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Abstract Some measures such as average precision over all
relevant documents and recall level precision amsiclered as
good system-oriented measures, because they cormsm
precision and recall that are two important aspeftis
effectiveness evaluation of information retrievaystems.
However, such good system-oriented measures dudfersome
shortcomings when partial relevance judgment isduge this
paper, we discuss how to rank retrieval systemedas partial
relevance judgment, which is common in major retie
evaluation events such as TREC conferences and RITCI
workshops. Four system-oriented measures, whichaeaeeage
precision over all relevant documents, recall lepetcision,
normalized discount cumulative gain, and normalizegrage
precision over all documents, are discussed. Ouestigation
shows that with partial relevance judgment, thdwataed results
can be far from accurate and incomparable acrossiegu In
such a situation, averaging values over a set efieg may not
be the most reliable approach to rank a group tfiexal
systems. Some alternatives such as Borda countddCost
voting, and the Zero-one normalization method,isvestigated.
Experimental results are also presented for thduatian of
these methods.

Keywords information retrieval systems, evaluation, system
ranking, partial relevance judgment

1. Introduction

In information retrieval, to compare the effectiesa of a
group of information retrieval systems, a test extibn,
which includes a set of documents, a set of quapics,
and a set of relevance judgments indicating which
documents are relevant to which topics, is required
Among them, “relevance” is an equivocal conceptll,

12] and relevance judgment is a task which demaode
human effort. In some situations such as the Walxhea
complete relevance judgment is not possible. InTiagrt
REtrieval Conference (TREC), only partial relevance
judgment is conducted due to the large number of
documents in the whole test collection.

In the evaluation of information retrieval systems,
precision (number of relevant documents retriewgalt
number of documents retrieved) and recall (humifer o
relevant documents retrieved/total number of raleva
documents in the whole collection) are regardetth@swo
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most important aspects and therefore both of theounld

be considered at the same time. On the other lzasidgle
value metric is required to rank a group of infotima
retrieval systems according to their effectivendsg&rage
precision over all relevant documents (AP), redallel
precision (RP), normalized discount cumulative gain
(NDCG), and normalized average precision over all
documents (NAPD) can be regarded as candidatesoaf g
system-oriented measures. Among them, AP and RE hav
been used in TREC for quite a few years and now &he
widely used by researchers to evaluate their syssimmal
algorithms; NDCG was proposed by Jarvelin and
Kekalainen [5, 6]; and NAPD was proposed by Wu and
McClean [19].

Without complete relevance judgment, only a sub$eail
relevant documents can be identified. This willeaff
recall and system-oriented measures whose prealsess
require complete relevant judgments. In the TREC
conferences, a pooling method [13] is used. Simtg the

top 100 documents in all or a subset of the subrhittins
are checked, a relatively large percentage of agiev
documents may not be detected [21]. To find oueffect

of these missing relevant documents on retrieval
evaluation using some system-oriented measuresnis a
issue worth investigation.

In this paper we would like to investigate how ®orliy
rank a group of retrieval systems using systempteid
measures based on partial relevance judgment. e fi
that partial relevance judgment does affect theiaslof
system-oriented measures significantly when using t
TREC's pooling method. The more incomplete the
relevance judgment is, the bigger values we obtain
these measures. Moreover, different percentages of
relevant documents may be identified by the pooling
method for different topics. This means that théues
calculated with the pooling method can be exaggdrat
different rates for different topics. In such auatfon,
averaging these values over a set of queries mighbe
the best solution for ranking a group of systenmn&
other reasonable options are discussed in this rpape
Experiments are also conducted to evaluate theteon®
reliability.
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The rest of this paper is organized as followsSéttion 2
we review some related work. Section 3 discusses$oilr
measures used in this paper. Experimental resuéis a
presented in Section 4 to demonstrate that rarkiggpup
of retrieval systems by averaging those values aaat of
gueries in the condition of partial relevance juégtnmay
be questionable. In Section 5 we propose somenattee
methods, namely, Borda count, Condorcet voting, taed
Zero-one normalization method, for the ranking gfraup

of retrieval systems besides the method of avegaifjiose
values. Section 6 presents experimental resultghen
evaluation of these methods. Section 7 concluties t
paper.

2. Related work

Zobel [21] investigated the reliability of some raeees
such as precision and recall (but none of the measu
discussed in this paper were included) in TREC wher
partial relevance judgment was taken. He found that
results based on the relevance judgments formed &o
limited pool were reliable--if the pool was suféaily
deep. However, he identified some limitations o€ th
pooling method. The practice of using the top 1000
documents to measure systems when only the tohd80
contributed to the pool allows greater discrimioati
between systems, but introduces uncertainty. He als
estimated that at best 50%-70% of the relevant mieots
could be found by the pooling method in TREC.
Voorhees [15, 16] investigated the effect of vagyin
relevance judgment to the evaluation of information
retrieval systems since very often different human
assessors might have different opinions about deatsh
relevancy to an information need. Two groups ofiltes
submitted to TREC 4 and TREC 6 were used for the
experiments. Her experiments suggested that differe
relevance judgment profiles did affect evaluaticsing
AP, but its effect on AP-based system ranking Jights
Buckley and Voorhees [3] conducted an experiment to
investigate the stability of different measureduding AP
and RP when using different query formats. Results
submitted to the TREC 8 query track were usedhéirt
experiment, recall at 1000 document level had #aestl
error rate, which was followed by precision at 1000
document level, RP, and AP, while precision atQ,,&nd

30 document levels had the biggest error rates.

Voorhees and Buckley [16] conducted another expartm
to investigate the effect of topic set size oniegal result.

8 groups of results submitted to TREC ad hoc (TREE}
and Web tracks (TREC 9 and TREC 2001) were used.
They used all 50 queries and various subsets ofi tioe
check if they agreed as to which of the results betser.
AP and P10 (precision at 10 document level) weesl s
effectiveness measures. They found that using goecat

10 document level incurred higher error rate thsingiAP

in their experiment.

Buckley and Voorhees [4] introduced a measyeef for
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partial relevance judgmeriprefis defined as
bpref=l 1- |n_ranked_higher_than_r |

R, R
HereR is the total number of relevant documents for the
topic. The summation is over all such relevant doents.
And |h_ranked_higher_than | iis the number of judged
non-relevant documents whose ranks are higher than
One characteristic of this measure is: it only @ns how
many judged non-relevant documents there are before
judged relevant documents, but it does not distsigu
judged relevant documents from un-judged documenmnts.
other words, it implies that all un-judged docunseate
relevant. Having noticed that, Sakai [10] proposethe
alternatives tobpref for the partial relevance judgment
environment.
Sanderson and Zobel [9] reran the experiment that
Buckley and Voorhees did [16] with two more grougds
results and had similar observations. However, they
argued that P10 was as good as AP if consideritly bo
error rate for relative difference and human judgtake
effort.
Jarvelin and Kekaldinen [5] introduced cumulatedhga
based evaluation measures. Among them, normalized
discount cumulated gain (NDCG) concerns both pi@tis
and recall, which can be used as an alternativeAfr
Using cumulated gain-based evaluation measures,
Kekalainen [6] compared the effect of binary anddgd
relevance judgment on the rankings of information
retrieval systems. She found that these measuresated
strongly under binary relevance judgment, but the
correlation became less strong when emphasizinglyhig
relevant documents in graded relevance judgment.
In this paper, we focus on how to fairly rank agroof
information retrieval systems based on system-tein
measures in the condition of partial relevance foelgt,
rather than define some new measures as in [4, 10].

3. Four measures

In this section we discuss the four measures usedis
paper. AP and RP have been used many times in TREC
[17]. Both of them are defined with binary relevanc
judgment and now they are used widely by reseasctuer
evaluate their information retrieval systems amgbathms
(e.g., in [2, 7, 20]). AP uses the equatimp:% R%,

i=1 Mj
to calculate scores. HeReis the total number of relevant
documents in the whole collection for the givenrguend
pi is the ranking position of theth relevant documents in
the resultant list. RP is defined as the percentafje
relevant documents in the tépdocuments wherR is the
total number of relevant documents for the giveergu
NAPD is introduced in [19]. First let us discussetated
measure - average precision over all documents JAPD
LN ()]
Ni=1 i
scores. Heren is the total number of documents in the

APD uses the equatioapd= , to calculate
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resultant document list, ard) is the number of relevant
documents in the first documents of the resultant list.
Supposeapd_bestis the best possible APD score for the
given query, then NAPD can be defined as
NAPD=apd/apd_best

NDCG is introduced in [5]. Each ranking position an
resultant document list is assigned a given weighé top
ranked documents are assigned the highest weigits s
they are the most convenient ones for users to. rAad
logarithmic  function-based weighting schema was
proposed in [5], which needs to take a particulaohe
number b (b=2 is used in this paper). The fird
documents are assigned a weight of 1; then for any
document ranked& which is greater thab, its weight is
w(k)=log b/log k. Considering a resultant document list up
to n documents, its discount cumulated gain (DCG) is

" w(i) *r(i). r(i) is defined as: if the-th document is
i=1

relevant, thenr(i)=1; if the i-th document is irrelevant,

thenr(i)=0. DCG can be normalized using a normalization
coefficientdcg_best which is the DCG value of the best
resultant lists. Therefore, we have:

S nw(i)*g(i). In summary, all these
dcg_besti;

four measures are normalized since their valueslam@ys
in the range of 0 and 1 inclusive.
Suppose for a given query, there are 4 relevantrdents
in the whole collection. A resultant document fisim a
retrieyal system cgmprises 10 doguments:
D1 D2 D3 Dy Ds De*D7 Dg Dy D1
The documents with aare relevant documents. Then we
have:

ndcg=

4
ap=2 - oosra+2+3+ 4 20625
41, 4 5 10

2
rp=—=05
P 4
10 r (i
apd:i ﬂ
10i= |

:0_1*(1+1+E+Z+§+§+§+§+§+i):0_4971
2 3456 7 8 9 1C
10 r (i
apd_best:i ﬂ
iz |
:0_1*(1+g+§+ﬂ+£+£
2 3 45 6

= 04791 0.6489

+£+ﬂ+ﬂ+i) =0.7383
7 8 10
apd

apd_best_ 0.7383

napd=

4
deg= - w(i) *r(i)=1+.1092 ;1092 1002 _ ;5516
i=1 log4 log5 logl0
4
deg_best=  w(i)*r(i)=1+1092 ;1092 1092 _ ;59
i=1 log2 log3 log4
ndeg=—9¢9 - 22316_ 7,9

dcg_best_ 3.1309
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4. Relationship between pool depths and
measure values

In this section we investigate the effect of pargdevance
judgment on these system-oriented measures. W @atrr
an empirical study with TREC data. 9 groups of runs
submitted to TREC (TREC 5-8: ad hoc track; TREC 9,
2001, and 2002: Web track; TREC 2003 and 2004:3bbu
track) were used in the experiment. Their inforomtis
summarized in Table 1. Considering that the pooling
method in TREC is a reasonable method for partial
relevance judgment, we conduct an experiment topenen
the values of these measures by using pools ofrdiit
depths. For every year, a pool of 100 documentejsth
was used in TREC to generate itgels (relevance
judgment file). Shallower pools of 10, 20,..., 90
documents in depth were used in this experiment to
generate morgrels For a resultant list and a measure, we
calculate its value of the measuogy using the 100
documentgrels then calculate its value of the measgre
using thei document gerlsi(= 10, 20, ...., 90). Their
absolute difference can be calculated usasty_diff|c;-
Ciod/Cio0 @nd their relative difference value can be
calculated usingel_diff=(ci-Cy00)/C100

Table 1.Information about 9 groups of submitted results in

TREC

Group Track  Number Number of

of results  topics
TREC 5 ad hoc 61 50
TREC 6 ad hoc  71* 50
TREC 7 ad hoc 103 50
TREC 8 ad hoc 129 50
TREC 9 Web 105 50
TREC 2001 Web 97 50
TREC 2002 web 71 50
TREC 2003 robust 78 100
TREC 2004 robust 101 249**

Note: *Three submitted results to TREC 6 were ressbv
since they include very few documents. **One topic
TREC 2004 was dropped since it did not include any
relevant document.

05

AP (absolute)
RP (absolute) -
AP (relative)
04\ RP (relative)

03 by

Ratio of performance difference

01

fop
T

-

I 1 1 L L 1 .. =
10 20 30 40 50 60 70 80 EY 100
Number of doucments used for the pooling strategy
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Figure 1. Value differences of two measures AP and RP
when using pools of different depth (the pool 0f010
documents in depth is served as baseline)

Figure 1 shows the absolute and relative differsrmfeAP
and RP values when differeqtels are used. Every data
point in Figure 1 is the average of all submittedsrin all
year groups. One general tendency for the two measu
is: the shallower the pool is, the bigger the défee is.
However, AP is the worst considering the differenae.
When using a pool of 10 documents in depth, thelates
difference rate is as big as 44% and the relatifferdnce
rate is 31% for AP. In the same condition, they 3286
and 10% for RP. In all the cases, relative diffeeeis
smaller than corresponding absolute difference. In
addition, similar conclusions are observed for NDaxl
NAPD (Figure 2). The difference rates for them elase
to that for RP, but are lower than that for AP.

Figure 2. Value differences of two measures NAPD and
NDCG when using pools of different depth (the pobl
100 documents in depth is serves as baseline)

Next we explore the relationship of pool depth and
relevant documents identified. The result is shown
Figure 3. The curve increases quickly at the beggand
then slow down, but keeps increasing when the gepth
reaches 100. From the curve’s tendency, it seeaisttie
increase will continue for some time. Using someveu
estimation techniques as used by Zobel we find \thag
likely 20%-40% of the relevant documents can bendbif
the pool expands from the point of 100 documentsool
depth. From these observations, we can derive ttieat
values of all these four measures are over estimaging
a pool of 100 documents compared with their actahles
when complete relevance judgment is available.
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ga

Pool depth

Figure 3. Percentage of relevant documents identified
when the pool varies in depth (the pool of 100 doents
served as baseline, 100%)

Furthermore, we investigate the impact of the nundfe
identified relevant documents on these measuresalro
699 topics (queries) in 9 year groups, we divideent
into 11 groups according to the number of relevant
documents identified for them. Group &) includes
those topics with fewer than 10 relevant documegrtsp

2 (Gy) includes those topics with between 10 and 19
relevant documents, ..., group 1G;() includes those
topics with 100 or more relevant documents. The liem
of topics in each group is as follows:

Gl G2 G3 G4 G5 G6
47 16 79 76 49 33
G7 G8 G9 G10 | Gl11 | Total
39 27 25 17 165 699

For all these topic group&; ~ G;;, we calculated the
value differences of the same measure using paobls o
different depths. Figures 4 - 7 show the experiale@sult

for AP, RP, NDCG, and NAPD, respectively. One
common tendency for these four measures is: therféve
relevant documents are identified, the less diffeeethe
values of the same measure have with pools ofrdiite
depths. For example, the curves&fare always below all
other curves, while the curves @f, andG,; are above all
other curves. Comparing all these curves of differe
measures, we can observe that bigger differenaas éar

the measure of AP. For grou@, and G;;, the value
differences of AP are 0.93 and 0.84 between thé pbo
10 documents and the pool of 100 documents, whide t
figures for RP are 0.48 and 0.52, respectivelynftbis
experiment, we find that the error rate of the neated
values for any of the four measures depends on the
percentage of relevant documents identified fot thpic.
The bigger percentage of relevant documents idedtfor

a topic, the more accurate the estimated valueshfair
topic. However, the numbers of relevant documeaty v
considerably from one topic to another. In TREQnso
topics are much harder than the others and it isemo
difficult for information retrieval systems to chtcelevant
documents. Another reason is that some topics here
relevant documents than some other topics in the
document collection. The numbers of relevant docuse
may differ greatly from one topic to another: frdmor 2

to several hundreds. All these have consideralg@dton

the percentage of relevant documents identifiecfgiven
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topic by the TREC pooling method. Therefore, AP, RP
NDCG, and NAPD values obtained with a pool of derta
depth are not comparable across topics.

Figure 4. Difference in AP values using pools of different
depths

Figure 5. Difference in RP values using pools of different
depths

Figure 6. Difference in NAPD values using pools of
different depths

Figure 7. Difference in NDCG values using pools of
different depths

Let us see an example to explain this further. Sspghat

A andB are two systems under evaluation among a group
of other systems. For simplicity, we only consider
gueries. However, the same conclusion can be difiwn
more queries are used to test their effectivengbe
results are as follows:

System | Observed| Rate of Real AP

(query) | AP exaggeration

A(Q1) | 0.32 80% 0.32/(1+0.8)
=0.1778

B (Q1) | 0.25 80% 0.25/(1+0.8)
=0.1389

A(Q2) | 0.45 20% 0.45/(1+0.2)
=0.3750

B (Q2) | 0.50 20% 0.5/(1+0.2)
=0.4167

According to the observed AP values, we may corelud
that A is better tharB, becausel's AP over two queries
(0.32+0.45)/2=0.385 is greater thd@is AP over two
queries (0.25+0.50)/2=0.375. However, because Qlisry
AP is overestimated by 80% and Query 2's AP is
overestimated by 20%, a modification is neededtiese
AP values. After that, we find that System
((0.1778+0.3750)/2=0.2764) is worse than Syst8m
((0.1389+0.4167)/2=0.2778). This example demoresrat
that averaging the values may not be the bestisolir
ranking a group of retrieval systems over a grodp o
queries in such a condition. In Section 5, we dificuss
some alternatives for such a task.

5. Other options than averaging all the
values for ranking retrieval systems

Suppose for a certain collection of documents, aeeha
group of systemsr{r,...r,) and a group of queries
(91,92,-.-,0m), and every system returns a ranked list of
documents for every query. Now the task is to rémdse
systems based on their performances (e.g., usip@@a
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of the four system-oriented measures) over theseiegl

If complete relevance judgment is applied, therrayiag
these values over all the queries is no doubt tb&t b
solution. Under partial relevance judgment, thémesed
values are far from accurate and are not compaeeaiotess
gueries, as we have demonstrated in Section 4.
Considering in a single query, if Systeinis better than
SystemB with partial relevance judgment, then the same
conclusion is very likely to be true with complete
relevance judgment, though the difference in gtantay
not be accurate. In such a situation, we may calectbat
these systems are involved in a number of comgpetiti
events, each of which is via a query. Then the task
becomes how to rank these systems according these

m competition events. Some voting procedures such as
Borda count [18] and Condorcet voting [8] in paliti
science can be used here.

The Borda count works as follow. For a fixed set of
candidates ) and voters rf), each voter ranks these
candidates in order of preference. For each vitertop-
ranked candidate is given points, the second-ranked
candidates is given-1 points, and so on. The candidates
are ranked in order of total points from all voteand the
candidate with the most points wins the selection.
Condorcet voting is used for majority voting. Ithsiders

all possible head-to-head ranking competitions ayralh
possible candidate pairs. Then all the candidades be
ranked according to the number of competitions theeye
won. Both Borda count and Condorcet voting can $edu
here for the evaluation purpose if we regard infation
retrieval systems as candidates and retrieved tsefu
every query as voters. These voting algorithmsusegul
when the rankings generated from all queries diabite

but the score information is not reliable or notitable at

all.

Both Borda count and Condorcet voting only consitier
ranks of all involved systems, but not the scorkiea
Another option is to linearly normalize the valudsa set

of systems in every query into the range of [Oyfjch

will be referred to as the Zero-one normalizatioetmod.
Using this method, for every query, the top-rankgstem
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is normalized to 1, the bottom-ranked system is
normalized to 0, and all other systems are linearly
normalized to a value between 0 and 1 accordirighyus
every query is in an equal position to make contiins

for the final ranking. Then all systems can be emhk
according to their total scores.

6. Evaluation of the four ranking methods

In this section we present some experimental resultthe
evaluation of these four methods. As in Section94,
groups of submitted runs to TREC were used. Fothall
submissions in one year group, we calculated their
effectiveness for every query with different measur
Then different ranking methods, Borda count, Cooebr
voting, the Zero-one normalization method, and the
averaging method, were used to rank them. For these
rankings obtained using different methods, we dated
Kendall's tau coefficient for each pair of rankings
obtained using the same measure but different mgnki
method. Table 2 shows the results, each of whidioris
one of the four measures.

From Table 2, we can observe that Kendall’s tau
coefficients in all cases are quite big. For any paany
year group, the average is always bigger than 0.8.
Considering all single cases, the coefficientslass than
0.7 only occasionally. We also observe that forthé
measures, the rankings from the averaging methddbeat
from the Zero-one normalization method always hinee
strongest correlation. This demonstrates that vieeaging
method and the Zero-one normalization method areemo
similar with each other than any other pairs. ldlitain,

the rankings from Borda count are strongly coreslawith

the rankings from either the averaging method erzéro-
one normalization method as well. On the other hémel
correlations between the rankings from Condorcéingo
and any others are always the weakest. This derabest
that Condorcet voting is quite different from theree
other methods.

Table 2. Kendall's tau coefficients of rankings generatgdiifferent methods using different measures (Aeraging, B:
Borda, C: Condorcet, S: Zero-one)

Measure A-B A-C A-Z B-C B-Z C-Z

AP 0.8798 0.8143 0.9337 0.8361 0.9173 0.8308
RP 0.9072 0.8276 0.9384 0.8480 0.9379 0.8435
NAPD 0.9316 0.8416 0.9703 0.8472 0.9416 0.8445
NDCG 0.9327 0.8503 0.9692 0.8567 0.9400 0.8556

Table 3. Kendall's tau coefficients for AP (figures in patBeses indicate the significance level of diffeeenompared with

the averaging method)
Averaging Borda Condorcet Zero-one
1/5~all 0.7624 0.7855(.000) 0.7033(.000) 0.77651)00
2/5~all 0.8476 0.8658(.000) 0.7771(.000) 0.8597)00
3/5~all 0.8961 0.9115(.000) 0.8281(.000) 0.9071)00
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4/5~all
Average

0.9378
0.8610

0.9454(.000)

0.8771[+1.87%]

0.8622(.000)

0.7927[-7.93%)]

0.94381)00
0.§7125%]

Table 4. Kendall's tau coefficients for RP (figures in patheses indicate the significance level of difieeecompared with
the averaging method)

Averaging Borda Condorcet Zero-one
1/5~all 0.7332 0.7418(.000) 0.6501(.000) 0.7367T)00
2/5~all 0.8308 0.8401(.000) 0.7534(.000) 0.83871)00
3/5~all 0.8860 0.8943(.000) 0.8036(.000) 0.891A)00
4/5~all 0.9283 0.9329(.001) 0.8484(.000) 0.9311)01
Average 0.8446 0.8523[0.91%)] 0.7639[-9.55%] 0.80FBH %]

Table 5. Kendall's tau coefficients for NAPD (figures imaggntheses indicate the significance level of difiee compared
with the averaging method)

Averaging Borda Condorcet Zero-one
1/5~all 0.7981 0.8031(.003) 0.7312(.000) 0.80361)00
2/5~all 0.8716 0.8761(.003) 0.7974(.000) 0.8758))00
3/5~all 0.9138 0.9193(.001) 0.8414(.000) 0.9187()00
4/5~all 0.9472 0.9504(.003) 0.8742(.000) 0.95073)00
Average 0.8816 0.8872[+0.64%)] 0.8111[-8.00%] 0.§8054%]

Table 6. Kendall's tau coefficients for NDCG (figures iangntheses indicate the significance level of diffiee compared
with the averaging method)

Averaging Borda Condorcet Zero-one
1/5~all 0.7910 0.7980(.004) 0.7315(.000) 0.7962)00
2/5~all 0.8670 0.8751(.000) 0.8020(.000) 0.872A)00
3/5~all 0.9125 0.9177(.004) 0.8462(.000) 0.916%)00
4/5~all 0.9458 0.9504(.001) 0.8824(.000) 0.9494)00
Average 0.8791 0.8853[+0.71%] 0.8155[-7.23%] 0.§8861%]

Table 7. Kendall's tau coefficients for all the four meessiwhen comparing the two rankings, one of whiofeinerated with
a pool of 100 documents, the other is generated avithallow pool of 10-90 documents

Averaging Borda Condorcet Zero-one
AP 0.6607 0.6800 0.4855 0.6771
RP 0.6309 0.6568 0.4851 0.6550
NAPD 0.7095 0.7167 0.5267 0.7134
NDCG 0.6981 0.7107 0.5013 0.7077

Another thing we can do is to compare those Ketsdial
coefficient values using the same ranking methotl bu
different measures. Using NDCG, all Kendall's tau
coefficients are the biggest (0.9006 on averagBCQ is
followed by NAPD (0.8961) and RP (0.8687), while &P

at the bottom (0.8687). This indirectly suggestst th
NDCG is the most reliable measure, which is folldviy
NAPD and RP, while AP is the least reliable measure
Next we investigate the issue of system rankingngisi
different number of queries. For the same group of
systems, we rank them using all the queries anagusi
subset of all the queries (1/5, 2/5, 3/5, and 4/allothe
queries), then we compare these two rankings by
calculating their Kendall's tau coefficient. Tabl&s6
present the experimental results. In all the caseandom
process is used to select a subset of queries &ibm
available queries. Every data point in these taldethe

average of 20 pairs of rankings.

From Tables 3-6, we can see that on average Bandiat ¢
and the Zero-one method are the most reliable rdstho
the averaging method is in the middle, and Condorce
voting is the least reliable method. The differebetveen
Condorcet voting and the others is bigger, whike ttiree
others are much closer with each other in perfooman
Although the differences between the averaging ateth
and Borda, and between the averaging method ara Zer
one, are small, the differences are always sigmififor all
four measures. Condorcet is worse than all threerstat

a significance level of .000. In some cases, tfferénces
between Borda count and the Zero-one method are not
significant.

Finally we conducted an experiment to compare the
rankings using different pools. One ranking wasegated
with the pool of 100 documents, and the other ragnkias
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generated with a shallower pool of less than 100
documents. In the shallower pool, each query might
assigned a different pool depth, which was decioled
random process to choose a number from 10, 20,Q,., 8
and 90. The results are shown in Table 7, whicthés
average of 9 year groups, and 20 runs were pertbfore
each year group. Again, we can observe that Cortitsc
the worst, Borda count and the Zero-one metholigistty
better than the averaging method.

7. Conclusions

Since the Web and digital libraries have more armtem
documents on these days, there is a need to telst an
evaluate information retrieval systems with largerd
larger collections. In such a situation, how to mdke
human judgment effort reasonably low becomes a majo
issue. Partial relevance judgment is the solutiothis in
information retrieval evaluation events TREC andO\R.
However, some further questions come up:

What is the effect of partial relevance judgment

on the evaluation process?

Are there any partial relevance judgment methods

other than the pool strategy can be applied?

Which measures should we use for such a

process?

What can be done to make the evaluation process

more reliable in the condition of partial relevance

judgment?
In order to answer some of these questions, soegqus
research [4, 10] tried to define some new measuhésh
are suitable for partial relevance judgment. Besittee
pooling strategy, some other partial relevance rjueigf
methods were also investigated. This paper hastake
different approach. We have investigated the effafct
partial relevance judgment (especially the poofiveghod)
on those extensively used system-oriented measuids
as AP and RP. Based on that, we have further iigatst
how to fairly rank a group of retrieval systems dzh®n
those system-oriented measures. We have stucketo th
pooling method since it has been successfully used
TREC and NTCIR and other information retrieval
evaluation events for many years.
As we have seen, in such a situation the averagetpod
may be questionable, since the values of systeemiad
measures obtained from different queries are ndte qu
comparable cross multiple queries. Several altenmat
methods including Borda count, Condorcet voting| tre
Zero-one normalization methods are investigatedr Ou
experimental results suggest that Borda count dwed t
Zero-one normalization method are slightly bettemtthe
averaging method, while Condorcet is the worsthiese
four methods.
Our investigation also demonstrates that with phrti
relevance judgment, the evaluated results can be
significantly different from the results with corep
relevance judgment: from their values on a system-
oriented measure to the rankings of a group ofinéion
retrieval systems based on such values. Therefdren

Wuand
McClean

conducting an evaluation with partial relevancegjueént,
we need to be careful about the results.
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