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Abstract (or not) that was obtained relative to other previous
techniques.
Comparative evaluations of information retrieval systems . .
are based on a number of key premises, including that A variety of mechanisms have evolved over the years
representative topic sets can be created, that suitable réP_perform these tasks. For example, because of the
evance judgements can be generated, and that systefgh cost of undertaking relevance judgements, steps 1
can be sensibly compared based on their aggregate péfnd 2 have tended to be carried out via large whole-of-
formance over the selected topic set. This paper considefMmunity exercises such as TREC and CLEF. To per-
the role of the third of these assumptions — that the perforform step 3, we might build our own software system, or,
mance of a system on a set of topics can be represented [ @9ain make use of shared resources, we might choose
a single overall performance score such as the average, 8t Modify a public system such as Lemur, Terrier, or
some other central statistic. In particular, we experimengettair. In the area of effectiveness metrics (step 4), the
with score aggregation techniques including the aritheneti IR community has converged on a few that are routinely
mean, the geometric mean, the harmonic mean, and tH€ported and can be evaluated via public software such
median. Using past TREC runs we show that an adjuste@s trec_eval. These include precision@10 (denoted
geometric mean provides more consistent system rankind¥ere a®@10), R-precision, average precision (denoted as
than the arithmetic mean when a significant fraction of theAP), normalized discounted cumulative gain€c), rank-
individual topic scores are close to zero, and that scor@iased precisionrgp), and so on. Common tools and

standardization (Webber et al., SIGIR 2008) achieves th@greed techniques for step 5 are also emerging — there is
same outcome in a more consistent manner. now a clear community expectation that researchers must

indicate whether any claimed improvements are statisti-
Keywords: Retrieval system evaluation, average precisioncally significant using an appropriate test (Cormack & Ly-
geometric mean, MAP, GMAP. nam 2007).

Now consider the last stage, denoted step 6 above. We
wish to describe the new system in a context that allows
the reader to appreciate the aspects of it that will lead to
Measurement is an essential precursor to all attempts tgUPerior performance; and then need to provide empirical
improve information retrieval (IR) system effectiveness. €vidence that the hypothesized level of performance is at-
But to experimentally measure the effectiveness of an IR2iNed. And, inevitably, we seek to do all of that within

an eight or ten page limit. In support of our new system

system is a non-trivial exercise, and requires that a com< . ; 4
plex sequence of tasks and computations be carried oyf/® describe the (established) corpus and topics that we
These tasks typically involve: Yave used in any training that we did to set parameters

for our system and a baseline or reference system; and
1. Selecting a representative corpus and a set of topicsye describe the (different) corpus and/or topics that we

2. Creating appropriate relevance judgements that dethen used to test the two systems with those parameters

scribe which documents are relevant to which topicsémbedqed: We can also succinctly summarize any statis-
tically significant relationships between the two systems

3. For each of the systems being compared, building the step 5 output): the sentence “Systsew was signif-
set of runs, one for each of the topics; icantly better than Systef@ld at the0.05 level for all of

4. Selecting one or more effectiveness metrics, and apX, Y, and Z” (where X, Y, and Z are effectiveness metrics)

plying them to create a set of per-metric per-topictakes up hardly any space at all in our paper. Yet such a
per-system scores; claim is the holy grail of IR research — provided, of course

. . . at SystenOld is a state-of-the-art reference point; that
5. For each effectiveness metric, comparing the score, e had implemented it correctly; and that the experiments
obtained by one system against the scores obtaine

by the other systems, to determine if the difference o indeed lead to the desired level of significance.

1 behavior between e SySIems San be GSSeSed e et rem e hete ke e
being statistically significant; and then, finally, y '

i ’ ~ add atable of numbers to our paper. And here is the ques-
6. Writing a paper that describes what the new ideaion that is at the heart of this work: what numbers? Two
was, and summarizing the measured improvemengystems (at least) have been compared, over (probably)

Copyright ©2009, Australian Computer Society, Inc. This paper ap- 50 or more topics, using (Say) three effectiveness metrics.
peared at the Twentieth Australasian Database Conferéia€ 2009), The experiments th_us give rise to at I_em per-system,
Wellington, New Zealand, January 2009. Conferences in&eeand ~ Per-topic, per-metric scores, and while we have all seen
Practice in Information Technology (CRPIT), Vol. 92, AthmBouguet- IR papers with that many numbers in them, including that
taya and Xuemin Lin, Ed. Reproduction for academic, notgmofit
purposes permitted provided this text is included.

1 Introduction

1See http://www.lemurproject.org/, http://ir.dcs.gla.ac.uk/
terrier/, andhttp://www.seg.rmit.edu.au/zettair/ respectively.



volume of data is rather less than ideal. Evenworse, the efef the system scores to be zero. To sidestep this diffi-
fectiveness scores are all derived from the fifty underlyingculty, Robertson (2006) thus defined aadjusted geo-
runs, each containing (typically))000 document identi-  metric mean,

fiers. So if we wish to provide sufficient data that follow-

up researchers can app[y new effectiveness measures to 22:1 log(z; + €)

the data, we need to publig€h 50 x 1,000 = 10° “things” €GM =exp | =—=———— | =€,

as the output of even the simplest two-system evaluation.

(For example, TREC has accumulated the actual system ) . )
runs lodged by the participating groups in over a decaddvheree is a small positive constant, and the summation,
of experimentation, and these now form an invaluable re€XP, and log functions calculate the product aial root
source in their own right, and have been used in the expeff the set oft e-adjusted values; in a non-underflowing
iments leading to this paper.) manner. Because it is based on multiplication, in which

Given that it is impossible for the data that was usedthere is no requirement that the quantities have the same
as the input to our statistical testing to be included in ourUnits, it is permissible (although somewhat confusing) to
paper, but desirous of including at least some element digke the geometric mean of, for example, three liters, five
system per-metric effectiveness scores, to obtain a greatis 3.91 (liters - centimeters kilograms}/. Further exam-
reduced volume of per-system per-metric scores. We theples ofGM andeGm are shown in Table 1.
populate a table in our paper with these numbers (perhaps A variant of ¢GM-AP in which ¢ is applied toap
as few as six of them in a one-collection, two-system,scores in a thresholding sense rather than in an ad-
three-metric evaluation); use superscript daggers or bolditive/subtractive sense is now one of the aggregate
font to indicate the relationships that are statisticaity s scores routinely reported by theec_eval program (see
nificant, and submit our work for refereeing. This ap-http://trec.nist.gov/trec_eval) usinge = 10~°
proach is now so prevalent that the phrase “mean averag®oorhees 2005):
precision” has taken on a life of its own, and a table of
“MAP” scores is an unavoidable part of every experimen-
tal IR paper, as if MAP was an axiomatic measure in its €GMzrec_eval = €XP
own right.

In this paper we take a pace back from this process, )
and ask two very simple questions that arise from the disFor example, theGM;.. eva1 SCOre for sequencs, in Ta-
cussion above: what does it mean to “average” effectiveble 1is0.039, and would bé).157 with e = 0.01, the value
ness scores? And, if it is indeed a plausible operation, ig/sed in the table. Note that wheapproachesc the addi-
the arithmetic mean the most sensible way to do it, or ardive/subtractiveGm score for a set of numbers (but not the
there other methods that should be considered? thresholdedGMzrec_evar Variant) approaches thes score
for the same set. For this continuity reason, we prefer the
eGM-AP additive/subtractive version to theec_eval ver-
sion, and have primarily used the former in this paper.

The harmonic mean is another central tendency that

If a set of observations describes some phenomenon, it ig typically used to combine rates, and can also be used
natural to seek some kind of gross, aygregate statistic a5 3 method for score aggregation. It is defined as the
that summarizes those observations. The simplest of thesgiprocal of the average of the reciprocals,

central tendencies is tlegithmetic mean, which, for a set

t

Zf.:l log max{z;, e})

2 Numeric aggregation

of t observationgx; | i € 1...t} is computed as: t
HM = ————— .
t 2221(1/%‘)
AM = (Z} xl) /t, The harmonic mean is undefined if any of the set values

are zero, meaning that it is again convenient to make use

As examples, consider the four possible sets ef5 ob-  Of ane-adjusted version:

servations that are shown in Table 1. The arithmetic mean "

of example seb is 0.28. HM = ——
One point worth noting in connection with the arith- Y1 (zi+e)

metic mean is that all of the values should be on the same

scale — it is not possible to compute the average of fiveVVhene is large, thesHMm score again converges to the

inches, ten centimeters, add01 miles without first con-  score.

verting them to a common framework. Similarly, itisim-  The fourth and final central tendency explored in this

possible to average three liters, five centimeters, and foupaper is themedian, denoted here agd. The median of

kilograms, because they cannot be converted to commoa set is the middle value of the set when they are sorted

units. into numeric orderz ;1,2 whent is odd, andz; /5 +
Another key aggregation mechanism is geemetric  z;,,.,)/2 whent is even. The median has the benefit of

mean, defined as theth root of the product of thenum-  peing relatively unaffected by outliers, but the flip side of

— €.

bers, this is that it is completely insensitive to changes of value
t 1/t that do not affect the set ordering except when it is the

GM = H T middle values that change.
i—1 Table 1 shows the application of these four aggregation

methods, plus twa-adjusted variants, to four example

The geometric mean is more stable than the arithmetiG,a gets, with the largest value in each column picked out
mean, in the sense of being less affected by outlying val:

es. However when anv of the values in a set is zero. thin bold. It is apparent that the aggregation techniques have
ues. tW ver, w tﬁ/t t.V I“ ! FI IZR ' NBitferent properties, since the four sequences are placed
geometric mean over that Set IS also z€ro. For IR SCOMfyy, gifferent “overall” orderings by the various aggrega-
aggregation purposes, this introduces the problem that

; A > - . ; n techniques. There is, of course, no sense in which
single “no answers” topic in the topic set might force all any of systems, to S, in Table 1 is superior to the oth-

ers (presuming that the five elements in each sequence can



System Scores AM GM €GM HM €HM MD

S1 01 01 03 08 0.1 0.280 0.189 0.192 0.145 0.148 0.100
So 00 04 02 04 03 0.260 0.000 0.151 - 0.033.300
Ss 0.1 05 03 02 0.2 0.2600.227 0.228 0.197 0.200 0.200
Sy 02 02 03 02 0.2 0.220 0.217 0.21D.214 0.214 0.200

Table 1: Example sets of values corresponding to differgstesns applied té = 5 topics, and their calculated central
tendencies. In thesm andeHM methods¢e = 0.01. The values in bold are the largest in each column.

be regarded as paired observations and then a statisticahrying levels of difficulty.
significance test applied), so no answer is possible to the It has been noted that a key expectation (or rather,
guestion “which system is better in the sense of having théope) arising from any form of IR experimentation is
highest score?” Nevertheless, and despite that patent latckat the system performance results based on one topic
of demonstrable differentiation, as soon as an aggregater one collection should be able to predict system per-
score has been computed for the observations generatéarmance on other topics and other collections (Buckley
by some system, it is immediately tempting to then “or-2004a, Webber et al. 2008b). It has also been noted (see
der” the systems by their aggregate scores — exactly as wuckley (2004€) and Webber et al. (2008a)) that topic
have in Table 1 by presenting the sequences in decreasingriability is at least as great as system variability, and
AM order. In Table 1, systerf; at face value “outper- that in the nominal matrix of per-system per-topic scores,
forms” the other three systems by a quite wide margin. there is more commonality of scores across any particular
Robertson (2006) provides an insightful discussion oftopic than there is across any individual system. Restating
measures and how they applyst®and other effectiveness this observation another way, the score achieved by a par-
scores, including the relationship betweenAr andGm-  ticular system on a given topic tends to be more a function
AP. Our discussion here can be seen as extending Robetf the topic than of the system.
son’s evaluation, through the use of experiments in which In a similar vein, Mizzaro & Robertson (2007) argue
aggregation methods are used to represent the overall pahat GM-AP is a more balanced measure thawap for
formance of retrieval systems. In order to understandrREC effectiveness evaluations. This is due to the way in
the effects of using these aggregation methods and thewhich the arithmetic mean can be influenced by easy top-
ability to produce consistent system rankings, evaluationics, for which the system-topic scores are generally high,
were conducted using various TREC collections, and dif-and bad systems might still get scores that are numerically
ferent types of effectiveness measure. Our experimentsirarge. Mizzaro & Robertson also asserted thsitAP is
dicate thatGM handles variability in topic difficulty more not overly biased towards the low end of the scale, where
consistently than does the usuail aggregation method, the system-topic scores are low, and, equivalently, the top
and also better than the medimp and harmonic mean ics are hard. Indeed, as was noted by O'Brien & Keane
HM methods, when a significant fraction of the individual (2007), users prefer strategies and technologies that maxi
topic scores are close to zero. Also of considerable interesnize the amount of information they gain as a function of
is that the standardized average precision scores of Welbhe interaction cost that they invest.
ber et al. (2008a) achieve the same outcomes, even when Observations such as these then raise the question as
coupled with the standardv aggregation. to how best to measure topic “hardness”. In the TREC
2003 Robust Retrieval Track, difficult topics were defined
as being those with a low median AP score and at least
one high outlier score (Voorhees 2003). Other definitions

The effectiveness of a retrieval system is gauged as a fun(’:r—ICIUde computing (Mizzaro 2008)

tion of its ability to find relevant documents (Sanderson & D, =1 — mean 1)
Zobel 2005). One of the aims of the recent TREC Ro- t b

bust Track is to improve the consistency of retrieval teCh'wheremeam is the average of the system-topic scores for
nology by focusing on poorly performing topics — ones topict; or computing

for which most of the participating systems score poorly '

(Moorhees 2003). Them-Ap aggregation method was in- D, =1 — max;

troduced as part of this effort, in order to de-emphasize the ’

role of high-scoring topics in system comparisons, and tQyheremax, is the maximum score for topic For the pur-

enhance the relative differences amongst low-scoring topposes of the experiment, we took another approach, and
ics (Voorhees 2005, Robertson 2006). Note, however, thadefined the difficultyD, of a topict to be

changing taM-AP has no effect on the significance or oth-

erwise of any pairwise system comparison, since signifi- max; — mean,

cance is a function of the elemental effectiveness scores, Dy = a0 )
prior to any summary value being computed. The aggre- g

gation mechanism relates purely to the gross statistic thah which standardized:-scores are calculated in the

is presented as being the overall score for the system.  system-topic matrix (Webber et al. 2008a), and the most
Mizzaro (2008) makes further observations in this re-gificult topic is deemed to be the one for which the most

gard. The importance of good relative performance oversyrprisingly good” score is obtained by one of the sys-

all topics, and not just excellent performance on oneems, with surprise defined in terms of standard deviations
(which is how systens; obtains its higham score in Ta-  ghgve the mean.

ble 1), and the fact that users remember any delivery of

poor results by a system for a topic was also discussed bX

Mandl et al. (2008). Similarly, Buckley (20@fpoints out Methodology

that the topic variability is the main problem when design- o o .

ing an IR system for all user needs, and that a universal IFPUr purpose in this investigation was to examine the effect

system should perform well across a range of topics witifhat the choice of score aggregation technique had on the
outcomes of experiments, and whether the proposed use of

3 Topic hardness



theeGM adjusted geometric mean (Robertson 2006) could
be experimentally supported in any way. To carry out this 5 —o— eHM-AP
study, we devised the following experimental methodol- g -8- eGM-AP
ogy. While we have no basis for proving that what we have » -
computed has “real” meaning, we trust that the reader wilFg
find the experiment plausible (and interesting), and will'2
agree that the results we have computed are grounded Q
practice.

We made use of standard TREC resources — col-
lections, matching topics, and corresponding relevance le-04 0.01 1 Inf
judgements (se&ttp://trec.nist.gov). We also .
used the official TREC runs, as lodged each year by the Epsilon

participating research groups, and were able to compuigiqre 1: Average system ordering correlations wher
retrieval effectiveness scores for each of the submitted sy 5" andum-ap are used as the score aggregation method

tems based on any subset of the topics that we wished 19.qqg topics. In this experiment, thé TREC9 Web

use. Al-Maskari et al. (2008) consider these test Co”eCTrack topics were randomly divided into equal-sized sub-

tions and support their use in IR experimentation, arguinget pairs, and the system rankings generated on those two
that they can be used to predict users’ effectiveness sugy psets were compared using Kendail'sWhen thecw-

cesgfulhl. ‘ . . ded by AP andHM-AP parametek approaches infinity, the resul-
ach of our main experiments proceeded by: tant system ordering approaches the ordering generated by

1.0

0.8

0.6

1. Choosing a random subset containing half of the set VAP
of ¢ topics.
2. Extracting the rankings for thogg2 topics from the  eGM-AP
s available runs. Rt . . .- eHM-AP
3. Using the chosen effectiveness metric and the rel-%" o | Q“SZQE
evance judgements to calculate a setsof2 per- S =
system per-topic scores. QO . 4
4. Using the chosen score aggregation technique to
compute a set of per-system scores. o©

5. Sorting thes systems into decreasing score order, 0.6 0.7 0.8 0.9 1.0
based on the per-system scores.

6. Repeating this process, using the oth@rtopics.

7. Taking the twos-item system orderings, and calculat- Figure 2: Density distribution 0f0,000 Kendall's 7 val-

ing the similarity between them using a mechanismues foreGm-Ap, eHM-AP (both withe = 0.01), AM-AP, and
such as Kendall’'s (Kendall & Gibbons 1990). MD-AP. In each experiment the TREC9 Web Track topics

are randomly split into two halves, each system is scored
using the topic subsets, and then the two resultant system
orderings are compared. Three of the four curves repre-
HBent density cross-sections corresponding to points in Fig
ure 1. Thevd-AP cross-section is additional. The vertical
(Flotted lines on the curves indicate the means of the four
Ol- . . . .
plensny distributions.

Kendall's tau

8. Then repeating this entire sequend&00 times, so
that10,000 Kendall's scores could be used to rep-
resent the self-consistency of the score aggregatio
technique.

We note that researchers have also applied this method
ogy in investigations examining other aspects of retrieval
performance (Zobel 1998, Sanderson & Zobel 2005).
Part of the purpose of Table 1 was to illustrate the
inconsistencies that can arise out of system “orderings
based on aggregate scores, and our experiments in this peigure 1 provides a first illustration of the data collected
per are intended to uncover the extent to which such inusing the experimental methodology described in the pre-
consistencies are an issue in real IR experimentation. If aious section. In this graptcM-AP andeHM-AP induced
aggregation computation was “perfect”, and if subsets okystem orderings are compared for different values, of
topics could be equally balanced (whatever that meansjith the average value of Kendall's for random pairs
the two system orderings would be the same, and thef query subset-induced system orderings plotted as a
Kendall'sT would bel.0. Variation in aggregation tech- function ofe. The line shows the averagevalue over
nique, and variations in subset balance, mean that it is unt0,000 random splittings of the = 50 TREC9 topics and
likely that Kendall'sT scores ofi.0 can be achieved. But, s = 105 TREC9 systems, in an experiment designed to
if the same (large number of) topic subsets are used foanswer the very simple question as to whether eitber
all aggregation methods, any consistently-observedrdiffe Ap or eHm-AP should be preferred tav-Ap, and if so, what
ence in Kendall'sr can be attributed to the aggregation range of values of is appropriate.
method. The shape of the curve in Figure 1 makes it clear that
whene is small the average system ordering correlations
are higher — that is, that th&m-AP aggregate score (to-
wards the left end of the graph) places the systems into
rankings that are more self-consistent than does the con-
ventionalaM-AP summarization at the righthand end of the

experimentation is widespread, and while it is normaIIyg{"”‘p?i (Whe';] - Oot)' Th?hEHMTAP methoqd|sdeltlﬁotbepéer
regarded as being a “system” metric rather than a “user@t 0'0€ring thé Systems thanAsl-AP provided that mid-

one, it does still correspond to a (somewhat contrived) usef2N9€ values are chosen forFor smalle, the quality of
model (Robertson 2008). the induced system rankings feam-aAp drops markedly.

A major theme of this paper is that plain averages
should be treated with caution, and we should heed our

5.1 Results using average precision

5 Testing aggregation

For the initial experiments, ther metric was coupled
with a range of aggregation techniques. Usemin IR
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Figure 3: Average system ordering correlationswhen  Figure 4: Density distribution ofp scores for TREC9
AP andAM-AP (ase — oo) are used as the score aggrega-Web Track data#( = 50 topics ands = 105 systems);
tion method across topics. The two curves for the TREC8TREC8 Ad-Hoc Track datat (= 50 topics ands = 129
Ad-Hoc Track ¢ = 50 topics,s = 129 systems) and the systems); and TREC2001 Web Track data=(50 topics
TREC2001 Web Trackt(= 50 topics,s = 97 systems) ands = 97 systems).

can be directly compared with them-AP curve in Fig-

ure 1. Metric %=0 %<0.1
AP 10 56
own advice in this regard. Figure 2 shows the density P@10 37 37
distribution of thel0,000 7 values at three of the points nDCG 10 23
plotted in Figure 1, showing the variability of the system RBP0.95 17 52
orderings wherGM-AP andeHM-AP (both withe = 0.01) SP 0 4

andAM-AP are used to aggregate the per-system per-topic
and generate the system orderings. Also shown as a fourth
line is ther density curve for the system similarities gener- Table 2: Proportion of low scores among the TREC9
ated using the mediaxP score as the gross system statis-system-topic combinations when assessed using different
tic. The density curves are derived frarf,000 random  effectiveness metrics.

splittings of the50 TREC9 topics into twa5-topic sub-

sets. The system orderings produced3syAr aggrega-

tion are consistently more similar than the system order5.3 Effectiveness measures

ings induced bywm-ApP for the same topic splits, and sug- . . .
e " -~ _Figure 5 and Figure 6 show what happens in the TREC9
gest thatGM-AP is the more stable aggregation technique nvironment whenp is replaced bp@10,R8P0.95 (see

for this data set. Analysis of the paired differences show offat & Zobel (2009) for a definition of this metric), and

;hit (? gﬁfe\t,g? trﬁ[a?tilg nﬁgfgﬁﬂgvinj{ﬂe_ As;g>n T&?An; it thenDCG (see Jarvelin & Kekalainen (2002)) as the underly-

) L : ing similarity measure. The score density plot in Figure 6
MD-AP with high confidence. suggests thatcM-nDCG should be stable asis changed,
. because of the low density abcG near-zero scores, and
5.2 Other collections that is what is observed in Figure 5. On the other hand,

. ' RBP0.95 has a relatively high density of near-zero scores,
Having used the TREC9 Web Track data to confirm thatandeGM-RBPO.QS is accordingly sensitive te, with more
eGM-AP with e = 0.01 yields more consistent system rank-

. consistent system rankings being generated with 0.1
ings than doesM-AP, we turned to other TREC data sets than when t)(/ands t000 ang the ar?tr?metic mean is being

in order to determine the extent to which that relationship :
. . . sed. Note also the comparatively poor performance of
is a general one. Figure 3 was created via the same exp @10 itis relatively immﬁne to thg ghoicg@fm or AM

imental methodology as was used for Figure 1, but usin : L . ; .
the TREC8 Ad-Hoc Track queries and systems=( 50, %ggtreer%z;\tlon, but nor is it a terribly good basis for ordering

s = 129); and the TREC2001 Web Track queries and sys- Webber et al. (2008a) recently introduceetandard-
tems ¢ = 50, s :37)' Neither cc)jffthesr:e e_lz(lg?)(ércl:mSednts favor j eq version ofap that we denote here as. The critical
€GM-AP compared ta-AP, and for the  data set, it ance betweenp andse is that a set of topic means
eGM-AP(lethoeog)0.0l is significantly less consistent that and standard deviations are computed acrossstheer-
AM-AP (p = U.99). - . system per-topic scores, and each of ¢hecores is then
h Figure 4 helps understand why this difference in be'cgnvertepd intopaz score with regard to that topic’s statis-
avior arises. It shows the distribution of the per-topic ics:
per-systemap scores for the three TREC data sets use ) , €51 — mean;
in our experiments. The TREC9 collection, topics, and €st = T’
judgements combination generates a high number of low t
scores compared to the other two data sets, and it is theseherecy, , is thez-score corresponding to the average pre-
low scores that thecM method is handling better. For cision effectiveness; ;. Because-scores are centered on
example, in the TRECO result§)% of the system-topic  zero, and can be negative as well as positive, Webber et al.
scores are zero, and a furthi% are belowd.1, making  further transformed the,, , values through the use of the
a total of56% low scores, shown in the first row of Ta- cumulative normal probability distribution. The result is
bledib 0}:0; -It-RIIECZAL%?J/l thedc?”e%g%fgén?h ratets WEe g set ofe”, scores that lie strictly between zero and one,
an o, totalling 49, and for IHES € rates Were and which, for each topic, has a mean0os and a uni-
3% and33%, totalling 36%. Thatis, in the TREC2001 o, standard deviation. The last row of Table 2 shows the
and TREC8 experiments there were fewer lwvalues — rather unique properties of the set of effectiveness scores
in the score matrixaM-AP suffers less vulnerability, and - tha¢ resuilt from this two-stage standardizationcores
there is thus less scope fasMm-AP to be superior. to generatsp scores.
Given the intention of the standardization process, it
is unsurprising (Figure 7) that there is no change in sys-
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Figure 5: Average system ordering correlations whenFigure 7: Average system ordering correlations when
eGM-P@10,eGM-RBP0.95, andeGM-nDCG are used to score eGM-SP (based on standardized average precision) is used
the TREC9 systems. Wherapproaches infinity the meth- as the evaluation metric, compared to tke1-AP combi-

ods converge taM-P@10,AM-RBP0.95, andAM-nDCG re-  nation. The methodology and data set used in this experi-

spectively. ment are identical to those used in Figure 1.
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Figure 6: Density distribution of TREC9 system-topic Figure 8: Density distribution ofP andsp scores for the
scores usingrBP0.95, P@10, andnDCG (t = 50 topics  TREC9 Web Track data (= 50 topics ands = 105 sys-
ands = 105 systems). tems).

tem ranking consistency ass changed; and also unsur- 5.4 Query “hardness”

prising (Figure 8, Table 2) that the fraction & scores £II of the results presented thus far have been based on

that are near zero is small. That is, the condition that le .
to geometric mean average precision being proposed he average performance of the aggregation methods over

an alternative to arithmetic mean average precision — thi2'9€ numbers of random splittings of the topics in the

presence of important low-scoring topics in amongst thelUery set. As an alternative, we also constructed two par-

high-scoring ones — is removed by the standardization prot_icular topic subsets based on the nominal topic difficulty

cess, and there is no benefitin shifting&m aggregation. Scores defined by Equation 2, to evaluate the extent to
Instead AM aggregation, with the elimination of the need Which the various aggregation mechanisms were affected
to select;, is the preferred approach, because standardiza {OPIC d|ff|cultydér_1.undﬁrtaklnghthls %art of the exﬁe?"
tion means that all topics are already contributing equallyentation, we additionally sought to determine whether
to any assessment in regard to differences in system effed?€ additive/subtractive version of the adjusted geomet-
tiveness, and no further benefit arises from emphasizin§C M&an gave rise to consistent rankings, or whether the
low scores. rec_eval e-thresholding version was more consistent.
Note that standardization is only possible when a set OLJ The two quer)g pﬁrtltlonlnlgs Kveff? constructed to r']l
retrieval systems are being mutually compared, and topic/Strate extreme behavior. In the first partitioning, the
means and standard deviations can be calculated; or whéff'@/Easy Split, Equation 2 was used to assign a difficulty
pooled relevance judgements based on a set of previo&ting o each of thé = 50 TRECS topics, and then the

systems are available, together with the runs that led td!ghest-scoring5 were taken into one set, and the low-
those judgements. est25 topics were taken into the other. The secand-

Figure 9 draws together the observations we hav le/Rest partitioning again ranked the topics by difficulty,

made. A total of fifteen collection and effectiveness met-PUt then extracted the mid-scoring (most internally con-
ric couplings are shown, with the percentage of low effec-SIStent) group into one subset, and left the remaining
hardest topics andl3 easiest ones in the other set. Sys-

tiveness scores for that coupling plotted horizontally an ¢ deri based i e

the extent of the superiority (or inferiority) efsm as an fem or herm_gs ; ased on agrg];rega e scorg aveaén SP q

aggregation method relative ta plotted vertically. The 'OF €ach pair of sets were then computed, and compare
using Kendall'sr. The results of these experiments are

behavior of thesp metric does not depend on a specific ag- " / "
gregation technique to perform well, and for all three col-Shown in Table 3. The columns headeslahdom” relate

lections used is insensitive to the score averaging mechd? the previous (rjnethodlc_)l(_)gy of }al;ling the_averaggnlue
nism. In the case of the other four metrics the trend is a®Ver 10,000 random splittings of thé0 topics, and rep-
we have observed already: if there are many low scoredesent the numeric values of some of the points already

- ; ; Plotted in the various graphs.
€GM gives more consistent system orderings than dees There are a number of trends that can be distilled from

Table 3. Looking at thepr halves of the three subtables
it is clear that the additive version @EM is preferable

to the eGMirec_eva1 VErsion — in eight of the nine cases,
€GM detects more similarity between the system orderings,



AP SP

Aggregation method

Random Hard/Easy Middle/Rest Random Hard/Easy Middle/Rest
AM 0.748 0.694 0.722 0.798 0.704 0.820
€GM, € = 0.01 0.819 0.779 0.826 0.805 0.712 0.824
€GMgrec_eva1, € = 0.00001 0.798 0.818 0.800 0.806 0.802 0.826
(a) TREC9 data set,= 50 ands = 105.
- AP SP
Aggregation method Random Hard/Easy Middle/Rest Random Hard/Easy Middle/Rest
AM 0.693 0.584 0.611 0.741 0.622 0.798
€GM, € = 0.01 0.729 0.650 0.674 0.740 0.622 0.798
€GMtrec_eval, € = 0.00001 0.682 0.639 0.567 0.737 0.657 0.816
(b) TREC2001 data set,= 50 ands = 97.
- AP SP
Aggregation method Random Hard/Easy Middle/Rest Random Hard/Easy Middle/Rest
AM 0.773 0.719 0.753 0.781 0.739 0.790
eGM, € = 0.01 0.755 0.732 0.760 0.769 0.714 0.785
€GMtrec_eval, € = 0.00001 0.681 0.672 0.676 0.768 0.680 0.785

(c) TRECS8 data set,= 50 ands = 129.

Table 3: System ranking correlation coefficients using Kadlredr, for two different effectiveness metrics, three different
score aggregation methods, three different collectiond,taree different ways of splitting the topics into two hedv
The three subtables are ordered by decreasing percentagstem-topiaP scores that are belo1. Note that the
Hard/Easy and Middle/Rest splits are both one-off arrangements in each of the threeesds.
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Figure 9: Comparing thecM andAM score aggregation Figure 10: Comparing thecM aggregation method and
methods across three collections and across five effedhe thresholdedm variant used in therec_eval pro-
tiveness metrics. The horizontal axis shows the percentgram, with other experimental details as for Figure 9. The
age of low effectiveness scores generated by that collec=Gm approach is more self-consistent on all three collec-
tion/metric combination; the vertical axis plots the diffe tions, and for four of the five effectiveness metrics used.
ence in the Kendall's score obtained usingsm —Am and

e =0.01.

We also explored the use of Equation 1 as a topic dif-

including in all three of therandom evaluations. ficulty rating, and in results not included here, obtained

Second, looking at the top row of each subtable, thecorrelation patterns similar to those shown in Table 3.
AM-SP combination of effectiveness metric and aggrega- Finally in this section, to reinforce our contention
tion method is uniformly better than thev-Ap combi-  that trec_eval’s thresholdingeGMq ec_eva1 @ggregation
nation that has dominated IR reporting for more than amethod is less reliable than the additive/subtractive
decade. The third effect to be noted is that thed/Easy ~ version, Figure 10 repeats the “differences between the
pairing, with just two exceptions in connection with the average Kendall's score” experiment of Figure 9. The
€GMyrec_eva1 @ggregation, is more likely to lead to differ- three points representirgp on the three different collec-
ent system orderings than is theiddle/Rest topics split.  tions are again unaffected by the aggregation method used.
And fourth, it also appears that theiddle/Rest is no less  But in all of the other twelve caseszm generates more
likely to generate different system orderings thaman-  consistent system rankings than deeM; cc_eva1- We
dom split, and hence there is no sense in which it providesan see no basis for persisting with the thresholding ver-
a problematic arrangement for the aggregation metrics tgion of GM-AP provided bytrec_eval, and suggest that
handle. This is a slightly surprising outcome, since theother authors be similarly vary of using the scores it gen-
Rest group contains topics of widely varying difficulty, at erates.
least in terms of Equation 2.



baselineam-Ap approach. Nor — predictably — is the me-
dian an especially good score aggregation technique.

6 Conclusion

Density

Our exploration ofAmM-AP andeGM-AP has confirmed that
for the TREC9 Web data theadjusted geometric mean is
a more appropriate score aggregation mechanism than is
the arithmetic mean. This appears to be a consequence of
0.70 075 080 08 090 095 1.00 the large number of lowpP scores (more thas0% are less
Pearson’s rho than0.1) across the TREC9 systems and topics. Experi-
) S ments conducted with other TREC data resources confirm
Figure 11: Density distribution af0,000 Pearson'g val-  that when a collection has a majority of system-tagic
ues foram-AP, GM-AP (e = 0.01), HM-AP (e = 0.01), MD-  scores that are zero or close to zero ¢aeljusted geomet-
AP, andAm-sp, based 010,000 random splittings of the  ric mean is a more appropriate score aggregation method
TREC9 data sett(= 50 ands = 105). The experimental than is the arithmetic mean. On the other hand, when there
methodology was as for Figure 2. are only a minority of low system-topic scores, the arith-
metic mean is resilient, and tends to perform well, where
) o “performs well” is in the sense of system orderings de-
5.5 Correlation coefficient methods rived from one subset of the topics being similar to the
system orderings derived from a different set.

We have made extensive use of Kendatl'n our anal- . . ; .
ysis, starting from the presumption outlined in Section 1incl\lljvgir?éspo@?igig@c?né%%gv&h gﬁh d%rpef;i%t'ggggfvseg?ﬁre'cs’
that whether or not significance of any particular pairwise ame overall odtcomé - Wheﬁ a Iargé fraction of small ef-
relationships had been established, it was likely that{)-Ve'sectiveness scores are generated by the metric, it is better
all system scores would be used to derive system ranking Use theeM adare atign a roachy '
a?d thl-JtS' 'Slat st]ygy Ogsﬁ,ore zlsllggreg?ﬁor‘l‘ r?echanls,r'nsfw s On the othe?%an%l expepir%ents dsing the standardized
gairrr;ecr); .sysf‘eemoran(le(ri]n;s tsor t%e%wt?e qugmci:ﬁc;%(?ness 0 precision éP) metric showed that it anticipates the bene-
Kendall's~ takes into account the system ordering thattS Prought about through the use of the geometric mean,
is generated, but not the scores that led to that orde@nd that the best aggregation rule for it was the standard

ing, meaning that when there are clusters of near-similaffithmetic mean. Thep metric has the useful attribute
scores, modest changes in the scores can lead to more dfj-transforming the effectiveness scores so that, for every
matic changes in the correlation coefficient. An alterreativ [OPIC in the set, the mean score for that topi@©.is, and
metric that is based on scores rather than rankings is th@e standard deviation is also fixed. Standardizing thus
Pearson product-moment coefficient. To verify that the re-CONVerts all system-topic scores to the same “units”, and

lationships between rankings that have been noted abod!OWS averaging as a logically correct operation.
are not specific to the use of Kendal‘'swe repeated the To broaden the scope of our investigation we also plan

experiments that led to Figure 2, using Pearspéscom- to explore both further aggregation mechanisms, such as
pare pairs of lists of “system, score” pairs. The results ard€ MEDRANK approach of Fagin et al. (2003); and also
shown in Figure 11, again using the TRECO resource. Other rank correlation approaches, including tie top-
Broadly speaking, Figure 11 shows the same trends a¥€ighted approach of Yilmaz et al. (2008). Top-weighting
had been identified using Kendalls The best method of the rank correlation scoring mechanism is important if

for obtaining a per-system score is tsemetric coupled W€ aremore interested in fidelity near the top of each rank-

with the Am averaging technique. Earlier in this paper we INd than in (say) the bottom half of the two system order-

noted that becausem relied on addition, it could tech- "gS being compared.

nically only be applied to values that were on the same , Y& conclude by reiterating that our experiments — in
scale, a restriction that did not apply to the geometricVhich we regard a metric and aggregation technique to be
' “good” if they yield similar overall system rankings from

mean. The superior performance/f-sP compared to dite t ton1 i founded i i “her th
AM-AP can be interpreted as a verification of this observa2!"erént topic Sets — are founded in practice rather than
tion, since the process of standardizingAhescores (sub- in theory, and reflect common evaluation custom rather

tracting the mean, and then dividing by the standard devith@n an underlying principle. We also stress that to be

ation for that topic) renders them into unitless values on &/2usible, experimentation should be accompanied by sig-

common scale. On the other hand, the pre-standardizatidijfic@nce testing, and because significance tests are car-
AP values have different scales (in the sense of millimeterdi€d out over sets of values, the details of the aggregation

versus inches), because what is good performance on ofigcnique used to obtain representative gross scores are of
topic might be substandard performance on another isomewhat parenthetical interest if significance cannot be
this sense, the process of standardization makes it “rightasserfted' dl\:ﬁ\é?rthﬁless, alndt ev?n 9"(]9” tt?]ese caveats, we
to then compute the arithmetic mean as the gross statid!@ve foun GMhasarole lo play when there are many

tic for a system. And, even though the fully standardized®Mall score values to be handled, and iatsp is the
scores are constrained to tte 1) interval, the fact that comPined metric and aggregation technique that is most

equality is not possible at either end of the scale meanstrongly self-consistent in terms of score-induced system

that no matter how good (or bad) a system is on a partic[ankings'

ular topic, it is possible — at least in theory — for a differ- Acknowledgment: This work was supported by the Aus-
ent system to be better (or worse). That is, there are ng-alian Research Council, by the Government of Malaysia,
bookends irep that force systems to be considered to beand by the University of Malaya. We thank the referees for
“equal” on very easy or very hard topics. their helpful comments.

Note also in Figure 11 the good performanceef
— by e-adjusting the scores, and computing a geometric
mean, small effectiveness values are allowed to contribute
to the final outcome. However use of the harmonic mean
is not appropriate, and thev-Ap method is inferior to the
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