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a b s t r a c t

Search engines are increasingly efficient at identifying the best sources for any given

keyword query, and are often able to identify the answer within the sources.

with the results from any single source. In this paper, we propose a framework to

aggregate query results from different sources in order to save users the hassle of

individually checking query-related web sites to corroborate answers. To return the

best answers to the users, we assign a score to each individual answer by taking into

account the number, relevance and originality of the sources reporting the answer, as

well as the prominence of the answer within the sources, and aggregate the scores of

similar answers. We conducted extensive qualitative and quantitative experiments of

our corroboration techniques on queries extracted from the TREC Question Answering

track and from a log of real web search engine queries. Our results show that taking into

account the quality of web pages and answers extracted from the pages in a

corroborative way results in the identification of a correct answer for a majority of

queries.

& 2010 Elsevier B.V. All rights reserved.
1. Introduction

Information available on the internet is abundant but
often inaccurate. Users take for granted the availability of
efficient search engines that will allow them to find the
information they need. However, web search engines only
point users to pertinent information available on the web,
without vouching for its correctness.

Typical web search engines return a list of web pages
(or sources) that matches a set of keywords input by
users. Web search engines are increasingly efficient at
identifying the best sources for any given keyword query,
and are often able to identify the answer within the
sources. Unfortunately, many web sources are not
trustworthy, because of erroneous, misleading, biased, or
ll rights reserved.
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u),
outdated information. With many web sources providing
similar information on the Internet, users often have to
rummage through a large number of different sites to
both retrieve the information in which they are inter-
ested, and to ascertain that they are retrieving the correct
information. In many cases, users are not satisfied
with—or do not trust—the results from any single source,
and prefer checking several sources for corroborating
evidence, as illustrated in the following examples:

Example 1. Consider a user interested in buying a car, and
considering a specific brand and make (e.g., Honda Civic). One
of the criteria influencing the decision is the gas mileage of
the car. However, the gas mileage information available on
the Internet differs not only based on the year of the car, but
also based on the source from which the information is
extracted: the official manufacturer web site (up to 51 mpg in
the Honda Civic example) has a different value than some
other commercial web sites (40 mpg, Autoweb.com; 30/
40 mpg, Car.com). None of these sources, all of which appear
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in the first page of results for the query ‘‘Honda Civic 2007
gas mileage’’ using MSN Search has the ‘‘perfect’’ answer
for the query, but they all provide valuable information
to the user.
Example 2. Consider a user who wants to find out who
the first astronomer who orbited the earth was. Issuing
the query ‘‘first orbited the Earth’’ to a commercial search
engine returns a list of web sources that are relevant to
the query but which provide different extracted answers
as shown in Fig. 1. The correct answer, Yuri Gagarin, does
not appear in the first search engine result; in fact, there
are several results that does not contain any valid answer
to the user’s information need. However, several answer
extracted from the search engine result pages are
potentially useful to the user as they provide correct
answers to refinements of the user’s query: Valentina
Tereshkova was the first woman who orbited the earth,
and John Glenn was the first American to do so.
Fig. 1. Results for the query ‘‘first orbit
A naive approach to try to identify the correct answer
would be to return the most frequent answer found
among the search engine query result pages. While this
method can efficiently eliminate outlier answers such as
typos, it fails to consider the fact that answers extracted
from different pages are rarely equally important in
answering the query, as all pages are not equally
trustworthy. In addition, it opens the gate to malignant
behavior from spammers, who would be tempted to
create multiple pages containing similarly erroneous
information to boost the score of their chosen answer.

In this paper, we propose a framework to corroborate
query results from different sources in order to save users
the hassle of individually checking query-related web
sites to corroborate answers. In addition to listing the
possible query answers from different web sites, we rank
the answers based on the number, relevance, and
similarity of the web sources reporting them, as well as
the prominence of the answers within the sources.
The existence of several sources providing the same
ed the earth’’ using MSN search.
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information is then viewed as corroborating evidence,
increasing the quality of the corresponding information,
as measured by a scoring function used to order answers.
Our techniques are built on top of a standard web search
engine query result, and use existing information extrac-
tion techniques to retrieve answers from web pages.
Corroborating answers from web sources presents several
challenges:
�
 The main challenge of answer corroboration is the
design of a meaningful scoring function. The scoring
function should aggregate similar answers and take
into account a variety of parameters to identify the
best answers.

�
 Accessing all the pages that match a given web search

query to retrieve and compare answers would ob-
viously be very inefficient. We need to select web
sources that are most likely to contain the best
answers.

We propose the following contributions to address
these challenges:
�
 Scoring of corroborated answers: We propose a frame-
work to score corroborated answers. Our approach
considers several factors to score both the relevance of
a page to the query and the importance of the query
answer within the page. By combining these two
factors we can assign a score to each individual answer
based on how likely the answer is to be the correct
answer. We then aggregate the score of similar
answers. To the best of our knowledge, our techniques
are the first to consider not only the frequency of the
answers in the web search engine result, but also
the relevance and originality of the pages reporting the
answers, as well as the prominence of the answer
within the page (Section 3). In particular, our web page
relevance score is based on search engine rankings and
modeled by Zipf’s law, an intuition empirically vali-
dated using the user clicks from a search engine log.

�
 Selecting the web sources from which to retrieve the

answers: By focusing on the pages that are most likely
to contain good answers we are able to save on query
processing time. This is related to work on top-k query
processing and the Threshold Algorithm [16]; how-
ever, score bounds information, commonly used in
top-k query processing, cannot be used in a corrobora-
tive framework. We propose a method to consider a
prefix of the search engine query result for information
extraction, dynamically deciding the size of this prefix
based on the distribution of answers (Section 4). We
experimentally evaluate the effect of the prefix size
and show that our method is effective at reducing the
number of pages necessary to corroborate answers.

�
 Evaluating the quality of our proposed approach: We

conducted a novel extensive qualitative and quantita-
tive experiments on queries selected from the TREC
Question Answering Track [43] and from a log of MSN
query searches. Our experimental results show that
data corroboration significantly improves the quality
of answers (Section 5). We also show that for MSN
queries, our corroborative answers correlate with user
clicks in the MSN search log.

We report on related work in Section 6 and conclude in
Section 7.

A preliminary version of this work has been published
in [45]. The current paper extends our information extra-
ction techniques to cover more queries, and improves on
the simpler scoring model of [45] by considering model-
ing web page relevance using a Zipfian distribution
(Section 3), an intuition we validate empirically. We also
performed a new set of experiments on queries from the
TREC Question Answering Track to test our approach, and
compared our results with simpler frequency-based
techniques (Section 5.2). In particular, we measured the
quality of our results by comparing the corroborated
answers with the TREC answers. Finally, we significantly
expanded our evaluation on queries extracted from a real
MSN query log (Section 5.3).

2. Extracting answers

Our corroboration system is built on top of an existing
search engine. Given a user keyword query, our first step is to
extract the candidate answers from the web pages returned
by the search engine. The challenge is to efficiently retrieve,
and identify, from these web pages the data that qualifies as
an answer to the query. For instance, to retrieve answers for
our Example 1 query, we need to identify gas mileage values
that correspond to a 2007 Honda Civic from the search
engine web page results.

In addition, it is often observed that the same answer may
appear in different form in different sources. For example, we
found two answers (‘‘John Glenn’’ and ‘‘John H. Glenn’’) for
our Example 2 query. While the text of these two answers is
slightly different, it is highly probable they refer to the same
answer. Our answer extraction system solves this problem by
computing the cosine similarity score between answers and
aggregating similar answers if their similarity score is above a
certain threshold.

2.1. Answer extraction

Information extraction, the process of extracting rele-
vant information from documents using text and struc-
ture, is a complex problem that has been the focus of
many work in the natural language processing and
machine learning communities [31], among others. Since
the focus of our work is on the corroborative aggregation
and scoring of answers, we opted to use regular expres-
sion techniques to extract answers from web pages. In
addition, our current implementation works on queries
for which the answers are a small piece of text, such as the
ones illustrated in Examples 1 and 2.

It is relatively straightforward to identify numerical
answers within web pages. For instance, mileage informa-
tion will typically be of the form ‘‘x mpg,’’ or ‘‘mpg of x,’’
where x is a numerical value. Note that our extraction
technique considers multiple units, and does the proper



Table 1
Generating rules for queries.

Who is/was $x ‘‘is $x’’, ‘‘$x is’’

Who VBD $x ‘‘VBD $x’’, ‘‘$x is/was VBN’’

Where is $x ‘‘$x is’’

Where is $x VBN ‘‘$x is VBN’’

Where did/does $x VB $y ‘‘$x VBZ/VBD $y’’

Which $x is/was $y ‘‘is/was $y’’, ‘‘$y is/was’’

Which $x VBZ/VBD/VBN $y ‘‘$y is/was VBN’’, ‘‘VBZ/VBD/

VBN $y’’

What $x is/was $y ‘‘is/was $y’’, ‘‘$y is/was’’

What $x does/did/have/has $y

VB/VBN

‘‘$y VBD/VBN $x’’
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conversions, for each numerical query (e.g., ‘‘feet’’ and
‘‘meters’’ for a length query).

It is more complicated to extract answers for a query that
calls for a textual answer. State-of-art IE systems [1,11,
20–22,33,34] have used a lot of linguistic tools, namely
syntactic parser, part-of-speech tagger, named entity tagger,
WordNet.

Instead of employing a full featured information
extraction system, existing works [35,23,37,47] in the
information retrieval community have shown success by
using a simplified answer extraction component. Radev
et al. apply a part-of-speech tagger to phrases and
computes the probability of phrase type to match the
query category. Jijkoun and de Rejke pinpoint the answers
for a query by looking at frequently asked questions (FAQ)
archives. If a question in the FAQ archive is found to
match the query, the non-question text block immedi-
ately following the question is identified as the answer for
the query. The QA system in [37] retrieves answer
sentences based on keyword matching. The QUALIFIER
system in [47] performs answer selection by matching the
expected answer type to the NLP results of the query and
returns the named entity in the candidate sentence.

Our answer extraction is similar as the techniques
used in [47]. Given a web page, we first apply a HTML
parser to obtain the text content for answer extraction.
We choose the Jericho HTML parser,1 an effective Java
open source HTML parser to obtain the plain text of the
web page. We then use a tokenizer to tokenize and tag the
plain text from the first step. The Stanford Name Entity
Recognizer (NER) is a Java implementation of a Named
Entity Recognizer which uses a linear chain conditional
random field (CRF) sequence models. In particular, the
Stanford NER system segments the plain text into
sentences and words. After giving each word a tag, we
apply extraction rules for each query by selecting the
sentences that contain the extraction rule. The answer is
then identified as the words from the sentences that
match the expected answer type. The rules for each query
are a set of automatically created texts that may appear
around the answer. The rules are not query specific but
rather are created based on the interrogative word to
apply to different types of queries. We give a few
examples of such rules for different queries in Table 1.

By using rules such as the ones shown in Table 1, we
can extract answer for each query. As an example,
consider the query: ‘‘Who is the speaker of the Lebanese
Parliament’’. We can create rules ‘‘is the speaker of the
Lebanese parliament’’ and ‘‘the speaker of the Lebanese
parliament is’’ to extract query answers.

While these rules cover a wide variety of scenarios,
they are insufficient in some cases. Consider the following
example:

‘‘Nabih Berri reelected as the speaker of the Lebanese

Parliament’’

Clearly, ‘‘Nabih Berri’’ is an answer to the query, but the
two previously created rules cannot extract it. Therefore, in
1 http://jerichohtml.sourceforge.net/doc/index.html
addition to the rules created as above, we introduce a set of
relaxed rules for each query. The relaxed rules include the
noun/verb phrase or part of the noun/verb phrase, possibly in
combination with a specific adjective (e.g., ‘‘current’’). We
manually create a few specific adjectives that may appear
around the extraction rule based on heuristics. For instance,
the relaxed rules for the above query include ‘‘the speaker of
the Lebanese Parliament’’; ‘‘the speaker’’; ‘‘the current speak-
er is’’; ‘‘is the current speaker’’.

Applying the Stanford NER recognizer will tag ‘‘Nabih
Berri’’ as ‘‘PERSON’’. Since the answer to this query is
expected to be a PERSON entity and this sentence matches
one of the rules of this query (i.e., ‘‘the current speaker
is’’), ‘‘Nabih Berri’’ is extracted as an answer to this query.
Note that it is possible to extract multiple answers from
the sentence which matches the extraction rule. We show
how we assign scores to each of the extracted answers in
Section 3.2.
2.2. Answer aggregation

After we have extracted answers from different
sources, we need to combine similar answers. Due to
the poor quality (spelling errors, typographical errors) of a
large portion of online content, answers extracted from
different sources bearing textural difference may actually
point to the same information. A simple example is for
numerical queries, different sources may present results
using different unit. For instance, for our Example 1 query
we may find answers ‘‘26 mpg (mile per gallon)’’ and
‘‘11 km/l (kilometers per liter)’’ from different sources
which reflect the same gas mileage information for a Civic
in city drive. Our solution to such cases is to convert all
extracted answers into the same unit and combine
answers that are similar in value. In our implementation,
we consider answers that are within 5% difference in
values as similar answers.

For factoid queries, we are dealing with problems of
finding similar strings. Existing work [28,19,38] has been
proposed using cosine similarity score to effectively
handle spelling errors and rearrangement of words when
comparing strings. The key idea is to obtain the tf-idf score
vector for each string and compute cosine similarity score
for each pair of strings. In particular, Koudas et al. leverage
the semantic similarity if such information is available. In
our corroboration system, we apply the tf-based cosine
similarity method to detect similar answers. The cosine

http://jerichohtml.sourceforge.net/doc/index.html
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similarity score of two answers is computed using the
word frequency vector of the two answers. Given two
tokenized answers, we first need to obtain the word
frequency vectors for the two answers W1 and W2, the
cosine score is then computed as the dot product of the
two vectors divided by the square root of the product of
the vector dot products of each score vector with itself.
For example, assuming we have extracted answers ‘‘John
Glenn’’ and ‘‘John H. Glenn’’ for our Example 2 query, the
word frequency vectors W1 and W2 for the two answers
are (1, 0, 1) and (1, 1, 1). The cosine similarity score is
therefore computed as the dot product of W1 and W2

(which is 2) divided by the square root of product of each
vector with itself (which is

ffiffiffi
2
p
�
ffiffiffi
3
p

). The cosine similarity
score (0.82) is then compared against a user-defined
threshold to test if the two strings can be classified as
similar answers. In our implementation, we use the
threshold of 0.8 and we recognize ‘‘John Glenn’’ and ‘‘John
H. Glenn’’ as similar answers.

3. Scoring answers

Once we have extracted answers from the web pages
returned by the search engine, we need to identify the
best answer to the query. For this purpose, we need to
assign scores to each extracted answer. We then aggre-
gate the score of similar answers to identify the best
corroborative answer.

In order to assign a score to each extracted answer, we
first assign to each web page a score that represents the
likelihood that an answer found within the page is the
correct answer. Then, for each answer found within a web
page, we assign a score that represents the probability
that this answer is the correct answer within the page.
Finally, scores of similar answers are aggregated to
provide a corroborative answer score.

The score of an answer x extracted from a given web
page p is the product of the score of the page (P(p)) and
the score of the answer within the page ðPðxjpÞÞ.

Pðx,pÞ ¼ PðpÞ � PðxjpÞ ð1Þ

In the rest of this section, we detail our scoring
approach. We explore several scoring components that
can be used in conjunction, or separately. We will discuss
the impact of each of the components, and evaluate them
experimentally in Section 5.2.2. In Section 3.1, we propose
a scoring method of individual web pages. We then
propose techniques to estimate the score of an answers
within a page in Section 3.2. The corroborative score of an
answer among all search engine query result pages, and
taking into account each of our proposed component, is
given in Section 3.3.

3.1. Scoring web pages

The score of an answer depends on the quality of the
web page from which the answer is extracted. We
consider two factors in measuring the quality of a web
pages: the relevance of the page (Section 3.1.1), and the
originality of the page (Section 3.1.2).
3.1.1. Web page relevance

Search engines rank web pages according to (among
other factors) the relevance between the page and the
query keywords. An intuitive method for web page
scoring is to use the page rank score of web pages as
given by the search engine. Unfortunately the search
engine does not provide its internal score along with the
ranking. The tf-idf score has been widely used in the
information retrieval community to compute the rele-
vance of a document with respect to a keyword query, but
our system is built on top of a search engine; as such we
do not have access to indexes of the whole web. Therefore
we use the individual ranks of web pages in the search
engine result list as a measure of relevance.

As we traverse the search engine query results, the
quality of the match decreases. We consider that a page
ranked highly by the search engine is more likely to
provide good information than a page with a lower rank.
Therefore an answer found within a higher ranked page
will have a higher probability than one found within the
lower ranked page to be the correct answer. To model this
decrease of the relevance of web pages as we go down
the search engine result we use Zipf’s law distribution
function [50], commonly used in natural language
processing to model the distribution of words in
languages where very common words have very high
frequencies.

Previous work [7] refers to the commonness of Zipf-like
distribution in web access patterns. For instance, there
is evidence that the popularity of web pages follows a
Zipf distribution. In this work, we are interested in the
importance of web pages as we go down a search engine
query results. We investigated the click patterns of a query
log of about 15 million MSN queries. Fig. 2 shows the log–
log plot for the distribution of user clicks depending on the
position of the page in the search engine query result, for
the first 10 results and for all queries in the log. We only
report on the first 10 results here since the number of user
clicks shows a sharp decrease after the 10th result (and
similarly after the 20th, 30th, etc.) as search engines return
results 10 at a time and users are reluctant to go beyond
the first page of result.
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We used curve-fitting techniques,2 based on a linear
regression in the log–log plot to approximate the
distribution of the user clicks per position. Our results
show that the distribution can be approximated to a
power law distribution, with an exponent parameter (s) of
1.39, and constant close to 1.

These results show that the Zipf distribution is
adequate to approximate the decrease in page relevance.
We then define the relevance score of a page as

PðpÞ ¼
1=rðpÞs
PN

i ¼ 1 1=is
ð2Þ

where N is the total number of pages considered (i.e., the
estimated size of the search engine query result), and r(p)
is the rank of page p in the search engine query result. We
normalize the score, so that the sum of all page scores are
summed to 1.

The s exponent parameter has an impact on the slope
of the score distribution. It quantifies how quickly the
quality of answers degrades when we traverse the search
engine result list. In our system, varying s will have an
impact on both the quality of answers and the number of
pages retrieved to identify the best answer. We explore
the effect of s experimentally in Section 5.2.

3.1.2. Web page originality

In addition to the web page relevance, we take into
account the originality of the pages to reduce the effect of
similar information coming from sources in the same
domain, or sources that seem to be mirror (or copy-paste)
information from each other. These pages tend to show
some strong correlation as they reflect information
coming from the same real-world sources. As an example,
many web pages directly copy material from high-profile
web sources such as Wikipedia. Errors in the original web
site are therefore propagated to independent web pages.
Our motivation for using corroboration is to confirm
evidence from several autonomous sources. Considering
sources that mirror each other as completely separate
sources for corroboration would then artificially increase
the weight of the original real-world sources (such as
Wikipedia), and would open the door to some possible
malignant behavior from content providers in order to
boost the ranking of a given answer. However, discarding
the redundant source is not a good option either, as its
existence leads some more credence to the information,
although not as much as if it were a source containing
original information.

Since we aim at corroborating answers from different
web pages, duplicated pages which tend to have a similar
content should not have as much weight in the corro-
boration as pages that contain original content. However,
they should still be taken into account as corroborative
evidence, as there is a possibility they reflect similar
information coming from independent sources. Our
solution is to dampen the score of a page each time a
duplication is detected. Our implementation detects
suspected copy-paste as duplicated text around answers.
2 http://www.fast.u-psud.fr/ezyfit/
Detecting near duplicate web pages is a non-trivial task
and has been the focus of a large body of research. Often,
two pages sharing the same core content may be classified
as independent sources using byte-wise comparison due
to different framing, advertisements, and navigational
banners. Among those existing works, the SpotSigs
technique proposed in [39] proves to be an effective
way to detect such near duplicate pages. The key idea in
SpotSigs technique is to create a robust document signa-
ture with a natural ability to filter out noisy components
of Web pages. In our corroboration system, we imple-
mented the SpotSigs technique to detect copy/paste
pages. Our current implementation is Boolean, a page is
a copy or it is not, but we could easily extend our system
to use more complex copy detection tools such as [9,6] to
identify different degrees of duplication, and use this
information to provide a finer granularity of web page
originality scores.

We introduce a parameter b to quantify the redun-
dancy of duplicated pages. When traversing a search
engine result list, we check whether each page contains
original content, or whether it is similar to a page with
higher rank. If for a page p there exists dm(p) higher
ranked pages sharing the same domain and dc(p) higher
ranked pages generated from copy/paste information, we
adjust the relevance of the page as follows:

PðpÞ ¼
1=rðpÞs
PN

i ¼ 1 1=is
� ð1�bÞdmðpÞþdc ðpÞ ð3Þ

The first occurrence of a page from any given domain
(or from duplicated web pages) will therefore be assigned
its full score, only subsequent similar pages will have their
scores dampened. This ensures that we are taking into
account all original information, and limits the weight of
redundant information in the scoring.
3.2. Scoring answers within web pages

It is common for several, possibly different, answers to
be extracted from a single web page. This can be due to
some error or uncertainty in the answer extraction
process, or to the fact that the web page does contain
several answers. To identify the best answer, we are then
faced with the challenge of scoring these multiple
answers. If only one answer x is extracted from a page p,
it gets a score of 1 for that page ðPðxjpÞ ¼ 1Þ. A simple way
to score multiple answers stemming from the same page
would be to assign each of them a score of 1/N(p), where
N(p) is the number of answers in the page. One problem of
the above method is that all the answers extracted from
the same page are rarely equally helpful in answering
queries. Consider the following text from which we can
extract two answers from a single web page for the query
in Example 2 ‘‘first orbited the earth’’.

Example 3. ‘‘Now you could have asked, even at the time,
what was so special, so magical, about John Glenn, since a
year before him a Russian, one Yuri Gagarin, was the first
human to orbit the Earth in space and four months after
him another Russian did it 17 times’’.

http://www.fast.u-psud.fr/ezyfit/
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By applying the answer extraction techniques (Section
2) we could extract two answers, namely, ‘‘Yuri Gagarin’’
and ‘‘John Glenn’’, which are underlined in the above
example. Unfortunately, due to the limitation of the
simple information extraction techniques we are using,
it is difficult to figure out which one the correct answer is
to the query. Our solution is to consider the prominence of
each answer extracted within the page. We define the
prominence M(x,p) of an answer x from page p as
the inverse of the distance dis(x) between this answer
and the extraction rule (i.e., ‘‘the first human to orbit the
earth’’ in this case).

Mðx,pÞ ¼
1

disminðxÞ
ð4Þ

We compute dis(x) as the number of tokens plus 1
between the extraction rule and answer x, with a minimum
distance of 1. As mentioned in Section 2.1, it is possible for
multiple answers to be extracted via an extraction rule. The
closer an answer is to the extraction rule, the more
prominent it should be to answer the query. This approach
is based on the assumption that in most cases, relevant
answers will be close to the extraction rule in the web
pages. We compute the score of the answer within the page
as its normalized prominence. As for example 3, we have
dis(‘‘Yuri Gagarin’’) = 2 and dis(‘‘John Glenn’’) = 12. There-
fore the prominence scores for the two answers are 0.86 and
0.14, respectively. Formally, if an answer x is extracted from
page p out of N(p) answers, we define the score of answer x

to be as follows:

PðxjpÞ ¼
Mðx,pÞ

PNðpÞ
i ¼ 1 Mðxi,pÞ

ð5Þ

Our simple method to compute prominence scores
leads to improvements in answer quality (Section 5.2.1). It
is possible that the use of more refined information
extraction techniques [31,13] that return answers with an
associated confidence score from which we could derive
our prominence score would result in further improve-
ments.

Finally, some web pages may provide several answers;
as for Example 1 the Car.com web site gives two answers
for our query: 30 mpg (city), and 40 mpg (highway). Our
current implementation penalizes answers that are not
unique in their sources. In some cases, as in the city/
highway example, multiple answers in a given web page
may be due to different context. We plan to add context to
our scoring approach in the future, possibly enabling our
techniques to output different answers for different
contexts.
3.3. Corroborating answers

Taking into account the scores of web pages as well as
the scores of answers within web pages, we can assign the
score of an answer x from a page p as

Pðx,pÞ ¼
1=rðpÞs
PN

i ¼ 1 1=is
� ð1�bÞdmðpÞþdc ðpÞ �

Mðx,pÞ
PNðpÞ

i ¼ 1 Mðxi,pÞ
ð6Þ
The frequency of the answers in the set of pages is
considered in our corroboration approach. Intuitively, an
answer that appears in 10 pages is more likely to be the
correct answer than an answer that appears in one page,
unless those 10 pages have very low scores. Formally, if
P(x,pi) is the score of answer x from page pi, the
corroborative score of answer x is given by

PðxÞ ¼
Xn

i ¼ 1

Pðx,piÞ ð7Þ

where n is the number of pages we consider from the
search engine query result.

4. Retrieving pages

Finding and computing the scores of answers are not
the only challenges we face when corroborating answers
from search engine query results; another challenge is to
select the set of result pages from which we extract
information. As we go from higher ranked to lower ranked
pages, we have to decide how deep we should go in the
search engine query result. Accessing all the pages that
match a given web search query to retrieve and compare
answers would obviously be impractical and inefficient.
In addition, lower ranked pages, which show little corre-
lation with the query tend to give ‘‘noise’’ instead of useful
information. Work on top-k query processing algorithms
have focused on adaptively reducing the amount of
processing done by query evaluation techniques by
ignoring data that would not be useful to identify the
best answers to a query [16,30]. However, these techni-
ques cannot be directly applied to our scenario as they
rely on query models where the score upper bounds of
query results are known, and use this information during
query processing. In contrast, in our corroborative model,
the score of an answer can potentially grow every time a
new page is retrieved.

We adapt ideas from work on top-k query processing
to the answer corroboration problem by adaptively
selecting a subset of search results from which to extract
answers, based on the current scores of the retrieved
answers. As was suggested in [27], we focus on estimating
the maximum possible score increase that an answer
could receive from unretrieved pages, in the absence of
score upper bound information. Succinctly, we process
web pages in the search engine result order, and stop
retrieving new pages when the score of newly discovered
answers would not be high enough to impact the overall
corroborative answer score ranking.

We use our page relevance score (Section 3.1.1) to
decide when to stop retrieving new pages from the search
engine result. As we traverse the search engine result list,
the relevance score of new pages we encounter decreases
following a Zipf distribution. We stop retrieving new
pages when the sum of the relevance scores of the
unretrieved pages is too small for any answer extracted
from new pages to cause any significant change to the
corroborative answer list.

The maximum possible score increase is defined as the
sum of all scores of unretrieved pages. Based on Eq. (2),
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this score IMax is defined as

IMax ¼ 1�
Xr

i ¼ 1

PðpiÞ ð8Þ

where r is the rank of the last retrieved page, and pi is the
page retrieved at rank i. The value of the maximum
possible score increase IMax constantly decreases as we
traverse the search engine query result.

During corroboration processing, we maintain a
threshold variable T, which represents the value required
to cause significant changes to the current result list. Our
current implementation considers T to be the current
difference in score between the top-1 answer and the top-
2 answer. That is, we stop retrieving new pages when the
current top-1 answer cannot change, i.e., when TZ IMax.

Although we dynamically retrieve pages and stop as
soon as the remaining unretrieved pages will not make
significant changes to the current answer list, we may still
end up retrieving a large number of pages. This is due to
our Zipf’s law model where a large number of lower
ranked pages may add up to a high score, as shown in
Fig. 3, which shows the decreasing value of IMax as we
traverse the search engine result, up to page 50, for
various values of N (the estimated total number of pages
in the query result).

To address this, we limit the maximum number of
pages our system will retrieve. This limit can be user-
defined. By limiting the maximum number of pages
retrieved, we are ignoring a subset of the web pages as
well as the corresponding score increase they may bring
to the corroborated answer scores. This unused potential
score increase depends both on the maximum number of
pages retrieved, and on the expected total number of page
considered (as estimated by the search engine query
result size). The normalization factor of Eq. (2) is adjusted
to consider the maximum number of pages maxPage, as
follows:

PðpÞ ¼
1=rðpÞs

PmaxPage
i ¼ 1 1=is

ð9Þ
We use deterministic bound information to decide
when to stop retrieving new pages. An interesting
direction to investigate would be the use of probabilistic
bound information instead, in the manner of [40]. We are
planning to investigate this approach in future work.

5. Evaluation

In this section, we present our in-depth experimental
evaluation of our corroboration approach for web
searches. We describe our experimental setup in Section
5.1. Section 5.2 focuses on queries taken from the TREC
Question Answering Track and derives the best setting of
s, maxPage and b. Results for real-user queries from a MSN
query log are given in Section 5.3.

5.1. Experiment setup

Our system is implemented using Java SDK 1.5 and
built on top of the MSN search SDK. We use MSN search as
our backbone search engine. We ran our experiment on
machines running Fedora 6 with 4 2.8 G CPU and 2G RAM.

5.1.1. Evaluation queries

We reported preliminary experiment results on nu-
merical queries in [45]. In this paper, we extend our
experimental evaluation to a broader range of queries,
including queries with textual answers. We consider
queries from two sources: the TREC Question Answering
Track and a MSN Live Search query log that contains real-
user queries that were evaluated by MSN in the Spring of
2006.

TREC question answering track: We extracted 42
numerical queries and 100 factoid queries from the TREC
Question Answering Tracks from TREC-8 (1999) to TREC
2006. We use keywords to extract numerical (e.g., ‘‘length
of’’, ‘‘height of’’) and factoid queries (e.g., ‘‘who’’, ‘‘where’’)
from the TREC QA track. Example numerical queries
include: ‘‘diameter of the earth’’, ‘‘average body tempera-
ture’’, ‘‘length of Columbia River’’, ‘‘height of the tallest
redwood’’. Example factoid queries include: ‘‘Who is the
Speaker of the Lebanese Parliament’’, ‘‘Who is the
manager of Manchester United’’, ‘‘Where is Merrill Lynch
headquartered’’, ‘‘Where was Hitchcock born’’.

We use the TREC original answers to evaluate the
quality of our corroborated answers. Note, however, that
we are running our queries on top of a web search engine
and therefore use the web as a data corpus rather than the
TREC documents. Note also for some TREC queries, more
than one answers are recognized as the correct answer
(for example, for the query ‘‘Where did Jay-Z grow up’’,
both ‘‘brooklyn’’ and ‘‘New York’’ are correct answers
according to TREC judgement). For such queries, we
evaluate the corroborated answer with the highest ranked
correct answer.

MSN Live Search query log: We selected 38 numerical
queries and 100 factoid queries from the MSN search log
using similar patterns as the TREC QA track. We manually
pick queries to filter out non-factoid queries (for example,
‘‘Who wants to be a millionaire’’) and only considered
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queries which yielded at least one user click on the search
engine query result.
5.1.2. Evaluation measures

We report on the following evaluation measures.
�
 Percentage of queries correctly answered (PerCorrect):
For the TREC dataset, we compare our top corroborated
answers with the original TREC answers. We derive the
percentage of queries with correct answers at different
rank of our corroborated answer list (top-1 to top-5).

�
 Mean reciprocal rank (MRR): The mean reciprocal rank

of the first correct answer (MRR) is generally used for
evaluating the TREC Question Answering Tasks. If the
query does not have a correct answer in our top-5
corroborated answer list, its reciprocal rank is set to 0.
We report the MRR values for experiments over the
TREC queries.

�
 Similarity between user clicks and corroborated answer:

Unlike TREC queries, queries extracted from the MSN
query log do not come with an original answer. To
evaluate the quality of our corroborated answers, we
therefore compare pages that generate top corrobo-
rated answers with user clicks.

�
 Time cost: We report the time needed to return the

corroborated answer list. This time cost is divided into
retrieval time, which is the time spent accessing the
web pages, and corroboration time, which is the time
spent by our system for answer extraction and scoring.

�
 Number of pages retrieved: As discussed in Section 4, we

do not retrieve every page from the search result but
dynamically stop when we have identified the top-1
corroborated answer. We report on the actual number
of web pages needed to reach an answer.

5.2. TREC queries

We now report our results on queries from the TREC
QA Track. In this section, we first discuss the quality of our
answers (Section 5.2.1). In particular, we show the benefit
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Fig. 4. Impact of parameter s on PerCor
of each individual scoring components on the answer
quality (Section 5.2.2). We then compare the performance
between our approach and previous question answering
techniques (Section 5.2.3). We will show the number of
web pages needed to return an answer (Section 5.2.4), and
the time cost of our techniques (Section 5.2.5).
5.2.1. Answer quality

We first evaluate the quality of our corroborated
answers by analyzing the percentage of correct answers
(compared to the TREC-supplied original answers) for the
142 queries we extracted from TREC. Note that as shown
in Eq. (6) there are three parameters which may affect the
answer score: s, b and maxPage. In the following we
evaluate the effect of each of these parameters.

We first fix b to 0.25 and maxPage to 50 and test the
effect of s, which is the parameter in Zipf’s distribution.
Fig. 4 shows the PerCorrect values for our top-1 to top-5
corroborated answers for different values of the s

parameter of our Zipf corroboration scoring method
(CORROB) of Section 3. Overall, an s value of 1 provides
the best results at top-1. Interestingly, the distribution of
user click per result position for the subset of the MSN
queries that only considers queries expecting a numerical
answer has a slope which is not as steep as the one for
general queries (Fig. 2) as these queries yield more clicks,
which end up increasing the probability of clicks for
positions higher than 1. Using the same curve-fitting
techniques as we did in Section 3.1.1 we can approximate
the click distribution of these numerical query to a power
law distribution with an exponent parameter (s) of 1.01
(Fig. 7(a)). In addition, the curve-fitting yields an
exponent parameter of 0.92 for the click distribution of
the factoid queries (Fig. 7(b)), which have the best
PerCorrect and MRR values with a s value of 0.8 and 1.0.
A s value of 1.0 yields a slightly better PerCorrect value at
top-2 answer but slightly worse PerCorrect value at top-5
answer compared with a s value of 0.8. Both of these
results validate our choice of Zipf distribution to model
the originality of pages.
top -1
top -2
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top -4
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rect for TREC queries for CORROB.



M. Wu, A. Marian / Information Systems 36 (2011) 431–449440
As we increase s, the quality of our corroborated
answers drops since top search engine result pages are
given the most relevance weight, and fewer pages are
considered in the corroboration. Inversely, for lower
values of s, many pages are considered for corroboration,
but their relevance scores tend to be similar and answers
from high-ranked search engine query result pages are
not given more weight.

Figs. 5 and 6 plot the PerCorrect values for numerical
and factoid queries, respectively. As shown, both results
are consistent with the overall PerCorrect values.

Table 2 reports the MRR value for the CORROB method
presented in this paper. We list the MRR values for all 142
TREC queries and for the two separate types of queries in
each of the three columns. We obtain a MRR score of
0.767 for the CORROB method with an s value of 1.0. This
means that on average, the correct TREC answer is found
within the two best corroborated answers. For compar-
ison, the web question answering system presented in
[14] has a best MRR score of 0.507; however, they report
Fig. 5. Impact of parameter s on PerCorrec
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results on a different subset of TREC queries that contains
a broad variety of queries, which are possibly harder to
answer. In the rest of our experiments, we will use s=1 as
our default parameter value.

Another factor that affects the performance of our
CORROB method (Eq. (3)) is the parameter b that we use to
quantify the decrease of duplicate page score. Fig. 8 plots
the PerCorrect values for the top-1 to top-5 corroborated
answers, and Table 3 shows the MRR values of the CORROB
method with a b value of 0, 0.25, 0.5, 0.75 and 1 and with
a fixed s value of 1.0 and maxPage value of 50. We
discussed in Section 3.1.2 that duplicated pages should
not have as much weight as page that contains original
information but still need to be taken into consideration.
The results shown in Fig. 8 and Table 3 confirm our claim.
As shown, both PerCorrect and MRR values show
improvements compared with the case that no originality
is considered ðb¼ 0Þ. However, if we completely remove
the effect of duplicated pages by setting b¼ 1, the answer
quality is not as good as the case for which no originality
t for numerical queries for CORROB.
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Table 2
Answer quality for TREC queries.

Combined Numerical Factoid

CORROB (s=0.6) 0.752 0.645 0.797

CORROB (s=0.8) 0.765 0.651 0.813
CORROB (s=1.0) 0.767 0.657 0.813
CORROB (s=1.2) 0.704 0.615 0.741

CORROB (s=1.5) 0.664 0.586 0.697

CORROB (s=2.0) 0.610 0.533 0.642
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is considered. Overall, the CORROB method has the best
answer quality when we set b¼ 0:5. In the following
experiment, we set 0.5 as the default value for b.

As discussed in Section 4, limiting the number of pages
retrieved using the maxPage parameter may speed up
query evaluation, but could affect answer quality as fewer
web pages will be used for corroboration. Fig. 9 shows the
impact of different maxPage value (from 20 to 90) on the
percentage of correct answers. The answer quality
increases as maxPage goes from 20 to 50, but remains
the same when more pages are considered. As expected,
considering too few pages for corroboration decreases
answer quality. Our approach retrieves fewer than 50
pages (on average 34 pages for s = 1, shown in Fig. 12) to
return a corroborated answer, therefore increasing
maxPage above 50 has little impact on the quality of the
corroborated answers. In addition, high values of maxPage

lead to retrieving more pages, resulting in higher query
processing times. Therefore, in the rest of our experi-
ments, we set the value of maxPage to 50.

Our CORROB technique finds the correct answers
within the top-5 corroborated answers for 85.2% of the
142 queries we extracted from TREC. For 21 of the TREC
queries, we were not able to identify the correct answer
within the top-5 corroborated answers. An in-depth
analysis of these 21 queries shows that four of them are
multi-answer queries (e.g., ‘‘width of Atlantic Ocean’’) for
which our top-5 corroborated answer list contain at least
one correct answer (but not the TREC original answer); we
were not able to extract web answers for 10 of the queries
(e.g., ‘‘the first director of the World Food Program’’); we
answered incorrectly 5 queries; and finally, 2 of the
queries have wrong (or possibly outdated) answers within
TREC: ‘‘Lifetime of hermit crabs,’’ which has a TREC
answer of 70 years, and a correct answer of 30 years, and
‘‘highest recorded temperature in San Antonio, TX,’’ with a
TREC answer of 107F and a correct answer of 111F. Out of
the 142 queries, 22 of them were time sensitive (for
instance, ‘‘who is the manager of Manchester United’’).
However, at the time of our experiments, the correct
current answers were the same as the ones provided by
the TREC corpus.
5.2.2. Impact of scoring components

In this section, we show the benefit of each individual
scoring components we present in Section 3. In the
following comparison, we denote the baseline BASE as
the scoring approach in which the score of pages are the
same, and the score of each answer is the score of the page
divided by the number of answers within the page. We
use ZIPF to denote the method in which only Zipf’s page
relevance is considered (Section 3.1.1). We use ORIG to
denote the baseline approach with the addition of web
page originality (Section 3.1.2). We use PRO to denote the
baseline approach with the addition of answer promi-
nence within web page (Section 3.2). The CORROB

approach, which combines ZIPF, ORIG and PRO, refers
to the comprehensive scoring approach, as described in
Eq. (6).

Fig. 10 shows the PerCorrect values for our top-1 to
top-5 corroborated answers, and Table 4 reports the MRR
values for different combinations of the scoring compo-
nents. In most cases, the answer quality improves as we
incorporate each of the scoring component, the ZIPF

component provides the best improvement. The only
exception is when adding the ORIG component, the
PerCorrect value at top-1 slightly decreases, but combined
with ZIPF components, the originality provides a small
increase in answer quality. The CORROB scoring approach,



Fig. 8. Impact of b on PerCorrect for TREC queries.

Table 3

Impact of b on MRR for TREC queries.

b MRR

0 0.766

0.25 0.767

0.50 0.772

0.75 0.756

1.0 0.752
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which combines all three components, has the best result,
with an MRR value of 0.772, outperforming the BASE case
by 6.9%.

5.2.3. Comparison with existing question answering

techniques

In this section, we compare our approach with existing
question answering techniques. Previous works in ques-
tion answering have been using answer frequency as
the evidence of answer quality [29,14,48]. Summarizing
previous work as frequency-based approach is a reason-
able simplification. We could not exactly reproduce the
actual question answering techniques of these works
because we do not have access to the detail of their
implementations, such as their information extraction
and query rewriting techniques. Our corroboration
approach could be used in conjunction with these tools
to further improve answer quality.

In a frequency-based approach, the score of an answer
is a function of the frequency of the answer among all the
pages. In particular, we implement two types of fre-
quency-based approaches: page-frequency (P-FREQ)

and answer-frequency (A-FREQ). In P-FREQ, the score
of an answer is based on the number of pages from which
this answer was extracted. In A-FREQ, the score of an
answer is based on the number of time the answer was
extracted from all pages.

In addition, we also implemented TOP-PAGE approach,
in which we only extract answers from the first page and
rank answers based on their frequency (A-FREQ). We
tested the performance of TOP-PAGE simply based on the
observation that most users only look into the first page
returned from the search engine.

Fig. 11 and Table 5 show the PerCorrect and MRR
values of the two frequency-based approaches, the TOP-

PAGE approach, the BASE approach, the ALPHA method
[45], and our CORROB approach. As shown, P-FREQ and
A-FREQ achieve a PerCorrect value of 0.57 at the top-1
corroborated answer and 0.77 at top-5 corroborated
answers. In addition, P-FREQ and A-FREQ have MRR
values of 0.663 and 0.664, respectively, both of which are
smaller than the BASE approach, showing that even a
simple corroboration-based approach outperforms the
frequency-based techniques dramatically. We compute
the statistical significance of our results using the one-
tailed Wilcoxon Signed-Rank test [44]. The difference
between CORROB and A-FREQ and between CORROB and
P-FREQ are both statistically significant with a p-value of
0.003. These results confirm that a corroboration-based
approach outperforms frequency-based approaches. In
addition, the advantage between the CORROB method and
the BASE approach is statistically significant with a
p-value of 0.034. The TOP-PAGE approach, performs
surprisingly bad compared with all other techniques,
with an MRR value of 0.36. This suggests that looking into
only the first page from the search engine result is not
sufficient for the users to get the correct answer in most
cases.

We proposed the corroborative ALPHA method in [45].
ALPHA uses a simpler scoring strategy for the page relevance,
dropping the score of a page p based on a parameter
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Fig. 10. Impact of scoring components of TREC queries.

Table 4
Answer quality of scoring components.

Combined Numerical Factoid

BASE 0.722 0.602 0.773

ORIG 0.717 0.590 0.770

PRO 0.727 0.610 0.776

ORIG+PRO 0.726 0.612 0.775

ZIPF 0.757 0.624 0.812

ZIPF+ORIG 0.760 0.625 0.817

ZIPF+PRO 0.766 0.657 0.812

CORROB 0.772 0.657 0.820
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a: sðpÞ ¼ ð1�aÞrðpÞ�1, where s(p) is the score of page p and r(p)
is the rank of the page as returned from the search engine.
Our new CORROB strategy outperforms ALPHA, with a p-value

of 0.011. By using Zipf’s law to model the decrease in page
relevance, the CORROBmethod is able to return higher quality
answers than ALPHA.

5.2.4. Number of pages retrieved

We dynamically retrieve pages as we corroborate answers
(Section 4). Fig. 12 shows the average number of pages
retrieved when answering queries extracted from TREC for
the ALPHA method and the CORROB technique with the s

parameter ranging from 0.6 to 2.0. Increasing the value of s in
our CORROB method gives more weight to pages ranked
higher in the search engine query result therefore reducing
the number of pages needed to identify the top corroborated
answers. In contrast, the ALPHA method has the highest
average number of page retrieved except for s=0.6.
5.2.5. Time cost

The query evaluation time for the ALPHA and CORROB

corroboration techniques is shown in Fig. 13. In particular,
we divide the time cost into three parts: web page
retrieval, answer extraction and answer corroboration.



Table 5
MRR comparison with existing question answering techniques.

MRR

P-FREQ 0.663

A-FREQ 0.664

TOP-PAGE 0.360

BASE 0.722

ALPHA ða¼ 0:05Þ 0.722

CORROB 0.772
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The first part is the time cost for retrieving cached web
pages from the search engine server, and the second and
third parts are the time cost for answer extraction and
corroboration, respectively. As expected, based on the
number of pages retrieved (Fig. 12), the CORROB method
outperforms ALPHA method for all values of s but s¼ 0:6.
The CORROB method takes a bit more time than ALPHA

with an s value of 0.6 due to more pages being retrieved.
While the overall query answering cost can be high,

most of the time is spent on retrieving pages from the
web. Our query evaluation time is reasonable (3 s for
answer extraction and 0.4 s for corroboration on average
for each query), and user may find it acceptable to wait for
corroborated answers if it saves them the hassle of
manually checking the pages themselves. In addition,
our implementation does not have direct access to the
search engine indexes and cache but must access these
through an interface which incurs web retrieval costs. If
our techniques were implemented within a search engine,
they would provide much faster query response time.

5.3. MSN queries

We now report on experimental results over the
queries extracted from the MSN Live Search query log.
We set the default values of s, b, maxPage to 1, 0.5, 50,
respectively, as they provided the best quality results for a
reasonable time cost over TREC queries.

5.3.1. Comparison with user click

We do not have a list of correct answers to the queries
we extracted from the MSN Live Search query log. To
evaluate the quality of our answers, we compare user
clicks with pages that we used to generate the top
corroborated answers. The internet being dynamic, by the
time we performed our experiments, much of the
information in the log was obsolete. Many pages on
which users clicked were not available in the search
engine (SE) query result anymore. Among the 331 pages
Fig. 11. PerCorrect comparison with exist
that appeared in user clicks, only 93 pages were still in the
search engine result when we run the experiment. In
addition, the position of these pages in the search engine
result has changed greatly: while they had high positions
when the query was issued (with average rank reverse of
0.5), they were ranked much lower in the current search
engine result (with average rank reverse of 0.081).
Overall, out of 138 queries in the MSN query set, for 81
of them the user clicks are no longer in the current search
engine result.

Despite these limitations, we found that our corrobo-
rated answers correlate with user clicks. Fig. 14 shows, for
each of the 57 queries that have at least one user click in
the current search engine result, the number of user
clicks, the number of corresponding pages that were
returned in the search engine query result at the time of
our experiments, the number of such pages that contained
answers to the query, and the number of pages that
contained the top corroborated answer. As shown, when a
page on which the user clicked appears in the search
engine query result, it contains one of the top-5
corroborated answers for 61% of the queries, and the
top-1 answer for 42%. The results show that the
corroboration approach is good at identifying answers
that are of interest to the user, as many user clicks
correlate with top corroborated answers. We looked into
the remaining 22 queries for which there is no overlap
between the user clicks and the pages we use to generate
ing question answering techniques.
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top corroborated answers. We found that for 14 of them
we could not extract answers from these user clicks, for
five of them our corroboration terminated before reaching
these user clicks because they were ranked much lower
by the current search engine. For only three of these
queries, our corroborated answers do not include answers
extracted from user clicks. We believe that with a more
recent search log, our corroboration method would show
better similarity with the user clicks.

5.3.2. Number of pages retrieved

We also tested the number of pages retrieved for each
MSN query. Our corroboration techniques dynamically
retrieve web pages. On average, we retrieve 36.1 pages for
each MSN query, which is lower that our 50 maxPage

limit. The retrieval stopped dynamically before the
maxPage value for 88% of the queries tested; in some
cases fewer than 10 pages were enough to identify the
best corroborated answer.
5.3.3. Time cost

Figs. 15–17 show the time cost for MSN queries that
have at least one click in the current SE result and that
have no clicks in the current SE result, respectively.
(In order to display properly, we break the figure for the
queries that have no clicks in the current SE result into
two subfigures.) As with TREC queries, the retrieving time
is the dominant factor in the total time cost. We also
compare this time cost with the time the user spent on
browsing the web pages. The MSN query log comes with
an accurate timestamp for both the time when the query
was issued by the user and the time when the user clicked
on the web page. We calculate the user time cost as the
duration between the time the query was issued and
the time of the last user click. Of course, this is an
approximation of the time the user took to find an answer
to the query as it does not take into account the time the
user spent loading and reading the corresponding pages
nor does it guarantees that the user found an answer



Fig. 14. Comparison between user clicks and corroborative answers for MSN queries.

Fig. 15. Time cost for MSN queries that have at least one click in the current SE result.
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within the clicked pages. On average, the user time cost
(107.3 s) is about 4.1 times more than the cost of our
corroboration approach (26.4 s). This indicates that our
corroboration method is efficient in identifying the
answers and can save users a great amount of time.
Figs. 15–17 show that we do have a few queries for which
our corroboration techniques take longer to return
answers than the user time cost (e.g., Query 38, 39 in
Fig. 15; Query 21, 35 in Fig. 16 and Query 41, 70, 76 in
Fig. 17). For these queries our corroboration needs to
retrieve more pages while the corresponding number of
user clicks is relatively small. On average, the number of
pages retrieved for MSN queries set is 36.1 and the
number of user clicks for each query is 2.4. For the queries
that our corroboration techniques take longer than the
user time cost, the average number of pages retrieved is
38.3 and the average number of user clicks is 1.7.
Typically, the queries that require expensive corrobora-
tion times are the ones for which multiple correct answers
exist. For instance, for the query ‘‘who invented the
television’’, both ‘‘Farnsworth’’ and ‘‘Zworykin’’ are correct
answers. The existence of multiple correct answers leads
our corroboration techniques to go deeper into the search
engine results to find the top-1 answer, therefore
resulting in more pages being retrieved.
6. Related work

Several works have addressed the issue of extracting
answers from web pages [25,2,29,8] for question answer-
ing. However, most of these question answering systems
consider extracted answers separately and do not perform
any answer corroboration. An exception is the Mulder
system [29], which uses frequency of answers to increase
answer scores. Their approach is similar to our page-
frequency approach of Section 5.2.3, which is outper-
formed by a corroborative strategy in our model. [36]
presents a QA system which learns how to detect and rank
answer passages by recovering a structured relational
query from the posed question. However, their approach
assumes that a large volume of training QA pairs are
available.

Other works have considered the frequency of an
answer as a measure of answer quality [13,14,5]. These
models consider corroboration at the extraction-rule
level, i.e., the score of an answer is increased if it is
extracted from several high-quality rules or query re-
writes, but not at the source level. Downey et al. [13]
propose a probabilistic model to estimate the impact of
repeated extraction from the web. The AskMSR system
[14,5] uses several query rewrites and n-gram extraction,
to improve the quality of its extracted answers. Dumais
et al. propose a question answering system that uses web
search engines as a backend retrieval system. This work is
the closest to ours, as it considers answer redundancy in
its scoring strategy. However, the redundancy is based on
the number of answers returned by different query
rewrites, and does not consider the quality of sources
reporting the answer, or the quality of answers within the
sources. In Section 5.2.3, we compared our corroboration
techniques with an adaptation of an answer redundancy
based approach (A-FREQ) to our model and show that
corroboration significantly improves answer quality. Xu
et al. [46] propose a novel approach containing a set of
features of answer context to estimate the answer
confidence extracted from documents. However, when
applied to the Web corpora, their approach simplifies to a



Fig. 16. Time cost for MSN queries that have no clicks in the current SE result (Part 1).

Fig. 17. Time cost for MSN queries that have no clicks in the current SE result (Part 2).
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frequency-based approach. Zhang [49] proposes a novel
approach that assigns scores to answers by comparing the
query and the snippets from which the answers are
extracted. In particular, for each answer, the snippets
from which the answer is extracted are clustered and a
bag-of-words feature vector is constructed for the answer.
The answer score is then computed using the feature
vector of the cluster and the query. However, his approach
considers all the source snippets equally helpful and could
be ineffective when a large number of low-quality sources
are present.

Recent work has focused on identifying entities from
large data collections and answering queries on these
entities. In particular, the WISDM system [12] focuses on
entity search and proposes a probabilistic framework to
rank entities extracted from web pages by considering the
context around entities. The NAGA system [24] provides
semantic knowledge to improve web search engine
results. Neither systems operate on live web data, but
on indexes built over web-extracted data. Our corrobora-
tion system bears some similarity with the problem of
entity finding, which has been studied since the introduc-
tion of TREC entity track in 2009. The task of entity finding
is, given a query containing an input entity with its name
and homepage, to find related entities that are of a target
type. Fang et al. [17] proposed a hierarchical model for
entity finding by considering the similarity between the
query keyword and the document as well as the passage,
from which entity candidates are extracted. Since they
retrieve documents based on the query keywords, it is
likely that a certain portion of the returned documents are
duplicated pages. However, their approach does not
consider source originality, which may result in assigning
high scores to entities extracted from the duplicated
pages. Moreover, our corroboration system focuses on a
broader range of queries (e.g., Table 1), which is not
limited to entities.
Yin et al. [48] propose the Veracity problem which
studies how to find true facts from a large amount of
conflicting information. By utilizing the relationships
between web sites and their information, their algorithm,
called TRUTHFINDER, can successfully finds true facts
among conflicting information. However, instead of using
the web as the information provider, TRUTHFINDER relies
on a small set of web sites from which to extract
information and can only be used a specific information
domain.

To the best of our knowledge, our techniques are the
first to combine various measures of the trustworthiness
of web sources, as well as the quality of the answers
within the sources, and the frequency of these
answers within the search engine query result. Using
corroboration as a measure of answer quality has recently
been suggested in non-web scenarios [27] where corro-
borating information is used to identify good answers
across multiple databases in the presence of low-quality
data.

Existing work on document redundancy has been
explored by Bernstein and Zobel [6]. They explored
syntactic techniques for identifying content-equivalent

document pairs. In particular, they detect document
redundancy by using document fingerprinting techniques,
which has a proven record of application to large
document collections.

Similar work on developing a unified framework that
uses multiple resources for answer reranking has been
proposed by Ko et al. [26]. In their framework, they boost
answer scores by considering answer validation and
answer similarity. However, ignoring the importance of
the page from which the answer was extracted may
expose their approach to malignant spammers, since
pages are not equally trustworthy.

Metasearch has been studied extensively in literature
to improve document retrieval results (for example,
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[41,42,18,32,4]). Metasearch is the method of combining
the output of multiple retrieving system by taking into
consideration of the rank and relevance score of docu-
ment in each retrieval system. Several models have been
proposed for combining the outputs of multiple retrieval
system. Thompson et al. propose the combination of
expert opinion (CEO) model using the Bayesian model.
Fox et al. propose the CombSUM and CombMNZ algorithm
that considers the max, min, median and sum of the
normalized relevance score of multiple retrieval system.
Montegue and Aslam propose models using the Borda
Count and the Condorcet voting algorithm by considering
only the rank of documents from each retrieval system.
Although these models prove to be effective compared
with using single retrieval system, they rely on the
existence of multiple retrieval system and the availability
of the relevance score of documents, which is not the case
in our setting. In addition, metasearch system output a list
of relevant documents but do not try to extract and
aggregate answers from these documents. Our data
corroboration approach could be used in conjunction
with a metasearch system to increase the number, and
relevance, of data sources considered in the corroboration.

We use existing information extraction [31] techni-
ques for extracting answers from web pages. Our
information extraction implementation is basic, consider-
ing only plain text content of the page. We plan to
improve it by using structural information within the
page using techniques similar to those described in
[2,10,15].

Finally, work on top-k query processing algorithms has
focused on adaptively reducing the amount of processing
done by query evaluation techniques by ignoring data
that would not be useful to identify the best answers to a
query [16,30]. We use similar ideas in Section 4 to limit
the number of pages we are retrieving from the search
engine. However, we should note that standard top-k

query processing techniques cannot be applied directly to
our scenario as they consider each answer individually,
and therefore can always easily identify the maximum
possible score of an answer. In contrast, when allowing for
corroboration, the maximum score of an answer can
always increase. Anh et al. [3] develop top-k algorithm for
text search aiming to optimize the retrieval when
information from several (possibly sorted) lists needs to
be merged. An interesting future direction would be to
combine this work with our techniques to produce
corroborated rankings from multiple lists.
7. Conclusion

We presented an approach to corroborate information
from the web to improve search results. Our techniques
use information extraction methods to identify relevant
answers from a search engine result. We assign scores to
each answer based on the frequency of the answer in the
web search engine result, the relevance and originality of
the pages reporting the answer, as well as the prominence
of the answer within the pages. Our experimental
evaluation on queries extracted from the TREC Question
Answering Track shows that a corroboration-based ap-
proach yields good quality answers. In addition, by
comparing our approach to user-click behavior on a
sample of queries from a MSN query log, we show that
our techniques result in faster answers as they prevent
users from having to manually check several sources.
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