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Abstract

The question is addressed if opinion mining techniques can be successfully used to
automatically retrieve political viewpoints in Dutch parliamentary publications. Two specific
tasks are identified: automatically determining subjectivity in the publications and automatically
determining the semantic orientation of the subjective parts. A collection of recent
parliamentary publications has been collected and a golden standard annotation is created on
both subjectivity and orientation. Following this, models based on subjectivity lexicons and
machine learning algorithms are evaluated on automatic classification. Overall results tend to
be dominated by machine learning algorithms, but methods based on subjectivity lexicons
provide promising results. Based on the results it is concluded that opinion mining techniques
can indeed be successfully used to automatically retrieve political viewpoints in Dutch
parliamentary publications.
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1 INTRODUCTION

The Dutch House of Representatives is made up out of 150 Members of Parliament all of
which adhere to various political parties. One of the main requirements of democracy is that
the public needs to be informed about the points of view of each political party concerning all
political issues. There are various services trying to summarize and evaluate these points of
view and provide custom advice to the voter during elections. Examples of this kind of
services include Stemwijzer.nl, Kieskompas.nl and Verkiezingskijker.nl.

Opinion mining is a recent discipline concerned with automatically determining the
opinion a text expresses. This paper presents the findings of research conducted to review if
opinion mining techniques can successfully to be used to help explore the points of view in
Dutch politics. This way, services concerning political data can be improved. But also
broader application can be found in for example review-related websites and business and
government intelligence (Pang & Lee, Opinion Mining and Sentiment Analysis, 2008).

In section two a problem definition is formulated. In section three a background of
relevant research areas is described. In section four an overview is presented of the data
used, and the harvesting process used in collecting it. In section five the process of
evaluating opinion identification algorithms is described. In section six the conclusions
concerning the main research question are presented.

2 PROBLEM DEFINITION

Dutch parliamentary publications contain transcriptions of spoken meetings in the Dutch
House of Representatives. These documents are an important source of information on the
position of political parties and individuals in the political arena. Furthermore, they provide an
indispensable source of information on the interpretation of Dutch law since they contain the
perceived purposes of specific laws as discussed in the House of Representatives.
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Besides valuable information the transcripts also contain information that is less relevant,
and they are often long and quite boring (Marx, 2009). It would make matters easier and
save time if the relevant information could be extracted or annotated in the texts in order to
make quick information access possible. Information most valuable to services addressing
political information as discussed are the different political positions on various issues. This
paper concentrates on these positions, and tries to discover if opinion mining techniques can
be helpful in automatically addressing these viewpoints. The research is build around one
central research question:

Can opinion mining techniques be successfully used to automatically retrieve political
viewpoints in Dutch parliamentary publications?

The approach used to find a clear answer on this question consists out of two steps. First,
there must be assessed how reliable and accurate opinion mining techniques are in
automatically retrieving said political viewpoints. Therefore the performances of different
algorithms are evaluated on accuracy, precision, recall and F-measure. Second, these
results will be assessed on a theoretical level whether or not they can be considered reliable
and accurate enough for this task. Corresponding to these steps, the following research
questions have been formulated:

What is the accuracy, precision, recall and F-measure of different automatic opinion
classification algorithms on our corpus?

Can these results be considered to be reliable and accurate enough to be
successfully applied?

3 BACKGROUND

This research is part of different research areas: opinion search, opinion mining, topic mining
and recent research regarding Dutch parliamentary publications. In this section these
research areas are discussed shortly.

3.1 Opinion search

Opinion search as a research area is a relatively new branch of studies. The aim is to enable
users to search for opinions on any object (Liu, 2007). However, the entity “object” is used to
point to different concepts including products, persons, happenings or topics. Therefore
opinion search can be helpful for a broad range of applications, including review-related
websites, blogs, business intelligence, government intelligence and politics. As most
research to date covers opinion search applications in the context of weblogs and review-
related websites, these will be discussed briefly.

Customer reviews on the Internet provide a valuable source of information. Reviews
available on Amazon.com provide information on all aspects of products, and on a huge
number of alternative products. Using these reviews, product-developing companies can
gather feedback on their products in a relatively easy and cheap way. Similarly, consumers
can learn about products before making a purchase. Furthermore, websites like
Amazon.com offer the option to rate products aside from merely writing a review about it.
These ratings can be used to evaluate the results of opinion mining techniques by comparing
the ratings to the results from opining mining.

Activity regarding opinion search has been heavily concentrated on weblogs. They
provide a wealth of opinions and information about recent issues regarding a wide range of
topics. Weblogs technically distinguish themselves from other sources by being comprised of
unstructured and scattered information. In contrast to this, the Dutch parliamentary
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publications are more structured and annotated. This difference in structure could require a
different approach. Furthermore, despite the fact that research regarding opinion search in
weblogs has been conducted in different languages, including English (Osman & Yearwood,
2007) and Japanese (Furuse, Hiroshima, Yamada, & Kataoka, 2007), to our knowledge, it
has not yet been applied to Dutch.

Opinion mining techniques as explored in this paper can be viewed in the larger
context of opinion search.

3.2 Opinion mining

Opinion mining concerns analyzing the opinion a text expresses. Motivated by real-world
applications researchers have considered a wide range of problems in this area (Pang &
Lee, Opinion Mining and Sentiment Analysis, 2008). Esuli & Sebastiani (2006) have
organized these problems into three categories:
1. Determining subjectivity. The problem of determining whether a given text has a
factual nature or expresses an opinion.
2. Determining orientation (also called polarity). The problem of determining whether a
given subjective text expresses a positive or negative opinion.
3. Determining the strength of orientation. For example weakly positive or strongly
negative.
Other tasks closely related with these categories can be found as well. For example,
extracting information on why the topic or product in the text is considered as being positive
or negative (Pang & Lee, Opinion Mining and Sentiment Analysis, 2008). Other problems
include automatically determining the political colour of a text, for example liberal or
conservative (Mullen & Malouf, 2006).
One could say that the categories identified by Esuli & Sebastiani (2006) account for
the majority of the research in opinion mining done so far. Nevertheless it is a broad research
area with promising possibilities.

3.3 Topic mining

Topic mining is analyzing topics of texts. It is a research area important to a broad range of
applications and industries. For example, news articles can automatically be classified on
topics or assigned in correct categories.

Topic mining is a powerful tool when combined with opinion mining techniques. Using
both techniques one can automatically determine what a text is about and the author’s
opinion about the topic. This combination is already used in the literature (Osman &
Yearwood, 2007).

Text categorization has traditionally been used to classify documents by topic. In this
research, we will also make use of algorithms used in text categorization to classify opinions.
Thus topic mining and opinion mining are closely related.

3.4 Dutch parliamentary publications

Analyzing parliamentary publications using automatic techniques has been the subject of
other research. Most of this research has been conducted by the ILPS group at the
University of Amsterdam. Parliamentary publications are studied, because they possess
certain characteristics that are valuable to the Information Retrieval community (Marx, 2009),
including the following:

* Large historical corpora. All data from 1814 to present of Dutch parliament will be

available in 2010;
* Data integration issues and opportunities;
* Natural corpus for content and structure queries.
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4 DATA

This research focuses on opinions in the political arena. The Dutch parliamentary
publications of public meetings of the House of Representatives will be used as the data
source. For the following reasons it has been decided to limit the data used in this research
to the Dutch parliamentary publications:
» Political opinions are often expressed in these public meetings;
* During these meetings recent issues are discussed,
* It is a textual representation of spoken words, in accordance to the process of
transcription, and can easily be connected to the actual speaker;
* An XML-annotation scheme for the data is already available (Marx, 2009);
* Harvesting and processing the data contributes to building a useful database for
future research.

The transcriptions of the meetings of the House of Representatives are published as HTML
on their website within a few days. Using the process of Extraction, Transformation and Load
(Rahm & Do, 2000) the HTML is transformed into XML. The ETL-process consists of three
steps:

1. Extraction. The HTML is scraped from the website and downloaded to the server and

stored. These original HTML pages are kept as original,

2. Transformation. Using XSLT the HTML of the stored webpage is transformed into

XML;

3. Load. The XML retrieved from the previous step is stored on the server.

The annotation scheme for meeting notes developed by Marx (2009) was used. The
scheme provided an excellent format to process and save the meetings, and was flexible
enough to facilitate data enrichment. Every spoken word is marked with (1) the speaker, (2)
his party at the time of speaking, (3) his role/function in parliament and (4) the ISO-date. In
this research the annotation scheme was enriched with (5) a list of members present at the
meeting and (6) the gender of each speaker.

All meetings published since February 10", 2009 have been collected and
transformed. The transformation process is not perfect and thus contains errors. Errors in
data enrichment are for example found at adding the appropriate gender to speakers, where
7.8% is unknown. A cake-diagram of these percentages can be found in Figure 1. Regarding
the data enrichment of adding the political party the speakers belongs to, 27.9% is unknown.

I unknown

Figure 1: Percentage of gender attribute values on speaker tags

The data enrichment does not affect the selection of data used in this paper. Only paragraph
text spoken by members of the House of Representatives has been used. The errors
occurring in transformation of these paragraphs do affect this paper. However, the selected
data used in this paper is considered sufficiently accurate for the purpose of subjectivity and
semantic orientation classification

Furthermore, we can conclude that the data used in this paper differs from data
commonly used in opinion mining literature. In this literature, most research is conducted on
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weblogs or online reviews. The parliamentary publications in this research differ on the
following aspects:

* They are transcriptions, not naturally written texts;

* They are written in Dutch;

* The data is structured to a certain level.

5 OPINION RETRIEVAL

In this section the first sub research question will be addressed: how accurate and precise
are the results of automatic opinion classification algorithms on our corpus?

First, the level of detail on which classification is done is being discussed. Second,
the process of creating a golden corpus is described. This humanly annotated corpus is used
to evaluate the automatic classifications. Third, two types of classifications conducted on the
data are discussed. They coincide with two categories presented by Esuli & Sebastiani
(2006): subjectivity and orientation.

5.1 Classification level

Before classification can commence, the level at which it will be conducted needs to be
chosen. Different levels can be identified in the literature. The following list is ordered from a
high level of classification to a low level of classification.

* Document level (Yu & Hatzivassiloglou, 2003): whole documents are labelled. For
example, a document can have an overall orientation that is classified as positive.

* Block level (Osman & Yearwood, 2007): the text is cut into several blocks and each
block is labelled independently. This is most often used in unstructured data like blog
pages.

* Paragraph level (Kamps & Marx, 2001): each paragraph is labelled.

* Sentence level (Riloff & Wiebe, 2003; Wilson, Pierce, & Wiebe, 2003; Furuse,
Hiroshima, Yamada, & Kataoka, 2007): each sentence is labelled.

*  Word level (Yu & Hatzivassiloglou, 2003; Kim & Hovy, Automatic Detection of Opinion
Bearing Words and Sentences, 2005; McKeown & Hatzivassiloglou, 1997): individual
words are labelled.

Classification at document level and word level is considered to be unsuitable for the aim of
identifying political viewpoints in the parliamentary publications. Document level classification
means a whole meeting is treated as an individual entity, and marking it will give no particular
views of individual parties or political persons. It is too general to be of value. In contrast,
classification at the word level is too detailed, and will not contain enough contextual
information to connect sentiment to a particular viewpoint or topic.

Classification at the sentence level also has problems with contextual information
since individual sentences will contain references to adjacent sentences and topics. For
example: the sentence ‘That is okay.” contains an opinion, but we do not know what the
opinion is about. Arguments containing a viewpoint like these are often expressed in multiple
sentences.

This leaves us with the choice between either block level or paragraph level
classification. Since a paragraph is considered a natural block, this has been considered as
most suitable to the task.

5.2 Golden corpus

Evaluation of opinion retrieval algorithms mostly relies on a comparison of results on the
same corpus annotated by humans (Ku, Liang, & Chen; Osman & Yearwood, 2007). To
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evaluate the performance of the algorithms on the Dutch parliamentary publications, a
golden standard of these meetings has been developed.

Two transcriptions of recent meetings were selected. They contained a total of 1201
paragraphs to be annotated. During annotation, the paragraphs spoken by the chairman
were ignored because the chairman does not take part in the discussions of political issues,
but instead tries to keep the meetings on track.

The first task was to annotate every paragraph on containing an opinion or not. If
there is an opinion present, we consider the paragraph to be subjective. Otherwise the
paragraph is considered to be objective. Two human annotators were used. Their native
language is Dutch. The paragraphs were printed and split evenly between them. A face-to-
face explanation of the intention of the research, and their task of annotating the paragraphs,
was provided. They annotated each paragraph as subjective or objective. This was judged
by reviewing each individual paragraph against a definition of subjectivity. This definition,
shown below, has been formulated based on the use of subjectivity in the literature (Kim &
Hovy, Determining the Sentiment of Opinions, 2004; Riloff & Wiebe, 2003; Wiebe & Riloff,
2005; Wiebe, Bruce, & O'Hara, 1999; Banea, Mihalcea, & Wiebe; Smith, 1999), the Oxford
Dictionary (Compact Oxford English Dictionary: opinion) and the Dutch dictionary De Grote
Van Dale (Van Dale online dictionary: mening ).

If the primary intention of a piece of text is an objective presentation of material that is
factual to the reporter, and does not contain a judgement or emotion, the text is
objective. Otherwise the text is subjective.

The second task was to annotate the semantic orientation of each subjective paragraph. As
mentioned, the orientation of a text is whether it expresses a positive or negative opinion.
Two annotators were used. Their native language is Dutch. Again, a face-to-face explanation
of the intention of the research, and the task of annotating the paragraphs, was provided.
This time, however, instead of splitting the paragraphs evenly between them, the two
annotators individually marked all of the subjective paragraphs. Discontinuities between the
annotators were afterwards resolved via mutual consultation.

The judgement on subjectivity was once again based on a definition. In the literature
a clear definition, if any, of positive and negative orientation is hard to find. Most of the time
multiple human annotators are used to judge a corpus based on their intuition or common
sense (Jijkoun & Hofmann, 2009; Furuse, Hiroshima, Yamada, & Kataoka, 2007). Based on
research by Osgood, Suci, & Tannenbaum (1957) the semantic orientation on which we wish
to classify the paragraphs is the evaluative factor: good/bad. Osgood, Suci, & Tannenbaum
(1957) proved that this factor is the most significant influence on variation in data. A definition
of orientation based on this research can be found in Turney (2001): “a phrase has a positive
semantic orientation when it has good associations and a negative semantic orientation
when it has bad associations”. In Turney & Littman (2003) they also distinguished between
positive evaluation (e.g. praise) respectively negative evaluation (e.g. criticism). From these
sources a definition to classify this binary orientation has been formulated, leaning heavily on
Osgood, Suci, & Tannenbaum (1957):

A text has a positive orientation when it identifies with good associations, or contains
a positive evaluation (e.g. praise). The text has a negative orientation when it
identifies with bad associations or contains negative evaluations (e.g. criticism).

5.2.1 Results

In the transcripts of the meetings of March 5™ and April 21, 2009, a total of 1201 paragraphs
have been annotated. Of them, 590 were annotated as subjective, respectively 49.1%.
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Of all 590 subjective paragraphs, 251 were annotated as being positive, and 339 negative.
That is 42.5% and 57.5% respectively. Because two annotators were used, inter-annotator
agreement can be calculated. The overall agreement is calculated at 71.4%:

Overall agreement = % =~ 71,4%

Cohen’s k is calculated at k = 0.423. Cohen’s kappa k takes in account the agreement
occurring by chance, and can therefore be considered more robust than simple overall
agreement (Cohen, 1960).

5.2.2 Conclusions

Because of the use of definitions, the annotation tasks were easily explainable to other
persons. Also, because strict definitions were used, the annotators did not need to have
specific domain knowledge. According to some, an analytic definition of opinion is probably
impossible (Kim & Hovy, Determining the Sentiment of Opinions, 2004). The use of a
definition to review subjectivity could therefore be called into question.

Overall agreement on semantic orientation between the two annotators was 71.4%
and Kk = 0.423. A value of k beneath 0.67 is seen as data providing a dubious basis for
evaluative purposes, but the exact values depend on the context of the research (Manning,
Raghavan, & Schiuitze, 2008).

5.3 Automatically determining subjectivity

This section describes the selection, use and results of algorithms to automatically identify
paragraphs containing opinions in the data collection. In the literature different categories of
classification algorithms can be found. In this research, we use models based on subjectivity
lexicons and machine learning algorithms as they are the approaches most commonly used.

5.3.1.1 Models based on subjectivity lexicons

In this approach, the exact ordering of the terms in a text is ignored but it is the number of
occurrences of each term that is important (Manning, Raghavan, & Schitze, 2008). Most
often the individual words are given a certain subjectivity score based on a set of opinion
words previously selected for the purpose (Ding & Liu, 2007). The models then present a
way to calculate the subjectivity of the whole paragraph based on the individual collection
and frequency of these words.

In this research two models based on subjectivity lexicons have been selected to represent
the category. They are chosen because other models are complex and are difficult to
implement based on their descriptions in the literature.

Model 1 is based on Kim & Hovy (2005). This model counts the total valence score of
all words in the paragraph. The basis of this model is that paragraphs dominated by words
considered to be subjective tend to be opinion bearing. Individual words in the paragraph are
extracted and given a score of 0, 1 or 2, in which a score of 2 is considered to be very
subjective and a score of 0 not subjective. A Dutch sentiment wordlist developed by Jijkoun
& Hofmann (2009) was used to rate the words. Words not present in the wordlist are
considered to be not subjective and have been given a score of 0. A cut-off threshold had to
be selected in order to determine when a paragraph is judged to be subjective or objective.
Experimentation has been conducted with threshold values between 0 and 20.

Model 2 is also based on Kim & Hovy (2005). This model checks the presence of a
single strong valence word. The assumption underlying this model is that the presence of
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one strong valence word is enough to indicate subjectivity. The Dutch sentiment lexicon
developed by Jijkoun & Hofmann (2009) is once again used. This model too makes use of a
cut-off threshold to determine at which score a word is considered to be a word with a high
valence. Because the wordlist by Jijkoun & Hofmann (2009) contains scores of 0, 1 and 2,
where 0 indicates neutrality. The performance of the algorithm is evaluated on cut-off
thresholds of 1 and 2.

5.3.1.2 Machine-learning algorithms

Machine-learning algorithms differ from models based on subjectivity lexicons in that they
automatically train themselves to classify the data. The methods we use are called
supervised methods because a labelled data set is needed to train the classifier. For this we
will use our golden standard. The following three machine learning algorithms are selected to
represent this category:

* NaiveBayes;

* IBk nearest-neighbour, with k=1;

* Support Vector Machine (SVM) SMO;

» ZeroR.
The toolkit Weka 3.6.1 is used to train and evaluate the machine learning classifiers.

5.3.2 Results

The machine learning algorithms are evaluated using a ten fold cross-validation. The
performances of all models are based on accuracy, precision, recall and F-measure.

As described above, model number 1 based on Kim & Hovy (2005) uses a cut-off
threshold above which the text is classified as subjective. The performance of the model at
different cut-off thresholds can be found in Table 1. They are visualized in Figure 2 and
Figure 3. The results include the weighted average results of the TRUE and FALSE classes,
and the results on the TRUE class only. Because the aim of the subjectivity classification is
to retrieve paragraphs that are subjective, we are interested mostly in the results of the
TRUE-class.

Table 1: Results of cut-off threshold values using model 1 based on Kim & Hovy (2005)

Threshold  Weighted results Results on TRUE class
Precision Recall F-measure Precision Recall F-measure

0 0.352 0.546 0.414 0.521 0.966 0.677
1 0.375 0.592 0.457 0.550 0.929 0.691
2 0.418 0.612 0.497 0.570 0.854 0.684
3 0.449 0.626 0.522 0.591 0.775 0.671
4 0.474 0.626 0.536 0.605 0.686 0.643
5 0.496 0.638 0.544 0.636 0.615 0.625
6 0.513 0.634 0.545 0.653 0.546 0.595
7 0.530 0.629 0.540 0.671 0.478 0.558
8 0.543 0.608 0.525 0.671 0.395 0.497
9 0.555 0.598 0.512 0.684 0.337 0.452
10 0.564 0.583 0.493 0.689 0.275 0.393
11 0.571 0.573 0.477 0.695 0.232 0.348
12 0.572 0.559 0.456 0.688 0.186 0.293
13 0.584 0.550 0.436 0.705 0.146 0.242
20 0.636 0.523 0.367 0.793 0.039 0.074
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Figure 2: Visualizations of cut-off threshold results as found using model 1 based on Kim & Hovy (2005)
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Figure 3: Visualizations of cut-off threshold results as found using model 1 based on Kim & Hovy (2005)

A visualization of the performance results at various cut-off thresholds found by Kim & Hovy
(2005) can be found in Figure 4. When compared to the results in Figure 2 and Figure 3, one
can see an amount of similarity. A higher threshold will lower recall, and will increase
precision. This is as expected, as a higher cut-off threshold will include less subjective
markers (Kim & Hovy, Automatic Detection of Opinion Bearing Words and Sentences, 2005).
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Figure 4: Visualization of cut-off threshold results as found originally by Kim & Hovy (2005)

Model number 2, based on Kim & Hovy (2005), also uses a cut-off threshold. The results can
be found in Table 2.

Table 2: Results of cut-off threshold values using model 2 based on Kim & Hovy (2005)

Threshold Weighted results Results on TRUE class
Precision Recall F-measure Precision Recall F-measure
1 0.352 0.546 0.414 0.521 0.966 0.677
0.478 0.613 0.534 0.596 0.666 0.628

Again, we are mostly interested in the results on classification of the TRUE class. Threshold
1 performs better on the F-measure of the TRUE-class, with a F-measure of 0.677 as
opposed to a F-measure of 0.628 of the FALSE-class.

The final results of model 1 and 2, and the results of the machine learning algorithms
are shown in Table 3. In reaching these results, experiments with some smoothing have
been conducted. An example of this is the converting of all words in the paragraphs to
lowercase. These experiments did not improve results significantly. In fact, converting the
paragraphs to lowercase even deteriorated results.

Table 3: Results of all approaches on classifying subjectivity (using optimal threshold results at K&H models for weighted results
and TRUE class results)

Model Weighted results Results on TRUE class
Precision Recall F-measure  Precision Recall F-measure

K&H model 1 0.513 0.634 0.545 0.550 0.929 0.691

K&H model 2 0.478 0.613 0.534 0.521 0.966 0.677
NaiveBayes 0.666 0.648 0.640 0.607 0.802 0.691

IBk 0.574 0.574 0.574 0.563 0.593 0.578
SMO 0.639 0.639 0.638 0.638 0.610 0.624
ZeroR 0.259 0.509 0.343 0* 0* 0*

* predicts mode, and thus always predicts FALSE, hence TRUE is never classified
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5.3.3 Conclusions

The F-measure of model 1 by Kim & Hovy (2005) is at its peak at 0.545. Our implementation
of model 1 performs better on our data than the original model performed on TREC 2003
data that only achieved a F-measure of 0.425. Our implementation of model 2 also
performed better on our data than the original model on TREC 2003 data, achieving a
F-measure of 0.534 as opposed to 0.514. The performance of model 1 on the TRUE class is
amongst the highest with a F-measure of 0.691.

One can conclude that the results of the models based on subjectivity lexicons are
promising, as they performed relatively well on our target data.

However, NaiveBayes performs best overall with a weighted F-measure of 0.640 and
a F-measure on the TRUE class of 0.691. If we select ZeroR, which predicts a class based
on the mode, as baseline, NaiveBayes performs significantly better than ZeroR (one tailed
test, confidence level 0.99). The SVM algorithm SMO also produces decent results
significantly better than ZeroR (one ftailed test, confidence level 0.99). The weighted
F-measure of 0.638 comes in range of the NaiveBayes’ weighted F-measure of 0.640. On
classifying the TRUE class, however, NaiveBayes would still be the preferred algorithm of
choice with a F-measure of 0.691 as opposed to SMO’s F-measure of 0.624.

5.4 Automatically determining semantic orientation

In this section the algorithms and results of automatically determining semantic orientation
are discussed. In this research it has been decided to use the binary classification of positive
and negative because it is common in the literature. The algorithms can again be categorized
as models based on subjectivity lexicons and machine learning algorithms. To represent the
categories, a model based on a subjectivity lexicon is selected, four machine learning
algorithms are selected, and one algorithm combining both categories is selected.

5.4.1.1 Models based on subjectivity lexicons

An algorithm based on the model by Edens, Liem, Mensink, Weve, & Zande (2006) is
implemented to classify all words as positive, negative or neutral. The wordlist by Jijkoun &
Hofmann (2009) is used again. Scores of +2 and +1 are considered positive, and -1 or -2 is
considered negative. The algorithm also takes into account that two adjacent polar words
influence each other. However, this is only implemented for words of the same orientation. A
factor is calculated based on the distance between the two polar words, with a maximum
distance of 10. The score of the original polar word is then multiplied by this factor. The
following equation is used to calculate the new wordscore:

wordscore = wordscore - (1 + m/ﬁ%)

After all the wordscores in the paragraph are calculated, they are added up. If the final score
is above 0, the paragraph is considered to be positive. If the final score is beneath or equal to
0, the paragraph is considered to be negative.

A combination of a model based on a subjectivity lexicon and machine learning algorithms is
used in the model based on Chesley, Vincent, Xu, & Srihari (2006). The reasoning behind
this model is that the distribution of positive and negative adjectives, and positive and
negative verb classes will show regularities. Furthermore, they believe that the orientation of
adjectives can be described by the maijority orientation class of their synonyms. In this paper
the model is implemented as follows.
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First, a part of speech (POS) tagger (TreeTagger 3.2) is used to identify all verbs and
adjectives. Next, for all adjectives, the synonyms are scraped from the website
www.synonyms.net. In the original implementation by Chesley, Vincent, Xu, & Srihari (2006),
Wikipedia’s dictionary is used because of its coarse-grained content. We used
www.synonyms.net instead of Wikitionary because the latter has not yet been sufficient
developed in the Dutch language. All collected synonyms are matched against a wordlist of
positive and negative adjectives. The wordlist used is created by merging the adjectives of
Jijkoun & Hofmann (2009) and the negative and positive adjectives collected by Kamps &
Marx (2001). The maijority class of the synonyms has been assigned to the adjective.
All verbs are assigned to a positive or negative class based on the lexicon by Jijkoun
& Hofmann (2009).
As output, the model provides a list of information on each paragraph consisting of

the following:

1. Number of positive adjectives

2. Number of negative adjectives

3. Number of positive verbs

4. Number of negative verbs
To this list, the golden standard classification on orientation belonging to the paragraph is
added. Finally, using the information gathered about the paragraphs, Chesley, Vincent, Xu, &
Srihari (2006) used a SVM algorithm to classify the paragraphs. They opt for the use of a
SVM algorithm because they believe it to be robust for sentiment classification and handling
noisy data (Mishne, 2005). We will use Weka’'s SVM algorithm SMO, but have experimented
with NaiveBayes, IB1, and ZeroR as well.

5.4.1.2 Machine-learning algorithms

Again, four machine-learning algorithms are selected to represent this category.
* NaiveBayes
* Bk1 nearest-neighbour
* Support Vector Machine (SVM) SMO
* ZeroR
Again, the Weka toolkit is used to evaluate these algorithms.

5.4.2 Results

The machine learning algorithms are evaluated using a ten fold cross-validation. Similarly to
the algorithms determining subjectivity, all algorithms are evaluated on precision, recall and
F-measure. Because we are interested in paragraphs containing a negative orientation as
well as containing a positive orientation, weighted results are most important in this section.
Because the four attributes used by the model based on Chesley, Vincent, Xu, &
Srihari (2006) are numeric, discretization of the data could be conducted to improve results.
Experiments have been conducted with different bin sizes for each classifier. The optimized
results can be found in Table 4. The following parameters were used:
* SMO: Discretisized with Weka’s option findNumbins. This option lets Weka choose
an appropriate amount of bins.
* IB1: no discretization at all.
* NaiveBayes: also no discretization at all.
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Table 4: Results of classification on orientation using the output of the model based on Chesley, Vincent, Xu, & Srihari (2006)

Classifier Precision  Recall F-measure
SMO 0.567 0.581 0.560
NaiveBayes 0.597 0.602 0.599
IB1 0.553 0.558 0.554
ZeroR 0.330 0.575 0.419

A comparison of all algorithms used to classify semantic orientation can be found in Table 5.
Some smoothing experiments were conducted, but again did not improve results.

Table 5: Results of classifications by semantic orientation

Model Precision  Recall F-measure
model based on Edens, Liem, 0.369 0.517 0.419
Mensink, Weve, & Zande (2006)

model based on Chesley, Vincent, 0.597 0.602 0.599

Xu, & Srihari (2006)

IBK 0.601 0.561 0.556
NaiveBayes 0.652 0.651 0.652
SMO (SVM) 0.677 0.676 0.677
ZeroR 0.330 0.575 0.419

5.4.3 Conclusions

The results of classification of paragraph statistics, provided by the model based on Chesley,
Vincent, Xu, & Srihari (2006), can be seen in Table 4. NaiveBayes again provides the best
results again on all fronts, its precision and recall scoring both the highest. Compared to
NaiveBayes, the SMO classifier performs second best with a F-measure of 0.560.

Comparing these results to the results found by Chesley, Vincent, Xu, & Srihari
(2006) is difficult since they classify on the document level of a blog post instead of the
paragraph level. We could say, however, that the SMO classifier is performing well on our
data, and can therefore support the claim of Chesley, Vincent, Xu, & Srihari (2006) and
Mishne (2005) that it is a robust classifier for sentiment classification.

In contrast to subjectivity results, the SMO machine learning classifier scores best on
all fronts regarding orientation classification. It is followed by NaiveBayes. Both perform
significantly better than the other models used (one tailed test, confidence level 0.99). The
combination of collecting paragraph statistics and using a machine learning algorithm gives
promising results with a F-measure of 0.599. If more characteristics are collected,
performance may increase.

6 CONCLUSIONS

We have seen that the ETL-process as described by Rahm & Do (2000) proved to be a
reliable way of collecting the official publications available on the website of the Dutch House
of Representatives. The scheme to annotate meetings developed by Marx (2009) provided
an excellent format to process and save the meetings, and was flexible enough to facilitate
data enrichment.

Next, we concluded that the paragraph level was most suitable to our task as it
contains enough context information but can also be considered specifically enough. After
annotation of the golden corpus, the inter-annotator agreement on orientation was 71.4%
and Cohen’s kappa was 0.423. These results indicate that the golden standard is a dubious
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basis for evaluation purposes (Manning, Raghavan, & Schitze, 2008). This could be an
indication of the difficulty of the task.

After this, we have selected six algorithms to automatically detect opinion-bearing
paragraphs. The results were mostly dominated by machine-learning algorithms. NaiveBayes
performed best with an weighted F-measure of 0.640 and a F-measure on the TRUE class of
0.691. However, we also found that models based on subjectivity lexicons provided
promising results as they performed relatively well on our data. Model 1 based on Kim &
Hovy (2005) achieved a F-measure on the TRUE class equal to NaiveBayes.

Next, six algorithms were selected to automatically detect the orientation of the
subjective paragraphs. This has been done via a binary classification with the classes
positive and negative. Machine-learning algorithms again dominated the results. NaiveBayes
reached a F-measure of 0.652, but the SVM implementation in Weka called SMO performed
best with a F-measure of 0.677. Both performed significantly better than the other algorithms
used. These results support the claim that SVM provide a solid method for sentiment
classification (Chesley, Vincent, Xu, & Srihari, 2006; Mishne, 2005). Also, it can be
concluded that a model collecting characteristics of a paragraph and then classifying them
using machine learning algorithms provides promising results.

Considering the performances of the classification algorithms, we conclude that
results are approximately in line with results found in the literature. A F-measure approaching
0.7 is quite a common achievement, and can therefore be considered to be a respectable
result. Because of this we can positively answer the question whether the opinion mining
techniques can be considered suitable to automatically retrieve subjective paragraphs and
annotating their orientation. With this we have shown that today’s opinion mining techniques
can be successfully applied to Dutch, political, semi-structured transcripts.
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