (θ = 0.8s), and Martell and
Kroll [2006] (θ = 0.25s or 0.5s) present such an agreement analysis using different
(fixed) values for θ. Kita et al. [1998] manually determine commonly identified episodes during a discussion between annotators, and unlike the previous three report
separately the variation in the exact timing of the assigned boundaries. Reidsma
et al. [2006] present an automatic method — developed for analysis of an emotion
annotation but also applied for FOA reliability [Jovanović, 2007, page 80] — in
which the threshold value θ varies depending on the length of the segments being
compared. In the method of Reidsma et al. [2006], very long segments need to
have enough overlap to be considered the same segment, whereas short segments
do not need to have overlap but need to conform to a smaller threshold difference
in timing. This makes the method more robust for annotations that exhibit a large
variation in size of episodes.
Almost all of the above mentioned works proceed to assess labeling agreement
on the commonly identified episodes, that is, the episodes identified by both annotators, using a chance-corrected reliability metric. However, none of them consider
chance-correction in their treatment of the segmentation agreement. Krippendorff
[1995] treats exactly that problem when he presents a chance-corrected reliability metric for the unitizing/segmentation of continuous data. His method derives
chance-corrected agreement from the relative amount of overlap and non overlap
for all (partly) overlapping segments. A drawback of his method is that it does not
distinguish the identification of episodes from the timing assigned to them. Krippendorff also completely separated the inter-annotator agreement analysis of segmentation from the analysis of labeling, in contrast to the threshold based method pre-
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Figure 2.4: The annotation from Figure 2.1 aligned on a threshold distance: two segments identified by the different annotators are considered to be an identification of the same
segment if the start and end times differ by at most θ seconds.

sented above. He does not present advice on how to move beyond agreement analysis for unitizing to determine which units from different annotators are ‘the same
unit’, which is necessary for tackling the analysis of agreement on the labeling of
episodes. This decoupling of segmentation and labeling, where each is investigated
in complete isolation, is actually not very appropriate for most segmentation-andlabeling tasks, because usually annotation is a holistic task, in which segmentation
and labeling are closely entwined and mutually influential. Finally, Krippendorff’s
method requires identified episodes to have at least some overlap before they are
compared as to their potential agreement. This is not suitable for all unitizing tasks,
as can be seen in Figure 2.3: case 4 would count as two points of disagreement for
αu .
In conclusion, it can be said that the threshold-based method for identifying the
commonly found segments in two annotations yields the most information and that
there is as yet no perfect method for determining chance-corrected inter-annotator
agreement for segmentation tasks.

2.3.2

Annotations with Graph Structure

Graph structure annotation tasks form another group of tasks for which it is difficult
to transform the data into a format defined as a labeling of units in order to calculate α. An annotation has a graph structure when the task involves creating (labeled
or unlabeled) links between units. Under this heading one finds annotations such
as anaphoric reference markup, rhetorical structures, discourse relations, and the
like. For annotations that are structured as trees or graphs there are no obvious
units. There have been many publications discussing the interpretation of discourse
relations as labelings of units or the definition of good distance metric on the resulting labels in order to calculate α or κ [Carlson et al., 2001; Marcu et al., 1999;
Passonneau, 2006; Jovanović, 2007]. The survey of reliability metrics by Artstein
and Poesio [to appear] contains a clear discussion of the main problems with such
data transformations. In the first place, it is not obvious in individual cases that
the chosen transformation is the best representation of the (dis)agreement between
annotators. In the second place, both the choice of transformation and the definition of the distance metric can have a great effect on the outcome of the reliability
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metric. According to Artstein and Poesio the effect is so great that for some types
of annotations it defeats the purpose of assessing overall quality of the annotation
using a threshold on the value of the reliability metric.

2.4

Sources of Disagreement

After the chance-corrected agreement metrics have been calculated, the results must
be interpreted. In order to understand how the annotated data can be used it is important to find out how and why annotators disagree, instead of just how much. To
be sure that data is fit for the intended purpose, Krippendorff [1980] advised the analyst to look for structure in the disagreement and consider how it might affect data
use. Others have reiterated this advice [Carletta, 1996; Craggs and McGee Wood,
2005; Passonneau et al., 2006; Artstein and Poesio, to appear], although concrete
guidelines for how to do this are few.
It is important to note that some kinds of disagreement are more systematic and
other types are more noise-like. Systematic disagreement is particularly problematic for subsequent use of the data, more so than noise-like disagreement (this will
be discussed further in Chapter 3). Many different sources of low agreement, and
many different solutions, are discussed in the literature. The main sources of disagreement are given below, freely summarized from the same literature used in the
introduction of this chapter [Krippendorff, 1980; Poole and Folger, 1981; Weber,
1983; Bakeman and Gottman, 1986; Potter and Levine-Donnerstein, 1999].
(1) ‘Inadequate selection of relevant concepts for inclusion in the annotation scheme’.
One of the first steps in setting up corpus based research is to select relevant concepts to take into account. A lack of insight into the theoretical background of
the subject matter may lead the researcher to select concepts for inclusion in the
research that are not valid, bearing no relation to ‘reality’.
(2) ‘Invalid or imprecise annotation schemas’. The theoretical ideas underlying the
research may have been badly operationalized into an annotation schema. The
schema may contain class labels that are not relevant or may lack certain relevant
class labels, or may force the annotator to make choices that are not appropriate to
the data (e.g. to choose one label for a unit where several labels are applicable).
Solutions usually concern redesigning the annotation schema, for example by merging difference classes, allowing annotators to use multiple labels, removing classes,
adding new classes, and so on.
(3) ‘Insufficient training of the annotators’. If the instruction manual has been badly
written, or the annotators are not trained well enough, they may not be able to
properly apply the annotation schema to the data. They may assign the wrong
labels to units because they do not understand their task well enough. Solutions
are to provide better instructions and training and to use only the annotators who
perform well on the training task.
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(4) ‘Clerical errors’. Such errors may be caused by a limited view of the interactions
being annotated (low quality video, no audio, occlusions, etc) or by careless work of
the annotator. Some solutions are, again, providing better instructions and training,
having the annotators take enough rest breaks, and using high quality recordings of
the interaction being annotated.
(5) ‘Genuinely ambiguous expressions’. Poesio and Artstein [2005] discussed how
some annotation tasks can involve instances of genuinely ambiguous language use.
Sometimes language expressions, such as some anaphoric relations, are ambiguous
in themselves. They argued that disagreement caused by this cannot simply be
counted as errors. One solution might be to introduce the label A MBIGUOUS as an
extra class.
(6) ‘A low level of intersubjectivity’. Some annotation tasks require a lot of interpretation from the annotators. This interpretation may differ for annotators due
to differences in personality, culture, age, gender, profession, and all the other elements that make up the individuality of a person. As already discussed in the introduction, people generally have different views of the world, and often interpret
the meaning of verbal and nonverbal communicative behavior different than other
people do. These individual differences determine the degree of subjectivity in an
annotation task. They lead to a certain amount of disagreement in the annotations.
For many people this is seen as a reason to exclude subjective annotation tasks in
research. Other people see this as a reason for allowing such annotation tasks to
have a low reliability. The problem is a central topic in this thesis. It will be explained more elaborately in Section 2.5, and Chapter 6 is dedicated to exploring the
question as to how such data can be used sensibly, even if it exhibits a low reliability.
In general, it is well understood what kind of problems contribute to disagreement in annotated data. However, there are surprisingly few examples of actual
corpora for which an in-depth analysis of the sources of disagreement has been
published in the fields of computational linguistics and corpus based computer science. By far the most common approach to reporting reliability of an annotation is
to only calculate the value of an agreement metric on the subset of multiply annotated data and compare it to some threshold. The most prominent works in which
the (dis)agreement of a corpus is investigated in more depth are discussed here.
Carletta et al. [1997] said about their reliability analysis of a dialog annotation:
“Reliability in essence measures the amount of noise in the data; whether or not
that will interfere with results depends on where the noise is and the strength of the
relationship being measured.” Subsequently, they focussed on the use of confusion
matrices as an important source of information for the type of mistakes that annotators make. They noted, for example, that annotators had difficulty distinguishing
between different types of moves that all contribute new, unelicited information
(I NSTRUCT, E XPLAIN, and C LARIFY), or that annotators had problems distinguishing
between Q UERY-YN and C HECK. Also, they noted that some of the disagreement
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stemmed from differences in the granularity with which annotators marked up the
dialogs rather than fundamental differences in how they interpreted the content.
Kita et al. [1998] presented a reliability analysis of movement phases in signs
and co-speech gestures. Because their corpus contained relatively few gesture episodes (about 25 instances of gestures and 25 instances of signs identified by each
annotator) they could analyse (dis)agreement manually. After performing the task,
two annotators looked at the annotations together and discussed the gross segmentation. Two episodes were considered to match on gross level segmentation when
the annotators saw roughly the same stretch of movement as a phase with the same
directionality, regardless of exact boundaries and identification of phase-type (that
is, precise timing and labeling were not yet considered). Given this alignment, the
authors presented a careful analysis of the disagreement on identification of episodes (some annotators missed small movements, some annotators used a different
granularity), the timing of boundaries assigned to episodes (the vast majority of
agreed boundaries differed by at most 100 msec between annotators) and labeling
of the episodes with phase types.
Wiebe et al. [1999] analyzed “patterns of agreement in a data set of subjectivity annotations to identify systematic disagreements that result from relative bias
among judges.” They used several statistical analyses to show that there was systematic relative bias between annotators for certain classes. They used this information
to (a) revise the annotation manual and (b) produce bias-corrected tags. The biascorrected are produced using the latent class model of Lazarsfeld [1966]. Assuming
that an underlying ‘correct’ label exists for each unit, which is imperfectly observed
by the different annotators, the systematic relative bias between annotators can be
used to calculate the conditional probabilities for the value of the underlying correct
label, given the labels assigned by the annotators.
Bayerl and Paul [2007] analyzed data provided by Shriberg and Lof [1991] in
which four different facets of the annotation task (annotation schema, granularity, material and annotation team) had been varied. Using Generalizability Theory,
they were able to show that disagreement in the corpus stemmed from problems
with granularity and the annotation schema rather than from idiosyncrasies of the
individual annotators.
Beigman Klebanov et al. [2008] reported an inter-annotator agreement analysis on a collection of newspaper texts annotated with occurrences of metaphors by
nine annotators. The data was annotated with an inter-annotator agreement between κ = 0.39 and κ = 0.66 for four metaphor types. They set two goals for their
subsequent analysis. Firstly, they wanted to find a subset of the annotations that
was more reliable. Because all data was annotated nine times, they could do this
using the procedure developed by Beigman Klebanov and Shamir [2006]. Statistical
analysis showed that the “deliberately reliable subset” consisted of all occurrences
of metaphors marked by at least four out of nine annotators. Secondly, they wanted
to distinguish between two sources of disagreement in the annotations, namely slip
of attention and genuine subjectivity. These sources relate to the ‘low level of intersubjectivity’ and the ‘clerical errors’ mentioned above. They distinguished between
the two sources of disagreement using a validation procedure in which annotators
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were asked to assess whether they thought annotations of others were correct. They
found that there was a clear separation of all metaphors into those where most annotators accepted the judgements of others even when they themselves had not marked
that particular metaphor versus those with which other annotators often disagreed
in the validation experiment. They also showed that the metaphors in the deliberately reliable subset, which each were potentially not identified by five out of the
nine annotators, were almost always validated by the other annotators (in about
95% of the cases). They concluded that the disagreement in the deliberately reliable subset was mostly caused by a slip of attention from annotators, and therefore
that all metaphors in that subset (even those marked by only four annotators) can
be used as training and testing material for machine-learning classifiers.

2.5 Types of Content
In the introduction to this thesis it was mentioned that annotation tasks can be
subjective to a certain degree, depending on the type of content that needs to be annotated and the amount of personal interpretation required from the annotators. It
was also briefly remarked, in the previous section, that this subjectivity can have an
impact on the amount of (dis)agreement exhibited by the annotations of two different annotators. There is much work with annotations that require subjective judgements from the annotators. A small illustrative selection of topics includes Human
Computer Interaction work in areas such as affective computing [Paiva et al., 2007]
and the development of Embodied Conversational Agents that behave in human-like
ways [Pelachaud et al., 2007], and work in (Computational) Linguistics on topics
such as emotion [Craggs and McGee Wood, 2005], subjectivity [Wiebe et al., 1999;
Wilson, 2008] and agreement and disagreement [Galley et al., 2004].
The ‘spectrum of subjectivity’ in annotations relates to the spectrum of content
types discussed extensively by Potter and Levine-Donnerstein [1999]. They distinguish the annotation of manifest content (directly observable events), pattern latent
content (events that need to be inferred indirectly from the observations), and projective latent content (loosely said, events that require a subjective interpretation
from the annotator). These types of content are presented in more detail below.

2.5.1

Manifest Content

Manifest content is “that which is on the surface and is easily observable” [Potter
and Levine-Donnerstein, 1999]. Some examples are annotation of instances where
somebody raises his hand or raises an eyebrow, annotation of the words being spoken and indicating whether there is a person in the view of the camera. Annotating
manifest content can be a relatively easy task. Although the annotation task involves
a judgement by the annotator, those judgements will not diverge much for different
annotators. Very early work in Content Analysis followed the principle that this type
of content was the only possible subject matter. Interpretation of the observed data
by the annotators was something to be avoided: “[this] requirement literally ex-
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cludes ‘reading between the lines,’ which is what experts do, often with remarkable
intersubjective agreement [...]” (Krippendorff [2004a, page 20], about the work of
Berelson [1952]).

2.5.2

Pattern Latent Content

Pattern latent content concerns classes that are not directly observable as such.
Their presence must instead be inferred from the presence of a pattern of other
things that are directly observable. A clear example can be seen in the medical
domain: although the judgement as to whether a patient has a certain physical illness is not subjective, a doctor cannot directly observe the presence of the illness.
Rather, it must be inferred from the presence of a number of symptoms in certain
combinations. In this approach, interpretation by the annotator plays a role, but
the observer’s own point of view is still explicitly excluded, as can be seen in the
pioneer work by Bales [1950] on his method of Interaction Process Analysis: “The
classification which [the observer] makes is clearly and unequivocally a matter of
interpretation [...] Strenuous efforts are made to [...] cancel out the effects of value
judgements from the observer’s own particular point of view.” Another example of
a pattern latent content approach can be found in the segmentation instructions of
the MRDA dialog act annotation guidelines [Dhillon et al., 2004]. The segmentation rules in these guidelines contain many detailed references to surface forms on
syntactic and prosodic level that determine segment boundaries.

2.5.3

Projective Latent Content

At the other end of the spectrum Potter and Levine-Donnerstein [1999] placed projective latent content. They described this as a type of content for which the annotation schema does not specify in extremely precise detail the rules and surface
forms that determine the applicability of classes, but in which the annotation relies
on the annotators’ existing “mental conception”1 of the classes. This type of content
firstly may concern everyday concepts that most people understand and to a certain
extent share a common meaning for, but for which it is almost impossible to provide
adequately complete definitions. Potter and Levine-Donnerstein used the concept
‘chair’ — in a way reminiscent of Wittgenstein [1953, PI 80] — as an example of an
everyday concept that is difficult to define exhaustively.
“The concept of chair is a common example of a primitive concept. Most people have
a clear schema for chair, and this schema is shared by almost all people. If you brought
a variety of different people into a house and asked them to point out the chairs, there
would be very high consistency among all people in identifying those objects. However, it
is a surprisingly difficult task for anyone to write a good definition of “chair”. Any effort
by a content analyst to provide coding rules for identifying chairs would only serve to
1
Potter and Levine-Donnerstein use the word “mental scheme” for this. In this thesis the term
‘mental conception’ will be used because that is less prone to confusion with the term ‘annotation
schema’.
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confuse coders and thus reduce their confidence in using their perfectly adequate schema
in successfully fulfilling the coding challenge.” [Potter and Levine-Donnerstein, 1999,
page 260]
Secondly, the concept of projective latent content is very relevant in an application context that requires the end consumer of the data to agree with the distinctions
being made. Potter and Levine-Donnerstein illustrated this mainly with examples
from the television domain. In studies about the presence of sexual content in a
television show where “the general public [is regarded] to be the primary consumer
of their findings”, the annotation task should focus on assessing the presence of
sexual content in terms that this so-called “general public” would agree with. As
another example, they discussed how annotation of violence on television should
result in shows and movies being ranked as ‘more violent’ or ‘less violent’ similar to
how the average TV audience would rank them. Defining violence in movies purely
using surface forms such as ‘the number of gunshots heard’, ‘the number of deaths
portrayed’ or ‘the number of visible physical acts of violence’ might be inadequate,
as one can imagine a TV audience assessing some movies as being very violent even
though not a single instance of physical violence is ever displayed on the screen.
The concept of “requiring annotations to be such that the end consumer of the
data can agree with the distinctions being made” can also be seen in the context
of corpus based research in which machine-learning classifiers are developed to be
used in everyday applications. The user of the application takes in this context the
role of the end consumer of the data. One can make, for example, a highly circumscribed, ethologically founded definition of the concept ‘dominant’ to guide annotation. This is useful for research into social processes in multiparty conversations.
However, in a scenario where an automatic classifier, trained to recognize this class,
is to be used in an application that gives a participant in a meeting a quiet warning
when he is being too dominant [Rienks, 2007] one would rather prefer the same
concept ‘dominant’ to fit the mental conception of dominance that an ethologically
naive meeting participant may have.

2.5.4

Choosing Between the Types of Content

The choice to approach the concepts one wants to annotate as either pattern latent
content or projective latent content is a fundamental one that should reflect the
goals for which the corpus is constructed and the status that the researcher accords
to the mental conceptions that an annotator may have about what is being annotated. The same annotation task may be presented to the annotator in different
ways, depending on whether one defines the content as pattern or projective latent
content. One can ‘ask the annotators to count the gunshots’, specifying the patterns
associated with each class in detail, or one can ‘rely on the feelings of the annotators’ to get the annotations right. Both approaches have actually been used in the
past, for a variety of annotation tasks, although usually other terminology was used
to explain the decision. The annotation guidelines for the well-known Interaction
Process Analysis (IPA) method of Bales [1950] showed the pattern latent content
approach, providing detailed rules and descriptions for all classes. The dialog act

Section 2.5 – Types of Content | 25
segmentation rules for the MRDA scheme mentioned above [Dhillon et al., 2004]
were also clearly defined in pattern content terms. Conversely, Greene and Cappella [1986] relied on the mental conceptions of the annotators for segmentation
of a dialog into ‘idea units’: “The concept of an ‘idea’ was not defined, and subjects were left to their own devices in ascertaining such units.” The AMI dialog act
annotation schema was defined somewhere between pattern and projective latent
content: the annotators were instructed to use ‘single speaker intentions’ as they
perceived them as the main unit of segmentation, but subsequently a number of
surface form rules were given to support the annotator. The annotation schema
for dominance (or influence) in meetings by Hung and Gatica-Perez [2008] is defined in a projective latent content manner (“Annotators were not given any initial
definition of dominance [...]”), whereas Otsuka et al. [2006] defined participant influence in meetings as pattern latent content to an extent that they did not manually
annotate influence, but rather detected the patterns automatically, and implicitly assumed that those patterns adequately model interpersonal influence. For emotion,
the work by Laskowski and Burger [2005] is a very good example of a pure pattern content approach. The authors defined an annotation schema for “emotionally
relevant behavior” completely in terms of patterns of manifest content. This was a
conscious decision, and they even replaced in the manual all meaningful class labels with random letters to prevent the mental conceptions of the annotators from
playing a role in the labeling decisions. The emotion annotation schema by Batliner et al. [2004], on the other hand, is clearly an example of the projective latent
content approach. They described how they used for their annotators “[...] less
experienced labelers – who so to speak represent ‘the man on the street’ [...],” and
the meaning of the classes was not defined exhaustively.
Both choices make sense in their own context. Projective latent content is defined more intuitively, which can be an advantage when it comes to communicating
the results of a study to ‘the general public’, or training a machine-learning classifier
that is to be used by ‘naive users’. The intuitiveness of projective latent content can
improve usefulness of the data, but it can also lead to a more subjective annotation.
It may make the machine-learning task harder and possibly less well defined compared to pattern latent content. When there is no risk of the intended consumer of
the findings or data interpreting the class labels very different from their intended
meaning, using a pattern latent content approach makes for much more reliable
data, possibly more structure in the data, and therefore also an easier learning task.
Note, though, that defining an annotation task as one of pattern latent content is
not a guarantee that the annotator will not interpret the class labels using his or her
own mental conceptions. The annotation manual needs to be carefully designed to
avoid this happening. This is also why Laskowski and Burger [2005] decided to
replace the meaningful class labels with nonsensical letters.
When one designs an annotation schema for projective latent content, Potter and
Levine-Donnerstein [1999] argued, the focus of the annotation guidelines is on instructions that trigger the appropriate existing mental conceptions of the annotators
rather than on writing exhaustive descriptions of how classes can be distinguished
from one another.
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2.5.5

Inter-Annotator Agreement for the Types of Content

Inter-annotator agreement takes on different roles for the two ends of the spectrum. For manifest content and pattern latent content, the level of agreement tells
you something about how accurate the measurement instrument (schema plus annotators) is. Bakeman and Gottman, in their text book Observing Interaction: Introduction to Sequential Analysis [1986, p 57], said about this type of reliability
measurement that it is a matter of “calibrating your observers”. For projective latent content, inter-annotator (dis)agreement is a source of other information, too.
Although the level of agreement still gives information about errors made by annotators, the level of agreement may be influenced by the level of intersubjectivity, too.
Whereas Krippendorff [1980] describes that annotators should be interchangeable,
annotations of projective latent content can sometimes say a lot about the mental
conceptions of the particular annotator as well as about the person whose interactions are being annotated. Personal interpretations of the data by the annotator
should not necessarily be seen as ‘errors’, even if those interpretations lead to low
inter-annotator agreement: they may simply be an unavoidable aspect of the interesting types of data one works with, representing the range of interpretations by
different observers. This issue was recently the topic of a workshop organized by
Artstein et al. [2008]. One expects disagreement between annotators to be more
systematic for projective latent content, because it is caused by the differences in the
mental conceptions or personal ways of interpreting multimodal interaction.

2.6

From Data Quality to Data Use

When inter-annotator disagreement is caused by the (partly) subjective nature of
the annotation task, there are clear consequences for generalizability of conclusions drawn from the data and for generalizability of the performance of machinelearning modules trained on the data. A recognition module trained on data embodying the mental conception of one annotator will not necessarily perform well in
the eyes of another observer, be it annotator or application user. Conclusions about
conversational behavior drawn from subjectively annotated data may make sense
only to the person who produced the annotations. But even when the annotation
task is not particularly subjective and disagreement stems from annotators’ errors,
disagreement can cause problems for using the data. Noise in the data makes it
harder to draw significant conclusions and to accurately train machine classifiers.
Systematic errors in the data may lead to incorrect conclusions being drawn about
correlations and may be picked up by machine-learning modules that then learn to
emulate the bias. This section concerns related work in which data quality and data
use are discussed in relation. Note that the work discussed in Section 2.4, which
reports analyses of the sources of disagreement, are, in a sense, also about the relation between data quality and data use, among other things because they indicate
which category distinctions one can rely upon and which one cannot.
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2.6.1

Constraining Possible Use of the Data

Data with a low inter-annotator agreement may be difficult to use, but there are related fields of research where the use of data with low agreement has been discussed
before. One of those fields is that of information retrieval evaluation, the topic of
the Text Retrieval Evaluation Conferences (TREC). Relevance judgements in TREC
assessments (and document relevance in general) are quite subjective and it is well
known that agreement for relevance judgements is not very high (Voorhees and
Harman report 70% three-way percent agreement on 15,000 documents for three
assessors in a binary annotation task [1997] in which roughly two thirds of the
data was non-relevant). Quite early in the history of TREC, Voorhees investigated
the consequences of this level of agreement for the usefulness of results obtained
on the TREC collection. It turns out that specifying a few constraints is enough
to be able to use the TREC assessments to obtain meaningful evaluation results
[Voorhees, 2000]. In their case, the constraints can be summarized as: ‘one should
only report and discuss relative performance differences on different (variations of)
algorithms/systems run on exactly the same set of assessments using the same set
of topics.’ Finding, and making explicit, such constraints should be part of a good
inter-annotator agreement analysis.

2.6.2

Evaluating and Explaining Machine-Learning Results

It may be obvious that a low level of agreement in the annotations will have an
impact on the performance of machine learning. If the disagreement is caused by
errors, the amount of information available in the annotations from which a classifier can learn the right model goes down. Some researchers take this to mean that
the agreement between human annotators defines the maximum that the machine
classifier can achieve. Some of the results presented in Chapter 3 show that a classifier may be able to disregard noise caused by random errors in annotations. This
would mean that the classifier can achieve a performance that is not completely
bounded by the level of agreement between annotators, although it is a different
matter if the errors are systematic. Nevertheless, several researchers have proposed
to judge the performance of different algorithms relative to this maximum. Vieira
[2002] remarked that it makes no sense to penalize machine-learning performance
for errors made in situations where humans would not agree either. Vieira only
looked at the amount of disagreement and did not explicitly relate the classes where
the system and annotators disagreed to the classes where the annotators disagreed
with each other. Rienks [2007, page 128] argued that the inter-annotator agreement defines an upper bound on the machine-learning performance for classifying
relational labels in argument structures found in discourse.
Other researchers have additionally looked at the kind of errors that the machine
classifier made, in comparison to the kind of disagreement between annotators.
Op den Akker and Schulz [2008] presented performance results relative to the maximum defined by inter-annotator agreement, but also made a detailed manual comparison of the distinctions where the machine classifier performed badly with the
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disagreement typically expected from two human annotators. Steidl et al. [2005]
presented an automatic method for comparing machine classifier performance with
inter-annotator agreement both with respect to the amount and the type of errors.
They used a corpus that was completely annotated by all annotators to determine
so-called “soft labels,” vectors that express the distribution of labels assigned to one
item by different annotators. The machine classifier was trained to output single
class labels. Their performance metric is based on the distance between the soft
labels in the annotation and the single label output by the machine classifier. This
method has two important drawbacks. It only works if the whole corpus is multiply
annotated, which can be a very expensive endeavor. Furthermore, it only makes
sense for annotations where a soft label can sensibly be used. Emotions as annotated by Steidl et al. [2005], can be mixed, but if the different possible judgements
are mutually exclusive, soft labels have no interpretation.
Finally, Passonneau et al. [2008] present an extensive analysis of the relation between per-class machine-learning performance and inter-annotator agreement obtained on the task of labeling text fragments with their function in the larger text.
They confirm some of the results presented in Chapter 3 of this thesis by showing
that overall high agreement can indicate a high learnability of a class in a multiply
annotated corpus, but that a low inter-annotator agreement for a certain annotator
is not necessarily predictive of the learnability of the classification from that single
annotator’s data, especially in the context of projective latent content. This may be
because the disagreement no longer results from random errors. The machine classifier may then learn to emulate the idiosyncrasies of the annotator. That particular
problem is discussed further in the next chapter.

Chapter 3
Some Limits of Reliability
Measurement
In the previous chapter, the most common approach to assessing the quality of a
corpus was presented. One core element of that approach involves calculating a
chance-corrected agreement metric. The result can be used to compare the relative
quality of data obtained from different annotation tasks and to determine whether
inter-annotator agreement is high enough, that is, whether the outcome exceeds a
certain threshold. In the same chapter it was also mentioned that one can perform
several additional analyses to find out more about how and why annotators disagree
instead of just how much, as well as to find out what the impact of the disagreement is on the use one can make of the data. However, the common practice —
contrary to the suggestions of Krippendorff and others — seems to have become
to regard 0.8 as some kind of magical reliability cut-off guaranteeing the quality
of hand-annotated data, necessitating no further analysis of the data. For example, consider the following examples of reliability analysis of actual data: the dialog
act annotation for the VerbMobil project by Reithinger and Kipp [1998]; dialog act
annotations on the ICSI corpus using the SWBD-DAMSL schema [Shriberg et al.,
1998] and the MRDA schema [Shriberg et al., 2004]; the annotation of dialogs with
emotion-related categories by Craggs and McGee Wood [2004]; the annotation of
social group behavior in meeting data [Falcon et al., 2005]; annotation based on
Rhetorical Structure Theory by Marcu et al. [1999] and Carlson et al. [2001] for
data from the Penn Treebank; and annotation of agreement and disagreement on
the ICSI corpus [Galley et al., 2004]. For each of those well known example data
sets, and for many others, reliability analysis simply consisted of calculating κ or
α, in most cases comparing it to a cut-off value, without saying anything about
what kind of disagreement was found between the annotators. After having determined that the annotation is ‘good enough’, each of the data sets was then used
for machine-learning purposes — in the same paper, or in other papers — without referring back to the agreement analysis during the discussion of performance
results.
In this chapter, published earlier in collaboration with Jean Carletta [Reidsma
and Carletta, 2008], the widespread focus on thresholding an agreement metric to
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the exclusion of an analysis of the source and structure of the disagreement is addressed. It is shown that this practice is less than adequate. One of the main ways
of using such data, machine learning, might tolerate data with low reliability as
long as any disagreement among human annotators looks like random noise. When
the disagreement is more systematic and introduces patterns, however, the machine
learner can pick these up just as it picks up the real patterns in the data, making
the performance figures look better than they really are. For the range of reliability measures that the field currently accepts, disagreement can appreciably inflate
performance figures, and even a measure of 0.8 does not guarantee that what looks
like good performance really is. Although the problems discussed in this chapter
will certainly be exacerbated when one works with ‘subjective’ annotations in which
disagreement is likely to be more systematic, the experiments and conclusions in
this chapter are relevant for any type of annotation task.

3.1

The Problem

In corpus based research, 0.8 is often regarded as some kind of magical reliability
cut-off guaranteeing the quality of hand-annotated data with 0.67 to 0.8 tolerable
— although it is as often honored in the breech as in the observance. The argument for the meaning of 0.8 arises originally from Krippendorff [1980, page 147],
in a comment about practice in the field of content analysis. He stated that correlations found between two variables using their hand-annotated values “tend to be
insignificant” when the annotations have a reliability below 0.8. He uses a specific
reliability statistic, α, for his measurements, but Carletta [1996] implicitly assumes
that kappa-like metrics are similar enough in practice for the rule of thumb to apply
to them as well. A detailed discussion on the differences and similarities of these,
and other, measures was provided by Krippendorff [2004b]. In this chapter Cohen’s
κ [1960] will be used to investigate the value of the 0.8 reliability cut-off for corpus
based research.
Nowadays, researchers working with corpora often use data in a completely different way from 1970’s content analysts. Rather than correlating two variables,
hand-annotated data is used as training and test material for automatic classifiers.
The 0.8 rule of thumb is irrelevant for this purpose, since classifiers will be affected
by disagreement differently than correlations. Furthermore, Krippendorff’s argument comes with a caveat: the disagreement must be due to random noise. For his
case of correlations, any patterns in the disagreement could accidentally bolster the
relationship perceived in the data, leading to false results. To be sure that data is
fit for the intended purpose, Krippendorff advised the analyst to look for structure
in the disagreement and consider how it might affect data use. Although computational linguists and computer scientists using annotated corpora have rarely followed this advice, it is just as relevant. Machine-learning algorithms are designed
specifically to look for, and predict, patterns in noisy data. In theory, this makes random disagreement unimportant. More data will yield more signal and the learner
will ignore the noise. However, as Craggs and McGee Wood [2005] suggested, this
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also makes systematic disagreement dangerous, since it provides an unwanted pattern for the learner to detect. Using a simulation of the annotation process, it is
demonstrated in this chapter that machine learning can tolerate data with a low
reliability measurement as long as the disagreement looks like random noise, and
that when it does not, data can have a reliability measure commonly held to be
acceptable but produce misleading results.

3.2

Method

To explain what is wrong with using κ = 0.8 as a cut-off value, one needs to think
about how data is used for classification tasks. Consider Figure 3.1, which shows
a relation between some features A and a class label B. Learning labels from a
set of features is a common task in corpus based research; for instance, in Shriberg
et al. [1998], which assumes a pre-existing dialog act segmentation, the labels are
dialog act types, and they are learned from automatically-derived prosodic features.
In this relatively simple way of using annotated data, only one of the variables —
the output dialog act label — is hand-annotated. In the figure, the real relationship
between prosody and dialog act label is shown on the left; R relates the prosodic
features A to the output act B.
REALITY
B: Target label
R
OBSERVATION
A: Features
Bobs: Observed label

Coder 1
...
Coder n

Performance
Evaluation
LEARNED MODEL

Robs
Bpred: Predicted label
A: Features
RML
Machine
Learning

A: Features

Figure 3.1: Hand-annotated target labels are used to train classifiers to automatically predict those
labels from features.

In theory, it is often assumed that there is one correct label for any given act.
However, in practice, human annotators disagree (see Section 2.4), choosing different labels for the same act. Sometimes the divergences are large enough to that
make one question whether there is only one unique correct label, or any correct
label at all. The data actually available for analysis is shown in the center of Figure 3.1. Here, the automatic features, A, are the same as before, but there are
multiple, possibly differing labels for the same act, Bobs , coming from different hu-
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man annotators. Finally, on the right the figure shows the classifier, which takes
the same prosodic features A and uses them to predict a dialog act label Bpred on
new data, using the relationship learned from the observed data, RM L . Researchers
vary in how they choose data from which to build the classifier when annotators
disagree, but whatever they do is restricted by the observations they have available
to them. Although one can describe reliability assessment as telling how much disagreement there is among the annotators, a better question is how their individual
interpretations of the annotation schema make RM L differ from R.
There is a problem that arises for anyone using this methodology. The ‘real’ data
itself, which is only imperfectly observed by the annotators, is not accessible to the
researcher. Even assuming that a correct label exists for any given act, this means
that one cannot directly evaluate the quality of the annotations with respect to those
correct labels, but rather must rely on an agreement analysis in which annotations
produced by different annotators are compared to each other. Furthermore, without
the ‘real’ data, it is impossible to judge how well the learned relationship reflects the
real one. Classification performance for Bpred can only be calculated with respect to
the ‘observed’ data Bobs . In this chapter, this problem is surmounted by simulating
the real world so that the differences between this ‘observed’ performance and the
‘real’ performance can be measured. The simulation uses a Bayesian network [Pearl,
1988] to create an initial, ‘real’ data set with 3,000 samples of features (A) and
their corresponding target labels (B). For simplicity, a single five-valued feature
and five possible labels are used. The relative label frequencies vary between 17%
and 25%. This gives a small amount of variation around what is essentially equally
distributed data. The labels (B) are corrupted to simulate the ‘hand-annotated’
observed data (Bobs ) created by a simulated annotator X, corresponding to the
output of a hypothetical human annotator. A neural network is constructed and
trained using the WEKA toolkit [Witten and Frank, 2005] on 2,000 samples from
Bobs . Finally, the neural network’s performance is calculated twice, using as test data
either the remaining 1,000 samples from Bobs (the only test data that is normally
available) or the initial, ‘real’ versions of those same 1,000 samples (that is, the
samples with the normally inaccessible ‘real’ correct labels).
There are three ways in which the simulation needs to be varied in order to be
systematic. The first is in the strength of the relationship between the features the
machine learner takes as input and the target labels, which is achieved simply by
changing the probabilities in the Bayesian network that creates the data set. In the
simulation, the strength of the relationship is varied in eight graded steps.1 The
1

Cramer’s
phi is used to measure the strength of a relationship. Cramer’s phi is defined as
q
2
φc = (N )∗dfχsmaller
with N the number of samples and dfsmaller the smallest degree of freedom of the two involved
variables, and is a measure of association for nominal variables with more than two values. It can be
“considered like a correlation coefficient” [Aron and Aron, 2003] that takes data set size into account
and can easily be derived for a Bayesian network from the priors and the conditional probability
tables. The strength of the network is varied between φc = 0.06 and φc = 0.45. Following Cohen
[1988], for a five-way distinction Aron and Aron [2003, page 527] would consider 0.06 to represent
a small real relationship — that is, one with not much effect — and 0.3, a large one. Thus here 0.06
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second is in the type of disagreement with which the real data is degraded to create
the observed data (Bobs ), representing the types of annotation errors the human annotators make. Again for simplicity, this chapter only describes the effects of both
random errors and the over-use of a single label. The third is in the amount of
disagreement introduced when creating the observed data (Bobs ). This variation is
expressed in terms of the obtained level of κ agreement in the simulation, in the
following way. The simulated annotator X makes errors with varying frequencies
for varying runs of the simulation. To calculate κ for a specific simulated annotation, an additional 1,000 samples of ‘real’ data are generated as ‘reliability data’ for
each strength of relationship and type of disagreement, that have not been used for
training or testing. These samples are annotated twice, once by the same simulated
annotator X and once by a second simulated annotator Y , who makes the same type
of mistakes with the same frequency. The resulting two sets of annotations of the
reliability data (BreliabX and BreliabY ) can be used to calculate κ for the variation of
the simulation for which they were generated. This way of calculating the obtained
level of agreement mimics the common practice of having one annotator produce
the annotations for the actual research, with a second annotator annotating just
enough to test the reliability. By introducing a varying number of observation errors
the simulated annotations of X, 200 different versions of hand-annotated data are
created tho cover a range of values from κ = 0 to κ = 1, calculated as described
above. These 200 versions, generated for each strength of relationship and each
type of disagreement, are used in the next section to graphically show the dependencies between κ and machine-learning performance for the ‘real’ data B and for
the simulated annotation Bobs .

3.3
3.3.1

Results
The Case of Noise

Figure 3.2 shows how a neural network, trained on the 2,000 samples of training
data from Bobs , performs when the simulated annotator X makes random mistakes,
that is, for noise-like disagreement, for the cases of (a) weak, (b) moderate, (c)
strong, and (d) very strong relationships between the features (A) and labels (B).
Here, the y axis shows ‘accuracy’, or the percentage of samples in the test data
for which the network chooses the correct label. The x axis varies the amount of
annotator’s errors in the data to correspond to different κ values as calculated on the
simulated reliability data, with the two black lines marking the values of κ = 0.67
and κ = 0.8.
The series depicted as a line, firstly, shows accuracy measured by using the ‘observed’ version of the test data, which is how testing is normally done. For each
is described as “weak”, 0.45 as “very strong”, and intermediate points as “moderate” and “strong”.
It is an open question what strengths of relationships actually occur in the type of data occurring
in computational linguistics and computer science, although there may be no point in learning a
relationship that is too strong.
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(a)

(b)

(c)

(d)

Figure 3.2: Machine-learning performance obtained on simulated annotations with noise-like disagreement for (a) weak (φc = 0.06), (b) moderate (φc = 0.20), (c) strong (φc = 0.32),
and (d) very strong (φc = 0.45) relationships between the features and labels.

relationship strength, as κ increases, so does accuracy. In all cases, at κ = 0 — that
is, when the annotators fail to agree beyond what one would expect if they were
all choosing their labels randomly — accuracy is at 20%, which is what one would
expect if the classifier were choosing randomly as well. For any given κ value, the
stronger the underlying relationship, the more benefit the neural network can derive from the data. The other of the two series, secondly, depicted as small squares,
shows accuracy measured by using the ‘real’ version of the data. Interestingly, the
‘real’ performance, that is, the power of the learned model to predict reality, is
higher than performance as measured against the observed data. This is because for
some samples, the classifier’s predictions are correct, but because the observations
contain errors, the test data actually gets them wrong. The stronger the relationship
in the real data, the more marked this effect becomes. The neural network is able
to disregard noise-like annotation errors at very low κ values simply because the
errors contain no patterns for it to learn.
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3.3.2

The Case of Over-Using a Label

Now consider the case where instead of random annotation errors, the simulated
annotator who produces the training data over-uses the least frequent one of the
five labels for B. Figure 3.3 shows the results for this kind of annotation error.
Remember that in the graphs, the series depicted as a line shows the observed performance of the classifier — that is, performance as it is usually measured. The two
black lines again mark the κ values of interest (κ = 0.67 and κ = 0.8).

(a)

(b)

(c)

(d)

Figure 3.3: Machine-learning performance obtained on simulated annotations that suffered from
over-annotation for (a) weak (φc = 0.06), (b) moderate (φc = 0.20), (c) strong (φc =
0.32), and (d) very strong (φc = 0.45) relationships between the features and labels.

The graphs show an entirely different effect from the one obtained for noise-like
annotation errors: for lower values of κ, the observed performance is spuriously
high. This makes perfect sense — κ is low when the pattern of label over-use by
the simulated annotator is strong, and the neural network picks it up. When the
observed data is used to test performance, some of the samples match not because
the classifier gets the label right, but because it over-uses the same label as the
human annotator. For data with a very strong correlation between the input features
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A and the output labels B, the turning point below which performance is spuriously
high occurs at around κ = 0.55 (Figure 3.3(d)), a value the community holds to
be pretty low but which is not unknown in published work. However, when the
underlying relationship to be learned is moderate or strong (Figures 3.3(b) and
3.3(c)), the spuriously high results already occur for κ values commonly held to
be tolerable. With a weak relationship, the turning point can occur at κ > 0.8
(Figure 3.3(a)).

3.4 Discussion
The simulation results presented in this chapter highlight a danger for current practice in corpus based research. Over-use of a label is a realistic type of error for
human annotators to make. For instance, imagine a annotation schema for dialog acts that distinguishes backchannel utterances from utterances which indicate
agreement. In data containing many utterances where the speech consists of “Yeah”,
individual annotators can easily have a marked bias for either one of these two categories. Clearly, in actual annotation, not all disagreement will be of one type, but
will contain a mix of different systematic and noise-like errors. In addition, the underlying relationships that systems attempt to learn vary in strength. This makes
discerning the degree of danger more difficult, but does not change the substance
of the argument set out in this chapter.
Although the graphs that were shown are for a specific simulation, the general
pattern described is robust. The simulations have been done with a number of variations. Those variations are not presented in this chapter because they do not add
new insights, but using other machine-learning algorithms, A and B with other cardinalities and with different prior and conditional probabilities, and other training
set sizes, all exhibit similar effects. In particular, using α in place of κ does not
markedly change the results; neither does increasing or decreasing the data set size.
The simulations and results are presented for a machine-learning context. However,
that does not mean that other ways of using annotated data are immune to the fundamental problems described here. Any statistical use of data will be affected in its
own way by the difference between systematic and noise-like disagreement.
Very recent work by Passonneau et al. [2008], done on an actual corpus annotated by human annotators, ties in very well with the simulation results discussed in
this chapter. Their paper concerns a task of assigning semantic relations between art
images and sentences in the accompanying text. The authors looked at the level of
inter-annotator agreement and its relation to overall learnability of the classification
on all data on the one hand, and learnability of the classification on the data of one
single annotator on the other hand. Several of their main conclusions are very relevant here. In the first place, they showed that data with a higher inter-annotator
agreement overall is easier to learn. This is a reassuring result, confirming that
good inter-annotator agreement is still a desirable property of data. In the second
place, they showed that in some cases data from an individual annotator who had
a high inter-annotator agreement with the other annotators was actually harder to
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learn from — that is, testing on test data from other annotators yielded a lower performance — than data from another annotator who had lower agreement with the
others. They suggest that this relates to the effect discussed in Section 3.3.2: though
the annotator had a high average inter-annotator agreement, his errors contributing
to the disagreement may have been more systematic. This causes the errors to be
picked up as patterns during training, confusing the machine-learning algorithm.
They conclude with the observation that when there is variation, and it reflects the
inherent variability of language use, machine-learning approaches should be modified to learn from multiple labelings, not from a single labeling, and thus learn
where the variation lies. This topic is taken up again in Chapter 6.

3.5

Implications

At the moment, much of the effort the community devotes to reliability measurement is used to establish one or more overall reliability statistics for data sets and
to argue about which reliability statistic is most appropriate. Methodological discussions focus on questions such as how to force annotated data structures into the
mathematical form necessary to calculate α (see also Section 2.3), or what effects
certain aspects of the annotation have on the values of some metric rather than on
possible use of the resulting data [Marcu et al., 1999; Di Eugenio and Glass, 2004;
Artstein and Poesio, 2005; Bhowmick et al., 2008]. Investigations of the reliability
of actual corpus annotations most often do not move beyond calculating a metric
and comparing it to a threshold. Researchers are of course aware that no overall
reliability measure can give a complete story, but often fail to spend time analysing
annotator disagreement further. Unfortunately, the results presented in this chapter suggest that current practice is insufficient, at least where the data is destined
to be input for a machine-learning process and quite possibly for other data uses as
well. This complements observations of Artstein and Poesio: apart from the fact that
many different ways of calculating reliability metrics lead to different values, which
makes comparing them to a threshold difficult [Artstein and Poesio, to appear], the
very idea of having any such single threshold in the first place turns out to be impossible to hold. Instead of worrying about exactly how much disagreement there
is in a data set and how to measure it, researchers should be looking at the form
the disagreement takes. A headline measurement, no matter how it is expressed,
will not show the difference between noise-like and systematic disagreement, but
this difference can be critical for establishing whether or not a data set is fit for the
purpose for which it is intended.
To tease out what sort of disagreement a data set contains, Krippendorff suggests
calculating odd-man-out and per-class reliability to find out which class distinctions
are problematic [1980, page 150]. Bayerl and Paul [2007] discuss methods for determining which factors (such as schema changes, annotation team changes, etc.)
were involved in causing poor annotation quality. Wiebe et al. [1999] suggest looking at the marginals and how they differ between annotators to find indications of
whether disagreement is caused by systematic bias (as opposed to being random)
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and in which classes they occur. Although clearly useful techniques, none of these
diagnostics is specifically designed to address the needs of machine learners which
are designed to recognize patterns. Over-using a label is just one simple example
of a type of systematic disagreement that adds unwanted patterns that a machine
learner can find. Any spurious pattern could be a problem. For this reason, one
should be looking specifically for patterns in the disagreement itself. This will be a
central topic in the next part of this thesis.
It should go without saying that the analyst will benefit from keeping how they
intend to use the data firmly in mind at all times. As Krippendorff [2004b, page
429] recommends, one should test reliability for the “distinctions that matter” and
perform “suitable experiments of the effects of unreliable data on the conclusions.”
Patterns found for an overall annotation schema will not always affect every possible data use. For instance, often classifiers are build not for complete annotation
schemas, but for some subset of the labels or some ‘class map’ that transforms the
schema into a smaller set of classes. In these cases, what is important is disagreement for the subset or transformation, not the entire schema. Similarly, where classifier performance is reported per class, the reliability for that particular label will
be the most important. Finally, different machine-learning algorithms may react
differently to different kinds of patterns in the data and to combinations of patterns
in different relative strengths. In complicated cases, perhaps the safest way to assess whether or not there is a problem with systematic disagreement is to run a
simulation like the one reported here but with the kind and scale of disagreement
suspected of the data, and to use that to estimate the possible effects of unreliable
data on the performance of machine-learning algorithms.

Part II
Praxis

Chapter 4
Moving to the AMI Corpus
The previous part of this thesis highlighted the three-way relation between (1) subjectivity, or the human variability in interpretation of communicative behavior, (2)
inter-annotator agreement and (3) the design and evaluation of machine-learning
modules. The final conclusion was that for a good inter-annotator agreement analysis one should, besides calculating the level of inter-annotator agreement, at least
pay some attention to the questions how and why annotators disagree and to the
impact of the disagreement on machine learning and other use of the data. These
questions are the topic of the second part of the thesis. They have been addressed
using several annotations from the AMI Corpus, namely the dialog act annotations,
the addressee annotations and the visual Focus of Attention annotations (FOA). In
the first place, the annotations have been used as material for novel analyses regarding inter-annotator agreement, and in the second place, machine-learning experiments were conducted specifically to explore the relation between inter-annotator
agreement, machine learning and subjectivity.
In this chapter the relevant parts of the corpus are introduced. After a short
overview of the setup of the AMI corpus, the three annotation layers are presented.
For each annotation, a summary of the annotation scheme is presented, followed
by some information about the amount of data that was annotated, the number of
annotators involved and the distributions of classes over the data. Finally, information about inter-annotator agreement is given. This concerns only the amount of
reliability data that was collected and the results of a basic inter-annotator agreement metric calculation, as more extensive analyses are discussed in the next two
chapters. The divisions into training and test sets for machine-learning purposes
will be discussed in the relevant sections in later chapters, as they depend heavily
on the goals of the various experiments.

4.1 The AMI Corpus: an Overview
4.1.1

Visions of AMI

The AMI Consortium is a multi-disciplinary collaboration of 15 academic and industrial partners. The consortium is dedicated to research and development of technol-
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ogy that will support effectiveness and efficiency of meetings. The following quote
can be found on the consortium web site: “Business productivity, by way of individual and group activities between and during meetings, can be dramatically enhanced with the use of advanced signal processing and knowledge management.”1
The technologies fall in two categories. In the first place the consortium dedicates
a lot of effort to developing technology that can help make the content of past
meetings accessible for later browsing and retrieval [Whittaker et al., 2008]. The
possibility to easily review past decisions and the argumentation that led to the decisions or to look up the information from past presentations will enhance group
memory, improve long-term consistency in the decisions and overall lead to a better information awareness in the organization [Moran et al., 1997]. In the second
place there is an increasing focus within the consortium on systems that assist the
users in many ways during the meeting. Some of this effort concerns supporting
remote participants in distributed meetings to increased engagement and participation [Wrigley et al., 2008; Vyas and Bajart, 2007]. Other work targets proactive
support by intelligent systems that, for example, provide information to the meeting
or suggest to the chairman that certain actions should be taken [Rienks et al., 2006,
2007; Rienks, 2007]. The AMI Meeting Corpus, described in the next section, plays
a central role in the AMI and AMIDA projects.

4.1.2

Recorded Scenario Meetings

The experiments and investigations described in the next two chapters of this thesis are based on the hand annotated face-to-face conversations from the 100 hour
AMI meeting corpus. This corpus has been described before in other publications
[Carletta, 2007; Carletta et al., 2006]. In this section a brief overview is given, after
which the remainder of this chapter will describe three annotations from the corpus
in more detail.
The corpus consists of 100 hours of recorded meetings. Of these recordings,
65 hours are of meetings that follow a guided scenario [Post et al., 2004]. In the
scenario-based meetings, design project groups of four players have the task to design a new TV remote control. Group members have roles: project manager (PM),
industrial designer (ID), user interface design (UD), and marketing expert (ME).
Every group has four meetings (20-40 minutes each), dedicated to a sub-task. Most
of the time the participants sit around a table. During the meetings, as well as
between the meetings, participants will get new information about things such as
market trends or changed design requirements, via mail. This process is coordinated by a scenario controller program. The whole scenario setup was designed
to provide an optimal balance between control over the meeting variables and the
freedom to have natural meetings with realistic behavior from the participants [Post
et al., 2004]. In order to make sure that the scenario does not constrain the contents
of the corpus too much, 35 hours of corpus data “is made up of real meetings which
progressively push out first from the remote control design scenario into other types of
1

http://www.amiproject.org/
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new design teams, non-design teams, and finally a few other types of meetings entirely.
Most of these meetings are ‘real’ (that is, they would have occurred whether or not we
had been recording) but a few are controlled, more loosely and in different domains
than the bulk of the data” [Carletta, 2007].

Figure 4.1: A still image of the meeting recording room in Edinburgh.

All meetings were recorded in meeting rooms full of audio and video recording
devices (see Figure 4.1) so that close facial views and overview video, as well as
high quality audio, is available. Speech was transcribed manually, and words were
time-aligned. The corpus has several layers of annotation for a large number of
modalities, among which dialog acts, topics, hand gestures, head gestures, subjectivity, visual focus of attention (FOA), decision points, and summaries. The corpus
uses the Nite XML Toolkit (NXT) data format as reference storage format, making
it very easy to extend the corpus with new annotations either by importing data
created in other formats or by using one of the many flexible annotation tools that it
comes with [Carletta et al., 2005, 2003; Reidsma et al., 2005a,b]. In the rest of this
chapter, the dialog act, addressee and Focus of Attention annotations are presented
in more detail.
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4.2

The AMI Dialog Act Annotations

The AMI dialog act annotation schema concerns the segmenting and labeling of
the transcripts into dialog acts. Part of the AMI corpus was also labeled with relations between dialog acts [Jovanović, 2007, page 76], but these annotations are
not considered here. The segmentation guidelines are centered around the speaker’s
intention, with a few rules that describe how the annotators should deal with the
different situations they are likely to encounter. The rules are summarized below;
more details can be found in the annotation manual [AMI Consortium, 2005b].
• The first rule is: each segment should contain a single speaker intention.
– If a speaker, for instance, asks two different questions in a row, without
anyone else speaking, each of them is a separate segment.
– If someone says “No, it’s not”, the “it’s not” is not a separate segment,
since it rephrases the same information as the “No”.
– Lengthy pauses or conjunctions that introduce whole new clauses such as
“so”, “because”, and some uses of “and”, “but”, or “or” can be hints that
a new segment is starting.
– In the case of a (sub-ordinate) conjunction where the first half requires
the second half to be complete — neither part expresses a complete intention — the parts should be combined into one segment.
– If the speaker changes from talking to one person to talking to someone
else or the whole group, or the other way around, there would be two
intentions, and therefore two segments, although the speaker’s intention
is the deciding factor.
• The second rule is that all segments only contain transcription from a single
speaker. This rule allows dialog act segmentation to be carried out on the
speech of one speaker.
• The third rule is that everything in the transcription is covered in a dialog act
segment, with nothing left over.
• Finally, in case of doubt, annotators were instructed to use two segments, instead of one.
The guidelines for labeling dialog acts again center around the speaker’s intention — as expressed in an utterance — to exchange information, contribute to the
social structure of the group, carry out an action, get something clarified, or express an attitude towards something or someone. The schema contains fifteen types
of dialog acts, twelve of which are proper dialog acts and three ‘quasi-acts’. The
full set of class labels in the schema is given in Table 4.1. The labels I NFORM and
S UGGEST concern giving information and giving suggestions. The label A SSESS concerns evaluating or commenting on something, such as expressing agreement with
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the opinion of someone else. The dialog acts in the group ‘Elicits’ are those that
explicitly elicit a response from one of the other participants (which may or may
not be given). They have a strong forward-looking aspect, something which plays a
distinct role in the detailed analysis of the addressee annotations in Chapter 5.
Label

Number of utterances Frequency

Task related
I NFORM
S UGGEST
A SSESS

28891
8114
19020

28.3%
7.9%
18.6%

3703
602
1942
169

3.6%
0.6%
1.9%
0.2%

11251
6933
14348

11.0%
6.8%
14.0%

O FFER
C OMMENT-A BOUT-U NDERSTANDING
B E -P OSITIVE
B E -N EGATIVE
O THER

1288
1931
1936
77
1993

1.3%
1.9%
1.9%
0.1%
2.0%

Total

102198

Elicits
E LICIT-I NFORM
E LICIT-O FFER -O R -S UGGESTION
E LICIT-A SSESSMENT
E LICIT-C OMMENT-U NDERSTANDING
Quasi-acts
B ACKCHANNEL
S TALL
F RAGMENT
Other

100.0%

Table 4.1: The list of all dialog act class labels that can be found in the AMI dialog annotation
guidelines, and the distribution of the class labels over the data [AMI Consortium,
2005a].

The dialog acts in the group ‘Quasi-acts’ are not proper dialog acts at all, but
are present in the annotation schema to account for something in the transcript that
does not really convey a speaker’s intention. Throughout the rest of this thesis, dialog acts from this group will be referred to as ‘quasi-acts’. Furthermore, although the
class O THER does actually represent a speaker intention, it is present as a ‘bucket’
class rather than a real part of the label set, and therefore it has also been included
in the group ‘quasi acts’ for all analyses presented in this thesis. The term ‘proper
dialog act’ will apply to the labels not taken as ‘quasi-acts’. The remainder of the dialog acts in the schema concern the speaker expressing an offer, commenting about
his or her understanding (such as requests for clarification), and utterances that are
mainly intended to affect the social processes of the group.
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Most of the scenario data in the AMI corpus has been annotated for dialog acts,
resulting in over 100,000 utterances. As can be seen in Table 4.1, which also shows
the distributions of the labels over the data, about one third of those are quasi-acts.
Of the rest, by far the most frequently occurring labels are I NFORM, S UGGEST, and
A SSESS. The annotations were produced by three annotators (DHA, S95 and VKAR)
who annotated non-overlapping parts of the corpus.
Additionally, one meeting was annotated by all three annotators, plus one extra annotator (MA). This meeting (named IS1003d) served as reliability data, to
ascertain the inter-annotator agreement of the schema and annotators. The dialog
act annotations were compared2 on the agreed segments, that is, the utterances on
which two annotators agreed on the start and end boundaries of the segment (in
terms of word positions). Table 4.2 shows, for each pair of annotators, the number
of segments that the two annotators identified in common. Table 4.3 presents Krippendorff [1980]’s α for multiple annotators, for all dialog acts and the proper acts
only, and once for each of the single annotators left out of the calculation. All values
are between 0.55 and 0.61.

VKAR
DHA
S95
MA

VKAR
1563 (838)

DHA
S95
735 (344)
756 (412)
1234 (764) 795 (430)
1287 (823)

MA
955 (479)
829 (405)
855 (483)
1504 (897)

Table 4.2: The number of segments that each pair of annotators identified in common in meeting
IS1003d. The numbers between parenthesis are for the proper dialog acts only. On the
diagonal the total number of segments identified by each single annotator are given.

Group
All
Without VKAR
Without MA
Without S95
Without DHA

All dialog acts

Proper dialog acts only

N

α

N

α

503
637
563
640
643

0.57
0.55
0.58
0.60
0.59

226
315
266
271
322

0.58
0.56
0.57
0.58
0.61

Table 4.3: Overview of the multi-annotator α values for dialog act annotation, for the group of all
four annotators and for each of the single annotators left out of the group once. The
number of agreed segments for each group is given as N ; the α values are given for all
dialog acts as well as for the subset of the proper dialog acts only.

2

The results presented in Tables 4.2, 4.3, 4.4, and 4.5 were collected from unpublished work by
Rieks op den Akker.
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4.3

The AMI Addressee Annotations

A part of the AMI corpus is also annotated with addressee information [Jovanović
et al., 2006; Jovanović, 2007]. All proper dialog acts were assigned a label indicating who the speaker addressed his speech to (was talking to). In the type of
meetings considered in the AMI project, most of the time the speaker addresses the
whole group, but sometimes his dialog act is addressed to some particular individual. This can be, for example, because he wants to know that individual’s opinion,
or is presenting information that is particularly relevant for that individual. The
basis of the concept of addressing underlying the AMI addressee annotation schema
originates from Goffman [Goffman, 1981]. The addressee is the participant “oriented to by the speaker in a manner to suggest that his words are particularly for
them, and that some answer is therefore anticipated from them, more so than from
the other ratified participants”. Sub-group addressing hardly occurs, at least in the
meetings that make up the AMI corpus, and was not included in the schema. Thus,
dialog acts are either addressed to the group (G-addressed) or to an individual (Iaddressed). Annotators could also use the label U NKNOWN when they were unsure
about the intended addressee of an utterance.
The AMI addressee annotation schema was applied to a subset of 14 meetings
from the corpus3 , containing 9987 dialog acts in total. Annotation of addressee
was done by the same annotator who produced the dialog act annotations for a
particular meeting. Table 4.4 shows the label distribution in the meetings annotated
with addressee. For reliability data, the same meeting was used as for the dialog
act annotation (meeting IS1003d). Table 4.5 presents Krippendorff’s α for multiple
annotators for the dialog acts annotated with addressee, for all annotators and once
for each of the single annotators left out of the calculation. A more detailed analysis
of these annotations is presented in Chapter 5.
Type

Number of utterances Frequency

Quasi-acts (no addressee) 3397
I-addressed
A
804
B
598
C
638
D
703
Total
2743
G-addressed
3104
Unknown
743
Total

9987

34.0%
8.1
6.0
6.4
7.0
27.5%
31.1%
7.4%
100.0%

Table 4.4: The distribution of labels in the part of the AMI corpus annotated with the addressee
annotation schema.
3

This concerns the meetings ES2008a, TS3500a, IS1000a, IS1001a, IS1001b, IS1001c, IS1003b,
IS1003d, IS1006b, IS1006d, IS1008a, IS1008b, IS1008c, and IS1008d
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Group

N

α

All
Without VKAR
Without MA
Without S95
Without DHA

120
213
157
162
198

0.38
0.36
0.39
0.37
0.53

Table 4.5: Overview of the multi-annotator α values for addressee annotation, for the group of all
four annotators and for each of the single annotators left out of the group once. The
number of agreed segments for each group is given as N .

4.4

The AMI Focus of Attention Annotations

A subset of meetings in the AMI corpus were also annotated with visual Focus of
Attention (FOA) information derived from head, body and gaze observations [Ba
and Odobez, 2006]. FOA forms an important cue for, among other things, addressing behavior. The FOA annotation contains, for every participant in the meeting, at
all times throughout the meeting, whom or what he is looking at. This annotation
schema was applied to the same subset of 14 meetings that was used for addressee
annotation (but by other annotators). The FOA annotation was done with a very
high level of agreement and with very high precision: changes are marked in the
middle of eye movement between old and new target with α agreement between
annotators ranging from 0.84 to 0.95 [Jovanović, 2007, page 80].

4.5

Summary

This chapter presented three layers of annotation from the AMI corpus. The dialog act annotations were produced for almost the whole corpus. Part of the dialog
act annotations are used in Chapter 6 for experiments in explicitly modeling the
(inter)subjectivity in annotations. The addressee annotations were produced for
14 meetings, by the same annotators who produced the dialog act annotations for
those particular meetings. The Focus of Attention annotations were produced for
those same 14 meetings, by other annotators. The next chapter addresses the interannotator agreement of the addressee annotations in more detail. Among other
things, the FOA annotations are used to define a more reliable subset of the addressee annotations, and machine-learning performance for addressee classification
is explored for this more reliable subset. The addressee annotations are also used
for the experiments in modeling the (inter)subjectivity in annotations in Chapter 6.

Chapter 5
Contextual Agreement
This second part of the thesis explores the relation between agreement, data quality
and machine learning, using the AMI corpus introduced in the Chapter 4. This chapter describes a novel approach that uses contextual information from other modalities to determine a more reliable subset of data, for annotations that have a low
overall agreement. Furthermore, a preliminary analysis is presented on machinelearning performance within that more reliable subset as opposed to the performance on the overall data set.
Beigman Klebanov and Shamir [2006] argued that, if data has been annotated
with a very low level of inter-annotator agreement, one way of making (parts of) the
data more usable may be to find out whether one can pinpoint a subset of the data
that has been annotated with a higher level of inter-annotator agreement. This more
reliable subset can then be used for training and testing of machine learning, with
a higher confidence in the validity of the results. In order to find this subset, they
proposed an approach in which all data is annotated multiple times. They used annotations from 20 separate annotators on a data set annotated for lexical cohesion.
Given these annotations they induced random pseudo-annotators from each annotator. Each pseudo-annotator marked up the data with the same distributions as the
actual annotator, but chose the items at random. Given these pseudo-annotators,
they calculated the probabilities that a certain item would be marked with a certain
label by more than N of the random pseudo-annotators. They found that, for items
that were marked with a specific label by at least 13 out of 20 human annotators,
the label could not have been the result of random annotation processes, with an
overall confidence of 99%. For a different data set, concerning markup of metaphors
in text, they showed that an item needed to be marked by at least 4 out of 9 annotators to make it sufficiently improbable that the label was the result of random
coding behavior [Beigman Klebanov et al., 2008].
A major drawback of the method described above is, of course, that it requires
all training and test data to be multiply annotated — without exception. This requires an investment that otherwise might be spent on annotating more content,
or different content, or on feature selection and classification experiments, and so
forth. A second important drawback to this approach has to do with deploying the
classifiers, trained on such a subset, in practice. Classifiers are often intended to ul-
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timately serve as a replacement for human annotation effort. They are to be applied
to new, unseen data. This data has not been annotated by humans, so it is unknown
a priori whether specific new instances would belong to the domain in which the
classifier is qualified to render a judgement, that is, the reliable subset of data for
which the classifier was trained and tested. The problem is, in other words, that the
performance of the classifier as observed on the reliable subset in the testing phase
is not necessarily a valid indicator of the performance of the classifier on the new,
unseen data, as the classifier will assign a label to all instances in the new data. The
problem would be solved if it were possible to deduce for new, unseen instances
whether they belong to this more reliable subset, without having to resort again to
a multitude of human annotators.
This chapter investigates whether this solution can be achieved, for the case of
addressee detection on dialog acts, by taking the multimodal context of utterances
into account. Naturally, the approach still relies on a certain amount of multiply
annotated data. However, in contrast to the method described above, only a limited
part of the data needs to be annotated more than once.
The chapter is structured as follows. Section 5.1 concerns the basic inter-annotator agreement for the addressee annotations. Section 5.2 considers the relevance of
the multimodal context of utterances to the level of inter-annotator agreement with
which they are annotated. In Section 5.3 it is shown that the multimodal context
of utterances can indeed be used to determine a more reliable subset of the annotations. Finally, the chapter ends with a preliminary exploration of machine-learning
performance within that more reliable subset as opposed to the performance on the
overall data set, in Section 5.5, followed by discussion and conclusions. The work
presented in this chapter is based on earlier publications with Dirk Heylen and Rieks
op den Akker [Reidsma et al., 2008a; Reidsma and op den Akker, 2008].

5.1

Basic Agreement and Class Maps for Addressee

The inter-annotator agreement for the AMI addressee annotations was given in Section 4.3. Recall that the value of Krippendorff’s multi-annotator α was 0.44. This
indicates a quite low level of agreement: it falls into the range usually reported
on highly subjective annotation tasks. Before the contextual dependencies for the
inter-annotator agreement are discussed in the next section, some more information
about the basic agreement analysis is given here. Table 5.1 presents the pairwise
agreement values expressed in Krippendorff’s multi-annotator α [1980]. Table 5.2
shows an example of a confusion matrix for the addressee annotation, representative of the other confusion matrices. The values in the confusion matrix suggest that
it is not so much problematic to decide which individual was addressed as it is to
distinguish between I-addressed utterances versus utterances that are G-addressed
or labeled U NKNOWN. In the remainder of this section, inter-annotator agreement is
discussed for two derived versions of the label set, namely for the annotation without the label U NKNOWN and for the class map in which the annotation is reduced
to the binary distinction I-addressed/G-addressed. Note that all results presented in
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this chapter concern only proper dialog acts and are based upon a pairwise comparison of agreed segments, as in the table below.
MA VKAR DHA S95
.
0.57
0.32 0.46
.
0.36 0.50
.
0.31
.

MA
VKAR
DHA
S95

Table 5.1: Pairwise agreement (Krippendorff’s α) for addressee annotations by four annotators,
on agreed segments annotated as proper dialog act.

A
B
C
D
G
U

A
46
1

7
16
P
70

B

C

D

G
U
26
2
74
25
12
1
39
38 1
10
1
50
63 16
4
83
5
9
10 155 5
191
1
4
4
15
2
42
31 51 78 234 15 479
P

Table 5.2: Confusion matrix for annotators VKAR and MA for the addressee labels of agreed segments in meeting IS1003d. Krippendorff’s α is 0.57 for this matrix.

5.1.1

Reliability for the Addressee Label U NKNOWN

The annotators indicated whether an utterance was addressed to a particular person
or to the whole group. They could also use the label U NKNOWN, if they could not
decide who was being addressed. All four annotators used this label at some point
in their annotation of meeting IS1003d. Given the annotation guidelines, there
might have been two reasons why an annotator would use the label U NKNOWN.
Firstly, the utterance may have been ambiguously or unclearly addressed, making
it impossible to choose a single label like the annotation task requires. The reason
for assigning the label U NKNOWN then lies within the content. A certain amount
of inter-annotator agreement for this label could be expected, and the applicability
of the label could be learnable and worth learning. Secondly, the utterance may
have been unambiguously addressed, but nevertheless the annotator may have been
uncertain about his own judgement, for example because he was tired, or did not
understand what was being said. In that case, the reason for assigning the label
U NKNOWN lies completely with the annotator, rather than with the content. This
second type of uncertainty would not cause the label U NKNOWN to exhibit a large
inter-annotator agreement, and would by far be less interesting to learn to classify.
The question to be answered here is then: does the uncertainty in the addressee
annotation, expressed by the annotator assigning the label U NKNOWN, reflect an
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attribute of the content, or rather an attribute of the specific annotator who assigned
the label at a certain point? Inspection of the confusion matrices shows a clear
answer to this question. The matrix displayed in Table 5.2 is certainly representative
in this respect. Inter-annotator agreement on the applicability of the label is virtually
non-existent for each and every pair of annotators. This means that the occurrence
of the label U NKNOWN in the corpus does not seem to give any useful information
about the annotated content at all.
For this reason, it was decided to remove all U NKNOWN labels from the corpus
before proceeding with further analysis. That is, for all segments that an annotator
labeled U NKNOWN, the label was removed, and the segment was taken as if the annotator had not labeled it with addressee at all — reducing the number of segments
available for the analyses presented later in this chapter by one, for that annotator,
but leaving the number of segments available from the other annotators unaffected.
The effect of this data set reduction on the inter-annotator agreement on the
remaining segments is shown in Table 5.3. This table presents the α values for
the addressee annotations computed on all proper dialog acts versus the α values
calculated after removing all U NKNOWN labels from the corpus. The increase in level
of inter-annotator agreement ranges from 0.10 to 0.16. This does not only hold for
the overall data set reported in this table, but also for each and every contextual
subset of the data set reported later in this chapter.

MA vs VKAR
DHA vs S95
S95 vs VKAR
DHA vs VKAR
MA vs S95
DHA vs MA

Inc. U NKNOWN

Excl. U NKNOWN

0.57
0.31
0.50
0.36
0.46
0.32

0.67
0.47
0.63
0.47
0.59
0.43

Table 5.3: Inter-annotator agreement for all proper dialog acts versus only the dialog acts not
annotated with the U NKNOWN addressee label.

5.1.2

Class Map: Group/A/B/C/D vs Group/Single

The second label that really contributed to the disagreement according to the confusion matrix of Table 5.2 is the G ROUP label. However, in large contrast to the label
U NKNOWN discussed above, the majority of its occurrences are actually agreed upon
by at least some of the annotators. From the confusion matrices it can nevertheless
be seen that annotators cannot make the global distinction between G-addressed
and I-addressed utterances with a high level of agreement: there is a lot of confusion between the label G on the one hand and A, B, C and D on the other hand.
If annotators see an utterance as I-addressed they subsequently do not have much
trouble determining who of the single participants was addressed: there is much
less confusion between the individual addressee labels A, B, C and D.
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This observation is quantified using a class mapping of the addressee annotation
in which the individual addressee labels A, B, C and D are all mapped onto the label
S. Table 5.4 shows pairwise α agreement for this class mapping, next to the values
obtained for the annotations after removing the label U NKNOWN from the data set
(see also the previous section). Clearly, agreement on who of the participants was
addressed individually is a major factor in the overall agreement.

MA vs VKAR
DHA vs S95
S95 vs VKAR
DHA vs VKAR
MA vs S95
DHA vs MA

Normal label set
(excl. U NKNOWN)

Class map (A, B, C, D) => S

0.67
0.47
0.63
0.47
0.59
0.43

0.55
0.37
0.52
0.37
0.46
0.32

Table 5.4: Pairwise α agreement for the unmapped label set (left) and for the class mapping
(A, B, C, D) => S (right), both after removing the label U NKNOWN from the data
set.

5.2

The Multimodal Context of Utterances

The remainder of this chapter concerns multimodal contextual agreement. To a
large extent multimodal behavior is a holistic phenomenon, in the sense that the
contribution of a specific behavior to the meaning of an utterance needs to be decided upon in the context of other behaviors that coincide, precede or follow. A
nod, for instance, may contribute to a conversation in different ways when it is performed by someone speaking or listening, when it is accompanied by a smile, or
when it is a nod in a series of more than one. When we judge what is happening in
conversational scenes, our judgements become more accurate when we know more
about the context in which the actions have taken place. The occurrences of gaze,
eye-contact, speech, facial expressions, gestures, and the setting determine our interpretation of events and help us to disambiguate otherwise ambiguous activities.
Annotators, who are requested to label certain communicative events, be it topic,
focus of attention, addressing information or dialog acts, get cues from both the audio and the video stream. Some cues are more important than others: some may
be crucial for correct interpretation whereas others may become important only in
particular cases. The reliability of annotations may crucially depend on the presence
or absence of certain features, even if these features are not mentioned in the annotator instructions. Using or not using the video and audio while annotating may
therefore have a large impact on the agreement achieved for certain annotations.
Also, one annotator may be more sensitive to one cue rather than to another. This
means that the agreement between annotators may depend on particular variations
in the multimodal input.
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Within the AMI corpus, one of the more obvious annotations to which this bears
relevance is the addressee annotation. The visual focus of attention (FOA) of speakers and listeners is an important cue in multimodal addressing behavior. The combination of these two layers will therefore be used in an attempt to determine a more
reliable subset of the corpus.

5.3

Finding More Reliable Subsets

This section describes two ‘more reliable subsets’ within the AMI addressee annotations (with the U NKNOWN label removed as discussed in Section 5.1). The first is
centered around the multimodal context of the utterance. The second uses the context determined by the type of dialog act for which the addressee was annotated.
The aim of these contextual agreement analyses, as described in the introduction
to this chapter, is to be able to pinpoint a more reliable subset in the data without
having all training and test data be annotated by multiple annotators.

5.3.1

Context: Focus of Attention

Visual Focus of Attention (FOA) of speakers and listeners is an important cue in
multimodal addressing behavior. In this section it is investigated to what extent
this cue impacts the task of annotators who observe the conversational scene and
have to judge who was addressing whom. FOA annotations are a manifest type of
content, do not need extensive discourse interpretation, and can be annotated with
a very high level of inter-annotator agreement. This makes them especially useful
when they can serve as multimodal context for finding a more reliable subset of the
addressing data, because it is more likely that this context can be retrieved for new,
unseen data, too.1
Table 5.5 lists three different FOA contexts that each define a different subset
of all addressee annotations. The contexts are defined with respect to the Focus
of Attention of the speaker during the utterance. Context I concerns utterances
during which the speaker’s gaze is directed only to objects (laptop, whiteboard, or
some other artefact) or nowhere in particular. One might expect that in this context
the annotation task is harder and the inter-annotator agreement lower. Contexts II
and III concern the utterances during which the speaker’s gaze is directed at least
some of the time to other persons (only one person, for context II, or any number
of persons for context III). The expectation was that utterances in contexts II and
III respectively would also exhibit a difference in inter-annotator agreement. When
a speaker looks at only one participant, agreement may be higher than when the
speaker looks at several (different) persons during an utterance.
Table 5.6 presents α values for the pairwise inter-annotator agreement for the
three subsets defined by the three FOA contexts from Table 5.5, compared to the α
values for the whole data set that were presented in Section 5.1.1. Inter-annotator
1

Although it should be noted that state-of-the-art recognition rates are still too low for this, in the
order of 60% frame recognition rate [Ba and Odobez, 2007; Voigt and Stiefelhagen, 2008].
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Context

Description

I

Only those utterances during which the speaker
does not look at another participant at all (he
may look at objects, though)
Only those utterances during which the speaker
does look at one other participant, but not more
than one (he may additionally look at objects)
Only those utterances during which the speaker
does look at one or more other participants (he
may additionally look at objects)

II

III

Table 5.5: The three different contexts defined by different conditions on the FOA annotation that
are used to find more reliable subsets of the addressee annotations.

MA vs VKAR
DHA vs S95
S95 vs VKAR
DHA vs VKAR
MA vs S95
DHA vs MA

All (excl. U NKNOWN)

I

II

III

0.67
0.47
0.63
0.47
0.59
0.43

0.60
0.41
0.59
0.42
0.57
0.32

0.78
0.57
0.69
0.48
0.63
0.53

0.77
0.57
0.66
0.51
0.62
0.56

Table 5.6: Pairwise α agreement for the subsets defined by the three contextual FOA conditions,
compared to α agreement for the full data set (without the label U NKNOWN).

agreement for the addressee annotation is consistently lowest for context I whereas
contexts II and III consistently score highest. When a speaker looks at one or more
participants, the agreement between annotators on addressing consistently becomes
higher. Contrary to expectations there is no marked difference, however, between
the contexts where, during a segment, a speaker only looks at one participant or at
several of them (context II versus III).
In conclusion, it can be said that the subset of all utterances during which the
speaker looks at some other participants at least some of the time, defined by context III, forms a more reliable subset of the addressee annotations as defined in the
introduction to this chapter. This subset, containing two thirds of all utterances annotated with addressee, was used for the machine-learning experiments described
in Section 5.5.

5.3.2

Context: Elicit Dialog Acts

The second contextual agreement analysis presented here concerns a certain specific
group of dialog acts. Op den Akker and Theune [2008] discussed that forward
looking dialog acts, and more specifically, ‘Elicit’ types of dialog act, are more often
I-addressed, and tend to be addressed more explicitly. This might possible cause
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elicit dialog acts to exhibit a higher inter-annotator agreement. Table 5.7 presents
the pairwise α inter-annotator agreement values for all proper dialog acts, the ‘elicit’
dialog acts only, and the proper acts without the ‘elicit’ acts. Clearly, the agreement
for ‘elicit’ acts is a lot higher. Apparently the intended addressee of elicits is relatively
easy to determine for an outsider (annotator); this may have to do with differences
in how speakers express ‘elicit’ acts and other forward looking acts as suggested by
Op den Akker and Theune [2008].

MA vs VKAR
DHA vs S95
S95 vs VKAR
DHA vs VKAR
MA vs S95
DHA vs MA

All proper acts Elicits only

No elicits

0.67
0.47
0.63
0.47
0.59
0.43

0.64
0.38
0.61
0.41
0.57
0.40

0.87
0.84
0.80
0.58
0.76
0.57

Table 5.7: Pairwise α agreement for all proper dialog acts and for the elicit dialog acts only.

5.4

Discussion and Summary of Addressing Agreement

Throughout this section pairwise α agreement scores have been presented for different class mappings and subsets of the addressee annotations in the AMI corpus. The
different effects noted about these scores were consistent. That is, although only a
few combinations of scores are reported, all different combinations of mappings and
subsets consistently show the same patterns. For example, all relative differences
between the FOA contexts hold for the ‘all agreed proper dialog acts’ condition, the
‘excluding U NKNOWN’ condition, and for the (A, B, C, D) => S class mapping.
The following conclusions can be summarized for the inter-annotator agreement
of addressee annotations: (1) the label U NKNOWN does not give any information
about the annotated content; (2) there is a large confusion between dialog acts
being G-addressed or I-addressed, but if the annotators agree on an utterance being
I-addressed they typically also agree on the particular individual being addressed;
(3) ‘elicit’ dialog acts are easier to annotate with addressee than other types of dialog
act; and (4) utterances during which the speaker’s focus of attention is directed to
one or more other participants are consistently annotated with more agreement
than those during which the speaker’s FOA is not directed to any participant.

5.5

Contextual Performance of Classification

In Section 5.3.1, it was shown that FOA context III defines a more reliable subset
(see introduction to this chapter) of addressee annotations. This section presents
an exploration of machine-learning performance in relation to this more reliable

Section 5.6 – Summary and Discussion | 57
subset. The expectation was, of course, that performance would be higher within
the more reliable subset, for two reasons. Firstly, the high inter-annotator agreement
achieved for this subset will result in the annotations containing more consistent
information that a classifier can model, and, secondly, the higher agreement may
have been caused by the fact that it is simply easier to determine the intended
addressee of an utterance within the more reliable subset.

5.5.1

Approach

A Bayesian Network was trained to classify the addressee of utterances using a number of lexical and multimodal features from the AMI corpus. Compared to Jovanović
[2007], a limited set of features was selected. Their lexical features, and features
for focus of attention, were included. Their local context features, such as ‘previous
addressee’ or ‘previous dialog act type’, were omitted. The full set of 14 meetings
annotated with FOA and addressee was used for the experiment. As described in
Section 5.3.1, this data set was transformed into three versions: (1) all data; (2) the
subset defined by FOA context I (one third of the data); and (3) the subset defined
by FOA context III (two thirds of the data). A training set was constructed from by
taking 90% of all data, proportionally divided over the two subsets. Three test sets
were defined, one each for the two FOA contexts containing the remaining 10% of
that subset (T STI and T STIII ), and a test set T STALL that was the union of T STI
and T STIII . For training and testing, a cross-validation procedure was used on several of such 90%/10% divisions of the data in order to be able to graph mean and
standard deviation values. The Bayesian Network, adapted from Jovanović [2007],
was trained on all training data. The performance of the resulting network was
evaluated using the three versions of the test data.

5.5.2

Results

Table 5.8 displays the results obtained using the approach from the previous section.
Note that the standard deviations are very high, and often much larger than the
differences between the performance on the different test sets. Table 5.9 therefore
shows some relative performance values, that is, mean and standard deviation of the
difference in performance obtained on the different test sets in the same train/test run.
This figures show that on average, there is a slight but real increase in accuracy for
T STIII , which was defined as the test set composed of data from the more reliable
subset of the addressee annotations. This increase can be attributed to the increase
in precision on the four I-addressed labels A, B, C, and D.

5.6

Summary and Discussion

This chapter showed that it is possible to take data which was annotated with a relatively low level of inter-annotator agreement, and use the results of an extended

58 | Chapter 5 – Contextual Agreement
Metric

T STALL

T STI

Accuracy
Precision on the four I-addressed labels
Recall on the four I-addressed labels

66.4 (8.4)
61.0 (14.3)
49.0 (9.3)

62.7 (10.2) 68.0 (8.1)
43.0 (12.9) 66.6 (17.5)
47.6 (9.1)
48.0 (7.9)

T STIII

Table 5.8: Performance of the Bayesian classifiers on the three test sets using cross-validation.
Numbers are given as mean (standard deviation).

Metric

Value

Acc(T STIII ) − Acc(T STALL )
Acc(T STI ) − Acc(T STALL )
P recI(T STIII ) − P recI(T STALL )
P recI(T STI ) − P recI(T STALL )
RecI(T STIII ) − RecI(T STALL )
RecI(T STI ) − RecI(T STALL )

1.6 (2.0)
-3.7 (5.0)
5.6 (8.0)
-18.0 (12.9)
-1.0 (6.4)
-1.4 (9.6)

Table 5.9: Relative performance differences obtained on the different test sets in the same
train/test run. Numbers are given as mean (standard deviation).

agreement analysis to determine certain ‘more reliable subsets’ in which the annotated data has a higher quality. FOA context III (‘at least some person in speaker’s
FOA during utterance’) defines one such more reliable subset on the addressee annotations. Machine-learning performance restricted to that subset shows only a
very slight increase of accuracy, which can mostly be attributed to increased precision obtained on the different individual addressee labels for I-addressed utterances.
Nevertheless, it is argued here that it is worthwhile to have identified such a more
reliable subset based on the multimodal context defined by the FOA annotations. In
the first place, this particular more reliable subset can be identified without having
to annotate all training and test data by several annotators. That allows one to collect and annotated more content, of which the ‘more reliable subset’ can serve as
training material for a classifier. In the second place, FOA annotations are a manifest
type of content, do not need extensive discourse interpretation, and can be annotated with a very high level of inter-annotator agreement. This makes it more likely
that this context can be retrieved for new, unseen data, too, which allows one to
determine for unseen data whether the classifier is qualified to render a judgement.
In theory at least, this could be exploited in a practical application, to build a
classifier that limits its judgements to the more reliable parts of the data. Given the
specific example presented in this chapter, an addressee detection module might
be built which only assigns an addressee to an utterance in FOA context III, and
in all other cases labels an utterance as ‘addressee cannot be determined’. Such a
detection module would achieve a much higher precision than a module that tries
to assign an addressee label regardless; this happens at the cost of overall recall
because it will not even try to assign a label in the less reliable subset of the data.

Chapter 6
Explicitly Modeling
(Inter)Subjectivity
This chapter — part of which was presented at the workshop on Human Judgements
in Computational Linguistics [Reidsma and op den Akker, 2008] — continues the
second part of this thesis, in which the relation between agreement, data quality
and machine learning is explored.
The main questions for this chapter target the subjective aspect of annotator disagreement instead of the error aspect. Is it possible, given subjective annotations of
different annotators, to separate the overlap and the differences of the mental conceptions of the annotators as reflected in the data? Can ‘intersubjectivity’, present in
the way different annotators interpret the same observed interaction, be modeled
explicitly? Rather than looking at inter-annotator agreement within one multiply
annotated data fragment, such as AMI meeting IS1003d, the method followed in
this chapter is designed to work with a number of much larger sets of data annotated by each of the annotators, without overlap between annotators.
Using these annotator-specific data sets, annotator-specific machine-learning models are trained. The resulting models are combined to find and model the overlap
and disjunction in them, which ideally should reflect the overlap and disjunction in
the mental conceptions of the annotators. As a side effect, this approach also offers
a new way of looking at the ‘more reliable subsets’ that were the topic of the previous chapter. Instead of using the properties of a small multiply annotated data set to
determine these subsets, the defining properties of the subset are directly inferred
from the intersubjective overlap in the mental conceptions.
The chapter is structured as follows. Section 6.1 describes the setup and results of the first experiment towards modeling intersubjectivity in annotations, using ‘Yeah-utterances’, a subset of the AMI dialog act annotations. The experiment
left a number of important questions unanswered. Section 6.2 addresses several of
the most important ones. First, it is shown in Section 6.2.1 that the results can be
generalized to at least one other data set, namely the addressee annotations that
were also used in the previous chapter. Next, some characteristics of the machinelearning performance in relation to the modeling of intersubjectivity are discussed
in Sections 6.2.2 and 6.2.3. Finally, the relation between the method presented in
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this chapter and the method of ensemble learning is discussed in some detail in Section 6.2.4. The chapter ends with a discussion of some of the many open questions
and of future work in Section 6.3.

6.1

Modeling Subjectivity for ‘Yeah’ Utterances

The first illustration, and test case, for modeling the intersubjectivity in annotations
concerns the human annotations and automatic classification of a particular type
of utterances (dialog acts) in the AMI corpus: the “Yeah-utterances”, that is, utterances that start with the word “yeah”. When one suspects that the inter-annotator
disagreement in annotations originated from differences in the mental conceptions
of the annotators, the first step is to test whether the differences in the annotations
are systematic. If they are not, it makes no sense to try to model at subjective idiosyncrasies and the intersubjective overlap. The next step is to build a classifier
that actually embodies this subjectivity and intersubjectivity. In this section, the approach and the results for both steps are discussed for yeah-utterances, a subset of
the AMI dialog annotations.

6.1.1

‘Yeah’ Utterances

Heylen and Op den Akker [2007] discussed how response tokens such as “yeah”,
“okay”, “right” and “no” have the interest of linguists because they may give a clue
about the stance that the listener takes towards what is said by the speaker [Gardner, 2004]. Of these, this section concerns the yeah-utterances in the AMI corpus.
Yeah-utterances are defined here as all utterances that either consist of the single
world “yeah”, or consist of a longer sentence starting with the word “yeah”. They
make up a substantial part of the dialog acts in the AMI meeting conversations
(about eight percent). They are often ambiguous. In single word utterances, they
are used, for example, as backchannel, or to express agreement with the opinion of
the speaker. As part of a larger utterance, they may indicate agreement, they may
serve as a signal to keep or take the floor, or may play yet other roles. In order
to get information about the stance that participants take with respect towards the
issue discussed in a meeting it is important to be able to distinguish such different
occurrences of yeah-utterances.

VKAR
DHA
S95

VKAR
(215)
.
.

DHA
0.36 (111)
(221)
.

S95
0.36 (132)
0.45 (160)
(224)

Table 6.1: The pairwise alpha values for meeting IS1003d, which was annotated by all three annotators. Between parenthesis the number of agreed DA segments that start with “Yeah”.
On the diagonal the total number of yeah-utterances identified in IS1003d by each
single annotator are given.
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The class variables for dialog act types of yeah-utterances that are considered
in this chapter are: A SSESS (AS), B ACKCHANNEL (BC), I NFORM (IN), and O THER
(OT), as these are the most frequently occurring labels for these type of utterances.
Yeah-utterances are particularly difficult to annotate reliably. The inter-annotator
agreement, calculated on the yeah-utterances of meeting IS1003d, is low, as can
be seen in Table 6.1. This makes them a suitable subject for the modeling of (inter)subjectivity in this section. Whether the disagreement between annotators that
causes this low level of agreement is systematic will be investigated in Section 6.1.3.

6.1.2 Division of the Data into Training and Test Sets
In order to understand the experiments described later, it is necessary to have a
clear image of how much data there is, how it was divided over the annotators and
how it was split into training and test sets. The experiments were done on the full
set of yeah-utterances that are found in then dialog act annotations. This is in contrast with the usual approach for analysis of similarities and differences between
annotators, in which only the multiply annotated subset of reliability data is used.
Figure 6.1 visualizes the composition of the relevant data. The complete set of dialog act annotations contained 13,017 yeah-utterances, spread over many meetings
(top row of Figure 6.1). These annotations had been produced by three annotators
(DHA, S95 and VKAR) who annotated non-overlapping parts of the corpus (see second row of Figure 6.1). The data of each single annotator was split into a training
and a test set (third and lowest row of Figure 6.1). This resulted in the disjunct
training and test sets called T RNDHA , T RNS95 ... T STV KAR . Additionally, all three
training sets were combined into one training set called T RNALL , and similarly the
test set T STALL was constructed from T STDHA , T STS95 , and T STV KAR . The exact
sizes of all test and training sets as well as the distribution of the four relevant class
labels are given in Table 6.2. Given these data sets, the next section will discuss how
they have been used to model intersubjectivity using machine learning.

T RNDHA

13017 ‘Yeah’ Utterances, spread over all meetings
Annotated
Annotated
Annotated
by DHA
by S95
by VKAR
T STDHA
T RNS95
T ST T RNV KAR
T ST

Figure 6.1: The division of all yeah-utterances in the corpus into subsets according to which annotators labeled them. Sizes of the per-annotator training and test sets, as well as the
label distributions, are given in Table 6.2.

6.1.3

Approach

Classifiers behave as they are trained. When two annotators differ in the way they
annotate, that is, have different mental conceptions of the concepts being annotated,
one can expect that a classifier trained on the data annotated by one annotator
behaves differently from a classifier trained on the other annotator’s data. As Rienks
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Class

T RN/T STALL

T RN/T STDHA

T RN/T STS95

T RN/T STV KAR

BC
AS
IN
OT
Total

3043/1347
3724/1859
782/377
1289/596
8838/4179

1393/747
1536/1104
340/229
316/209
3585/2289

670/241
689/189
207/60
187/38
1753/528

980/359
1499/566
235/88
786/349
3500/1362

Table 6.2: Sizes of training and test data sets used and the distribution of class labels over these
data sets for the different annotators.

describes, this property allows us to use all data in the corpus for finding systematic
differences between annotators, instead of just the multiply annotated part of it
[Rienks, 2007, page 105], as long as there is at least enough data and there is not
too large a variance between the characteristics of the data sets annotated by each
annotator. One can expect that a classifier CA trained on data T RNA annotated by A
will perform better when tested on data T STA annotated by A, than when tested on
data T STB annotated by B. In other words, classifier CA is geared towards modeling
the mental conception of annotator A (assuming that the appropriate discriminating
features have been used).
Using the data described in the previous section, three annotator-specific classifiers CDHA , CS95 , and CV KAR , were trained, each on a different annotator’s data.
These classifiers are called ‘expert classifiers’, for being an expert on a certain annotator’s manner of assigning labels. In the next section, an analysis of their performance is carried out in order to find out whether the disagreement between the
different annotators is systematic. To this end the performance of the classifiers
CDHA , CS95 , and CV KAR will be presented for the four test sets defined in the previous section (T STDHA , T STS95 , T STV KAR , and T STALL ).
The next step is to distinguish the overlap, or intersubjective parts of the models,
and the parts of the learned models that mirror the idiosyncrasies of the annotators
used to train the models. To achieve this, a Voting Classifier Cvote is built, based on
the votes of the three classifiers CDHA , CS95 , and CV KAR . The classifier Cvote only
makes a decision when all three annotator-specific agree on the class label. This
means that of all instances in the test set T STALL , only a limited subset U will be
assigned a label by the classifier Cvote . Ideally, this classifier Cvote should embody
the overlap of the mental conceptions of the three annotators.

6.1.4

Results

Table 6.3 displays the classification accuracy for the expert classifiers CDHA , CS95 ,
and CV KAR on the four test sets (three annotator-specific T STDHA , T STS95 , and
T STV KAR , and the combined test set T STALL ). There is a clear performance drop
between using the test data from the same annotator from which the training data
was taken, and using the test data from other annotators or all test data. This
suggests that at least some of the disagreement in the annotations is systematic and
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may have resulted from idiosyncrasies in the annotators’ mental conceptions that
were picked up by the annotator-specific classifiers in the training process.
Classifier
CDHA
CS95
CV KAR

Test set
T STDHA

T STS95

T STV KAR

T STALL

69
59
63

64
68
57

52
48
66

63
57
63

Table 6.3: Performance of the annotator-specific classifiers (in terms of accuracy values – i.e. percentage correct predictions) trained and tested on various data sets. Results were obtained with a decision tree classifier, J48 in the Weka toolkit.

Given the three classifiers CDHA , CS95 , and CV KAR , each trained on the training
data taken from one single annotator, a Voting Classifier Cvote was built that only
outputs a class label when all three annotator-specific classifiers return the same
label. As was to be expected, the overall accuracy for Cvote , calculated on all test
data, is much lower than the accuracy of each of the single voters and lower than
the accuracy of a classifier trained on all training data (CALL ) (see Table 6.4). This
is due to the many times Cvote does not assign a label, because that counts as an
erroneous classification. However, the per-class precision of Cvote (the amount of
correct labels assigned to instances from T STALL ) is higher than that of any of the
other classifiers, for each of the single classes (see Table 6.5).
Classifier

Accuracy on T STALL

CALL (8838)
67
CV KAR (3500) 63
CS95 (1753)
57
CDHA (3585)
63
Cvote (8838)
43
Table 6.4: Performance of the MaxEnt classifiers (in terms of accuracy values, that is, percentage
correct predictions) tested on the combined test set T STALL (4179 yeah-utterances).
The first column repeats the size of the training sets between brackets.

Class
BC
AS
IN
OT

Classifier
Cvote

CDHA

CS95

CV KAR

CALL

71
73
60
86

65
62
58
59

63
64
34
32

71
61
52
57

69
66
50
80

Table 6.5: Precision values per class label for all classifiers.
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6.1.5

Discussion

The Voting Classifier Cvote , presented above, was built in an attempt to explicitly
separate the intersubjective overlap and the annotators’ idiosyncrasies as picked up
in the training process by the annotator-specific classifiers CDHA , CS95 , and CV KAR .
It assigns a class label only for the subset of the test data for which the annotatorspecific classifiers agree on the class label. In this way, an increased precision was
achieved. This is what one would expect when the overlap between the classifiers
is related to overlap between the mental conceptions of the annotators, that is,
when Cvote models the intersubjectivity between the annotators. Note that, although
precision went up, accuracy went down, because the Voting Classifier is designed
to restrict judgements to the cases where annotators would have agreed — and,
presumably, therefore to the cases in which users of the data are able to agree to
the judgements as well. All cases outside of that restriction are by definition not
recalled. It is possible that a class label is even completely ‘lost’ for the Voting
Classifier, which in the example above happened for the O THER class which reached
a high precision but a recall of less than five percent.
Assuming that the results presented in the previous section did actually express the intended effect of modeling intersubjectivity, a Voting Classifier built from
annotator-specific expert classifiers forms a cautious kind of classifier that would
generalize well to new annotators. The Voting Classifier picks up a kind of ‘common
sense’ in the most literal meaning of the word. Building a Voting Classifier that models intersubjectivity makes it possible to reason about subjective constructs and the
intersubjective elements to them as they are found in corpora. Another advantage
is that when such a classifier is deployed in a practical application — assuming that
the end users of the application have the same common sense — the classifier will
render judgements with which the end users of the application would agree as well.
The results presented above do also raise a host of additional questions. The
next section will address a few of the most important of those.

6.2

Exploring More Aspects of Subjective and Voting
Classifiers

The initial results on developing a Voting Classifier for yeah-utterances presented in
the previous section raise many questions. Do the results and conclusions generalize to other data sets? After all, yeah-utterances are a quite specific data set. Is it
possible to find more evidence for the results being caused by the Voting Classifier
modeling the intersubjectivity, and not by something else? What is the theoretical
and practical relation between ensemble learning and the Voting Classifier discussed
above? This question is very important, because the method of ensemble learning
does not need to invoke concepts of subjectivity and intersubjectivity, and nevertheless can achieve increased performance by training separate classifiers on different
subsets of data and combining the outcome. In this section, these questions are
explored, supported by additional experiments.
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Figure 6.2: Cross annotator training/testing results for addressee annotations. “X on Y” shows the
performance of the classifier CX (trained on the training set from annotator X) that
was achieved on the test set T STY from annotator Y.

6.2.1

Generalisation to Other Data

The first question that must be addressed is: can these results be repeated on different data? This question is explored using the addressing data that was introduced in
Section 4.3. The data, 6,590 utterances annotated with addressee by the same three
annotators (VKAR, S95, and DHA), was divided into training and test sets using exactly the same procedure explained in Section 6.1.2. For each annotator we split an
equal amount of their data randomly in two parts: 90% of the data is designated
as training data and 10% as test data. The three training sets are also combined in
one large training set T RNALL ; the three test sets into one test set T STALL . Five
separate classifiers are constructed using the same Bayesian Networks and features
described in Section 5.5. Classifier CALL is trained on all training data. On each
of the three annotator-specific training sets an annotator-specific expert classifier is
trained (resulting in CDHA , CS95 , and CV KAR ). Finally, the three annotator-specific
expert classifiers are combined into a Voting Classifier Cvote . Training and testing is
carried out using 5-fold cross-validation in order to be able to graph accuracy values
using mean and standard deviation.
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Figure 6.3: Results of the Voting Classifier for addressee annotations. “ALL on ALL” shows the overall accuracy of CALL . “VOTE on ALL” shows the accuracy of Cvote obtained on subset
U . “AIVC on ALL” shows the accuracy of CALL obtained on subset U . “Unanimous
votes” shows the number of unanimous votes from Cvote , that is, the size of subset U .

Figure 6.2 shows the performance of the annotator-specific classifiers on each of
the three test sets. Clearly, each classifier CX performs best on the test set T STX .
Figure 6.3 shows the performance of the classifier Cvote calculated on subset U in
which the three annotator-specific classifiers reach a unanimous judgement, compared to the performance of the classifier CALL , tested on all data T STALL . Note that
in this experiment, accuracy of the classifier Cvote is calculated on only the subset U
of test instances where the three expert classifiers give a unanimous judgement. About
40 percent of the judgements of the experts were unanimous. In this subset U (40%
of T STALL ), Cvote obtains an accuracy of 83%, in contrast to the 66% obtained by
CALL on the full set T STALL . This shows that the effects found for yeah-utterances,
presented in Section 6.1, can be repeated for addressee data.

6.2.2

Performance Improvement or Context Selection?

The Voting Classifier returns a class label in only a subset U ⊂ T STALL of 40% of
the test instances. Within this subset it achieves an accuracy that is almost 20%
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higher than the accuracy of the standard classifier CALL tested on T STALL . This
does not necessarily mean that the accuracy of Cvote within subset U is higher than
the accuracy of CALL within subset U of the test data. To put it differently, it is not
yet clear from this difference whether Cvote achieves a higher performance within
the limited subset U or whether Cvote serves as a context selection mechanism for the
cases in which annotators would agree more as well — the latter also leading to a
higher performance in subset U .
Figure 6.3 additionally shows the performance of CALL as calculated only on the
subset U ⊂ T STALL where Cvote returns a class label (the result marked “AIVC on
ALL”). It turns out that within subset U both classifiers achieve comparable accuracy.
For the addressee annotations at least, Cvote apparently serves as a context selection
mechanism. Whether this is specific to the data set that is used or whether this is
principally true for any such Voting Classifier is an open question that remains for
future investigations. Note, though, that this does not affect the answer to the question whether the Voting Classifier Cvote models intersubjectivity — just the question
how well it models it.

6.2.3

Precision and Recall

In this subsection, precision and recall within subset U are examined in more detail
for the experiments described above. This is done in terms of precision and recall
on G-addressed and I-addressed labels, because the difference between G-addressed
and I-addressed is an important distinction in this data set with respect to the differences between annotators (see Section 5.1).
Figure 6.4 represents the results of the same experiments discussed in Section 6.2.1, but displayed differently. The graph should be read as follows. “PrecI” is
an aggregate precision measure indicating the precision of a classifier on I-addressed
utterances, that is, the degree to which the classifier correctly labeled an utterance
with one of the labels A, B, C or D, relative to the total number of (any) individual labels assigned by the classifier. “RecI” indicates the recall on I-addressed utterances:
the number of utterances correctly labeled A, B, C or D by the classifier, relative to
the number of utterances that should have been labeled as such according to the
test data. “PrecG” and “RecG” indicate the same, for the addressee label G ROUP.
The results marked “ALL on ALL” concern classifier CALL tested on T STALL . The results marked “VOTE on ALL” concern classifier Cvote , tested on subset U ⊂ T STALL .
The precision and recall of CALL tested on subset U is not shown, as these values
are similar to those for Cvote (see also Section 6.2.2). It should be noted that in
the voting context defined by subset U , G-addressed utterances make up the same
amount of data as in the whole test set (about 65%).
For the I-addressed utterances — the utterances with addressee label A, B, C or
D — Cvote shows a strong increase of 20% in precision, but no increase in recall,
compared to CALL . This means that Cvote labeled (relatively) less utterances with
one of the labels A, B, C or D, but did so with higher precision. This fits very
well with the observations on inter-annotator agreement for addressee, given in
Section 5.1.2, which said that the annotators, if they agreed on an utterance being
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Figure 6.4: Precision and recall results of the voting classifier Cvote for addressee annotations.

I-addressed, could agree very well on which individual it was. This result, then at
least does not contradict the idea that Cvote models the intersubjectivity between
annotators.

6.2.4

Ensemble Learning

The Voting Classifier method presented in this chapter works by first training separate classifiers on subsets of the data and then combining their results to obtain
a better classification. The same technique also underlies the ensemble learning approach. This subsection concerns the relation between the two methods. First, some
detail is given on ensemble learning. Then, the question is phrased whether the results presented in this chapter can be explained without assuming that Cvote models
intersubjectivity, using principles from ensemble learning. Finally, two experiments
are presented that were carried out as attempts to do just this. Neither experiment
could prove successfully that Cvote does not model intersubjectivity.
In ensemble learning, the goal is not to model (inter)subjectivity, but to have several classifiers learn different parts of the truth, hoping that the combination of the
classifiers represents the overall truth of the classification problem better. As Diet-
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terich [2000] discusses in his survey of ensemble learning, the separate classifiers
must make different mistakes in order for the approach to work. When many classifiers make really different types of errors, in different situations, it becomes possible
for the errors of one classifier to be compensated for by the judgements from all the
other classifiers. There are several ways to build classifiers that make radically different errors, thus modeling different aspects of the truth, among which: (1) use the
same training data but use completely different machine-learning methods for each
classifier; (2) use ‘unstable’ classifiers or training methods that do not converge but
rather end up in different local minima; (3) train the different classifiers on subsets
of the data of which you suspect that they cover different aspects of the truth. The
subjective Voting Classifiers described in this chapter are a clear example of the last:
each subset of the data on which one of the annotator-specific expert classifiers was
trained covers a different part of the common sense truth.
At this point the question arises whether the Voting Classifiers presented above
have a higher performance in subset U because the training subsets mirror the mental conceptions of different annotators, or because any two subsets of the full training data would cover not completely overlapping parts of the overall truth. In order
to answer this question two additional experiments are performed, in which Voting
Classifiers are built on subsets of the training data divided on other properties than
the annotator. If the mental conceptions of the annotators really make a difference,
the annotator-specific Voting Classifier must show a stronger performance gain in
subset U than the other Voting Classifiers.

Random Subsets
The first experiment is intended to find out whether it makes a difference that the
three ‘expert classifiers’ that cast the votes for Cvote were trained on annotatorspecific data. If the annotator-specificity does not introduce extra systematic differences between the training sets — so any three subsets of the full training data
would cover ‘not completely overlapping parts of the overall truth’ to the same extent — then the performance gain observed in Section 6.2 would also be obtained
by a Voting Classifier CvoteRnd constructed of three expert classifiers each trained on
random parts of the data.
Figure 6.5 shows the results obtained for CvoteRnd constructed of three experts
trained on the (not annotator-specific) subsets T RNrnd1 , T RNrnd2 , and T RNrnd3 .
Each annotator is equally represented in these three training subsets, which are
used to train the classifiers Crnd1 , Crnd2 , and Crnd3 . A comparison of the results in
Figure 6.5 with the original results in Figure 6.3 shows that the annotator-specific
classifier Cvote achieved twice as much performance gain as the classifier CvoteRnd .
Concluding, the following can be said. Firstly, there is indeed an ensemble learning
effect for CvoteRnd . Secondly, this effect is much smaller than for Cvote . Apparently
there are systematic differences between the annotator-specific training sets that
contribute a large portion of the performance gain.
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Figure 6.5: Results of the voting classifier CvoteRnd for addressee, compared to the classifier CALL
trained on all training data, for a voter constructed of three experts (Crnd1 , Crnd2 , and
Crnd3 ) trained on mixed data instead of annotator-specific data.

Different Meetings Instead of Different Annotators
The second experiment is intended to find out whether the systematic differences
between the training sets that resulted in the performance gain were caused by the
annotator-specificity of the training sets, or by a kind of meeting effect. The three
annotators annotated non-overlapping parts of the corpus. This means that the
‘annotator-specific’ subsets are also ‘meeting-specific’ subsets. The different meetings are composed of different participants, and proceed therefore in different ways.
Does this mean that the performance gain might as well be ascribed to the subsets
of training data being meeting specific instead of their being annotator-specific? In
order to answer this question, the experiments were repeated on different equally
sized subdivisions of addressee data all annotated by the same annotator. The data
from VKAR — who annotated many more meetings with addressee than the other
annotators — was subdivided in two ways: randomly, leading to the voting classifier CvoteV karRnd , and in meeting-specific subsets, leading to the voting classifier
CvoteV karM eeting . If the effect shown in Section 6.2.1 was caused by the meetingspecificity, rather than by the annotator-specificity, then two things would follow.
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Firstly, CvoteV karM eeting would be expected to exhibit a performance gain equivalent
to that achieved by the original annotator-specific classifier Cvote . Secondly, the
performance gain of CvoteV karRnd and CvoteV karM eeting should exhibit the same differences as that of CvoteRnd and Cvote shown in the previous section.
Figures 6.6(a) and 6.6(b) show the results for this second experiment. The gain
achieved with a meeting-specific voting classifier is no better than the gain achieved
with the voting classifier that is not meeting-specific. Apparently the performance
gain achieved for the annotator-specific voting classifier can be ascribed to the differences between annotators instead of the differences between meetings, supporting
the idea that the performance gain is in some way related to the overlap between
the mental conceptions of the annotators.

6.3 More Questions
The material presented in this chapter concerns a Voting Classifier based on the
following theoretical principles: (1) annotations produced by annotators in a subjective task are a reflection of their personal “mental conceptions of a construct,” (2)
those mental conceptions can be modeled using machine learning, and (3) agreement between the learned classification models may be indicative of situations where
the annotators would have agreed, too. This way, the Voting Classifier can be seen
as modeling the intersubjectivity, or ‘common sense’ shared between annotators.
When such a classifier is deployed in a practical application, it will render judgements with which the end users of the application would agree more easily, too —
assuming that the end users of the application have the same common sense.
The results presented above for Voting Classifiers are, if not conclusive, at least
suggestive of supporting the theoretical ideas on which they are based. Section 6.2
explored some questions about how and why the Voting Classifier works. Although
this resulted in no firm definitive conclusion regarding the hypothesis that the Voting Classifier is an embodiment of the intersubjectivity in the annotators’ mental
conceptions, at least some objections to the hypothesis were countered. The results
cannot be explained as ‘just’ ensemble learning, nor as a meeting-specific rather
than annotator-specific effect, and the results generalise to at least one other data
set. However, each attempt to answer a question leads to several new open questions. It is clear that there is still a lot of work to do in investigating Voting Classifiers
and the relation between machine learning, subjectivity and inter-annotator agreement. In the remainder of this section a number of issues and open questions will
be briefly touched upon. Some concern the underlying fundamentals of intersubjective voting classifiers and others concern the question as to how the results can be
improved. Extensive experimentation with a really large data set of multiply annotated data would give the opportunity to address a number of these questions. This
remains for future work.
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(a) Results of the meeting-specific expert voting classifier CvoteV karM eeting for
addressee annotations trained on meeting-specific data annotated by VKAR.

(b) Results of the voting classifier CvoteV karRnd for addressee annotations
trained on mixed data from different meetings annotated by VKAR.
Figure 6.6: Results using meeting-specific data instead of annotator-specific data. The meetingspecific voting classifier CvoteV karM eeting performs similar to the non meeting-specific
classifier CvoteV karRnd , in contrast to the differences between Cvote and CvoteRnd
shown in Figures 6.3 and 6.5.
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6.3.1

Questions About Improving the Results

Although the main goal of this chapter was to show that (inter)subjectivity in annotations could be modeled explicitly, and not to achieve the highest performance, the
Voting Classifier allows for several obvious ways to improve classification results,
related to its fundamental architecture, that have not been explored in this chapter.
Are there other (better) voting mechanisms for the Voting Classifier? The
experiments in this chapter used a unanimous voting procedure for the voting classifiers. Other ways to do the voting might include majority voting or Bayesian averaging. A larger data set, annotated by more than three annotators, would be needed
for systematic experimentation with such mechanisms.
How can the performance of the single annotator-specific classifiers be improved? The annotator-specific classifiers are intended to capture the personal view
of a single annotator. This could be done better by tuning the classifiers more
strongly to that single annotator’s data, for example by doing separate feature selection for it. This in turn might conceivably lead to higher performance of the Voting
Classifier within the subset of instances that it will venture an opinion about.

6.3.2

Questions About Underlying Fundamentals

Does the Voting Classifier actually model intersubjectivity? This remains the
main open question. The results are suggestive, not conclusive. It might be possible
to test this further: if true, the voting classifier would return a judgement on multiply annotated data in exactly those cases in which the annotators agreed, too. Note
that not all data needs to be annotated by more annotators: just enough to test the
hypothesis. Otherwise, it will suffice to have enough data for each single annotator,
be it overlapping or not. This is especially advantageous when the corpus is really
large, such as the 100h AMI corpus. Another way to test the hypothesis that the
voting behavior relates to intersubjectivity is to look at the type and context of the
points of agreement between annotators, found in the reliability analysis, and see if
that relates to the type and context of the cases where the Voting Classifier renders
a unanimous judgement. That would be strong circumstantial evidence in support
of the hypothesis. The FOA context seems promising to use, given that the interannotator agreement for addressee data had such clear contextual dependencies.
In this particular case, however, it is not such a good idea because the contextual
feature (FOA) was also used as one of the most important training features for the
classifier. Finding the most agreement between voters in a certain FOA context
would point to FOA indeed being a strong feature, rather than unequivocally to the
classifier embodying intersubjectivity.
What is the relation between the voting classifier and confidence metrics?
The context selection behavior of the voting classifier can also be seen as a binary
confidence metric. Is this ‘analytical confidence metric’ a kind of optimal estimation
of a confidence metric that can also be approached by directly learning it? This
might be something that can be figured out using another simulation approach, as
was done in Chapter 3.
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How do intersubjectivity for annotators and generalization to end users relate? Throughout this chapter it is mentioned several times that “the cases in which
annotators would agree” more or less equal “the cases in which the judgement also
generalizes well to the way end users of applications assess their own and others’
(inter)actions.” This position is based on the idea of “shared common sense,” and
the assumption that data has been annotated using “naive” annotators representative of the average end consumer of the data or end user of applications. It could be
tested more rigorously using an experiment in which data is first annotated multiple times, and next offered to representative end users in an assessment procedure
where they have to indicate whether they agree with the offered judgements or not.
What is the relation between the used features and classifier types, and
whether the performance gain is observed? It is reasonable to assume that the
performance gain that was achieved with the intersubjective voting classifier depends on the annotator-specific classifiers being able to pick up the idiosyncrasies
of the individual annotators. This in turn will probably depend on things such as
the selected features and modalities (see also the discussions in Chapter 5) and the
used machine-learning methods.
How to distinguish disagreement that indicates subjectivity from the disagreement that indicates errors? In the introduction of this thesis it is mentioned
that not all disagreement may be caused by errors: sometimes disagreement is simply an indication of differing mental conceptions. This does not mean, however,
that errors are no longer an important problem in annotations as soon as one starts
to look at subjective content! If an annotator misunderstands a label, the resulting
disagreement may be systematic, but his annotations are still simply wrong, and not
‘subjective’. The fact that a machine classifier is able to ‘recognize something’ is not
enough. “[Such a position] could be dangerous if taken as recommendation, since it
would legitimize the detection of patterns that have little to do with any reality that
can be observed by humans” [Artstein 2008, personal communication]. However,
currently there is no clear way to distinguish the two types of disagreement. For
this, the field needs to develop new methods.

6.3.3

Final Thoughts

The final conclusions that can be drawn from the results and questions discussed in
this chapter are the following.
(1) Explicitly modeling subjectivity and intersubjectivity of the annotations produced by different annotators is an interesting direction that certainly deserves more
future attention.
(2) There are numerous open questions regarding this approach, of which the most
important one may be how to measure reliability for subjective annotations.
(3) For all of the issues and directions discussed in this chapter, provenance data is
very important. Projects that perform annotation on a large scale need to consider
storing (anonymized) information about the annotators who produced the separate
sections of the annotated data. This requires a major change in working procedures
in the field.

Part III
Reflection

Chapter 7
Designing for Interaction
In this chapter a somewhat broader view on corpus based research is discussed.
The previous parts of the thesis concerned the annotation process, inter-annotator
agreement, the quality of corpora and the training of automatic classifiers for the
annotated content. This chapter focuses on the relation between classifiers for projective latent content and the interactive systems in which they are to be used. First,
a few different applications of automatic recognition modules are discussed. After
that, an analysis of the role of classifiers for projective latent content in the different
types of application leads to a final reflection on subjective machines.

7.1

Application Contexts for Recognition Modules

Within projects such as AMI many recognition technologies are developed. Some
of these concern manifest content and others projective latent content. There are
many ways to apply these technologies in HCI, both inside the meeting domain and
elsewhere. An important distinguishing dimension for such applications is the relation between the person(s) whose behavior is being recognized, and the person(s)
who are the end consumers of the recognition results.
For some of these applications the person whose (communicative) behavior is
recognized is also the end user of the system. Recognition of manifest content is
used to control a computer through speech and gestures. Recognition of projective
latent content such as emotion and attitude can be used in tutoring situations to
determine the best student feedback or in entertainment systems to ascertain that
the user is still enjoying himself.
It is also possible that the end user is not necessarily one of the people whose
behavior was recognized. For example, an automatic meeting summarizer may also
present the (interpretation of) the recognized behavior to people other than the
original participants. The summaries are useful as minutes for the participants,
but managers, colleagues who were not there and other people may have access to
them, too. The summaries can contain recognized speech (manifest content), but
also recognized decision points, or information about who did or did not agree with
a decision (projective latent content).
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Finally, in some applications the intended end consumer of the recognition result
is clearly and unequivocally not the person whose behavior is being recognized. For
automatic call centers, there is a lot of work on automatic recognition of certain
emotions of the customer based on telephone speech, to allow intervention from a
human operator when a user gets frustrated and angry at the automatic response
system [Petrushin, 2000; Devillers et al., 2002; Morrison et al., 2007; Gupta and
Rajput, 2007]. In a distributed communication environment, one can present not
only the audio and/or video to the communication partners, but also additional information such as mood. In some games and chat environments people can display
their emotions through an avatar; usually this is done with explicit commands, but
it could be an interesting extension to do this based on automatic recognition. As
a last example, in the AMI project a demonstration setup is developed in which
communication in a distributed meeting is enhanced with a remote participant in
an otherwise co-located meeting is represented by an avatar. The expressions of
the avatar are to be controlled through a mixture of user commands and automatic
recognition of the behavior of the remote participant. The use scenario is a situation
in which the remote participant cannot use a full teleconferencing setup because he
is otherwise occupied, for example driving a car. The goal is to enhance the presence
of the remote participant in the meeting and to increase the level of participation by
the remote participant.

7.2 Requirements for Subjectively Annotated Data
The different application contexts described in the previous section place different
demands on the type of subjectivity that needs to be modeled in classifiers, and
therefore on the type of data that the classifiers are trained on. Below, three possible
requirements — that do not necessarily go together very well — are described:
a requirement for agreeable judgements, a requirement for consistent and cohesive
judgements, and a requirement for user adapted judgements.
For some systems it is very important that the recognition modules will only
render judgements that all end users would agree to. To build such a system, one
needs annotated data from many different people, to make sure that the full range of
human variability in interpretation is covered. These annotations can then be used
as in Chapter 6 to build classifiers that focus on the overlap between the mental
conceptions of all these annotators.
For other systems, it may be more important that the recognition judgements
made by the system simulate a believably complete ‘mental conception’, and are as
consistent and cohesive as if they come from one real human. For a Virtual Human
in a tutoring system, for example, it is more important that the working of the recognition modules suggests a consistent personality than that it is never controversial
in its judgements. Real human teachers are not expected to only make judgements
of the behavior of the pupils to which everybody would agree, either. But if the different interpretations made by the system do not form a coherent whole, the system
will appear to be whimsical in its perceptions and interpretations of the interaction
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partner. To obtain consistent and cohesive judgements from a classifier, it probably
needs to be trained on annotated data from only one annotator, to make sure that
the corpus contains a balanced reflection of the mental conceptions of one person.
Yet other applications may need classification modules that are perfectly adapted
to the behavior of the specific user whose behavior is being recognized. For example, the remote meeting participation demo, in which the remote participant is
represented through an avatar, needs to be adapted to interpreting each particular remote participant correctly. Otherwise the other participants in the meeting
will get entirely the wrong image of the opinions and contributions of the remote
participant.

7.3

Two New Types of Classifiers

Many annotation tasks require judgements with a large measure of subjectivity.
When this is simply taken as a given, and the systematic disagreement resulting
from the different mental conceptions of the annotators is not taken into account
while training a machine classifier on the resulting data, there is no simple reason
to assume that the resulting classifier is any less idiosyncratic in the judgements it
makes. Without additional analyses one cannot suppose the classifier did not pick
up those idiosyncrasies from the annotators. Indeed, in the previous section we saw
that this may be a desirable feature of a classifier. Models may be trained with the
goal of having them mirror the mental conceptions of one person. A judgement
made by such a classifier should be approached in a similar manner as a judgement
made by another person. Such classifiers can therefore be called ‘subjective entity’
classifiers.
A careful analysis of the inter-annotator (dis)agreement makes it possible to
build classifiers that (partly) embody the intersubjective overlap between the mental
conceptions of the annotators. Because the classifier is designed only to give a
judgement in situations where one can expect annotators or users to agree, one
can, despite the subjective quality of the annotation task, approach the judgements
made by the classifier as a kind of common sense truth (‘this is more or less what
people can agree on’). Such classifiers can be called ‘consensus objective’ classifiers.

7.4 Subjective Machines?
The two types of classifiers introduced in the previous section are fundamentally not
the same as manifest content classifiers that detect persons in video streams, fighter
planes in radar images, or characters in hand written text. The process of collecting
data, annotating the data, and learning from the annotations to automatically classify new data is superficially not so much different. Nevertheless, subjective entity
classifiers and consensus objective classifiers, which both operate on projective latent content, yield classifications that have a quite different meaning than those of
manifest content classifiers.

80 | Chapter 7 – Designing for Interaction
The manifest content classifiers are like a calculator. When a computer performs
a calculation for you, you expect it to be fast and precise. Some calculations may
be complex and yield approximations rather than an exact answer, but in general
the answers can be trusted. You know how to use the answers as facts to form an
opinion or make a decision.
The projective latent content classifiers are not like a calculator. The results of
their classifications should be approached in a fundamentally different way. To see
this, think about the following. A person who attended a meeting that you missed
tells you what happened during the meeting. He tells you what the general mood in
the meeting was, which participants had a conflict, and he tells about the decisions
that were most hotly disputed. When you form your own ideas about that meeting,
based on his story, you will take into account that the information was given to you
by another person, with his own preconceptions and views. You will approach part
of his story not as fact, but as opinions and interpretations. Subjective entity classifiers are not persons. Nevertheless, their classifications should be approached not as
facts, but rather as opinions and interpretations, due to the way they were trained.
And even consensus objective classifiers, the classifications of which are supposed
to only concern ‘that what people can agree on’ yield interpretations rather than
facts — although, philosophically speaking, one can wonder what the distinction is
between a fact and an interpretation on which everybody agrees.
The question rises who is responsible for the interpretations that are given by
the classifiers. Is it the annotator who produced the training data? Is it the designer
who build a program around the classifier? Or should the machine be redefined as a
‘subjective actor’ to replace the ‘machine as calculator’? Looking for answers to these
questions is well outside the scope of this thesis. This chapter will merely end with
pointing out that systems that use projective latent content classifiers to interpret
the behavior of humans should be very clear towards the user with respect to the
possible subjective status of the information being presented. Maybe information
drawn from such classifiers should be presented to a user as the opinions of a Virtual
Human, as recently suggested by Reidsma et al. [2007].

Chapter 8
Conclusions
In this chapter the results and conclusions from this thesis are summarized, in the
light of the research questions that were formulated in Section 1.2. The main research question was as follows.
Main RQ — What are the relations between inter-annotator agreement, subjective judgements in annotation, and whether a corpus is fit for the purpose for which
it was constructed?
This question was addressed in detail using three more concrete research questions
that are discussed below. First, it is necessary to understand how people have in the
past been looking at these respective relationships. The first part of the thesis started
in Chapter 2 with a discussion of literature concerning reliability analysis and corpus based research, with a focus on the themes that were considered most relevant
to the thesis. The use of inter-annotator agreement as a metric for determining
the quality and reliability of an annotated corpus was explained. Next, related work
was summarized on two additional steps in the analysis of inter-annotator: how and
why disagreement occurs in certain annotation tasks and what the consequences of
such disagreement is for the use that can be made of the resulting corpus. Although
the last two topics are somewhat under represented in the literature, several practical examples were presented. The literature overview furthermore contained a
discussion of the role of subjective judgements in corpus annotation. The concept
of projective latent content from the field of Content Analysis was presented, arguing that there is much work in computational linguistics and corpus based computer
science to which this concept applies. It was remarked that for projective latent content it is more likely that inter-annotator disagreement is systematic than for other
types of content.
After this introductory chapter, the first of the three concrete research questions
was taken up.
RQ 1 — What is the relevance of placing a threshold on the level of interannotator agreement for assessing the reliability of a corpus, especially if the errors
that caused reduced agreement may not have been homogeneous?
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To answer this question, a series of simulation experiments has been performed.
The results of the experiments challenge one of the common practices in corpus
based research, namely that of equating “reliability assessment” with “calculating
an agreement metric”. In this practice researchers consider the task of reliability
assessment to be finished, and the quality of their data to be tolerable, as soon as
they have been able to show that κ or α exceeds a certain threshold value. The
experimental results presented in Chapter 3 showed that not just the amount but
also the type of annotators’ errors that caused a reduced inter-annotator agreement
can have large consequences for whether the data is fit for purpose, especially if this
purpose is machine learning. If the errors appear to be more or less random then the
amount of information in the annotations goes down, limiting the performance of
the machine classifiers. But since machine-learning algorithms are designed specifically to look for, and predict, patterns in noisy data, more data will yield more signal
and the learner will ignore the noise. In theory, this makes random disagreement
relatively unimportant. However, if the errors are systematic in some way, they introduce patterns in the data. Machine classifiers are designed to pick up patterns,
so they will learn to emulate these errors. Because the same errors may also be
present in the test data it is possible that a performance analysis of the resulting
machine classifiers will not reveal this weakness in the learned models. Simulating
the annotation process, the experiments demonstrated that machine learning can
tolerate data with a low reliability measurement as long as the disagreement looks
like random noise, and that when it does not, data can have a reliability measure
commonly held to be acceptable but produce misleading results. This means that
the value of reliability metrics, compared to the usual threshold of 0.8, is not readily interpretable. It was concluded that although inter-annotator agreement analysis
can be a powerful tool for assessing the quality of an annotated corpus, this is only
so if it includes an analysis of the type of errors made by annotators as well as of
the potential impact of those particular errors on the use that is made of the data.
The second part of the thesis contains several explorations, on data from the AMI
Corpus, of the relation between inter-annotator agreement, data quality, machine
learning and subjectivity. Chapter 5 addressed research question two.
RQ 2 — Given annotation with a low inter-annotator agreement, how can one
pinpoint more reliable subsets of the annotated data for which a higher agreement
was achieved?
It was shown that it is possible to take data which was annotated with a relatively
low level of inter-annotator agreement, and use the results of an extended agreement analysis to determine certain ‘more reliable subsets’ in which the annotated
data has a higher quality. FOA context III (‘at least some person in speaker’s FOA
during utterance’) defines one such more reliable subset on the addressee annotations. One can then train and test a classifier on only the more reliable subset of
the data, which probably leads to a better performance. If the context defining the
more reliable subset can be derived for new, unseen data, too, this allows one to
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have the trained classifier only return a class label for those instances for which it is
qualified to make a judgement.
The third and last concrete research question addressed the subjective aspect of
annotator disagreement.
RQ 3 — Is it possible to find out how subjective the annotations are, and to model
the subjectivity explicitly as it relates to the overlap and disjunctions between the
personal points of view of the annotators, using machine-learning methods?
A series of experiments has been performed on data that was annotated with a
certain amount of subjectivity. In Chapter 6 it was shown how it is possible to take
this subjectivity in annotation into account during the machine-learning process.
Ensemble classifiers can be constructed that are designed to make judgements in a
certain subset of instances in such a way that they reflect the overlap in the mental
conceptions of the annotators who produced the annotations. This allows one to
separate the intersubjectivity in the classifiers’ judgement from the idiosyncrasies
that were picked up from the annotations of one particular annotator.
Based on these results, two new concepts are defined in Chapter 7. Subjective
annotations can be used to build a subjective entity classifier. Such a classifier should
classify in a way with which users would not necessarily always agree but which can
be seen as reflecting a consistent subjective judgement. A subjective entity classifier
can either be conceived of as implementing the mental conception of one specific
annotator, or as embodying a generic ‘average user’ mental conception. Subjective
annotations can also be used to build a consensus objective classifier. Such a classifier
ideally only renders a judgement for instances where all annotators as well as end
users would agree with the judgement.
The most important contributions of this thesis to the field of corpus based research consist of four elements. Firstly, it presents an approach to the use of annotated data that takes the interaction between inter-annotator agreement analysis
and the possible use of the annotated data into account, more so than is the usual
practice in the field. Secondly, it also contains clear arguments — based on simulations — for why the usual practice is insufficient. Thirdly, the thesis presents new
ways of looking at subjective judgements from annotators in the context of machine
classification tasks, to show how the field can approach the increased presence of
projective latent content in corpus based research, namely (1) deriving mode reliable subsets from data annotated with a low inter-annotator agreement and (2)
explicitly modeling the (inter)subjectivity present in annotations. This particular
contribution has resulted in many open issues and questions that can be a starting
point for future work. Fourthly, there are several places in the thesis where a need
for a change of practices in the field is pointed out. They can be summarized as
follows.
• An analysis of how and why annotators disagree should be included as a necessary part of reliability analysis.
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• An analysis of the impact of disagreement on the intended use of the corpus
should be included as a necessary part of reliability analysis.
• The field needs to develop new methods for these analyses.
• Methods need to be developed to distinguish disagreement that stems from
errors from disagreement that follows from the subjective nature of an annotation task.
• Information about which annotator produced which data in a corpus should
be stored as an essential part of the corpus data.
• Systems that use projective latent content classifiers to interpret the behavior of humans should be very clear to the user with respect to the possible
subjective status of the information being presented.
The final conclusion that can be drawn from this thesis is based on the observation
that for every tentative answer to a question that was found more new questions
were raised: “This thesis is only a starting point.”
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J OVANOVI Ć , N. To Whom It May Concern - Addressee Identification in Face-to-Face Meetings. Phd thesis, University of Twente,
2007.
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J OVANOVI Ć , N., H. J. A. OP DEN A KKER, and A. N IJHOLT. A corpus for studying addressing behaviour in multi-party dialogues.
Language Resources and Evaluation, 40(1):5–23, ISSN 1574-020X, February 2006.
K ITA , S., I. V. G IJN, and H. VD . H ULST. Movement phases in signs and co-speech gestures, and their transcription by human
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Abstract
Researchers who make use of multimodal annotated corpora are always presented
with something of a dilemma. On the one hand, one would prefer to have research
results that are reproducible and independent of the particular annotators who produced the corpus that was used to obtain the results. A low level of inter-annotator
agreement achieved on an annotation task implies a risk that this requirement is
not met, especially if any disagreement between annotators was caused by them
making errors in their task. On the other hand, many very interesting research issues concern phenomena for which annotation is an inherently subjective task. The
judgements required of the annotators are then heavily dependent on the personal
way in which the annotator views and interprets certain communicative behavior.
In that case, the research results may become less easily reproducible, and certainly
are no longer independent of the particular annotators who produced the corpus.
The usual practice in assessing whether a corpus is fit for the purpose for which
it was constructed is to calculate the level of inter-annotator agreement, and when
it exceeds a certain fixed threshold the data is considered to be of tolerable quality.
There are two problems with this approach. Firstly, it depends on the assumption
that any disagreement in the data is not systematic, but looks like noise. This assumption may not always be warranted. Secondly, the approach is not well suited
for annotations that are subjective to a certain degree, as in that case annotator disagreement is (partly) an inherent property of the annotation, expressing something
about the level of intersubjectivity between annotators in how they interpret certain
communicative behavior versus the amount of idiosyncrasy in their judgements with
respect to this behavior.
This thesis addresses both problems. In the theoretical part, it is shown that
when disagreement is systematic, obtaining a certain level of inter-annotator agreement may indeed not be enough of a guarantee for the data being fit for its purpose.
Simulations are used to investigate the effect of systematic disagreement on the relation between the level of inter-annotator agreement and the validity of machinelearning results obtained on the data. In the practical part, two new methods are
explored for working with data that has been annotated with a low level of interannotator agreement. One method is aimed at finding a subset of the annotations
that has been annotated more reliably, in a way that makes it possible to determine for new, unseen data whether it should belong to this subset — and therefore,
whether a classifier trained on this more reliable subset is qualified to make a judgement for the new data. The other method is designed to use machine learning for
explicitly modeling the overlap and disjunctions in the judgements of different an-
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notators. Both methods put together should make it possible to build classifiers
that, when deployed in a practical application, yield decisions that make sense for
the human end user of the application, who indeed also may have his or her own
way of interpreting the communicative behavior that is subjected to the classifier.

Samenvatting
Onderzoekers die werken met multimodale annotaties gemaakt voor audio- en videoopnames van conversaties tussen mensen worden vaak geconfronteerd met een
dilemma. Onderzoeksresultaten moeten bij voorkeur reproduceerbaar zijn. Bovendien zouden ze niet afhankelijk moeten zijn van de specifieke individuen (waarnemers) die de annotaties gemaakt hebben. Als verschillende waarnemers voor dezelfde
data, met dezelfde instructies, tot verschillende annotaties komen, is er sprake van
“data met een lage overeenstemming tussen waarnemers”. Zeker als dat gebrek
aan overeenstemming veroorzaakt wordt doordat één of meer van de waarnemers
fouten maken in het uitvoeren van hun taak wordt er niet aan bovengenoemde
vereisten voldaan. Aan de andere kant is er veel interessant onderzoek waarbij de
annotatietaak een subjectief oordeel van de kant van de waarnemer vereist. Het
oordeel is dan afhankelijk van de persoonlijke manier waarop de waarnemer naar
bepaalde vormen van communicatief gedrag kijkt en dergelijk gedrag interpreteert.
In dat geval worden de onderzoeksresultaten minder reproduceerbaar. Bovendien
zijn ze zeker niet meer onafhankelijk van de specifieke waarnemers die de annotaties gemaakt hebben.
De gebruikelijke aanpak om te bepalen of annotaties geschikt zijn voor het doel
waarvoor ze gemaakt zijn is om te berekenen hoeveel overeenstemming er is tussen
waarnemers; als dit meer is dan een bepaalde drempelwaarde wordt er van uitgegaan dat de annotaties goed genoeg zijn. Er zijn twee problemen met deze aanpak.
Ten eerste gaat die uit van de veronderstelling dat verschillen tussen de waarnemers niet systematisch zijn, maar op ruis lijken. Deze veronderstelling is niet altijd
terecht. Ten tweede is deze aanpak niet erg geschikt voor annotaties die met een
bepaalde mate van subjectiviteit uitgevoerd moeten worden, omdat in dat geval
de verschillen als inherente eigenschap van de annotaties iets zeggen over de mate
van intersubjectiviteit tussen waarnemers in hoe ze bepaald communicatief gedrag
interpreteren ten opzichte van de persoonsspecifieke manieren van interpreteren.
Dit proefschrift heeft betrekking op beide problemen. In het eerste, theoretische, deel wordt aangetoond dat, als de verschillen tussen waarnemers systematisch
zijn, het bereiken van een bepaalde drempelwaarde in de overeenstemming tussen
waarnemers niet noodzakelijkerwijs genoeg is om de bruikbaarheid van de annotaties te garanderen. Met behulp van simulaties wordt onderzocht wat het effect is
van systematische verschillen in hoe waarnemers hun taak uitvoeren op de relatie
tussen de mate van overeenkomst in hun annotaties en de validiteit van de resultaten van automatische herkenningsalgoritmes behaald op die annotaties. In het
praktijkgerichte deel worden twee methodes onderzocht waarmee gewerkt kan wor-
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den met annotaties waarbij een lage mate van overeenstemming tussen waarnemers
optreedt. E’e methode richt zich op het vinden van een subset van de annotaties die
met meer overeenstemming geannoteerd is, op een manier die het mogelijk maakt
om voor nieuwe data te bepalen of het tot die subset behoort — en daarmee of
de automatische herkenningsmodule die op de data getraind was gekwalificeerd is
een oordeel te vellen over deze nieuwe data. De andere methode is ontworpen om
met behulp van automatische classificatietechnieken expliciet de overlap en het verschil te modelleren van de oordelen zoals de verschillende waarnemers die vellen.
Samen make de twee methodes het mogelijk om classificatiemodules te maken die,
ingezet in een praktsiche toepassing, oordelen zou moeten vellen op een manier
waar de eindgebruiker van de toepassing iets mee kan, in het licht van het feit dat
deze eindgebruiker ook zijn of haar eigen manier heeft om communicatief gedrag
te beoordelen.
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2007-07 Nataša Jovanović (UT), To Whom It May Concern
– Addressee Identification in Face-to-Face Meetings
2007-06 Gilad Mishne (UVA), Applied Text Analytics for
Blogs
2007-05 Bart Schermer (UL), Software Agents, Surveillance,
and the Right to Privacy: a Legislative Framework for Agentenabled Surveillance
2007-04 Jurriaan van Diggelen (UU), Achieving Semantic
Interoperability in Multi-agent Systems: a dialogue-based approach
2007-03 Peter Mika (VU), Social Networks and the Semantic
Web
2007-02 Wouter Teepe (RUG), Reconciling Information Exchange and Confidentiality: A Formal Approach
2007-01 Kees Leune (UvT), Access Control and ServiceOriented Architectures
2006-28 Börkur Sigurbjörnsson (UVA), Focused Information
Access using XML Element Retrieval
2006-27 Stefano Bocconi (CWI), Vox Populi: generating
video documentaries from semantically annotated media repositories
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Propositions, supplemental to the PhD thesis

Annotations
and
Subjective Machines
Of Annotators, Embodied Agents, Users,
and Other Humans
by

D ENNIS R EIDSMA
1. The practice of applying a fixed threshold to Krippendorff’s alpha in order
to assess whether the quality of an annotation is good enough implies the
assumption that inter-annotator agreement values can be compared between
annotation tasks.
2. The fact that a person does not agree with the majority opinion does not imply
that he is wrong.1
3. But not every disagreement is a matter of subjectivity, either.2
4. Getting a careful and conscientious review for a paper, submitted to a conference or journal, can have a fundamental impact on the course of a research
project. The review does not need to be nice. It does not have to lead to acceptance of the paper. The best reviews are those that inspire the author to
ask new questions that he or she wants to answer.
5. Even if annotated data has an adequate inter-annotator agreement, there is no
clear reason why machine learning applied to that data should learn its model
mostly from the agreed annotations rather than mostly from the disagreed
annotations, especially if disagreement in the annotations is systematic. It is
therefore important to spend enough time investigating the generalizability of
machine-learning results in an application context.3
6. Writing a paper, and designing a software system, are very similar activities.
For both, one can think about the end goal, the functions of the product, and
its requirements. On the other hand, both activities can also be carried out
as an exploration of the space of possibilities, without knowing the intended
outcome beforehand.
1

Chapter 1
Chapter 6
3
Chapter 3
2

7. Information about which person annotated a certain part of a corpus is important, and needs to be stored along with the corpus.4
8. The comics of Jorge Cham5 are sometimes painfully accurate.
9. Distractions and detours tend to turn out to have been part of the principal
research topic after all.
10. Given that nonverbal synchrony is such a powerful and positive element in
cooperative communication behavior between humans, it is a worthwhile endeavour to teach computers to adapt their interactive performance to the natural working rhythms of their users.6

Dennis Reidsma
Enschede, October 2008
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