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Abstract 2 Condorcet and weighted Condorcet fusion

Blogs have been popular social networking platformsin In recent years, information retrieval has experienced
recent years. Blog opinion retrieval is one of the key is- a prosperous period of research and application on web
sues that needs to be solved. In this paper, we investigate search and various kinds of on-line information systems.
if the Condorcet fusion and the weighted Condorcet fusion Many different models such as the boolean model, the vec-
can be used for effectiveness improvement of blog opinion tor space model, the probabilistic model, and so on, have
retrieval. The experiments carried out with the data set been proposed, and many other techniques such as query
from the TREC 2008 Blog track show that the Condorcet expansion, user feedback, using of noun or other types of
fusion is effective and the weighted Condorcet fusion, with phrases, structural analysis, semantic analysis, link-ana
its weights trained by linear discriminant analysis, is very ysis, and so on, are also very commonly used. Because
effective. Both of them outperform the best component re- many of these techniques are competitive, it is possible to
sult by a clear margin. combine results from different retrieval systems or défar

components or features in the same individual retrieval sys
tem so as to obtain more effective result. This is the primary
) idea behind data fusion [13].
1 Introduction In information retrieval, data fusion can be divided into
two categories: score-based methods and ranking-based
methods. Score-based methods are applicable when all re-
[7, 11] in recent years. Blog opinion retrieval is one of the trieved documents are associated with scores. For example,

key issues that needs to be solved. Usually, an opinion re-g \;ve zavg ENO corgpzonent ;e;ulf_%l :d< éd; 0'8)'0%2'
trieval system is implemented by enhancing an ordinary in- ; )’0(54’ ' )(’)g& E)>£1arf]th 2 = <(ds, " é’l.@?’ fa),
formation retrieval system (search engine) with an opinion( 2,0.5), @, 0. ?>' ach orthem s a ranked fist or docu-
finding mechanism, which may rely on a lexicon of sub- ments (ranked high to low from left to right). Scores which

jective words and phrases, gathered from a variety of manu-f‘hre assocn_ed W'trlhdo dCltJr:n (tants are also shown]; V}{eﬂ:n aé/ use
ally or automatically built lexical resources. Therefdyeg € e;vetrsglnt% mfe 0 d a lfl\éerage; scor(taﬁd% _a de ocu-
opinion retrieval systems are more complicated than con-MenNts, thus the tused resuft by such a me B <(da,

ventional information retrieval systems, and many différe 0.6), @, 0'55.|)’g1’ OHS)’ @3’k9'45g)>' Ifdno sc;]or(ijng ing)r- q
kinds of techniques can be used together in any individualmatlon Is avallable, then ranking-based method can be used.

blog opinion retrieval systems. Previous research (e1g., i Among t_hos_e ranking-based methods, Condorcet fusion is
[12]) suggests that data fusion is an effective technique fo very distinctive.

blog opinion retrieval. However, the data fusion methods A C_:ondorcet methOd[S]’ named after th(_e Frepch mathe-
investigated in [12] are score-based methods, which requir matician and philosopher Marie Jean Antoine Nicolas Car-

that all component retrieval systems (search engines) pro-'tat’ the Marquis de COHdOF_Cet, s a single-winner election
vide scores for every document retrieved. This may not al- method that ranks the candidates in order of preference. It

ways be possible in real applications. In this paper, we are's ag)_zmt/ws? vgtm_gd, "fr']’ It co]['npares e}/(;.‘r:y posAS|bIetp_fa|r 0
going to investigate Condorcet fusion and weighted Con- candidates to decide the preterence of them. A matrix can

dorcet fusion for blog opinion retrieval. Both of them are be used to present the competition procesEEvery can-

ranking-based methods and there is no requirementforscor-Olldate appears in the matrix as a row and as a column as

ing information. 1See http://en.wikipedia.org/wiki/Condorcet method

Blogs have been popular social networking platforms




well. If there arem candidates, then we needf elements  assigned to all the component results. We can imagine that
in the matrix in total. Initially O is written to all the ele- different weights might be assigned to different inforroati
ments. Ifd; is preferred tal; , then we add 1 to the element retrieval systems for some reason. One possible reason is
at rows and columnj (a;;). The process is repeated until that we know the goodness of those information retrieval

all the ballots are processed. For every elemgntif a;; systems involved. On the other hand, the weighted Con-
> ml2, thend; beatsd; ; if a;; < m/2, thend; beatsd;; dorcet fusion can be regarded as a general form of the Con-
otherwise ¢;; = m/2), there is a draw betweeh andd;. dorcet fusion, while the Condorcet fusion is a special form

The total score of each candidate is quantified by summa-of the weighted Condorcet fusion in which all weights are
rizing the raw scores it obtains in all pairwise competition equal to 1.

Finally the ranking is achievable based on the total scores In the above example, if retrieval resuls, R,, and
calculated. This method can be used for data fusion in in- R; are assigned weights of 4, 2, and 1, respectively, then
formation retrieval if we regard each document as a candi-the matrix is as follows when all the component results are
date and each component result as a voter. Next let us tak@rocessed.

an example to illustrate how the Condorcet voting can work

as a data fusion method.
Examplel. Letus assume thdt; = < ds, ds, d1, dy >, R» 5 i C(ZJppoCr;ent i Total Scores
1 2 3 4

:<d3,d4,d1,d2 >,andR3:<d1,d;.g,d2,d4 >. NOWWE n d; _ 2+1 1 4+1 1

use the Condorcet method to fuse |t.an_, ds has higher nld, | 4+1] - i 2+1 3

preference thams, di, andd_4; ds has higher preference e [ds | 4+2 | 2+1| - | 4+2+1 >

thand; andd,; andd; has higher preference than. We v d, > > 0 - 0

add 1 to the corresponding units and the matrix looks like

this: In this example the maximum possible raw score for any
R Opponent item is 4+2+1 = 7. Therefore, a raw score of 4 or above
u dy [ dy | ds | dy means a win. The total scores fér, d», d3, andd, are:
n|d|-]]0]0]|1 scorefl;) = 1 (3:1:5, scorefs) = 3 (44:5), scorefs) = 2
nldy | 1| - 1 1 (6:3:7), and scorefy) = 0 (2:2:0). Therefore, the final rank-
eld; [ 1[0 - 1 ing is changed te< ds, ds, dy,dy >. [
r{dga| 0| 0] 0] - Previous experiments [8] suggest that Condorcet fusion

] . . ] is a good data fusion method. When the performance of
We continue processing with; and 3 and the matrix  component results or the similarity among component re-

is as follows: sults varies, weighted Condorcet fusion is a better option
R Opponent tha_n C_ondorcet fusion. However, _only a very primitive
u & T [ da | ds Total Scores weighting method was mentioned in [8]: for a group of
nld | - 12112 > information retrieval systems, their effectiveness isleva
nld 1] -]1]2 1 ated over a group of training queries by a specific measure,
el d 22 -13 3 for example, average precision, then the values obtained as
r[d, 111101 - 0 such are used as their weights for the weighted Condorcet.

Next we discuss how to apply linear discrimination to

Note that there are 3 information retrieval systems in to- training weights for weighted Condorcet fusion. Lineardis
tal. For each element(;) in the matrix, ifa;; is 2 orabove,  criminant analysis (LDA) is a method used in statistics to
thend; is preferred tai;; if a;; is 1 or less, thew; is pre- find a linear combination of features that characterizes or
ferred tod;. For the document in each row, we count how separates two or more classes of instances [1]. This ap-
many times it wins over other documents. The total num- proach estimates the parameters of the linear discriminant
ber of wins is written down on the right side of the matrix. directly from a given labelled sample through a search for
The final fused ranking is<(ds, 3), (d1, 2), (2, 1), (d4, the parameter values that minimize an error function. The
0)>. One thing needs to be noticed is: in the sum matrix, key issue in Condorcet fusion is the pairwise document
it is possible that more than one document obtains the sameompetition. If both documents involved are relevant (or
score, then we say there is a tie between those documentstrelevant) at the same time, then how to rank them is not
How to rank those tied documents is also an importantissue.important. Since no matter which document wins the com-
However, in this work, we do not address it and just take a petition, the performance of the result will not be affected
simple solution by ranking those tied documents randomly. What matters is: if a relevant document and an irrelevant

The above Condorcet method treats all the componentdocument are in a pairwise competition, then we wish that
results equally, or it can be regarded as an equal weight isthe relevant document is able to win.



Suppose there ane information retrieval systems§,
Sa, ..., Sm. FOr queryQ®, each of them returns a ranked list Table 1. Classification and features of all the

of documentsk;(1 < j < m) andD is the set of all the instances (pairs) in Example 2

documents involved. For simplicity, we assume thafg Number Pair fi  f2 f3 Category
comprise the same group of documents. We may digide 1 <di,dy> +1 -1 +1 +1
into two sub-collections: relevant documemls and irrel- 2 <dsg,dy > -1 +1 -1 -1
evant document®;. There ardD,.| documents inD,. and 3 <d,dys> +1 +1 -1 +1
|D;| documents inD;. If we choose one from each collec- 4 <d4,d; > -1 -1 +1 -1
tion, then we have a total number2jD, || D;| ranked pairs. 5 <ds,dpy > +1 -1 +1 +1
Note that< d,, d, > and< dy, d, > are different pairs. For 6 <ds,dz3 > -1 +1 -1 -1
all 2|D,.||D;| pairs, we divide them into two classes: Class 7 <ds,dy> +1 +1 -1 +1
Cy and ClassC,. ClassC, comprises all those pairs in 8 <dg,ds> -1 -1 +1 -1
which a relevant document is ranked ahead of an irrelevant 9 <ds,dy > -1 -1 +1 +1
document, represented by ‘+1’; and Clagscomprises all 10 <dg,ds> +1 +1 -1 -1
those pairs in which an irrelevant one is ranked ahead of a 11 <ds,ds> -1 +1 +1 +1
relevant one, represented by ‘-1'. For each ranked pair, we 12 <dg,ds> +1 -1 -1 -1

check every component result; to see if it is supported
or not. If the ranked paix d,,d, > is supported by,
which means thad, is also ranked ahead df in R;, then
we use ‘+1’ in the corresponding colunfpto represent it; million query, relevance feedback, and so on. In the TREC
If the ranked paik d,, dy > is not supported byr;, which 2008 Blog track, “Blog06” test collection was used. Opin-
means thatl, is ranked ahead af, in R;, then we use ‘-1’ ion retrieval was one of the tasks in the Blog track. It was
to represent it. For all the ranked pairs, we repeat this pro_used to locate blog posts that expressed an opinion about a
cess over all component results. Thus for each ranked paigiven target. Atarget could range from the name of a person
(instance), it has features, each of which is obtained from ©OF organization to a type of technology, a new product, or

a component information retrieval systein an event. A total of 150 topics (851-950, 1001-1050) were
Example 2. Let D, = {dy,ds,ds}, D; = {da,ds}, Ry = used in the 2008 Blog track. Among them, 50 (1001-1050)
< dy,ds,ds,dy,ds >, Ry =< dy,dy,ds,ds,dy >, Ry = were new ones, 50 (851-900) were used in the 2006 Blog
< ds,dy, ds, dr,ds> >, then Table 1 can be used to represent track and 50 (901-950) were used in the 2007 Blog track.
all the instances with their features. An example of a topic is shown below.

Now we want to distinguish the instances of the two
classes by a linear combination of. features. Let
g(fh f27 ) fm) = E?:l w7f1 =+ wo, if g(fh f27 ) fWL) >
0, then the instance in question belongs to Class if
9(f1, f2, ..., m) < 0, then the instance belongs to Class
C,. For the above example, by using LBAve obtain the
weightsw, wo, andws for f1, fo, andf; are 1.265, 1.342,
and 1.897, respectively. Note that in Table 1, each fegture
(column) is obtained from a given retrieval systéim thus
the number of information retrieval systems is equal to the
number of features and the weight obtained fpis for S;
aswell. O

Topic 1001

Description: Find opinions of people who have sold a car,
purchased a car, or both, through Carmax.

Narrative: Relevant documents will include experiences
from people who have bought or sold a car through Car-
max and expressed an opinion about the experience. Do
not include posts where people obtain estimates from
Carmax but do not buy or sell an auto with Carmax.

For most opinion retrieval systems, the opinion finding is
a two-stage process. The first stage is to generate baseline
ad hoc retrieval runs. 5 standard baselines were provided by
. . NIST for the 2008 Blog track. Information about them can
3 Experimental settings be found in [9]. Then, based on any of these baselines, the
participants can submit their final runs. 19 groups subuhitte
As one of the major events in information retrieval eval- a total of 191 runs to the opinion-finding task.
uation, TREC (Text REtrieval Conference) has been held Each submitted run consists of up to 1000 retrieved doc-
by NIST (National Institute of Standards and Technology, uments for each topic. The retrieval units are the documents
USA) annually since 1992 In 2008, the Blog track was  from the permalinks component of the Blog06 test collec-
undertaken among several others such as enterprise, legalion. The content of a blog is defined as the content of the
2IBM SPSS is used for LDA in this study. Its web site is locatéd a post itself and all the comments to the post.
http://www-01.ibm.com/software/uk/analytics/spss/ Analogous to other TREC tracks, the Blog track uses
3its web site is located at http://trec.nist.gov/ the pool policy for retrieval evaluation: A pool was formed
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Figure 1. Performance (AP) of several data fu- Figure 2. Performance (RP) of several data fu-
sion methods with the TREC 2008 data set sion methods with the TREC 2008 data set

from the submitted runs of the participants. The two high-
est priority runs per group were pooled to depth 100. The
remaining runs were pooled to depth 10. Only those docu-
ments in the pool were judged. All the documents that were
not in the pool were treated as irrelevant documents.

10 runs, and then fuse them using different fusion methods.
The best component system is used as the baseline.

Four metrics, which are AP(average precision over all
relevantdocumentlevels), RP(recall-level precisio@®,1®

Apart from the Condorcet fusion and the weighted Con- (precision at 10 document level), and RR(reciprocal rank),

dorcet fusion, two other ranking-based methods, Bordaare.used for retrieval evaluation. Eiggres 1-3 show the ex-
count [4] and the Reciprocal Rank Fusion (RRF) [3], are pgrlmental results. Each dgta point is the averag_eiof 200
also tested. Borda count works like this: for a ranked list of 11alS- The result for P@10 is not shown because it is very
documents, score are assigned to those documents linearl nalogous to that for RR. In Figures 1-3, we can see that
first. For example, if there are 1000 documents in the result, Il the data fusion methods outperform the best component

then 1, 0.999, 0.998,...,0.001 will be assigned to docusnent system by a clear margin, and the difference between any
at ranl,< 1 2 3 1'00’0 respectively. Then the averagingOf the data fusion methods and the best result is significant

. . 0 i i
method (averaging scores for every document) will be used’it ablevel 0:]199;' dWe|ghted CConéjorcetffus.mn pegoggi
to combine all the component results to form the new re- the best, while Borda count, Condorcet fusion, an

sult. Instead of using a linear method for converting rank to are close. When different metrics are used, the improve-
score as in Borda count, RRF uses a reciprocal rank func-ment rates of the fused results over the best component re-

tion. For any document at ranking positiont /(k -+ ¢) is sult are different. The improvement rate is the largest on
used to convert its ranking into score. Héres a constant, P and the smallest on RR. When AP is used, weighted
As in [3], we also sef: — 60 in our experiment. Condorcet, RRF, Condorcet, and Borda outperform the best

For weighted Condorcet, training is needed. We divide component system by 1.5'0%’ 10.7%, 10.5%, a_nd 1.0'1%’
150 queries into two groups: odd-numbereg)@nd even- respectively. When RR is used, the corresponding figures

0, 0, 0, 0, I
numbereddq) queries.oq is used for weights training and are 5.2%, 4.4%, 4.3%, and 4.1%, respectively.

eq is used for testing and vice versa. It is referred to as  Finally, let us take a look at the effect of the number of
two-way cross validation in [8]. component results on fusion performance. Figure 4 shows

the result. This time we only consider the weighted Con-
dorcet fusion. From Figure 4 we can see that the perfor-
mance improvement over the best component result is dif-
ferent across different measures. AP is most successful tha

The experiment is conducted to investigate the perfor- the three others, while PR, P10, and RR are quite close.
mance of the data fusion methods involved (Condorcet fu- Focused on any individual measure, we find that the per-
sion, weighted Condorcet fusion, Borda count). All 191 centage of improvement over the best component result is
runs submitted to the TREC 2008 blog opinion track are quite stable when different number of component results are
used. From all available ones, we randomly choose 3, 4, ... fused.

4 Experimentsand results
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5 Conclusions

16 T T T T T T

14

12

10 B

10
Number of component results fused

Figure 4. Improvement (percentage) of the
weighted Condorcet over the best compo-
nent result when different number of compo-
nent results are fused

From the above discussion, we can see that the experi- [4] J. C. de Borda. Memoire sur les elections au scrutin. 1781

mental result is very positive and shows that ranking-based [5] M. de Condorcet.

data fusion methods such as Borda count, RRF, and Con-
dorcet fusion are effective techniques for retrieval perfo
mance improvement. The result also shows that weighted
Condorcet fusion, with its weights trained by linear distri
inant analysis, is a very effective method. All these method
can be useful for improving the performance of blog opin-
ion retrieval.

For blog opinion retrieval, the data fusion technique can
be further investigated in a few directions. One is to com-
pare score-based methods (e.g., CombSum, CombMNZ,
the linear combination method) with ranking-based meth-
ods (e.g., Borda count, Condorcet fusion, RRF) [6, 10]; the
second is to focus on fusing a few top systems for further
performance improvement [2, 14]; finally, non-linear com-
bination methods may be investigated. These remain to be
our further work.
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