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Abstract Question Answering (QA) is undoubtedly a growing field of current research
in Artificial Intelligence. Question classification, a QA subtask, aims to associate a category to each question, typically representing the semantic class of its answer. This step
is of major importance in the QA process, since it is the basis of several key decisions.
For instance, classification helps reducing the number of possible answer candidates, as
only answers matching the question category should be taken into account. This paper
presents and evaluates a rule-based question classifier that partially founds its performance in the detection of the question headword and in its mapping into the target
category through the use of WordNet. Moreover, we use the rule-based classifier as a
features’ provider of a machine learning-based question classifier. A detailed analysis
of the rule-base contribution is presented. Despite using a very compact feature space,
state of the art results are obtained.

1 Introduction
In question answering, the goal of question classification is to map a question into a
category that represents the type of the information that is expected to be present
in the final answer. Question classification is a very important step in the question
answering process, as the selected question category can be used for several different
purposes. First, it can help narrowing down the number of possible answer candidates.
For example, knowing that a question belongs to the category City, allows to only
consider cities as possible answers. Second, depending on the question category, different strategies can be chosen to find an answer. For instance, if a question is assigned to
the category Definition, possible answers can be searched in encyclopedic sources –
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such as Wikipedia –, which are more likely to contain a suitable answer. Furthermore,
a misclassified question can hinder the ability to reach a correct answer, because it
can lead to wrong assumptions about the question. Hence, in order to obtain good
performance, it is of crucial importance for any question answering system to have an
accurate question classifier (for a detailed analysis on the impact of question classification in question answering see (Moldovan et al., 2003)).
In this paper we present a stand-alone rule-based question classifier, that couples
two methods to obtain its results:
– a direct (pattern) match is performed for specific questions. For instance, Who is
Mozart? is directly mapped into Human:Description;
– headwords are identified (by a rule-based parser) and mapped into the question
classification (by using WordNet (Fellbaum, 1998)). For example, in the question
What is Australia’s national flower? the headword flower is identified and mapped
into the category Entity:Plant.
Then, we show how the rule-based question classifier can be enhanced in a machine
learning environment. Several experiments are carried out, and the information the
rule-based question classifier manipulates and generates is used as features, as well as
merged with other features within a Support Vector Machine (SVM). Our strategy
results in an improvement of about 8% over the stand-alone rule-based classifier and
state of the art results in question classification are obtained when compared with
previous work over the same corpora, although a smaller feature space is used.
Our approach also follows in the old Artificial Intelligence discussion. On the one
hand, symbolic information is generally characterized by static tokens (symbols) used
to denote or refer to something other than themselves, namely other entities in the
world (Tarski, 1956). In this context, symbols alone do not represent any utilizable
knowledge as, for example, they cannot be used for a definition of similarity criteria
between themselves. However, systems operating with symbolic information have the
advantage of dealing with hard-coded, explicit rules (Simon, 1969; Newell) which allow
to represent complex relationships and can be easily manipulated. In this perspective,
our rule-based classifier is a symbolic system and the presented rules are an important resource, as besides the purpose of question classification, they can be used in
other natural language applications, as for instance query expansion within a question
answering system.
On the other hand, systems operating with sub-symbolic information fall into the
learning paradigm and the information they control is difficult to manipulate externally.
Nevertheless, sub-symbolic information represent properties of world entities, allowing
similarity between entities to be defined as a function of the features they have in
common (Sun, 1995). When the information used by the rule-based classifier is used
as features by the SVM, we are dealing with the sub-symbolic level. Therefore, in this
paper we propose to enhance a symbolic system within a sub-symbolic environment.
The reminder of the paper is organized as follows. Section 2 describes related work
and positions our work. Section 3 presents a general overview of the rule-based classifier.
Sections 4 and 5 present the rule-based classifier, detailing the headword extraction and
classification processes. Empirical results and their analysis are presented in Section 6.
Conclusions and future directions are presented in Section 7.
All the employed rules and software used in this work can be downloaded from
http://qa.l2f.inesc-id.pt/wiki/index.php/Resources.
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2 Related Work
2.1 Question Type Taxonomy
The set of question categories into which the questions are to be assigned is referred
to as the question type taxonomy. As an example, the question What country borders
Portugal? ought to be classified into the category Country. Several question type
taxonomies have been proposed in the literature (Hermjakob et al., 2002; Moldovan
et al., 2000; Li and Roth, 2002), some of which are hierarchical, some are flat. For instance, a popular taxonomy is the one used in Webclopedia (Hermjakob et al., 2002),
a web-based question answering system, that uses a hierarchical taxonomy spanning
over one hundred and eighty categories. To date, it is probably the broadest taxonomy
proposed for question classification. Nevertheless, one of the most widely known taxonomies for question classification is Li and Roth’s two-layer taxonomy (Li and Roth,
2002), which consists of a set of six coarse-grained categories and fifty fined-grained
ones, as shown in Table 1. This taxonomy is widely used in the machine learning community (Li and Roth, 2002; Blunsom et al., 2006; Huang et al., 2008; Zhang and Lee,
2003), probably due to the fact that the authors have published a set of nearly 6,000
labeled questions, the University of Illinois at Urbana-Champaign dataset – from now
on the UIUC dataset – that is freely available on the Web, making it a very valuable
resource for training and testing machine learning models.

Table 1 Li and Roth’s two-layer taxonomy for question classification.

Coarse
ABBREVIATION
DESCRIPTION
ENTITY

HUMAN
LOCATION
NUMERIC

Fine
abbreviation, expansion
definition, description, manner, reason
animal, body, color, creative, currency, medical disease,
event, food, instrument, language, letter, other, plant, product, religion, sport, substance, symbol, technique, term, vehicle, word
description, group, individual, title
city, country, mountain, other, state
code, count, date, distance, money, order, other, percent, period, speed, temperature, size, weight

As all the different question classifiers that follow Li and Roth’s taxonomy and are
tested in the UIUC dataset can be straightforward compared, we also adopt Li and
Roth’s taxonomy, and test and evaluate our experiments in the UIUC dataset.

2.2 Rule-based Question Classifiers
Most of the early approaches to question classification followed a rule-based strategy
and used manually built classification rules to determine the question type – for instance, MULDER (Kwok et al., 2001), determined the question type just by looking to
the question’s interrogative pronoun. Nowadays, the rule-based strategy is still followed

4

(Amaral et al., 2008; Mendes et al., 2008) and even machine learning-based question
classifiers make use of rule-based ones, as features suppliers. For instance, in (Huang
et al., 2008) a mini-rule-based question classifier (not evaluated) is used to provide
semantic features to a machine learning classifier.
However, in what concerns the question taxonomy typically used by the rule-based
question classifiers, many question answering systems following this paradigm use their
own private taxonomies, such as (Kwok et al., 2001; Saquete et al., 2009; Amaral
et al., 2008). These systems usually report very precise results in this task (albeit
with very little recall, since the manually built patterns cover only a small set of
questions). Nevertheless, the differences between their taxonomies make those systems’
classification processes impossible to compare.
In this paper we present a rule-based question classifier, that follows recent tendencies in machine learning question classification. As in (Huang et al., 2008), we also
perform headword extraction and use WordNet to map the obtained headwords on the
question categories, although by following different strategies. In fact, we take a full
advantage of this process, which results in a stand-alone rule-based question classifier.

2.3 Machine Learning-based Question Classifiers
Many supervised machine learning approaches to question classification have been devised over the last few years (Li and Roth, 2002; Blunsom et al., 2006; Huang et al.,
2008; Metzler and Croft, 2005). These approaches vary according to the classifier in use
– for instance (Pan et al., 2008) and (Metzler and Croft, 2005) use SVM, and (Blunsom
et al., 2006) approach uses Log-linear Models – but mainly to the features feeding the
classifier. However, these systems have something in common: they are all trained and
tested on the UIUC dataset, leading to a straightforward comparison between them.
In the following, unless otherwise stated, all the presented results outcome from the
same dataset.
Machine learning approaches – even simple approaches using just surface text features like bag-of-words – tend to achieve a high accuracy for the question classification
task as long as a corpus of labeled question is available. For instance, in the experiments
carried out by (Zhang and Lee, 2003), a Naı̈ve Bayesian classifier was used for the task of
question classification. Experimental results showed that just with bag-of-ngrams features, Naı̈ve Bayesian classifiers trained on 5,500 examples of labeled questions, present
an accuracy of 83.2% under the coarse grained category. However, the results also indicated that in order to achieve this accuracy, the training sets needed to be quite large,
since when the classifier was trained with just 1,000 examples, the accuracy dropped
to 53.8%. These authors also compared several machine learning techniques applied
to the problem of question classification, with the experimental results showing that,
using only surface text features, SVM significantly outperforms every other technique,
such as Naı̈ve Bayes and Sparse Network of Winnows (SNoW) learning architecture1
(Carlson et al., 1999). Moreover, (Zhang and Lee, 2003) also proposed a tree Kernel,
which measures the similarity between two syntactic trees, by counting the number of
common tree fragments. With the tree kernel, the authors achieved 90.0% accuracy for
coarse-grained classification.
1

Available at http://l2r.cs.uiuc.edu/~danr/snow.html (last accessed in June 2010).

5

Further improvements of the tree kernel proposed by (Zhang and Lee, 2003) are
described in (Pan et al., 2008), where semantic features (resulting from a set of 20
semantic classes such as PERSON, LOCATION and CREATURE) are incorporated
into the kernel. The experimental results evidenced that these semantic classes just
by themselves are very helpful to question classification, resulting in an accuracy of
93.2%. Moreover, these semantic classes can also be used to augment the training set,
as demonstrated by (Bhagat et al., 2005). With all semantic features combined, these
authors achieved an accuracy of 94.0% which, to date, outperforms every other question
classifier on the standard training set of Li and Roth, for coarse-grained classification.
A hierarchical question classifier based on the SNoW learning architecture was
developed in (Li and Roth, 2002). The hierarchical classifier was composed of two
simple SNoW classifiers with the Winnow update rule, where the first classifier was
used to classify a question into coarse grained categories, and the second into fine
grained ones. A feature extractor was used to automatically extract primitive features
from each question, ranging from syntactic to semantic features. Also, a set of complex
features is composed over the primitive features. The reported results achieved an
accuracy of 91.0% and 84.2%, for coarse and fine grained classification, respectively.
Results showed that the semantically related words are the most prominent feature,
and that the use of a hierarchical classifier provides no significant advantages over a
flat classifier. Therefore, in (Li et al., 2008), the authors went on to further improve
their former SNoW based question classifier, by including even more semantic features,
such as WordNet senses and additional named entities. However, only a slight accuracy
improvement of roughly 1% was attained, over the coarse and fine grained categories.
The notions of informer span and headword were used in (Krishnan et al., 2005)
and (Huang et al., 2008; Metzler and Croft, 2005), respectively, as features to train
a SVM. Authors theorized that a question can be accurately classified using very few
words, which correspond to the object of the question. The main difference between
these works is that in the informer span can consider a sequence of words, while the
headword is only a single word. For example, in the question What is the capital of
Italy?, the informer span is capital of Italy and the headword is capital. In addition,
(Krishnan et al., 2005) (and also (Metzler and Croft, 2005)) enriches the feature space
with all hypernyms from all senses of the informer span (headword), while (Huang et al.,
2008) uses all hypernyms of the headword at depth ≤ 6. All these authors evaluated
their experiments using the UIUC dataset, with (Krishnan et al., 2005) reaching an
accuracy of 93.4% and 86.2% for coarse- and fine-grained classification, respectively,
while (Huang et al., 2008) attained 93.4% and 89.2%, and (Metzler and Croft, 2005)
90.2% and 83.6%.
In this paper we will use the rule-based question classifier as a features’ provider
for a SVM.

3 Rule-based question classification: overall architecture
The rule-based classifier that we present in this work starts by triggering a set of
60 manually built patterns, that are matched against each question. If the match is
successful, a category is returned and the question is classified; otherwise the classifier
searches for the question headword and extracts it. Then, the headword hypernyms
are followed until one is associated with a possible question category. For instance, the
manually built patterns are able to correctly classify the sentence When did Hawaii
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become a state ? with the fine-grained category Numeric:Date. However, no pattern
matches the question What person ’s head is on a dime?. Therefore, its headword –
person – is (correctly) identified. By following its hypernyms, the classifier correctly
tags it as Human:Individual. Algorithm 1 summarizes the entire process of question
classification.
Algorithm 1 Rule-based question classification algorithm
procedure Classify(question)
if Pattern-Matches?(question) then
return category
. Returns the question category (Table 2)
else
headword ← Extract-Question-Headword(question.tree, rules)
.
Algorithm 2
return Headword-Category(headword, groups)
. Algorithm 3
end if
end procedure

Thus, we start by compiling the set of manually built patterns – some of which are
adapted from (Huang et al., 2008). A simplified version of the patterns is presented in
Table 2.
These rules cover all the questions that begin with the Wh-word Who, Where or
When, as its Wh-word itself represents the information that is missing. However, there
are still some (albeit few) other question categories that can be recovered by this
direct pattern matching as, in these questions, the definition of headword would not
help classification. For instance, in Description:Definition questions such as What
is a bird?, the headword bird is futile because the question is asking for a definition.
Moreover, it can mislead the classifier into assigning the category Entity:Animal to
it.
In the following sections we detail the headword extraction process, as well as the
mapping between the recovered headwords and the question category.

4 Headword Extraction
In the literature, there is no agreement on what exactly a question headword is, and it
is out of the scope of this paper to discuss this concept. Our main interest is to find the
word that will lead us to the correct categorization of the question. Therefore, we can
say that the definition followed in this work is similar to the one presented in (Huang
et al., 2008): the headword of a given question is a word that represents the object
that is being sought after. In the following, we present in bold face some examples of
questions’ headwords:
(1)
(2)
(3)
(4)

What is Australia’s national flower?
Name an American made motorcycle.
Which country are Godiva chocolates from?
What is the name of the highest mountain in Africa?

In Example 1, the headword flower provides the classifier with an important clue
to correctly classify the question to Entity:Plant. By the same token, motorcycle in
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Category

Question
scription

pattern

de-

Example

begins with What do(es)
and ends with an acronym –
i.e., a sequence of capital letters possibly intervened by
dots –, followed by stands
for /mean;
begins with What is/are and
ends with an acronym

What does AIDS mean?

begins with What is/are and
is followed by an optional
determiner and a sequence
of nouns

What is ethology?

begins with What do you
call

What do you call...

begins with What is/are and
ends with composed/made
of

What is glass made of ?

Description:Reason

begins with What causes

What causes asthma?

Human:Description

begins with Who is/was and
is followed by a proper noun

Who was Mozart?

Abbrev.:Expansion

Description:Def.

Entity:Term

Entity:Substance

What is F.B.I.?

Table 2 A set of question patterns used to avoid extracting a headword, when not needed.

Example 2 renders hints that help classify the question to Entity:Vehicle. Indeed,
all of the aforementioned examples’ headword serve as an important clue to unveil the
question’s category, which is why we dedicate a great effort to its accurate extraction.

4.1 Headword Extraction Algorithm and Head Rules
In (Metzler and Croft, 2005) is described a method to perform headword extraction.
The authors find the first noun phrase and extract the rightmost word tagged as a
noun. Although they report an accuracy of approximately 90%, we decided to use a
rule-based method, allowing a more precise headword extraction, that we explain in
the following. As it will be seen in Section 6 our method will attain an accuracy of
96.9% for coarse-grained categories.
Our approach for the extraction of the question headword requires a parse tree of
the question. We use the Berkeley Parser (Petrov and Klein, 2007) for the purpose
of parsing questions, trained on the QuestionBank (Judge et al., 2006), a treebank of
4,000 parse-annotated questions. Figure 1 shows the parse tree of Example 1, where
punctuation is omitted for the sake of simplicity.
The resulting parse tree of a question is then traversed top-down to find the question
headword, using Algorithm 2. Considering a non-terminal X with production rule
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SBARQ

WHNP

SQ

WP
What

VBZ

NP

is
NP
NNP

POS

Australia

’s

JJ

NN

national

flower

Fig. 1 Parse tree of the question What is Australia’s national flower?. The question headword
is in bold face.

X → Y1 · · · Yn , the algorithm uses a pre-defined set of rules – the head-rules – in order
to decide which of the Y1 · · · Yn is the head or contains it (Apply-Rules). This process
is then repeated recursively from Yi , until a terminal node is reached.
Algorithm 2 Question headword extraction algorithm
procedure Extract-Question-Headword(tree, rules)
if Terminal?(tree) then
return tree
. Returns the headword
else
child ← Apply-Rules(tree, rules)
. Determine which child of tree is the
head
return Extract-Question-Headword(child, rules)
end if
end procedure

The head-rules used in this work are a heavily modified version of those given in
(Collins, 1999), specifically tailored to extract headwords from questions. A subset of
these rules is listed in Table 3.
As an example of how the algorithm works, consider the parse tree of Figure 1. We
start by running the root production rule SBARQ → WHNP SQ through the headrules, which specify that the search is conducted from left to right, to find the first
child which is an SQ, S, SINV, SBARQ, or FRAG, thereby identifying SQ. A similar
reasoning can be applied to determine NP as the head of SQ. Having the production
rule NP → NP JJ NN, we search from right to left by position 2 , i.e., starting with the
child at the right-most position, we first test it against NP – which does not match –
2 Note that if the direction of NP was Right by category instead of by position, the left NP
would be chosen, as we would have searched first by category and then by position, i.e., we
would have checked first if there was any NP in the entire right-hand-side of the rule, rather
than testing it against the child at the right-most position.
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Parent
S
SBARQ
SQ
NP
PP
WHNP
WHPP

Direction
Left
Left
Left
Right by position
Left
Left
Right

Priority List
VP S FRAG SBAR ADJP
SQ S SINV SBARQ FRAG
NP VP SQ
NP NN NNP NNPS NNS NX
WHNP NP WHADVP SBAR
NP
WHNP WHADVP NP SBAR

Table 3 Subset of the head-rules used to determine the question headword, also known as a
head percolation table. Parent is the non-terminal on the left-hand-side of a production rule.
Direction specifies whether to search from the left or right end of the rule, either by category
first and then by position (by default), or vice-versa when explicitly mentioned. Priority List
presents the right-hand-side categories ordered by priorities, with the highest priority on the
left.

and then against NN, which yields a match. At last, since NN is a pre-terminal, the
terminal flower is returned as the headword.

4.2 Non-trivial Head Rules
There are, however, a few exceptions to the head-rules. Consider the parse tree of
Example 3 (Which country are Godiva chocolates from? ), depicted in Figure 2.
SBARQ

SQ

WHNP
WDT

NN

Which

country

VBP
are

PP

NP
NNP

NNS

Godiva

chocolates

IN
from

Fig. 2 Example of a parse tree that requires the use of a non-trivial rule for SBARQ.

In this example, if we follow the aforesaid head-rules, chocolates would be extracted
as the headword, instead of country which is the correct headword. This happens
because the rule for SBARQ chooses SQ over WHNP, where country lies in. A possible
solution would to be to prioritize WHNP over SBARQ, but this would cause wrong
headwords to be extracted in other examples, such as in the parse tree of Figure 1,
which would return What.
Clearly, this problem cannot be solved by modifying the head percolation table,
which is why we created a set of what we shall refer to as non-trivial rules, which
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determine the correct headword for situations that cannot be covered by the head
percolation table. These rules are described in the following.
– Considering that WHXP refers to a Wh-phrase – WHNP, WHPP, WHADJP or
WHADVP – the first rule states that when SBARQ has a WHXP child with at
least two children, WHXP is returned. This situation occurs in Figure 2.
– After applying the first rule, if the resulting head is a WHNP containing an NP
that ends with a possessive pronoun (POS ), we return the NP as the head. Without
this second rule, the headword for the example in Figure 3 would be capital instead
of country. Note that this rule only applies inside a WHNP, allowing the algorithm
to correctly extract birthday as the headword of the question What [SQ is [NP
Martin Luther King [POS ’s]] [NN birthday ]]? using the head-rules.
SBARQ

SQ

WHNP
WDT
What

NP
NP

VBZ

NP

is

NNP

NN

NN

POS

country

’s

Tirana

capital

Fig. 3 Example of a parse tree that requires two non-trivial rules, the first for SBARQ and
the second for WHNP

.
– However, there is still another particular situation that needs to be considered, as
there are some headwords, such as type and kind, which serve merely as a reference
to the real headword. Figure 4 illustrate this situation. For instance, the extracted
headword of Figure 4 is kind, which is referring to a kind of animal. In this situation,
animal would be a much more informative headword. To fix this problem, if the
extracted headword is either name, kind, type, part, genre or group, and its sibling
node is a prepositional phrase PP, we use PP as the head and proceed with the
algorithm. Note that this rule does not apply if there is not a sibling PP, as in
What is Mao’s second name?.
Algorithm 2 still works in the same manner and the only exception is that the
Apply-Rules procedure now takes the non-trivial rules into account to determine the
head of a non-terminal node.
5 Mapping Headwords into question categories
In this section we explain how the question category is obtained from the headword,
by using WordNet (Fellbaum, 1998). Consider the following example questions, with
their corresponding headword in bold face:
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SBARQ

SQ

WHNP
WDT
What

NP
NN

VBZ

NP

is

NNP

PP
Babar

kind

IN

NP

of

NN
animal

Fig. 4 Examples of a parse tree that require a non trivial rule in order not to return Kind as
headword.

(5) What explorer was nicknamed Iberia’s Pilot?
(6) What actor first portrayed James Bond?
(7) What dictator has the nickname “El Maximo”?
Even though all of the above examples fall under the Human:Individual category,
the question headword is different in all of them, which limits the usefulness of the
headword in the question classification process. These headwords do, however, share a
common trait: they are all subordinates (hyponyms) of the word person, that is to say,
they are all more specific senses of person – the superordinate (hypernym). Knowing
this information would be useful to accurately classify the previous questions.
We exploited this observation by using WordNet’s lexical hierarchy to associate the
headword with a higher-level semantic concept, which represents a question category.
This was accomplished as follows. First, sets of related WordNet synsets were manually
grouped together into fifty clusters, each representing a question category. Some of these
clusters are shown in Table 4.
Secondly, given a question headword, we map it into a WordNet synset using a set
of heuristics, which we will describe later. Finally, and since WordNet can be seen as a
directed acyclic graph, with synsets as vertices and lexical relations – such as hypernym
– as edges, we employ a breadth-first search on the translated synset’s hypernym tree,
in order to find a synset that pertains to any of the pre-defined clusters. Algorithm 3
details this process.
As an illustration of how the algorithm works, consider the headword actor of
Example 6 and its hypernym tree depicted in Figure 5. The first three levels of the tree
yield no results, since no cluster contains any of the synsets at these levels. At the fourth
level of the hypernym chain, however, a member of the Human:Individual cluster
is found – person –, and thereby the algorithm terminates, returning the associated
cluster, that is, Human:Individual.
In order for this process to be effective, it is crucial to translate the headword into
the appropriate WordNet synset. This, however, is not a trivial undertaking due, in
grand part, to homonymous and polysemous words – i.e., words with the same spelling
but different meanings –, which have multiple senses (synsets) in WordNet.
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Category
(Cluster name)

Synsets

Example hyponyms

Entity:Animal

animal, animate being, beast, brute,
creature, fauna
animal group

mammal, fish, cat

Entity:Creative

show
music
writing, written material, piece of
writing

movie, film, tv show
song, tune, hymn
book, poem, novel

Entity:Plant

vegetation, flora, botany
plant, flora, plant life

forest, garden
flower, tree, shrub

person, individual, someone, somebody, mortal
spiritual being, supernatural being
homo, man, human being, human

actor, leader

Human:Individual

distance
dimension

altitude, elevation
width, length, height

Numeric:Distance

flock, herd, breed

god, angel, spirit
homo sapiens

Table 4 Examples of clusters that aggregate similar synsets together.

Algorithm 3 Headword category extraction algorithm
procedure Headword-Category(headword, groups : associative array synset →
group)
root-synset ← Map-to-Synset(headword)
Enqueue(root-synset, queue)
while ¬Empty?(queue) do
synset ← Dequeue(queue)
if synset is in groups then
return groups[synset]
else
for each hypernym in Direct-Hypernyms-For(synset) do
Enqueue(hypernym, queue)
end for
end if
end while
return not f ound
end procedure

An example of such a word is capital which, in WordNet3 , can refer to wealth in the
form of money (capital#1), a seat of government (capital#2), or even an adjective as
in of capital importance (capital#3). For instance, in the question What is the capital
of Portugal?, the correct sense for the headword is capital#2. Failing to identify it as so
3 WordNet includes more senses for the word capital; for the sake of brevity, we have selected
only three senses to illustrate our examples.
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Sense 1
actor, histrion, player, thespian, role player -- (a theatrical performer)
⇒ performer, performing artist
⇒ entertainer
⇒ person, individual, someone, somebody, mortal, soul
⇒ organism, being
⇒ living thing, animate thing
⇒ whole, unit
⇒ object, physical object
⇒ physical entity
⇒ entity
Fig. 5 Hypernym tree for the first sense of the synset actor.

can introduce noise to the classifier – e.g., selecting capital#1 could mislead the classifier into categorizing the question into Numeric:Money in lieu of Location:City,
which is the correct.
In this work, we utilize the following three heuristics to aid headword sense disambiguation:
– WordNet synsets are organized according to four part-of-speeches (POS): nouns,
adjectives, verbs, and adverbs. This allows for some partial disambiguation of the
question headword, by converting the headword’s Penn-style POS tag into the
corresponding WordNet POS, and then using it to retain only those senses that
belong to the converted POS. This would eliminate the adjectival sense of capital
in the aforesaid example.
– Besides single words, WordNet also contains entries for compound words (Sharada
and Girish, 2004), which are a combination of two or more words that constitute a
single unit of meaning, such as mountain range (Figure 6). These are very useful,
because they are often monosemous and hence do not require further disambiguation. In this work, we try to form compound words from the question headword
using the following two strategies4 : (1) the headword is combined with nouns and/or
adjectives to its left that act as pre-modifiers (e.g., World Cup); (2) the headword
is combined with a prepositional phrase to its right that acts as a post-modifier
(e.g. capital of Portugal (which happens to be in the WordNet). Another example
is pH scale for the question What is the pH scale? ). The resulting combination is
then used, if a valid compound word was formed (i.e., if it exists in WordNet).
– At last, if after applying the previous two heuristics we are still left with more than
one sense for the headword, we opt for the first (most frequent) WordNet sense.
This decision results from several experiments where the fine-grained category classification attained better results by following only the first WordNet sense.

6 Empirical Evaluation
As previous mentioned, the empirical evaluation of the question classifier was carried
out on the UIUC dataset, the publicly available data set of the Cognitive Computing
4 Many other forms of compound words, such as hyphenated forms (e.g., anti-inflammatory)
and juxtapositions (e.g., keyword), are (typically) already present in WordNet as single words.
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SBARQ

SQ

WHNP
WP

NP
NP

VBZ
What NN

NN

mountain range

marks
the border of France and Spain

Fig. 6 Example of a question for which a compound headword is helpful. The compound
headword mountain range can help to classify the question into Location:Mountain, while
range does not.

Group at University of Illinois at Urbana-Champaign5 , which consists of a training set
of nearly 5,500 questions, and a test set with 500 questions. The annotated question
categories follow the question type taxonomy described in Section 2.1.
For all experiments regarding machine learning, we used Support Vector Machines
(SVM), since it is largely stated in the literature as outperforming other machine
learning techniques for question classification. Being so, we used the LIBSVM (Chang and
Lin, 2001) implementation of a SVM classifier with the most appropriate kernels and
optimized parameters, trained with all the 5,500 questions from the referred training
set, using the one-versus-all multi-class strategy.

6.1 The performance of the Rule-based Classifier
The first experiment assessed the performance of the rule-based classifier and targeted
the following answers:
– How many questions were (successfully and unsuccessfully) classified by the 60
manually built patterns described in Section 3 (from now on the Patterns method)?
– From the remaining questions, how many questions were (successfully and unsuccessfully) classified by the classification process based on the headword extraction,
described in Section 4, and the subsequent mapping into the question classification
category by using WordNet, as described in Section 5 (from now on the Headword+WordNet method)?
– In how many questions was the headword successfully extracted?
– How many questions were not classified by either of the previous processes?
These results were calculated for the coarse-grained categories, and also for the
fined-grained ones (see Section 2.1 for details about the used taxonomy). Overall results
are synthesized in Table 5.
It should be mentioned that in all unclassified questions – 38 questions – the headword was detected, but the WordNet process did not manage to find a category (obviously, all the unclassified questions were not matched by the Pattern method). For
instance, although the headword (birthstone) was successfully found in the sentence
5

http://l2r.cs.uiuc.edu/~cogcomp/Data/QA/QC/(last accessed in March 2010).
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Results for coarse-grained categories
Patterns
Headword+WordNet
Overall Results
Right Wrong
Prec.
Right Wrong
Prec.
Prec.
Recall
Acc.
270
1
99.9%
165
26
86.4%
94.2% 92.4% 87.0%
Results for fine-grained categories
Patterns
Headword+WordNet
Overall Results
Right Wrong
Prec.
Right Wrong
Prec.
Prec.
Recall
Acc.
266
5
98.1%
150
41
78.5%
90.0% 92.4% 83.2%
Table 5 Rule-based classifier results for coarse- and fine-grained categories.

What is the birthstone for June?, no category was returned (because the word birthstone was not found in the WordNet).
Considering the set of the 26 question where the Headword+WordNet fails in the
coarse-grained categorization, the headword was successfully extracted in 20 of these
questions (meaning that the WordNet mapping was responsible for 20 failures in question classification).
Taking into account the previous 165 questions where the headword is successfully
extracted, we can conclude that the headword extraction accuracy is 96.9%, which is
a little higher that the results reported in (Metzler and Croft, 2005) (around 90%).
Nevertheless, this is not a fair comparison as results were not obtained over the same
corpora.
In a deeper analysis of the causes of the headword failure, it failed in description
questions and also due to coordination. For instance, in the question What is the Milky
Way?, Way was returned as the headword and in the question What is bangers and
mash?, mash was the extracted headword.
We should also detach that the mapping through WordNet failed in 6 questions of
type What is the population.... The word population is extracted as the headword, but
by breadth-first search over the headword hypernyms lead to the classification Human
and not Numeric, which was the correct one. By adding a simple rule to the manually
built patterns would allow the Patterns method to solve this problem.

6.2 The Contribution of Unigrams
In this experiment we trained a SVM having only the question unigrams as features
(from now on, we call U to this experiment). We choose unigrams, firstly due to
its simplicity; secondly, because interesting results are described in the literature by
using this feature (for instance (Huang et al., 2008) shows that unigrams help more in
question classification that bigrams or trigrams). Results are the following:
– For coarse-grained categories, U accuracy is 88.8%;
– For fine-grained categories, U accuracy is 80.6%.
In a deeper analysis of results concerning the coarse-grained categories (similar
conclusions can be taken for the fine grained categories), we observed the following:
– U has a better overall performance that the rule-base classifier for the coarsegrained categories;
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– U fails in the same question that the Patterns method and it additionally fails in
other 4 questions that the Patterns method is able to correctly classify;
– U fails in 36 questions that the Headword+WordNet is able to correctly classify,
but U manages to correctly classify 6 questions that the Headword+WordNet is
not able to correctly classify (although it tries);
– U correctly classifies 29 from the 38 questions that the rule-based classifier was
enable to classify.
Thus, until this moment, the best results for coarse-grained categories would be
obtained by using the rule-based question classifier to classify all the questions that it
manages to classify, and then to use the SVM trained with unigrams to classify the
remaining questions. That is, the rule-based classifier is more precise than U. By following this procedure, we would obtain an accuracy of 93%, as 270 question are correctly
classified by Patterns, 165 questions are correctly classified by HeadWord+WordNet
and 29 questions are correctly classified by U.

6.3 From Symbolic to Sub-symbolic Information
In a third experiment the information provided by the rule-based classifier – both
headwords (H) and categories (C) – is used to generate the feature set for training,
and merged with the information provided by the question unigrams (U). The obtained
results are presented in Table 6.

Category
Granularity

H

C

H+C

U+H

U+C

U+H+C

Coarse
Fine

63.2%
39.0%

92.0%
83.4%

94.6%
88.8%

91.8%
84.2%

95.0%
90.2%

95.0%
90.8%

Table 6 Accuracy of the machine-learning based classifier for coarse- and fine-grained categories.

The H feature holds the worst results, largely inferior to the ones achieved merely
with the rule-based classifier. However, one should remember that only a small set of
questions contains, in fact, a headword. In what concerns the machine learning classifier, when it is trained uniquely with feature C, results are similar to those obtained
with the rule-based classifier (slightly better for the coarse-grained categories). It is
when these features are combined with unigrams that the classifier holds the best results: an increase of 8.0% and 7.6% compared with the rule-based classifier, for coarseand fine-grained categories, respectively. This lead us to conclude that the rule-based
classifier was potentiated in a machine learning environment. It should be noticed that
even without unigrams, features H+C already present an increase of accuracy from
87.0% to 94.6% for coarse-grained categories and from 83.2% to 88.8% for fine-grained
categories, which is a particularly interesting result. In fact, this result is due to the
following:
– The SVM learns Entity as a default value;
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– The SVM is able to take advantage of the headword to find the correct classification
in situations where the WordNet mapping failed. For instance, it is able to correctly
classify as Location all the questions of type Where is the capital of....

6.4 Comparison With Other Works
We now compare our results with others reported in the literature for the question
classification task. Table 7 summarizes the question classification accuracy reached by
other relevant works, evaluated on the UIUC dataset.

Category granularity
Author

Coarse

Fine

This work

95.0%

90.8%

(Li and Roth, 2002)
(Zhang and Lee, 2003)
(Krishnan et al., 2005)
(Blunsom et al., 2006)
(Pan et al., 2008)
(Huang et al., 2008)

91.0%
90.0%
93.4%
91.8%
94.0%
93.6%

84.2%
80.2%
86.2%
86.6%
89.2%

Table 7 Comparison of accuracy results attained by this work, against other results reported
in the literature that use the same dataset for training and testing.

Results show that by training a machine learning classifier with unigrams and
the information manipulated by our rule-based classifier, achieves better accuracy for
coarse- and fine-grained categories than the ones mentioned in state of the art literature.
Regarding coarse-grained classification, the work of (Pan et al., 2008) reported
a similar result to ours, with an accuracy of 94%. As previously mentioned, the most
striking feature from their work are the semantic classes, which can be seen as a simpler
version of our headword feature.
With respect to fine-grained classification, the work of (Huang et al., 2008) obtains
similar results to ours. These can be easily explained by the fact that we follow these
authors as we also use headwords and their (semantic) classification as features.
Furthermore, it is also worth mentioning that our results are achieved using a
compact feature space comprising nearly 10,000 distinct features, as against the 200,000
of (Li and Roth, 2002) and the 13,697 of (Huang et al., 2008), which results in a very
efficient, yet effective question classifier.

7 Conclusions and Future Work
We presented and evaluated a rule-based question classifier, that follows two different
strategies: either it performs a direct match into the question classification or it identifies the question headword and uses WordNet to map it into the question category. A
set of 60 manually built rules were compiled for the direct match process; the headword
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is extracted according with another set of manually build rules that indicate the path
in a parse tree towards the question’s headword. The headword hypernyms are then
analyzed, in a breadth-first search until one matches a set of names that is directly
mapped into the possible question categories. Rules for the direct match process have
a precision of 99.96% for coarse- and 98.1% for fine-grained questions. The process
that involves headword extraction and WordNet mapping has a precision of 86.4% and
78.5% for coarse- and fine-grained questions respectively. Headword extraction has an
accuracy of 96.9% for coarse-grained questions. Overall the rule-based classifier has a
an accuracy of 87.0% for coarse- and 82.3% for fine-grained categories. To our knowledge it is the first rule-based question classifier that targets the widely used Li and
Roth taxonomy. All the rules, algorithms and heuristics used in this process were detailed in the paper and all the material necessary to repeat the obtained results can be
downloaded and used for research purposes.
The rule-based classifier – a symbolic system – was also used as a features’ provider
for a machine learning classifier – a sub-symbolic system –, being both its results and
the information it manipulates used as features. Several experiments regarding the
fusion of both symbolic and sub-symbolic systems are presented, and state of the
art results in question classification are obtained when the information manipulated
by the rule-based classifier is merged with unigrams, in the machine learning feature
space. This process also resulted in an improvement of about 8% over the stand-alone
rule-based classifier, which lead us to conclude that the performance of a rule-based
question classifier can be enhanced simply by using it as a features’ provider. How
many rule-based classifiers can be improved in this way is a question that still needs
to be answered, but the experiment is certainly worth to try.
As future work, we intend to use other types of semantic information such as
semantic role labeling. Moreover, we will use the headwords extracted by the rule-based
classifier in a query expansion process within a question answering system and we will
use the cluster that aggregate similar synsets together to perform answer validation.
This is certainly one of the advantages of having implemented a symbolic system: the
possibility of re-using the involved information.
Acknowledgements Ana Cristina Mendes is supported by a PhD fellowship from Fundação
para a Ciência e a Tecnologia (SFRH/BD/43487/2008).
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