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ABSTRACT
Question answering systems can be seen as the next step in information retrieval, allowing
users to pose questions in natural language and receive succinct answers. In order for a
question answering system as a whole to be successful, research has shown that the correct
classification of questions with regards to the expected answer type is imperative. Question
classification has two components: a taxonomy of answer types, and a machinery for making
the classifications.
This thesis focuses on five different machine learning algorithms for the question
classification task. The algorithms are k nearest neighbours, naïve bayes, decision tree
learning, sparse network of winnows, and support vector machines. These algorithms have
been applied to two different corpora, one of which has been used extensively in previous
work and has been constructed for a specific agenda. The other corpus is drawn from a set of
users' questions posed to a running online system. The results showed that the performance of
the algorithms on the different corpora differs both in absolute terms, as well as with regards
to the relative ranking of them. On the novel corpus, naïve bayes, decision tree learning, and
support vector machines perform on par with each other, while on the biased corpus there is a
clear difference between them, with support vector machines being the best and naïve bayes
being the worst.
The thesis also presents an analysis of questions that are problematic for all learning
algorithms. The errors can roughly be divided as due to categories with few members,
variations in question formulation, the actual usage of the taxonomy, keyword errors, and
spelling errors. A large portion of the errors were also hard to explain.
This work has been supported by GSLT.
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Introduction

In Douglas Adams’ novel The Hitchhiker’s Guide to the Galaxy the computer
Deep Thought is set to answer the Big Question about Life, the Universe
and Everything. After seven and a half million years of computing it delivers the answer. Quite surprisingly, and much to the frustration of its
creators, the answer it comes up with is forty-two. Part of the frustration
stems from the fact that the semantics of the answer presented mismatches
what would be expected from the question1. Incidentally, this thesis deals
with questions, what kind of answers that can be expected from them, and
how to automatically make those expectations.

1.1 Question answering
The goal of question answering (QA) is to provide a succinct answer, given
a question posed in natural language (Hirschman & Gaizauskas 2001). We
will here present a brief history of the field in question, present a more
detailed definition of what a question answering really is, or can be, and
also present the topic of this thesis, namely question classification.
1 Admittedly, it

is unclear what semantic class the answer to this question should belong

to.
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1.1.1 Brief history of the field
Although natural language question answering has seen a dramatic surge
in interest since the turn of the millennium, it is by no means a new field in
computer and information science. The earliest system was developed in
1959 (in the spirit of the era called The Conversation Machine), and by mid
1960’s no less than fifteen different systems had been developed (Simmons
1965). One of the most memorable systems from the era was BASEBALL
(Green et al. 1961). Although, capable of answering rather complex questions, BASEBALL was, not surprisingly, restricted to questions about baseball facts, and most question answering systems were for a long time restricted to front-ends to structured databases (cf. Androutsopoulos et al.
1995). However, since the introduction of the TExt Retrieval Conferences
(TREC) question answering track there has been great progress in opendomain question answering (Voorhees 2001). These systems use unrestricted
text as a primary source of knowledge.

1.1.2 Dimensions of the question answering
The problem of question answering can be described according to a number of different dimensions, each making the problem more or less complex (Hirschman & Gaizauskas 2001, Harabagiu et al. 2003, Carbonell et al.
2000, Moldovan et al. 2002). These dimensions can roughly be divided
into: level of understanding and reasoning, type of data used as knowledge source and the actual knowledge sources used for answering questions, and whether the system is domain specific or domain independent.
Level of understanding Systems can be distinguished by their overall
purpose, or level of “understanding”. In this respect they fall into either
the category of information seeking systems or reading comprehension systems. TREC focuses solely on the former category, which can be seen as
extensions of traditional search engines. Reading comprehension systems,
on the other hand, attempts to answer questions (who, what, when, where,
and why) related to that specific text (Hirschman et al. 1999).
Type of data Another dimension regards the type of data from which
answers are retrieved. Here we can distinguish between structured data
(e.g. databases), semi-structured data (e.g. comment fields in databases),
and free text (e.g. news wire collections). Question answering systems are
nowadays almost exclusively concerned with free text.
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Knowledge source Different question answering systems utilize different
knowledge sources. These can broadly be divided into a single text, a single collection or book (e.g. an encyclopedia), a fixed set of collections (e.g. a
news corpus drawn from different news wires), or the web. As mentioned
above, reading comprehension systems are focused on a single text. TREC
focuses on a fixed collection of news articles, but many systems participating in the contest are also capable of using the entire web as a knowledge
source.
Generality We can also make a distinction between systems that are either domain specific or domain independent (open-domain). Domain specific systems attempt to answer questions within a single, more or less welldefined, domain (like BASEBALL described in section 1.1.1). TREC is concerned with open-domain systems, i.e., systems that attempts to answer
whichever question a user wants to know the answer to.

1.1.3 The anatomy of question answering systems
The systems participating in the TREC QA track share quite a number of
features and technologies, and the overall design of the systems are in most
cases strikingly similar. Most systems treat question answering as three
distinct sub-tasks: question processing, document processing, and answer
processing (cf. Harabagiu et al. 2003). An illustration of this prototypical
system architecture is shown in figure 1.1.
Question processing Question processing most often consists of construction of question representation, derivation of expected answer type, and
keyword extraction. Some systems also perform question reformulation,
where a question is transformed into a number of declarative equivalents.
Parsing is done in order to construct some form of structural representation of the question. Typically, the structure is a syntactic tree or a dependency tree. This structure can subsequently be used to locate and verify
answers within retrieved documents and passages (Paşca 2003). The extracted keywords are used by retrieval engines to fetch relevant documents.
The expected answer type is also derived for this purpose.
Document processing Document processing typically includes keyword
expansion, document retrieval, and passage identification. Keyword expansion typically involves taking the keywords extracted in the question
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Figure 1.1: Prototypical serial question answering system architecture.

processing stage and looking them up in a thesaurus, or other resource, and
adding similar search terms in order to fetch as many relevant documents
as possible. A term such as “kill” might be expanded to “murder” and “assassinate” for instance. Document retrieval is in essence restricted to passing the expanded keywords to a standard search engine (e.g. Google) and
retrieving the documents with highest ranks. In passage retrieval, within
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each document the paragraph or section containing the possible answer is
identified.
Answer processing Answer processing can consist of candidate answer
identification, answer ranking, and answer formulation. Identifying the
candidate answers means taking the results from the passage identification
phase and further processing it. Often this means doing a full parse of the
passage and comparing it to a full parse of the question. This results in a
set of candidate answers that are then ranked according to an algorithm or
set of heuristics. Answer formulation is in most cases skipped completely
and the answer is presented as it was found in the document.

1.1.4 Question classification
As mentioned, one part of the question processing stage is question classification. The derivation of expected answer types is often carried out by
means of machine learning approaches. This task relies on three parts: a
taxonomy of answer types into which questions are to be classified, a corpus of questions prepared with the correct answer type classification, and
an algorithm that learns to make the actual predictions given this corpus.
For this to be successful, the taxonomy needs to be well designed and the
corpus must be correct and of appropriate size. The correct prediction of
the answer type has in fact been shown to be one of the most important factors for a question answering system to succeed is the ability to correctly
identify the expected answer’s semantic type. The following quote is from
Moldovan et al. (2002):
“Whenever the derivation of the expected answer type [. . . ] fails,
the set of candidate answers identified in the retrieved passages
is either empty in 28.2% of the cases (when the answer type is
unknown) or contains the wrong entities for 8.2% (when the answer type is incorrect).”
If question classification is successful, the system might even use different processing strategies (cf. Harabagiu et al. 2001, Kazawa et al. 2001,
Prager et al. 2003) to answer different types of questions. Throughout this
work question classification should be taken as synonymous to this specific notion, i.e. the prediction of an expected answer type. Question classification, question categorization, and answer type recognition are used
interchangeably.
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1.2 Research issues and motivations
The focus of this thesis is question classification. More specific, classification of questions with respect to expected answer types. The research is
to a large extent motivated by the fact that previous research has shown
that correctly predicting the expected answer type is imperative for a question answering system as a whole to be successful (Moldovan et al. 2002).
Work on this has been done in the field, but due to the fact that most of
this research has been done in more or less direct connection to TREC, the
results might in some ways be biased. The reason for this bias is that TREC
has an explicit agenda that changes from year to year, and the material used
therefore is designed to fit a specific purpose. More specifically, the corpora
provided are to some extent actual users’ questions, but manual selection
has been done, as well as the addition of “interesting” questions intended
to test the limits of the participating systems. The first research issue is
therefore:
Research issue 1 Is the corpus used in much of the previous work on question
classification biased, and if so what can be expected in terms of performance on a
set of actual users questions?
In order to establish this we will run five of the most commonly used
machine learning algorithms (Naı̈ve Bayes, k Nearest Neighbors, Decision
Tree Learning, Sparse Network of Winnows, and Support Vector Machines)
in previous work on the TREC material in order to establish their performance on this corpus, and then re-run the same algorithms on another corpus derived from logs of actual users questions to a running on-line system
in order to compare the results.
A second aim of the thesis is to make an analysis of the performance
of machine learning algorithms. More specifically, we will look at the cases
were they fail and attempt to establish whether the failure is due to inherent
properties of questions per se or the taxonomy into which the algorithms
are to classify the questions
Research issue 2 Are there questions that are problematic for all algorithms, or
are there differences between them? Are the problems due to the questions or the
taxonomy into which they are categorized?
This has not been done before in the literature. As a result of the work
an evaluation of the most widely used taxonomy in the field has been conducted.
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1.3 Contributions
The present work contributes the following:
• A baseline of the performance of standard machine learning techniques for the problem of question classification.
• A ranking of standard ML algorithms for the problem at hand based
on significance testing.
• An analysis of questions that are difficult to classify.

1.4 Thesis outline
The outline of the present thesis is as follows:
Introduction The current chapter where we have introduced the field, established the research issues, and outlined the contributions.
Background This chapter contains a formal definition of question classification, as well as a review of the techniques and tools that have been used
in previous work to attack the problem.
Method This chapter contains a detailed description of the methodology
used to answer the research issues. It details which algorithms are used
and under which premises, the corpora and taxonomy used, and the type
of significance testing that is performed.
Taxonomy This chapter contains a detailed analysis of the taxonomy used
throughout the work. The taxonomy is presented in detail, and is then
scrutinized in order to establish the pros and cons of using that taxonomy.
Experiments This chapter presents the results from the experiments performed on the machine learning algorithms on the question classification
problem. The chapter also contains a qualitative analysis of the most problematic questions.
Conclusions and future work This chapter contains a discussion of the
results from the experiments, and also presents the conclusions that can be
drawn from them. It concludes with possible directions for future work.
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This chapter starts of by defining the problem of question classification,
both informally and formally. It then proceeds to review different taxonomies of answer types that have been used in previous work. The chapter is concluded with an overview of the different approaches taken so far
to automatically classify questions with regards to the expected answer
type.
Question classification can losely be defined as: given a question (represented by a set of features), assign the question to a single category or a
set of categories (answer types). Before we review actual approaches to the
problem, a formal definition is presented, as well as a section on how the
performance is typically evaluated.

2.1 A definition of question classification
Adopting the formal definition of text categorization (Sebastiani 2002) to
the problem of question classification, the task can be defined as follows:
Definition 1 Question classification is the task of assigning a boolean value to
each pair hq j , ci i ∈ Q × C , where Q is the domain of questions and C = {c1 , c2 ,
. . . , c|C| } is a set of predefined categories.
9
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Assigning hq j , ci i to the value T indicates that q j is judged to belong to
the category ci , while an assigment to the value F indicates that q j is not
judged as belonging to the category ci .
In a machine learning setting, the task is to make the unknown target
function Φ̂ : Q × C → {T, F } approximate the ideal target function Φ :
Q × C → {T, F }, such that Φ̂ and Φ coincide as much as possible.

2.2 Answer type taxonomies
As we saw in the definition above, question classification involves two
parts. First, the questions to be categorized per se, and second, a set of
categories into which the questions are to be categorized. This set of categories is from now on referred to as a taxonomy of possible answer types.
This section presents a brief review of different answer type taxonomies
that have been used in question answering systems.
Answer type taxonomies can be divided into flat and hierarchical taxonomies1 . Flat taxonomies have only one level of categories, and are therefore not taxonomies in the true sense of the word. Hierarchical taxonomies
consists of super- and sub-categories. For example, if we had the two concepts vehicle and car, in a flat taxonomy both would be considered as being
on the same level of granularity, while in a hierarchical taxonomy the latter
would be considered a sub-category of the former.
Some systems utilize (e.g. Srihari & Li 1999) taxonomies derived from
the categories used in the Message Understanding Conference (MUC) evaluations. MUC distinguished between named entities (organization, person,
and location), temporal expressions (date and time), and number expressions (money and percentage) (Chinchor 1997).
A common solution to constructing answer type taxonomies is to manually extract a subset of WordNet (Fellbaum 1998). Kim et al. (2000) use
this approach to construct a taxonomy of 46 different semantic different
categories2 . Harabagiu et al. (2000) has a taxonomy with a number of top
categories that are connected (many-to-many) to several word classes in
the WordNet database. Another approach is to manually analyse a specific
corpus, i.e. a collection of texts or questions, and infer a taxonomy from it.
This is the approach used by Li & Roth (2002).
1 An overview of flat taxonomies can be found in appendix A, and a corresponding
overview of hierarchical taxonomies is presented in appendix B.
2 Kim et al. (2000) are omitted from the overviews in appendix A since they do not
present exactly which categories they use.
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Ogden et al. (1999) use the one layered answer type taxonomy described
in table A.1. The concepts are drawn from the general, hierarchical Mikrokosmos Ontology (Mahesh & Nirenburg 1995).
Suzuki, Taira, Sasaki & Maeda (2003) use the taxonomy described in
table B.1, which consists of a total of 150 different categories. The taxonomy
is hierarchical, with a maximum depth of 5. The taxonomy is based on a
corpus consisting of 5011 different questions in Japanese3 . To find a given
node’s parent, trace backwards until a node one level up is found. No
motivation for the taxonomy is given.
It is worth noticing that Suzuki, Taira, Sasaki & Maeda (2003) report that
less than 1% of the questions were labelled as other, which would indicate
that the taxonomy fits the corpus very well.
Li and Roth, 2002 Li & Roth (2002) define a two-layered taxonomy. This
taxonomy is described in depth here since it is the taxonomy used in the
rest of the work in the thesis.
The taxonomy consists of 6 coarse categories and a total of 50 finer categories and unfortunately there is no description of how the taxonomy was
constructed or motivations for the specific categories are given. The full
taxonomy is presented in table 2.1. The descriptions are those provided by
Li & Roth (2002).
The coarse classes are as follows: abbreviation (abbr), entity (enty), description (desc), human (hum), location (loc), and numeric (num).
The abbreviation category consists of two subcategories. One subcategory concerns how acroyms should be exanded (abbr:exp) and the other
concerns how to abbreviate a given term (abbr:abb).
The entity category handles questions that asks for a specific object that
fits a description, e.g. “What are the languages spoken by the natives in
Afghanistan?” (enty:lang) or “What does the Peugeot company manufacture?” (enty:product). There are 22 subcategories to this coarse class.
The description category concerns questions that asks for more elaborate answers. The category consists of the following subcategories: definition (desc:def), description (desc:desc), manner (desc:manner), and reason
(desc:reason). Definitions basically refer to encyclopedic definitions and a
typical question might be “What is an ecological niche?”. The descrition
category covers questions like “What happened to Pompeii?” that needs
an elaborate factual description of a term or event. Manner refers to questions like “How does a bill become law?” that asks for a description of a
3 The

exact nature of these questions are unclear due to poor command of Japanese.
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Class
Definition
ABBREVIATION abbreviation
abb
abbreviation

Class
HUMAN
group

exp
ENTITY
animal
body
color
creative

ind
title
description
LOCATION
city
country

currency
dis.med.
event
food
instrument
lang
letter
other
plant
product
religion
sport
substance
symbol
technique
term
vehicle
word
DESCRIPTION
definition
description
manner
reason

expression abbreviated
entities
animals
organs of body
colors
inventions, books and
other creative pieces
currency names
diseases and medicine
events
food
musical instrument
languages
letters like a-z
other entities
plants
products
religions
sports
elements
and
substances
symbols and signs
techniques and methods
equivalent terms
vehicles
words with a special
property
description and abstract
concepts
definition of sth.
description of sth.
manner of an action
reasons

mountain
other
state
NUMERIC
code

Definition
human beings
a group or organization
of persons
an individual
title of a person
description of a person
locations
cities
countries

count
date
distance
money
order
other
period
percent

mountains
other locations
states
numeric values
postcodes
or
other
codes
number of sth.
dates
linear measures
prices
ranks
other numbers
the lasting time of sth.
fractions

speed
temp

speed
temperature

size
weight

size, area and volume
weight

Table 2.1: Li and Roth’s taxonomy.

process. Finally, the reason category covers all why-questions. These are
perhaps the most difficult questions to answer. Sometimes, an answer can
be looked up in an encyclopedia and sometimes there is no clear answer.
One of the goals, or perhaps dreams, of question answering systems is for
the system to be able to make inferences by itself from different sources of
information and present the user with an answer as well as the inference
chain.
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The human category covers questions relating to specific humans or human organizations. The individual (hum:ind) covers questions that asks for
a specific person that fits a given description, such as “Who invented the
Moog Synthesizer?”. The group category (hum:gr) has the same purpose,
but concerns questions where the answer rather is a group or organizations
of people, such as a company. There is also a title category (hum:title) for
questions that asks for a persons profession or title. For questions that requests information about a person, such as Who is “Colin Powell?”, there
is a description category (hum:desc).
The locations class covers geographic and virtual locations. Four subcategories covers geographic locations: city (loc:city), country (loc:country),
mountain (loc:mount), and state (loc:state). A fifth category (loc:other) covers other geographic (e.g. planets and rivers) and also virtual locations (e.g.
web adresses).
Finally, the numeric coarse class covers questions that requests for some
kind of numeric information, such as dates, prices, ages and speed. There
are 13 subcategories, 12 concerning specific numeric information and one
category for those that does not fit the other 12 (num:other).
In the paper by Li & Roth (2002), the distribution of 500 TREC 2001 questions over the different categories are presented. In the coarse class entity
13% of the questions are labelled as other, in numeric 11% are labelled as
other, and in location 62% are labelled as other. This indicates that there
might be a need for more finer categories at least within the location class.
As we will see, this taxonomy has been used in some of the other work
on question classification in question answering systems, and has become
a kind of informal standard.

2.3 Rule-based approaches to question classification
Given a taxonomy of answer types, we also need a machinery for making
the actual classification of questions into that taxonomy. Two different approaches to this can be distinguished: rule-based classification and machinelearned classification. This section deals with the former, while the next section presents a thorough review of the latter.
The arguably most straightforward approach to question classification,
and one that has been adopted by many (Breck et al. 1999, Eichmann &
Srinivasan 1999, Ferret et al. 1999, Hull 1999, Humphreys et al. 1999, Moldovan
et al. 1999, Oard et al. 1999, Ogden et al. 1999, Prager et al. 1999, Radev
et al. 2002, Singhal et al. 1999), is to use some form of, more or less com-
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plex, hand-written rules and heuristics. These range from using only the
surface form of questions to using tagging, parsing and semantics.
Singhal et al. (1999) use rules operating on words, as well as shallow
parse information:
• Queries starting with Who or Whom are taken to be of type person.
• Queries starting with Where, Whence, or Whither are taken to be of
type location.
• Queries starting with How few, How great, How little, How many, or
How much are taken to be of type quantity.
• Queries starting with Which or What, lookup head noun in lexicon to
determine answer type.
Hermjakob (2001) also use hand-crafted rules, but these operate on questions parsed both with syntactic and semantic information. Hermjakob
use a deterministic, machine-learning based shift-reduce parser, CONTEX
(Hermjakob & Mooney 1997), which is trained on a tree-bank consisting of
Wall Street Journal (WSJ) sentences, questions from TREC -8 and TREC -9, as
well as questions from a travel guide phrase book and on-line resources.
The taxonomy used consists of 122 answer types (see appendix B, Hovy
et al. (2002) for details4 ), or Qtargets as Hermjakob refers to them. The
Qtargets are based on the analysis of 18,000 on-line questions.
The 122 Qtargets are computed based on a list of 276 handwritten rules.
The reason that 276 rules can categorize 122 different answer types are, according to the author, that given a semantic parse tree, the rules can be formulated on a high level of abstraction. With the CONTEX parser trained on
200 WSJ sentences and 975 questions from the various sources mentioned
above the system achieved a 96.1% accuracy of Qtarget classification given
179 unseen sentences. When trained on only WSJ sentences, the system
achieved 65.3% accuracy.

2.4 Machine-learning approaches to question classification
This section presents different machine learning approaches that have been
used for question classification.
4 Note that

the number of answer types has increased since the paper was published and
that is why there are more than a 122 answer types listed in the appendix.
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2.4.1 Decision rule learning with set-valued features
Radev et al. (2002) experiments with machine learning for question classification using decision rule learning with set-valued features (Cohen 1996).
This is a standard decision tree/rule approach (Mitchell 1997) that has been
augmented in that instead of being restricted to features with single values,
the values can also be a set of values. The answer type taxonomy consists
of 17 types (see appendix A), and the training data is TREC -85 and TREC -96
data. Testing data is TREC -107 . In the experiment, questions are represented by 13 features, 9 of which are semantic features based on WordNet
(Fellbaum 1998). The classifier reached an accuracy of around 70%.

2.4.2 Sparse Network of Winnows (SNoW)
Li & Roth (2002) use a Sparse Network of Winnows (SNoW) to classify
questions with respect to their expected answer type. SNoW8 (Roth 1998)
is a general learning architecture framework designed for learning in the
presence of a very large number of features and can be regarded as a general purpose multi-class classifier. The learning framework is a sparse network of linear functions over a predefined or incrementally acquired feature space.
Li & Roth (2002) use the taxonomy described in section 2.2 (see appendix B for a full specification). The corpus used consisted of 4,500 questions published by USC9 , about 500 manually constructed questions for
rare cases, and 894 TREC -8 and TREC -9 questions. The authors somehow
amounts this to a training corpus of 5,500 questions. 500 questions from
TREC -10 were used as a test corpus. The questions were manually labeled
according to the taxonomy with exactly one label.
The classifier is actually a sequence of two classifiers - a coarse classifier
and fine classifier. The idea is that the first classifier categorize a given
question into one of the 6 coarse classes, while the second classifies the
question into one of the fine classes belonging to the identified coarse class.
By having a coarse classification first, the set of possible class labels (the
confusion set) can be reduced and this might simplify the classification.
5 http://trec.nist.gov/data/qa/T8

QAdata/topics.qa questions.txt
QAdata/qa questions 201-893
7 http://trec.nist.gov/data/qa/2001 qadata/main task QAdata/qa main.894-1393.txt
8 SN o W and all the training and testing data used by Li & Roth (2002) is available at
http://l2r.cs.uiuc.edu/˜cogcomp/.
9 The authors cite (Hovy et al. 2001) for details, but the nature of the questions is not clear
from that paper.
6 http://trec.nist.gov/data/qa/T9
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This was not the case, since a single multi-class classifier performed as well
as the hierarchical classifier.
The input to the classifiers were a list of features. The features used were
words, part-of-speech tags (SNoW-based tagger), chunks (Abney 1991), named
entities, head chunks (e.g. the first noun chunk in a sentence), and semantically related words (words that often occur with a specific question class).
The last feature, semantically related words, were not created fully automatically. Some human intervention and manual selection had to be performed. Apart from these primitive features, a set of operators were used to
compose more complex features. The semantically related words were constructed semi-automatically. The total feature space were around 200,000
features. The performance of both the flat and hierarchical classifier are
presented in table 2.2.

Classifier
Flat
Hierarchical

Word
52.40
77.60

PoS
77.20
78.20

Precision for features
Chunk
NE
Head
77.00
78.40 76.80
77.40
78.80 78.80

RelWord
84.00
84.20

Table 2.2: Results from Li & Roth (2002).
As can be seen in table 2.2 the differences in performance between the
flat and hierarchical classifiers are marginal in all cases except when only
the words were used. If we disregard the case where semantically related
words were used, which is semi-automatic, the highest precision reached
was 78.80%.

2.4.3 Support Vector Machines (SVM)
Support Vector Machines (SVM) has gained much interest as a learning approach to question classification (Zhang & Lee 2003b, Suzuki, Taira, Sasaki
& Maeda 2003, Hacioglu & Ward 2003). SVM is an approach to machine
learning developed by V. N. Vapnik (Cortes & Vapnik 1995) that has proven
very successful in text categorization research (Joachims 1998, Dumais et al.
1998). SVM:s are binary classifiers, where the idea is to find a decision surface (or a hyperplane if the training examples are linearly separable) that
separates the positive and negative examples while maximizing the minimum margin. The margin is defined as the distance between the decision
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surface and the nearest positive and negative training examples (called support vectors). At the heart of SVM:s is the so called kernel function and new
kernel functions are proposed continuously. Although SVM:s are binare
classifiers, they can be extended to solve multi-class classification problems, such as question classification.
Tree kernel
Zhang & Lee (2003b) performed a number of experiments on question classification using the same taxonomy as Li & Roth (2002) (see appendix B),
as well as the same training and testing data (see section 2.4.2). In an initial experiment they compared different machine learning approaches with
regards to the question classification problem: Nearest Neighbors (NN),
Naı̈ve Bayes (NB), Decision Trees (DT), SNoW, and SVM. NN, NB, and DT
are by now fairly standard techniques and good descriptions of them can
be found in for instance Mitchell (1997). The feature extracted and used as
input to the machine learning algorithms in the initial experiment was bagof-words and bag-of-ngrams (all continuous word sequences in the question). Questions were represented as binary feature vectors since the term
frequency of each word or ngram in a question usually is 0 or 110 . The
results of the experiments are shown in table 2.3.

Algorithm
NN
NB
DT
SNoW
SVM

bag-of-words
coarse fine
75.6
68.4
77.4
58.4
84.2
77.0
66.8
74.0
85.8
80.2

bag-of-ngrams
coarse
fine
79.8
68.6
83.2
67.8
84.2
77.0
86.6
75.8
87.4
79.2

Table 2.3: Results from Zhang & Lee (2003b).
The results for the SVM algorithm presented in table 2.3 is when the linear kernel is used. This kernel had as good performance as the polynomial,
RBF, and sigmoid kernels (Zhang & Lee 2003b).
10 This

is of course a simplification. In a question such as “What is the name of the author
of ’The name of the rose”’ the word ’the’ occurs four times and ’name’ occurs two times.
But in general this has no effect on the machine learning.
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In a second experiment the linear kernel of the SVM was replaced with
a tree kernel developed by the authors (Zhang & Lee 2003b). Since both
the bag-of-words and the bag-of-ngrams approaches ignore the syntactic
structure of questions, certain questions can not be discriminated. The gist
of the tree kernel is that a question is initially parsed into a tree structure
using a parser like Charniak’s (2000). The question is then represented as
a vector in a high dimensional space which is defined over tree fragments.
The tree fragments of a syntactic tree are all its sub-trees which include at
least one terminal symbol (word) or one production rule. A similar tree
kernel has previously been proposed by Collins & Duffy (2001), but Zhang
& Lee’s (2003b) definition allows the tree kernel to back off to a word linear
kernel, which guarantees a performance at least at par with such a kernel.
Using the tree kernel, the SVM was trained for coarse classification on the
same data as before, yielding a precision of 90.0%. The results using the
tree kernel is significantly better than both the word linear kernel and the
ngram linear kernel (p < .005 and p < .025 respectively). Under the finegrained category definition, the SVM based on the tree kernel is reported to
only make slight improvements.
One thing should be noted with regards to the results presented in
Zhang & Lee (2003b). It seems that for SVM the parameters of the tree kernel
have been optimized for the best performance, while the other algorithms
have been used with default values.
For all experiments involving SVM the one-against-one strategy for multiclass classification was adopted (Hsu & Lin 2002) and the LIBSVM11 (Chang
& Lin 2001) implementation of the SVM algorithm was used.

Hierarchical directed acyclic graph (HDAG) kernel
Suzuki, Taira, Sasaki & Maeda (2003) used SVM with a hierarchical directed
acyclic graph (HDAG) kernel (Suzuki, Hirao, Sasaki & Maeda 2003) for
the question classification problem. The HDAG kernel is specifically designed to handle structured natural language data and can handle structures within texts (such as chunks) as the features of texts without converting the structures to the explicit representation of numerical feature vectors.
The answer type taxonomy used by Suzuki, Taira, Sasaki & Maeda
(2003) consists of 150 different types (see section 2.2 above for details) and
appendix B for details). The corpus used was in Japanese and consisted of
11 http://www.csie.ntu.edu.tw/˜cjlin/libsvm/
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1011 questions from NTCIR - QAC12 , 2000 questions of CRL - QA13 data, and
2000 other questions reported to be of TREC-style (Suzuki et al. 2002). After
removing answer types with too few (less than 10) examples, a total of 68
answer types were actually used.
Suzuki, Taira, Sasaki & Maeda (2003) compared the SVM with HDAG
kernel (SVMHDAG) with the following approaches: bag-of-words with first
degree polynomial kernel (SVMBoW 1), bag-of-words with second degree
polynomial kernel (SVMBoW 2), and SNoW using only bag-of-words (SNoW Bo W ). Four feature sets were created for each method: words only (W),
words and named entities (W+N), words and semantic information (W+S),
and words, named entities, and semantic information (W+N+S). The precision of the different approaches are summarized in table 2.4.

Classifier
SVMHDAG
SVMBoW1
SVMBoW2
SNoWBoW

Precision for features
W W+N W+S W+N+S
73.0 73.6
74.2
74.9
67.8 69.1
68.6
70.4
67.9 68.6
67.1
69.4
56.2 57.3
61.4
62.6

Table 2.4: Results from Suzuki et al. (2003).
The results in table 2.4 show that the SVM using the HDAG kernel has
better performance using any of the feature sets than the other approaches.
This could indicate that structural information has a great impact on precision.
For all experiments involving SVM, a hierarchical decision model consisting of one-against-all (Hsu & Lin 2002) classifiers was constructed in order to enable multi-class classification. The authors also note that the classification gets worse for every level of classifiers that is traversed, which
might indicate that using a hierarchy of classifiers might be inappropriate
for the problem at hand.
Error correcting codes
Hacioglu & Ward (2003) use SVM with error correcting codes to convert the
12 http://www.nlp.cs.ritsumei.ac.jp/qac
13 http://www.cs.nyu.edu/˜sekine/PROJECT/CRLQA
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multi-class classification problem into a number of binary ones. In essence
each class is assigned a codeword of 1’s and -1’s of length m, where m
equals or is greater than the number of classes. This splits the multi-class
data into m binary class data. Therefore, m SVM classifiers can be designed
and their output combined. The SVM:s also used linear kernels.
The same taxonomy, training and testing data was used as in Li & Roth
(2002) (see section 2.4.2 and appendix B). The features used was the 2000
most informative terms (IT) and named entity information (NE). Two different NE settings were used, one were only 7 different NE:s were considered (NE -7) and one where 29 different NE:s were considered (NE -29). The
results are shown in table 2.5.

Method
IT
NE-7
NE-29

1-gram
79.4
81.4
75.4

2-gram
80.2
82.0
78.6

3-gram
78.4
80.2
78.8

Table 2.5: Results from Hacioglu & Ward (2003).
The reason that the NE-29 setting performs worse than the NE-7 is that
the named entity tagger performance was worse in the former case than
the latter.

2.4.4 Language Modeling-based Classification (LMC)
Pinto et al. (2002) use statistical language modeling (cf. Rosenfeld 2000)
for question classification14 . Language modeling classification is a generalization of the Naı̈ve Bayes algorithm, but allows longer contexts and can
benefit from better smoothing techniques in the presence of sparse data.
A statistical language model, in the case of question classification, is
simply a probability distribution P( Q) over all possible questions Q. The
goal is to find the class c to which a given question q belongs. Using a Bayes
classifier, the solution ĉ is:
14 Zhang & Lee (2003a) also present experiments with language modeling for question
classification. The work bears strikning resemblance with the work by Pinto et al. (2002).
The only difference seem to be that the former use smoothed bigrams, the latter use unprocessed bigrams. However, Zhang & Lee (2003a) do not acknowledge the work by Pinto
et al. (2002).
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ĉ = arg max P(c|q) = arg max P(q|c) · P(c)
c

(2.1)

c

The prior probability P(c) can be estimated by the fraction of training
questions labeled c. The probability P(q|c) can in turn be estimated by a
language model. Pinto et al. (2002) use both a unigram model
P ( q |c ) = P ( w1 |c ) · P ( w2 |c ) · . . . · P ( w n |c )

(2.2)

and a bigram model
P(q|c) = P(w1 |c) · P(w2 |c, w1 ) · . . . · P(wn |c, wn )

(2.3)

The corpus used by Pinto et al. (2002) drawn from the GovBot logs15 ,
TREC questions, and some other questions of unspecified origin. The questions were generalized in that a question like “Who is the president of the
US?” became “Who is the president of the location?”. In an attempt to improve the models the quesı́ons were also generalized another step to contain part-of-speech tags, e.g., “Who is the NP of the location?”. The answer
type taxonomy consists of seven different categories and can be found in
appendix A. The results of the experiment in terms of precision can be
found in table 2.6.

Model
Unigram
Bigram

Tagging
No Yes
.74 .56
.73 .60

Table 2.6: Results from Pinto et al. (2002).
There seem to be no difference between the performance of the unigram and bigram model with or without the use of tags. Pinto et al. (2002)
also constructed a regular expression classifier with a precision of 59%. A
hybrid classifier using both regular expressions and language modeling obtained a precision of 89% on the TREC questions.
15 GovBot

was a database of US government web sites available for public search
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2.5 Summary
This chapter began by defining the problem of question classification formally. We saw that addressing the problem needs three things: a corpus
of questions to be categorized, a taxonomy into which categorization is to
be made, and a machinery for actually performing the categorization. We
then looked at different kinds of taxonomies that have been used in previous work. We concluded by looking briefly into rule-based classification,
and deeply into machine learning-based approaches. We saw that some
machine-learning approaches seem to be quite good at classifying questions, achieving a precision of around 85%. The next chapter contains a
detailed description of the research issues addressed in the thesis, as well
as the methodology and tools used.

3

Method
The chapter begins by elaborating on the research issues described in chapter 1. In order to investigate these issues a corpus consisting solely of real
users’ questions is needed and how this corpus was constructed is described next. The chapter then proceeds to describe what machine learning algorithms that have been used in the experiments, as well as under
what premises. The chapter concludes with details of how the results of
the experiments were evaluated, what measures were used and what they
actually measure.

3.1 Research issues
As stated in chapter 1 the purpose of this thesis is to answer the following
questions:
1. Is the corpus used in previous work on question classification biased?
2. How well do current answer type taxonomies fit a random sample of
user questions?
3. How well do current techniques for automatic recognition of answer
types work given a random sample corpus?
23
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4. Are some classes of questions more problematic than others, and if
so, which?

In order to address these issues a series of experiments will be conducted. First we will establish a baseline to which we can compare our results. This baseline is essentially established by re-examining how standard
machine learning techniques perform when presented with the corpus and
taxonomy built by Li & Roth (2002). This is the corpus and taxonomy that
has been used in much of the previous work in the field. However, since no
ranking of the different machine learning techniques have been established
by means of significance testing, this is the first goal of the present work.
We will then go on to build a new annotated corpus, based on the same
taxonomy as defined by Li & Roth (2002). The aim of this corpus is to represent a fair sample of actual users questions, as they can be expected to
be presented to fully functional question answering systems. Fortunately,
such a corpus exists in the AnswerBus logs. However, this is an untagged
corpus, and the methodology for tagging it is described below. The machine learners will then be tested on this new corpus, and the results will
be compared to the results from the baseline experiments. Essentially, this
will yield a more accurate baseline to which future experiments in the field
can compare their results. For present purposes, five algorithms will be
tested: Naı̈ve Bayes, k Nearest Neighbors, Decision Tree Learning, Sparse
Network of Winnows, and Support Vector Machines. These are the most
commonly used in previous work in the field (see chapter 2).
As a bi-product, an informal evaluation of the taxonomy proposed by
Li & Roth (2002) will be performed. This evaluation is considered a partial
result of the thesis.
As a final step, a detailed study of exactly which kinds of questions
are problematic for machine learning algorithms will be conducted. To our
knowledge such a study has not been done in the field. More specific, we
will try to establish if there are certain questions that are inherently difficult
to classify, or if perhaps the taxonomy is the problem.
To sum up, the following work is the scope of the thesis:
1. Re-examine previous work using the taxonomy and corpus established by Li & Roth (2002) and the algorithms: Naı̈ve Bayes, k Nearest
Neighbors, Decision Tree Learning, Sparse Network of Winnows, and
Support Vector Machines
2. Build a new corpus based on the AnswerBus logs using the same
taxonomy (see section 3.2)
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3. Run the classifiers on this new corpus. The results of these experiments are presented in chapter 5
4. Make a detailed qualitative analysis of the performance on different
kinds of questions. The results of this analysis are also presented in
chapter 5
The rest of this chapter presents the tools and measures being used.

3.2 Building a question corpus
Since, the purpose of the present work is to re-examine previous work in
the field, as well as establish what performance can be expected in the face
of a random sample of real users’ questions, such a corpus had to be constructed. This corpus is based on the AnswerBus logs. AnswerBus is a
running on-line question answering system1 and details about the system
can be found in Zeng (2002). The authors have made 25,000 logged questions available to the public and for the purpose of the present work 5,000
were extracted randomly and manually tagged according to the taxonomy
established by Li & Roth (2002) and described in detail in chapter 2.
The classes in the taxonomy essentially lack formal definitions and therefore re-using it becomes a matter of example-based classification. When
confronted with a new question, one has to look up how such questions
were classified in the original corpus, as marked up by Li & Roth (2002).
This corpus is described in chapter 2. In short, it consists of 5,000 questions, most derived from TREC data.
This process becomes iterative in nature in that the person performing
the tagging has to switch back and forth between the corpus to be tagged
and the corpus tagged by the taxonomy’s constructors. The understanding
is to some extent gradually enhanced and modified in the process. Therefore, when the AnswerBus corpus had been tagged completely, the tagging was revised based on the final understanding of the taxonomy. Most
classes are quite clear. However, some difficulties arise in the classification
process, and these difficulties are presented in the next chapter, along with
an informal evaluation of said taxonomy.
1 http://answerbus.coli.uni-sb.de/index.shtml
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3.3 Machine learning
As stated above, five different algorithms have been used throughout the
rest of the work, namely Naı̈ve Bayes, k Nearest Neighbors, Decision Tree
Learning, Sparse Network of Winnows, and Support Vector Machines. In
order to evaluate how these different machine learners perform in the question classification task the WEKA system for machine learning was used2
(Witten & Frank 2000). WEKA contains implementations of most common
machine learners in J AVA. The benefit of using this framework for the
experiments is that the data is pre- and post-processed in the exact same
way, leaving minimal variance in results between the learners based on
other things than the learners themselves. However, we also opted to test
the SNoW algorithm since it has been used successfully in previous work.
The SNoW algorithm is not implemented within WEKA and so the original
implementation of this algorithm was used3 . No parameter tweaking has
been performed, i.e. all algorithms are run with default parameter values.

3.3.1 Question representation
When dealing with machine learning techniques, it has been established
that the choice of representation for a problem has great impact on the
outcome of the technique at hand. As a consequence, if the representation is flawed, it does not matter which algorithm is used (cf. Rendell &
Cho 1990, Mitchell 1997). The problem at hand, question classification, has
many similarities with the problem of text categorization, which has been
extensively studied (cf. Sebastiani 2002). Text categorization is the problem
of assigning a text to one or more predefined categories, based on the content of the text. Question classification can be seen as an instance of this
more general problem.
In text categorization, content has often been viewed as the following:
Definition 2 The content of a text is (a subset of) the words that comprise the
text.
This is also known as a bag-of-words approach to text representation.
−
→
In this scheme, a text is represented as a vector t of term weights, such
−
→
that t = (w1 , w2 , . . . , wn ) where wi are the weights of the word in the text.
In text classification, weights are typically calculated as the term frequency
2 http://www.cs.waikato.ac.nz/ml/weka/
3 http://l2r.cs.uiuc.edu/˜

danr/snow.html
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(i.e., the frequency of a given word token) multiplied with the inverse document frequency (calculated by dividing the total number of documents
in the data with the number of documents in which a given term/word
occurs).
The problem with this approach is that it disregards syntax and semantics entirely. The question ’Who shot JFK?’ is seen as identical to ’JFK
shot who?’ and bare only little in common with ’Who murdered John F.
Kennedy?’. Fortunately, in the case of question classification all of the previous questions expects the same answer type. For text categorization it has
been found that representations more sophisticated than this do not yield
significantly better results (cf. Sebastiani 2002).
We have limited ourselves to using unweighted term vectors in this
work.

3.4 Evaluation
This section contains a complete description of the measures used to evaluate the quantitative performance of the different classifiers. It begins by
defining true and false positives and negatives, which are then used to calculate precision and recall. Both micro- and macro-averaged precision and
recall are then defined. The section is concluded by defining two statistical
measures, two different s-tests, that are used to compare the performance
of the different algorithms to each other.
Because of the subjective nature of question classification, question classifiers can not be evaluated analytically by proving their correctness and
completeness. Rather, classifiers are evaluated experimentally by means of
their effectiveness with respect to precision (π) and recall (ρ). Precision is
also often referred to as accuracy. To calculate π and ρ, we need to define
true positives, false positives, true negatives, and false negatives.
Definition 3 Given a question qi , if a classifier correctly assigns qi to a category
ci , as judged by an expert, this is referred to as a true positive (TPi ).
Definition 4 Given a question qi , if a classifier erroneously assigns qi to a category ci , as judged by an expert, this is referred to as a false positive (FPi ).
Definition 5 Given a question qi , if a classifier correctly rejects qi as belonging to
a category ci , as judged by an expert, this is referred to as a true negative (TN i ).
Definition 6 Given a question qi , if a classifier erroneously rejects qi as belonging
to a category ci , as judged by an expert, this is referred to as a false negative (FN i ).
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Two different methods for estimating precision (π) and recall (ρ) can
be used: micro-averaging, denoted as π̂ µ and ρ̂µ respectively, and macroaveraging, denoted as π̂ M and ρ̂ M respectively, (Sebastiani 2002). These
two methods yield different results if the categories have very varying generality. Micro-averaged precision and recall is dominated by the large categories, whereas macro-averaged precision and recall illustrates how well
a classifier performs across all categories. The measures are calculated as
follows:
|C|

∑i=1 TPi

µ

π̂ =

|C|

∑i=1 (TPi + FPi )
|C|

∑i=1 TPi

µ

ρ̂ =

|C|

∑i=1 (TPi + FNi )

π̂

M

ρ̂

M

|C|

∑ π̂i
= i =1
|C|
|C|

(3.1)

(3.2)

(3.3)

∑ ρ̂i
= i =1
|C|

(3.4)

( β2 + 1)πρ
β2 π + ρ

(3.5)

where |C| is the total number of categories, and π̂i and ρ̂i are the precision and recall of category i. A system striving to reach high precision will
invariably lower its recall score, and vice versa. This has lead to the use of
a combined measure called the F-measure (F):
F=

where π and ρ can be either micro- or macro-avereged values. F balances π and ρ by means of a weight β. When β = 1, π and ρ are given
equal weight. When β > 1, precision is favored, and when β < 1, recall is
favored.

3.4.1 Validation/Significance testing
A common shortcoming of many comparisons between machine learning
algorithms with respect to a certain problem is that few researchers validate
their results by means of statistical significance testing. In essence, this
means that very few conclusions can be drawn from their work. Yang & Liu
(1999) defines a number of significance tests that can be used to compare
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both micro- and macro-averaged effectiveness. For present purposes only
micro and macro sign tests will be used.
Micro sign test
The micro sign test (s-test) compares two systems based on the binary decisions of all pairs hq j , ci i ∈ Q × C , where Q is the domain of questions
and C = {c1 , c2 , . . . , c|C| } is a set of predefined categories. We define the
following:
• N = |Q × C|
• ai,j ∈ {0, 1} is the measure of success for system A on the pair hq j , ci i,
where 1 means correct and 0 means incorrect.
• bi,j ∈ {0, 1} is the measure of success for system B on the pair hq j , ci i.
• n is the number of times ai,j and bi,j differ.
• k is the number of times ai,j > bi,j .
The null hypothesis is that k = 0.5n or that k has a binominal distribution of Bin(n, p) where p = 0.5. The alternative hypothesis is that k has a
binominal distribution of Bin(n, p) where p > 0.5, meaning that system A
is better than system B.
The P-value (one-sided) can be approximated by using the standard
normal distribution:
Z=

k − 0.5n
√
0.5 n

(3.6)

Given a skewed category distribution, the micro sign test can be said to
be dominated by the large categories.
Macro sign test (S-test)
The macro sign test (S-test) is also intended to compare two systems based
on the paired F1 values for individual categories.
• M equals the number of unique categories, |C|.
• ai ∈ {0, 1} is the F1 score of system A on the ith category (i = 1, 2, . . . , M).
• bi ∈ {0, 1} is the F1 score of system B on the ith category (i = 1, 2, . . . , M).
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• n is the number of times ai and bi differ.
• k is the number of times that ai is larger than bi .

The test hypotheses and the P-value (one-sided) computation are the
same as in the micro s-test.

3.5 Summary
This chapter presented the research issues in detail, as well as gave a description how these issues are to be approached. We began by looking at
how a new corpus of questions was constructed. Then we looked at what
machine learning algorithms have been used, and in which implementations. Details on how questions have been represented for the machine
learners were also presented. The chapter concluded by describing how
the results will be evaluated, what measures are used, and how we define
these measures. In the next chapter we present an evaluation of the taxonomy used throughout this work. This evaluation is necessary in order to
get a complete picture of the premises on which the rest of the work rely.

4

Evaluation of taxonomy

This chapter presents an evaluation of the taxonomy created by Li & Roth
(2002). As previously mentioned, this taxonomy has been chosen for the experiments conducted in the present thesis, since it has been used in several
previous experiments on machine learning techniques for question classification (cf. Zhang & Lee 2003b, Hacioglu & Ward 2003).
In order to assess the taxonomy both the tagged TREC corpora made
available by Li & Roth (2002) as well as a corpora based on the AnswerBus
logs were used. The former was presented in detail in chapter 2 and the
latter in chapter 3.
The present chapter also contains a brief analysis of the original tagging
of the TREC corpus, and attempts to list decisions that affected the tagging
of the AnswerBus corpus.
The purpose of the evaluation is to make clear how the taxonomy is
constructed in detail and how it compares to other taxonomies in order to
understand how this might affect the results derived from the experiments.
The analysis of the original tagging is presented in order to understand
what problems and issues arise when tagging a new corpus according to
the taxonomy, and what design choices that have been made.
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4.1 Taxonomies
The taxonomies used in question answering can be roughly divided into
three different sizes: small taxonomies that are flat and usually consists of
6-12 different categories, medium sized taxonomies that can be both flat
and hierarchical and consist of 15-30 different categories, and large taxonomies that are hierarchical and consist of 50-150 categories. Examples of
flat taxonomies are found in A and hierarchical are found in B.

4.2 Category distribution
Table 4.1 shows the distribution of the different categories in the TREC and
AnswerBus corpora respectively.
Class
Abbreviation
abb
exp
Entity
animal
body
color
creative
currency
dis.med.
event
food
instrument
lang.
letter
other
plant

TREC AnswerBus
1.6%
1.1%
0.3%
0%
1.3%
1.1%
24.3%
9.6%
2.1%
0.9%
2.1%
0.9%
0.3%
0.06%
3.8%
2.4%
0.07%
0%
1.9%
0.6%
1.0%
0.2%
1.9%
0.6%
0.2%
0.1%
0.3%
0.1%
0.1%
0.06%
4.0%
0.2%
0.2%
0.2%
Continued on next page
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Class
product
religion
sport
substance
symbol
technique
term
vehicle
word
Description
definition
description
manner
reason
Human
group
ind
title
description
Location
city
country
mountain
other
state
Numeric
code
count
date
distance
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TREC AnswerBus
0.8%
0.8%
0.07%
0.06%
1.1%
0%
0.8%
0.6%
0.2%
0.2%
0.7%
0.3%
1.7%
0.3%
0.5%
0.5%
0.5%
0.5%
21.2%
27.0%
7.7%
13.8%
5.0%
6.0%
5.0%
7.2%
3.5%
3.0%
22.5%
21.9%
3.5%
1.7%
17.7%
13%
0.5%
0.2%
0.8%
7%
17.7%
20%
2.4%
1.6%
2.8%
0.7%
2.8%
0.3%
8.5%
16.9%
1.2%
0.5%
16.6%
17.3%
0.2%
0.6%
6.7%
5.6%
4.0%
5.5%
0.6%
1.8%
Continued on next page
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Class
money
order
other
period
percent
speed
temp
size
weight

TREC
1.3%
0.1%
1.0%
1.4%
0.5%
0.2%
0.2%
0.2%
0.2%

AnswerBus
0.7%
0.06%
0.06%
1.7%
0.3%
0.3%
0.3%
0.06%
0.3%

Table 4.1: Hierarchical answer type taxonomies
From table 4.1 we see that the category distribution in the two corpora is
rather similar. For the vast majority of categories, the distribution is about
the same.
We will now go through each coarse category class to assess the taxonomy. We will do this in general terms, and also look specifically at coverage
and granularity. Coverage concerns whether the super-category contains
subcategories that covers all conceivable examples, while granularity concerns if the category is to broad, i.e. covers to many examples, or to narrow,
i.e. covers very few and verify specific examples.

4.2.1 Abbreviation
Questions relating to abbreviations can take two forms. Either, a user is
interested in how to abbreviate something (abbr:abb), or the user wants to
know the correct expansion of an abbreviation (abbr:exp).

Coverage The abbreviation category covers the two types of questions that
occur in relation to abbreviations in both the TREC and the AnswerBus corpora. It is perhaps interesting to note that there are no questions on how to
abbreviate something in the AnswerBus corpus.

Granularity There is no need to break down either of the two subcategories into finer ones.
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4.2.2 Entity
The difference in relative distribution between the corpora with regards to
the entity class is notable. There are consistently an equal number of, or
more, occurrences of the subcategories with regards to the overall corpus
within the TREC corpus than within the AnswerBus corpus. This might reflect the fact that the TREC corpus is slightly biased due to manual selection
of questions.

Coverage In the entity category we find a category for musical instruments and vehicles, but also a category for products in general. It is not
clear why the former have generated specialized categories, when one could
easily imagine others, like furniture and weapons, that do not have dedicated categories. We also find the categories word and term which are not
always easily distinguishable.

Granularity The entity class would perhaps benefit from having subcategories. For instance, in the taxonomy proposed by Suzuki, Taira, Sasaki &
Maeda (2003) (see appendix B) a category such as vehicle is a subcategory
of the category product, which in turn is subdivided into e.g. car and train.

4.2.3 Description
For the description class questions belonging to the desc:def are twice as
frequent within the AnswerBus corpus than within the TREC corpus. It is
hard to assess the description category in terms of coverage and granularity, since it isn’t exactly clear what it intends to cover. It seems to be the
category that deals with answers that are not just a simple noun phrase,
but rather some elaboration.

Coverage Description seems to cover most questions that require detailed
elaborations as answer quite well.

Granularity It is not always clear how to distinguish between the subclasses description and manner, and the latter also partially overlaps the category for techniques and methods in the entity category.
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4.2.4 Human
In general, certain questions are difficult to categorize under the given taxonomy, such as ”Who invented the post-it note?”. It is not entirely clear
if we expect a specific person or an organization as the answer. Interesting to note is that the number of questions belonging to the subcategory
hum:desc in the AnswerBus corpus is far greater than in the TREC corpus.
7% as opposed to 0,8%.
Coverage The human category covers the kinds of questions asked in relation to humans and organizations.
Granularity The human category could benefit from having subcategories.
Almost one quarter of all questions in the AnswerBus corpus concerns this
category. The taxonomies proposed by Hovy et al. (2002) and Suzuki, Taira,
Sasaki & Maeda (2003) (see appendix B) both have finer granularity with
regards to persons and organizations. In the group category, one could for
instance differentiate between companies, military organizations, and political parties.

4.2.5 Location
The most interesting thing to notice in the location class is the difference in
numbers with regards to the loc:other category. We will look further into
this specific issue in the next section.
Coverage The location category covers all questions concerning locations
by introducing a subcategory other.
Granularity The subcategories in the location class seems rather ad hoc.
Why is there a category for mountains but not lakes or rivers? There are
several question related to the latter two in the TREC corpora so the reason
seems unclear. The fact that the single largest category in the AnswerBus
corpus is the loc:other category also indicates that this coarse class could
benefit from a larger set of subcategories.
As with the human category, the taxonomies proposed by Hovy et al.
(2002) and Suzuki, Taira, Sasaki & Maeda (2003) both have finer granularity
with regards to locations.
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4.2.6 Numeric
The numeric category covers questions concerning all kinds of numeric information, such as dates, ages, and speed. The distribution within this class
is roughly the same in both the TREC and AnswserBus corpora.
Coverage In the number, as in the location category we find a subcategory
other which ensures that the coverage is perfect. Once again this is perhaps
not a satisfactory solution, and Hovy et al. (2002) and Suzuki, Taira, Sasaki
& Maeda (2003) have no such “fallback” category.
Granularity In the number category, the subclasses code could for instance
be split up into zip codes and social security numbers and size into area and
volume.

4.3 Remarks on original tagging and category usage
This section presents a review of the original tagging in the TREC corpus.
We look at cases were the choice of tag is not entirely clear cut and also
what design choices were made in the tagging of the AnswerBus corpus.

4.3.1 Abbreviation
In the TREC material, “What is BPH?” is tagged as abb:exp and “What is
Plc?” is tagged as desc:def. It is unclear how one can differentiate between
these two questions, and in the AnswerBus corpus the former is classified
as desc:def. The logic being that a definition of the term is more probable to
be satisfactory for the user, and is also likely to contain an expansion of the
abbreviation.

4.3.2 Entity
The question “What’s the Hungarian word for pepper?” and “What is
another word for diet?” are tagged as enty:word while “How do you say
’fresh’ in Spanish?” and “What are dinosaur droppings called?” are tagged
enty:termeq. enty:word are described as “words with a special property” and
enty:termeq as “equivalent terms”. Here the problem with two categories
not being easily distinguishable becomes apparent. In the AnswerBus corpus all these questions would be treated as enty:termeq.
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The question “What is the recipe for or formula for Coca-Cola?” is
tagged as enty:food while “What are the ingredients of Coca-Cola?” is
tagged as enty:substance. In the AnswerBus corpus both these questions
would be treated as enty:food.
“What do you call a group of geese?” is tagged as enty:animal, while the
question “What is the collective noun for geese’?” is tagged as enty:word. In
the AnswerBus corpus such questions are tagged as enty:word.
Tagged as enty:product and not as enty:vehicle we find “What car was
driven in the 199 release of ’Smokey and the Bandit’?”. In AnswerBus, this
would have been classified as enty:vehicle.
While “What is the quickest and easiest way to get nail polish out of
clothes?” is tagged as enty:techmeth, “How can you get rust stains out of
clothing?” is tagged under a whole different coarse category as desc:manner.
Admittedly there are differences between these two categories, and the
same distinction is made in the AnswerBus corpus.

4.3.3 Location
When reviewing the tagging performed on the TREC material and when
categorizing new material the most apparent problem comes in categorizing questions like “Where can i find information about X?”. In the original
tagging, these are tagged as other in the location class. They therefore warrant the same treatments as rivers, lakes and planets. One could argue that
they are a special form of location and could warrant their own category. In
fact these questions are more like traditional search queries with the phrase
“where can i find information about” prefixed to them - they expect a list of
URL:s rather than a specific answer. Furthermore, in the TREC material they
constitute about 8% of the questions and in the AnswerBus corpus 16%,
which also indicates that they might benefit from being treated as a special
form of question.

4.3.4 Description, Human, and Numeric
Concerning the categories description, human, and numeric nothing remarkable was found. These categories seem to be straightforward to apply
to a new corpus.
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4.4 Yes/no-questions
Perhaps the most remarkable aspect about the taxonomy is the lack of a
class for simple yes/no-questions. A question like “Is the stomach a muscle?” therefore poses certain problems. However, the lack of this category
might be due to the fact that the TREC material used as a basis for the taxonomy contains no such questions. The AnswerBus corpus on the other
hand contains plentiful yes/no-questions. However, the omission of the
category can also be a conscious decision, perhaps the system designers do
not want the system to answer simply “yes” or “no”, but rather to provide
the user with a more detailed and elaborate answer.

4.5 Summary
In this chapter we have scrutinized the taxonomy used throughout the
present work. We saw that the taxonomy seem to be bootstrapped to the
TREC corpus for which it was developed. The most clear evidence for this is
perhaps the lack of a yes/no-category, and we also saw that in many cases
the choice of category is not entirely clear. The next chapter presents the
actual results obtained from running the different machine learning algorithms on the different corpora.

5

Experiments

This chapter presents the results from the experiments on question classification that are main piece of work in the thesis. First, we look at a reexamination of the previous work in the field. Next we look at how the
algorithms perform on the AnswerBus corpus. We conclude by looking
closer at what questions that pose the biggest problems for the algorithms.

5.1 Study 1: Re-examining previous work on question
classification
The first experiment is a straightforward re-examination of how the five
machine learning algorithms that are the focus of the present work perform
and how they relate to each other in terms of performance. The algorithms
are, as mentioned in chapter 3, k nearest neighbors (kNN), naive bayes
(NB), decision tree learning (DT), sparse network of winnows (SNoW), and
support vector machines (SVM).
This experiment has been done under two different settings. First, we
have used the corpus originally developed by (Li & Roth 2002), but since
that test corpus consists of questions solely from TREC -10 and the TREC
conferences have a specific agenda, the test corpus might be slightly different from the training data. Therefore, a second setting was used where the
questions from the training and test corpora were pooled together and a
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randomized test corpus was extracted. This will be referred to as the repartitioned corpus. The five learning algorithms were run on both corpora.
The performance of the different learners in the first setting can be found
in table 5.1, results from the second setting are found in table 5.2 while significance testing between the learners is shown in table 5.3. As mentioned
in chapter 3 all algorithms were run with default parameters, and questions
µ
were represented as bag-of-words. In the tables below, π µ , ρµ , F1 refers to
micro-averaged precision, recall, and F1 score respectively, while π M , ρ M ,
and F1M refers to the corresponding macro-averaged scores.
Classifier
kNN
NB
SNoW
DT
SVM

πµ
.67
.72
.76
.78
.81

ρµ
.67
.71
.75
.78
.81

µ

F1
.67
.71
.76
.78
.81

πM
.60
.60
.71
.75
.76

ρM
.50
.58
.64
.68
.67

F1M
.55
.59
.67
.71
.71

Table 5.1: Performance of classifiers on original TREC data.
In the tables, the highest score of each column is highlighted in boldface.
Looking at results of the algorithms on the original TREC corpus in table 5.1
we see that the SVM algorithm has the highest performance scores in all
calculations but the macro-averaged recall. SVM and Decision Trees ties in
the macro-averaged F1 score.

Classifier
kNN
NB
SNoW
DT
SVM

πµ
.63
.67
.66
.72
.78

ρµ
.63
.67
.66
.72
.78

µ

F1
.62
.67
.66
.72
.78

πM
.62
.60
.65
.64
.81

ρM
.56
.65
.50
.62
.71

F1M
.59
.62
.57
.63
.76

Table 5.2: Performance of classifiers on repartitioned TREC data.
Looking at the results from the experiments on the repartitioned corpus
in table 5.2 we see that the SVM outperforms all the other algorithms in all
calculations.
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As can be seen in table 5.1 and 5.2 the performance of the different learning algorithms with regards to micro-averaged precision and recall is at
best equal to and in most cases worse on the repartitioned data than on
the original data. This suggests that the test data in the first setting does
not reflect the training data as well as one would want, i.e. the results are
overly positive in relation to what could be expected. This indicates that all
previous work based on this corpus reports over-optimistic results. When
it comes to macro-averaged precision and recall the results are more varied
and it is difficult to spot a clear pattern.

sysA
kNN
kNN
kNN
kNN
NB
NB
NB
SNoW
SNoW
DT

sysB
NB
SNoW
DT
SVM
SNoW
DT
SVM
DT
SVM
SVM

Original
s-test S-test
<
≪
<
≪
≪
≪
≪
<
≪
≪
≪
≪
<
≪
≪
-

Repartitioned
s-test S-test
<
≪
≪
≪
≪
≪
≪
≪
≪
≪
≪
≪
≪
≪

Table 5.3: Significance testing of classifiers on both original and repartitioned TREC data.
In table 5.3 we can find differences when comparing the algorithms
with regards to significant differences in performance. In the table, “<”
means a difference on the .05 significance level, and “≪” means a difference on the .01 level. So, NB < SNoW should be read as NB performs significantly worse than SNoW on the .05 level. The column “s-test” means micro
sign test, and “S-test” means macro sign test (see section 3.4.1 in chapter 3
for details on the tests).
It is interesting to note that where there were no significant differences
in performance on the original corpus there are to some extent differences
on the repartitioned corpus and also the other way around to a smaller
extent. For instance, the SVM is significantly better than both decision trees
and SNoW with regards to the S-test in the repartitioned data as opposed
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to the original data. This suggests that the training and test corpora in fact
are not balanced in the original setting, and some of the results reported
in previous work are somewhat biased. If we look at the results from the
repartitioned corpus we could order the algorithms from better to worse
according to the following for the s-test scores: SVM ≫ DT ≫ {NB, SNoW,
kNN}.
If we then turn to the S-test scores the results are not as clear, but we can
propose the following ordering: SVM ≫ {DT, NB} > SNoW > kNN. SNoW
is difficult to place in this ordering.

5.2 Study 2: The AnswerBus corpus
To further investigate the performance of different machine learners in the
face of a corpus consisting of actual users’ questions a second experiment
was conducted. In this setting 5,000 questions from the AnswerBus logs
were used (see chapter 3 for details), but everything else remains the same
as in experiment 1. The corpus is split up into a training corpus consisting
of 4,500 questions, and a test corpus of 500 questions. Results in terms
of performance are found in table 5.4 and significance testing between the
classifiers are found in table 5.5.
Classifier
kNN
NB
SNoW
DT
SVM

πµ
.72
.80
.69
.81
.82

ρµ
.71
.80
.66
.80
.81

µ

F1
.71
.80
.67
.80
.82

πM
.61
.70
.61
.69
.73

ρM
.53
.66
.77
.66
.65

F1M
.56
.68
.68
.67
.69

Table 5.4: Performance of classifiers on AnswerBus data.
As can be seen in table 5.4 the performance in terms of micro-averaged
precision and recall is higher on the AnswerBus corpus than on any of the
TREC corpora. When it comes to macro-averaged performance the results
are more varied and it is hard to draw any clear conclusions. We can see
that the SVM outperforms all other algorithms in all cases but for macroaveraged recall, where the SNoW algorithm excels.
In terms of significant differences between classifiers, the results from
the AnswerBus corpus deviates from what could have been expected given
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sysA
kNN
kNN
kNN
kNN
NB
NB
SNoW
SNoW
SNoW
DT

sysB
NB
SNoW
DT
SVM
DT
SVM
NB
DT
SVM
SVM

AnswerBus
s-test S-test
≪
<
≪
≪
≪
≪
≪
≪
≪
-

Table 5.5: Significance testing of classifiers on AnswerBus data.
the results on the TREC corpora (both original and repartitioned). It seems
that Naı̈ve Bayes, Decision Trees and Support Vector Machines are on par
with each other, while k Nearest Neighbors and Sparse Network of Winnows are significantly worse in terms of performance when it comes to
micro-averaged scores. For macro-averaged scores the results are not as
clear. We see that the kNN is significantly worse than SVM, DT and NB,
but no other differences between the algorithms are found. It might be
the fact that the category distribution is extremely skewed, i.e. there are
very many occurences of questions belonging to a small number of the categories, while there are many categories with very few examples in the
corpus. The small categories, which are in majority, tend to dominate the
macro-averaged scores.

5.3 Analysis of Problematic Questions
This section presents a more detailed study of those questions that the machine learners had problems classifying. We will here restrict our study to
the AnswerBus corpus. Out of 500 test questions, there were 14% which all
the machine learning algorithms failed to classify. These questions will be
the focus of the analysis below.
After looking at the questions, the following possible sources of error
was established:

Question Classification

46
• Problems due to small categories, 21%

• Problems due to the processing and representation of questions, 25%
• Problems due to the taxonomy per se and the usage of categories, 4%
• Problems due to over-generalization, 9%
• Problems due to spelling errors, 3%
• Problems of unknown origin, 38%

5.3.1 Small categories
Looking at those questions that were not classified correctly by any of the
machine learning algorithms, we see that 21% belong to categories that constitute less than 1% of the data in the AnswerBus corpus, namely enty:product,
enty:food, enty:dismed, and enty:other.
Given the skewed category distribution in the corpus, this is an expected problem. Some categories have too few examples entirely for the
algorithms to be able to generalize over. Building a larger corpus should
to a large extent minimize this problem. Another approach would be to go
through these categories and see if they can be merged into larger ones, or
be incorporated in other categories.

5.3.2 Variations in formulation
The questions were represented as bags-of-words in the form of feature
vectors. This means that plural and singular forms och nouns are unrelated in the view of the learning algorithm. Also, synonyms are seen as
unrelated, since no semantics is incorporated. 25% of the errors seem to
stem from this problem. For instance, “What countries are in the European
Union?” contain the plural of “country”, and only the singular version
occurs in the training corpus. This is related to the problem with small
categories, and essentially becomes a problem of sparse data. Unlike the
problem with small categories, however, this problem might be overcome
by using stemming algorithms, and other pre-processing such as named
entity recognition. The research conducted by Li & Roth (2002) suggests
that this is a viable approach.
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5.3.3 Taxonomy and usage
One source of confusion for the learning algorithms is questions that are superficially very similar, but are tagged as different categories in the corpus.
4% of the problematic questions seem to be misclassified due to this fact.
One typical example is the question “What was Roy Roger’s dog’s name?”
which, if we use Li and Roth’s (2002) tagging of the TREC corpus as a standard, belongs to the enty:animal category. This question is very similar to a
question such as “What was Mao’s second name?”, at least from the perspective of a machine learning algorithm using a bag-of-words representation of questions. However, the latter question belongs to the hum:ind
category.

5.3.4 Keyword errors
Some questions (9%) that were classified erroneously contain specific words
that the learners are susceptible to generalize to a single specific category.
The two questions “What’s the longest a dog has ever lived?” and “What
was the longest human pregnancy?” both contain the word “longest”,
which often occurs in questions related to the num:dist category.
All machine learning algorithms attempt to generalize over the data as
much as possible. In the context of question classification and text categorization, this means that specific words, or sequences of words becomes
associated to specific categories to some extent. We can expect this to be
a problem even if we up-size the training corpus. Some questions are too
similar on the surface for a learning algorithm to be able to find a pattern
for discerning between them.

5.3.5 Spelling errors
Spelling errors are a serious problem for machine learning algorithms. A
total of 3% of the questions that failed to be categorized contains a spelling
error that, if corrected should lead to a correct classification.
In essence, machine learning algorithms has low tolerance when it comes
to the input being corrupt in any form. Any word that has not been seen
by the algorithm before is disregarded as input. If the question stem or
question word itself is corrupt the question becomes almost impossible to
categorize, since this is an essential piece of information for most categories
of questions.
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5.3.6 Errors of unclear origin
A large portion of the question that are classified incorrectly by all the learners seem to be more difficult to explain. On the surface they are similar to
other questions in the same category that have been categorized correctly.
Almost half of these, however, belong to the desc:desc category. Most of
them are incorrectly categorized as either desc:def or desc:manner. A total
of 38% of the questions that were misclassified by all of the algorithms are
difficult to explain.

5.4 Summary
In this chapter the results from the experiments were reported. We saw that
by repartitioning the TREC data we received different results than when
running the TREC data in its original setting, both in terms of raw and relative performance. We then saw that using the AnswerBus data yielded
even bigger differences in terms of the relative performance between the
classifiers. We saw that naive bayes, decision trees and support vector machines performed on par with each other in regards to micro-averaged performance, while all algorithms but the k nearest neighbors were equal in
performance on the macro-averaged results. We also looked at questions
that are problematic for machine learners, and tried to establish possible
reasons for this. In the next chapter we will discuss the results presented
here.

6

Conclusions and future work
This chapter contains a discussion of the results obtained from the experiments presented in the previous chapter and points to future work.

6.1 Study 1
By repartitioning the TREC-based training and test corpus, we could see
that not only did the absolute performance of the individual algorithms
change, but also the relative performance between them. More specifically,
apparent significant differences between different algorithms disappeared
and new ones emerged, especially in relation to the macro sign test. This
indicates that the TREC corpus indeed is biased. And a reasonable explanation for this is that the test corpus stems from the TREC-10, while the
training corpus stems from other sources, TREC and other.
An alternative explanation is that the corpus is simply too small. Since
the category distribution is skewed (i.e. some categories are very frequent,
while others are quite infrequent), we might end up with very few examples of a category in the training corpus, leading to difficulties for the classifiers to learn these. The best solution here would be to run a ten-fold crossvalidation in order to establish more accurate results. Performing ten-fold
cross validation is a standard technique to achieve more accurate results
(Sebastiani 2002). In a ten-fold cross-validation we would pool the existing
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training and test material and divide it into ten parts of equal size. Ten
training and classification iterations would then be run, the first using the
first tenth as test corpus and the rest as training corpus, the second using
the second tenth as test corpus and the rest as training corpus, and so on
over the complete set. We would then average (or calculate some other kind
of combined measure) over the results in order to establish more accurate
results.
The results from the experiment on the repartitioned corpus suggest
that in regards to the micro sign test the SVM outperforms all other learning
algorithms, and DT outperforms all algorithms but the SVM algorithm. The
kNN, SNoW and NB seem to perform on par with each other.
Looking at the results from the macro sign test, SVM is still the best
performer, while DT and NB seem to perform on par with each other, and
SNo W and k NN are roughly on the same level of performance.
The algorithm which performance was most severely affected in terms
of absolute performance by repartitioning the corpus was the SNoW classifier. It was also this algorithm that caused most differences in the significance comparisons. The exact cause for this is unclear. It is unfortunate
that this is the only algorithm that is not implemented in the WEKA system, and hence a standalone implementation has been used. This means
that SNoW is more susceptible for variation due to external factors, such as
pre-processing.

6.2 Study 2
In the second experiment a corpus based solely on real users’ questions
was used. The intention was to establish what could be expected in terms
of performance of machine learning techniques in a real on-line system.
We can see that the performance in terms of micro-averaged results are
consistently higher than what could be expected from the TREC corpus.
Given that the category distribution in the AnswerBus corpus is even more
skewed than in the TREC corpus, i.e. there are very many occurrences of
a few categories, this might be expected. Most notable are the HUM:desc
as exemplified by questions such as “Who is XXX?” and LOC:other and the
very common question “Where can I find information about XXX?”. These
two categories alone represents almost 25% of the corpus and are quite easy
to categorize for all algorithms.
When we turn to the macro-averaged results, it is hard to draw any
clear conclusions. Overall the performance on the AnswerBus corpus is on
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par with the performance on the repartitioned TREC corpus, but for Naı̈ve
Bayes precision goes up 10% and for SNoW recall increases by 27%. The
conclusion that could be drawn is that some algorithms are more sensitive
to skewed category distributions.
Turning to the relative performance of the algorithms on the AnswerBus corpus as compared to the repartitioned TREC corpus we find a few
interesting results. The ranking in terms of the results from the micro sign
test differs strongly from what might be expected from the TREC material.
Now, three algorithms perform on par with each other, namely SVM, DT and
NB. Given that these are equal in performance other factors becomes more
interesting in choosing an algorithm to use in an on-line system. Algorithms that are fast in the classification phase are to be preferred to slower
ones, given all else equal.
In terms of the results from the macro sign test, the performance of the
algorithms are roughly in line with what could be expected from the results
on the repartitioned TREC corpus.

6.3 The overall picture
Looking at the overall picture, taking all the results into account, it is hard
to draw any absolute conclusions. On the one hand, the SVM algorithm is
significantly better than all the other algorithms as far as performance on
the repartitioned TREC corpus goes. However, on the AnswerBus corpus,
DT and NB perform just as good as the SVM algorithm. Taking into account
that the AnswerBus corpus is more skewed in terms of the category distribution than the TREC counterpart, there are fewer examples of the small
categories in absolute terms in the AnswerBus corpus. Hence, there might
be too few examples for a machine learning algorithm to even be theoretically able to learn to discern between them. Real differences between
algorithms might not show up because of this, and given a larger corpus,
the same ranking between algorithms that exist on the TREC material might
emerge.

6.4 Future work
The most obvious way to proceed is to build a larger question corpus. In
this work we have used 5,000 of the 25,000 questions available in the AnswerBus logs. It would be a straightforward task to classify more of this
material. This seems to be a necessary task since the category distribution
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is extremely skewed. There are many categories that have very few occurrences. Perhaps too few for any lerning algorithm to be able to learn to
descern between them. It would also be interesting to run a ten-fold cross
validation in order to get more accurate and reliable results.
This work has used one taxonomy exclusively, and it would be interesting to run the learning algorithms on a corpus tagged according to another,
perhaps more general, taxonomy.

A

Flat answer type taxonomies

Table A.1: Flat answer type taxonomies
Author(s)
Eichmann & Srinivasan (1999)

Total types
4

Litkowski (1999)

6

Oard et al. (1999)

6

Pinto et al. (2002)

7

Type taxonomy
DATE
MONEY
NUMBER
NAME
TIME
LOCATION
WHO
WHAT
NUMBER
SIZE
PERSON
TIME/DATE
LOCATION
NUMBER
AMOUNT
ORGANIZATION
PERSON
ORGANIZATION
Continued on next page
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Author(s)

Total types

Singhal et al. (1999)

8

Ittycheriah et al. (2000)

9

Hull (1999)

10

Wu et al. (2000)

11

Type taxonomy
PERCENT
TIME
LOCATION
DATE
MONEY
PERSON
LOCATION
DATE
QUANTITY
ORGANIZATION
DURATION
LINEAR MEASURE
OTHER
PERSON
ORGANIZATION
DATE
PERCENTAGE
LOCATION
TIME
MONETARY VALUE
PHRASE
REASON
PERSON
PLACE
TIME
MONEY
NUMBER
QUANTITY
NAME
HOW
WHAT
UNKNOWN
PERSON
LOCATION
ORG
MONEY
PERCENTAGE
DATE
TME
DURATION
LENGTH
SIZE
NUMBER
Continued on next page

Flat answer type taxonomies
Author(s)
Laszlo et al. (1999)

Total types
13

Moldovan et al. (1999)

15

Radev et al. (2002)

17

55
Type taxonomy
PNOUN
TIMEPOINT
TIMESPAN
MEANS
REASON
MONEY
CARDINAL
LINEAR
PERCENTAGE
AREA
VOLUME
MASS
UNKNOWN
MONEY
NUMBER
DEFINITION
TITLE
NNP
UNDEFINED
PERSON
ORGANIZATION
DATE
LOCATION
MANNER
TIME
DISTANCE
PRICE
REASON
PERSON
PLACE
DATE
NUMBER
DEFINITION
ORGANIZATION
DESCRIPTION
ABBREVIATION
KNOWNFOR
RATE
LENGTH
MOINEY
REASON
DURATION
PURPOSE
Continued on next page
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Author(s)

Total types

Prager et al. (1999)

20

Ogden et al. (1999)

27

Type taxonomy
NOMINAL
OTHER
PERSON
PLACE
MONEY
LENGTH
ROLE
ORGANIZATION
DURATION
AGE
TIME
DATE
YEAR
VOLUME
AREA
WEIGHT
NUMBER
METHOD
RATE
NAME
COUNTRY
STATE
LINEAR-SIZE
AREA
VOLUME
LIQUID-VOLUME
MASS
RATE
PRESSURE
ELECTRICITY
ENERGY
VELOCITY
ACCELERATION
TEMPERATURE
COMPUTER-MEMORY
POPULATION-DENSITY
TEMPORAL-OBJECT
TIME-OBJECT
AGE
NAME-HUMAN
ORGANIZATION
PLACE
NATIONALITY
Continued on next page

Flat answer type taxonomies
Author(s)

Total types

Type taxonomy
INHABITANT
MATERIAL
EVENT-NAME
PRODUCT-TYPE
NUMERIC-TYPE
DATE
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Hierarchical answer type taxonomies

Table B.1: Hierarchical answer type taxonomies
Author(s)
Breck et al. (1999)

Total types
17

Ferret et al. (1999)

17

Type taxonomy
ANSWER
+NUMERIC
+-TIME
+–DATE
+-MEASURE
+–DISTANCE
+–DURATION
+–RATE
+ENTITY
+-LOCATION
+–COUNTRY
+–CITY
+-PERSON
+–MALE
+–FEMALE
+-ORGANIZATION
+–COMPANY
PERSON
Continued on next page
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Author(s)

Total types

Takaki (2000)

28

Type taxonomy
ORGANIZATION
LOCATION
-CITY
-PLACE
TIME-EXPRESSION
-DATE
-TIME
-AGE
-PERIOD
NUMBER
-LENGTH
-VOLUME
-DISTANCE
-WEIGHT
-PHYSICS
-FINANCIAL
PROPER
-PERSON
–CHAIRMAN
–LEADER
–MINISTER
–PRESIDENT
–SECRATARY
–SPECIALIST
-LOCATION
–CITY
–COUNTRY
–STATE
-COMPANY
-LAKE
-RIVER
-MOUNTAIN
-LANGUAGE
NUMBER
-SIZE
-LENGTH
-MONEY
-PERCENT
-PERIOD
TIME
-DATE
-YEAR
UNDEFINED-PROPER
Continued on next page

Hierarchical answer type taxonomies
Author(s)

Total types

Type taxonomy
UNDEFINED
ABBREVIATION
-ABB
-EXP
ENTITY
-ANIMAL
-BODY
-COLOR
-CREATIVE
-CURRENCY
-DIS.MED.
-EVENT
-FOOD
-INSTRUMENT
-LANG
-LETTER
-OTHER
-PLANT
-PRODUCT
-RELIGION
-SPORT
-SUBSTANCE
-SYMBOL
-TECHNIQUE
-TERM
-VEHICLE
-WORD
DESCRIPTION
-DEFINITION
-DESCRIPTION
-MANNER
-REASON
HUMAN
-GROUP
-IND
-TITLE
-DESCRIPTION
LOCATION
-CITY
-COUNTRY
-MOUNTAIN
-OTHER
-STATE
Continued on next page

Li & Roth (2002)
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Author(s)

Total types

Hovy et al. (2002)

196 (148)

Type taxonomy
NUMERIC
-CODE
-COUNT
-DATE
-DISTANCE
-MONEY
-ORDER
-OTHER
-PERIOD
-PERCENT
-SPEED
-TEMP
-SIZE
-WEIGHT
R-LOCATION
-R-LOCATION
-R-CAPITAL-PLACE
R-TIME
-R-EVENTS
-R-TIME-FIRST
-R-BIRTHDAY
R-POPULATION
-R-POPULATION
R-PERSONS
-R-INVENTORS
R-DISCOVERERS
R-POSITIONS
R-WHY-FAMOUS
-R-PROFESSION-TITLE
-R-FIRST-PERSON
R-ABBREVIATION
-R-ABBREVIATION-EXPANSION
-R-ABBREVIATION
R-DEFINITIONS
-R-DEFINITIONS
A-WHY-FAMOUS
-A-WHY-FAMOUS-PERSON
A-DEFINITION
A-TERMINOLOGY
-A-TERMINOLOGY-COLLECTIVE-TERM
A-ABBREVIATION-EXPANSION
A-ABBREVIATION
A-SYNONYM
Continued on next page

Hierarchical answer type taxonomies
Author(s)

Total types

Type taxonomy
A-CONTRAST
A-POPULATION
A-VERACITY
-A-YES-NO-QUESTION
-A-TRUE-FALSE-QUESTION
A-TRANSLATION
A-FUNCTION
A-COMPONENTS
A-CAUSE-OF-DEATH
A-PHILOSOPHICAL-QUESTION
C-TEMP-LOC
-C-DATE
–C-DATE-WITH-YEAR
—C-DATE-WITH-YEAR-AND-DAY-OF-THE-WEEK
–C-DATE-WITH-DAY-OF-THE-WEEK
—C-DATE-WITH-YEAR-AND-DAY-OF-THE-WEEK
-C-YEAR-RANGE
–C-DECADE
–C-CENTURY
–C-MILLENNIUM
-C-TEMP-LOC-WITH-YEAR
–C-DATE-WITH-YEAR
-C-DATE-RANGE
-C-TIME
C-AT-LOCATION
C-PROPER-NAMED-ENTITY
-C-PROPER-PERSON
-C-PROPER-DYNASTY
-C-PROPER-LANGUAGE
-C-PROPER-ANIMAL
-C-PROPER-PLACE
–C-CONTINENT
–C-WORLD-REGION
–C-US-REGION
–C-PROPER-COUNTRY
–C-PROPER-STATE-DISTRICT
–C-PROPER-COUNTY
–C-PROPER-CITY
–C-PROPER-CITY-DIVISION
–C-PROPER-BODY-OF-WATER
—C-PROPER-OCEAN
—C-PROPER-SEA
—C-PROPER-LAKE
Continued on next page
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Author(s)

Total types

Type taxonomy
—C-PROPER-RIVER
—C-PROPER-CREEK
—C-PROPER-CANAL
—C-PROPER-GULF
—C-PROPER-BAY
—C-PROPER-STRAIT
–C-PROPER-ISLAND
–C-PROPER-CANYON
–C-PROPER-VALLEY
–C-PROPER-MOUNTAIN
–C-PROPER-VOLCANO
–C-PROPER-DESERT
–C-PROPER-FOREST
–C-PROPER-STAR-CONSTELLATION
—C-ZODIACAL-CONSTELLATION
–C-PROPER-STAR
–C-PROPER-PLANET
–C-PROPER-MOON
–C-PROPER-AMUSEMENT-PARK
–C-PROPER-HOTEL
–C-PROPER-PALACE
–C-PROPER-MUSEUM
–C-PROPER-BANK-COMPANY
–C-PROPER-UNIVERSITY
–C-PROPER-COLLEGE
–C-PROPER-AIRPORT
-C-PROPER-ORGANIZATION
–C-PROPER-SPORTS-TEAM
—C-PROPER-SOCCER-SPORTS-TEAM
—C-PROPER-BASKETBALL-SPORTS-TEAM
—C-PROPER-BASEBALL-SPORTS-TEAM
—C-PROPER-ICE-HOCKEY-SPORTS-TEAM
—C-PROPER-AMERICAN-FOOTBALL-SPORTS-TEAM
–C-PROPER-CENTRAL-BANK
–C-PROPER-POLITICAL-PARTY
–C-PROPER-COMPANY
—C-PROPER-BROADCASTING-COMPANY
—C-PROPER-NEWSPAPER
—C-PROPER-MAGAZINE
—C-PROPER-HOTEL
—C-PROPER-FINANCE-COMPANY
—-C-PROPER-BANK-COMPANY
—C-PROPER-AUTOMOBILE-COMPANY
Continued on next page

Hierarchical answer type taxonomies
Author(s)

Total types

Type taxonomy
—C-PROPER-AIRLINE-COMPANY
—C-PROPER-OIL-COMPANY
—C-PROPER-OPERA-COMPANY
—C-PROPER-BALLET-COMPANY
—C-PROPER-THEATER-COMPANY
–C-GOVERNMENT-AGENCY
C-PLANT-FLORA
-C-FLOWER
-C-TREE
C-SUBSTANCE
-C-SOLID-SUBSTANCE
–C-METAL
-C-LIQUID
–C-BEVERAGE
-C-GAS-FORM-SUBSTANCE
C-QUANTITY
-C-MONETARY-QUANTITY
-C-SPATIAL-QUANTITY
–C-DISTANCE-QUANTITY
–C-AREA-QUANTITY
–C-VOLUME-QUANTITY
-C-TEMPORAL-QUANTITY
-C-SPEED-QUANTITY
-C-ACCELERATION-QUANTITY
-C-NUMERICAL-QUANTITY/I-ENUM-CARDINAL
-C-FREQUENCY-QUANTITY
-C-SCORE-QUANTITY
-C-PERCENTAGE
-C-TEMPERATURE-QUANTITY
-C-INFORMATION-QUANTITY
-C-MASS-QUANTITY
-C-POWER-QUANTITY
-C-ENERGY-QUANTITY
-C-MAGNETIC-FIELD-QUANTITY
-C-INDUCTANCE-QUANTITY
-C-RESISTANCE-QUANTITY
-C-FORCE-QUANTITY
-C-CHARGE-QUANTITY
-C-PRESSURE-QUANTITY
-C-POTENTIAL-QUANTITY
-C-ILLUMINATION-QUANTITY
-C-CAPACITANCE-QUANTITY
-C-CURRENT-QUANTITY
Continued on next page
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Author(s)

Total types

Suzuki, Taira, Sasaki & Maeda (2003)

150

Type taxonomy
-C-RADIATION-QUANTITY
-C-MAGNETIC-FLUX-QUANTITY
C-UNIT
-C-MONETARY-UNIT
C-LOCATOR
-C-PHONE-NUMBER
-C-ADDRESS
-C-ZIP-CODE
-C-EMAIL-ADDRESS
-C-URL
C-UNIVERSITY-AGENCY
C-SPIRITUAL-BEING
C-OCCUPATION-PERSON
C-ANIMAL
C-HUMAN-FOOD
C-BODY-PART
C-TEMPORAL-INTERVAL
-C-DAY-OF-THE-WEEK
-C-MONTH-OF-THE-YEAR
-C-SEASON
C-DISEASE
C-INSTRUMENT
C-MUSICAL-INSTRUMENT
C-SPORT
C-LEFT-OR-RIGHT
C-COLOR
C-NATIONALITY
S-NP
S-NOUN
S-VP
S-PROPER-NAME
ROLE REASON
ROLE MANNER
SLOT TITLE-P TRUE
SLOT QUOTE-P TRUE
SLOT POSSIBLE-REASON-P TRUE
LEX
SURF
!TOP
-NAME
–PERSON
—*LASTNAME
—*MALE FIRSTNAME
Continued on next page

Hierarchical answer type taxonomies
Author(s)

Total types

Type taxonomy
—*FEMALE FIRSTNAME
–ORGANIZATION
—COMPANY
—*COMPANY GROUP
—*MILITARY
—INSTITUTE
—*MARKET
—POLITICAL ORGANIZATION
—-GOVERNMENT
—-POLITICAL PARTY
—-PUBLIC INSTITUTION
—GROUP
—-!SPORTS TEAM
—*ETHNIC GROUP
—*NATIONALITY
–LOCATION
—GPE
—-CITY
—-*COUNTY
—-PROVINCE
—-COUNTRY
—REGION
—GEOLOGICAL REGION
—-*LANDFORM
—-*WATER FORM
—-*SEA
—*ASTRAL BODY
—-*STAR
—-*PLANET
—ADDRESS
—-POSTAL ADDRESS
—-PHONE NUMBER
—-*EMAIL
—-*URL
–FACILITY
—GOE
—-SCHOOL
—-*MUSEUM
—-*AMUSEMENT PARK
—-WORSHIP PLACE
—-STATION TOP
—–*AIRPORT
—–*STATION
Continued on next page
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Author(s)

Total types

Type taxonomy
—–*PORT
—–*CAR STOP
—LINE
—-*RAILROAD
—-!ROAD
—-*WATERWAY
—-*TUNNEL
—-*BRIDGE
—*PARK
—*MONUMENT
–PRODUCT
—VEHICLE
—-*CAR
—-*TRAIN
—-*AIRCRAFT
—-*SPACESHIP
—-!SHIP
—DRUG
—*WEAPON
—*STOCK
—*CURRENCY
—AWARD
—*THEORY
—RULE
—*SERVICE
—*CHARCTER
—METHOD SYSTEM
—ACTION MOVEMENT
—*PLAN
—*ACADEMIC
—*CATEGORY
—SPORTS
—OFFENCE
—ART
—-*PICTURE
—-*BROADCAST PROGRAM
—-MOVIE
—-*SHOW
—-MUSIC
—PRINTING
—-!BOOK
—-*NEWSPAPER
—-*MAGAZINE
Continued on next page

Hierarchical answer type taxonomies
Author(s)

Total types

Type taxonomy
–DISEASE
–EVENT
—*GAMES
—!CONFERENCE
—*PHENOMENA
—*WAR
—*NATURAL DISASTER
—*CRIME
–TITLE
—!POSITION TITLE
–*LANGUAGE
–*RELIGION
-NATURAL OBJECT
–ANIMAL
–VEGETABLE
–MINERAL
-COLOR
-TIME TOP
–TIMEX
—TIME
—DATE
—*ERA
–PERIODX
—*TIME PERIOD
—*DATE PERIOD
—*WEEK PERIOD
—*MONTH PERIOD
—!YEAR PERIOD
-NUMEX
–MONEY
–*STOCK INDEX
–*POINT
–PERCENT
–MULTIPLICATION
–FREQUENCY
–*RANK
–AGE
–MEASUREMENT
—PHYSICAL EXTENT
—SPACE
—VOLUME
—WEIGHT
—*SPEED
Continued on next page
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Author(s)

Total types

Type taxonomy
—*INTENSITY
—*TEMPERATURE
—*CALORIE
—*SEISMIC INTENSITY
–COUNTX
—N PERSON
—N ORGANIZATION
—N LOCATION
—-*N COUNTRY
—*N FACILITY
—N PRODUCT
—*N EVENT
—*N ANIMAL
—*N VEGETABLE
—*N MINERAL
*OTHER
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