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ABSTRACT

Constructing large-scale test collections is costly and time-
consuming, and a few relevance assessment methods have
been proposed for constructing “minimal” information re-
trieval test collections that may still provide reliable exper-
imental results. In contrast to building up such test collec-
tions, we take existing test collections constructed through
the traditional pooling approach and empirically investigate
whether they can be “boiled down.” More specifically, we
report on experiments with test collections from both NT-
CIR and TREC to investigate the effect of reducing both the
topic set size and the pool depth on the outcome of a sta-
tistical significance test between two systems, starting with
(approximately) 100 topics and depth-100 pools. We de-
fine cost (of manual relevance assessment) as the pool depth
multiplied by the topic set size, and error as a system pair
whose outcome of statistical significance testing differs from
the original result based on the full test collection. Our main
findings are: (a) Cost and the number of errors are nega-
tively correlated, and any attempt at substantially reducing
cost introduces some errors; (b) The NTCIR-7 IR4QA and
the TREC 2004 robust track test collections all yield a com-
parable and considerable number of errors in response to
cost reduction, and this is true despite the fact that the
TREC relevance assessments relied on more than twice as
many runs as the NTCIR ones; (¢) Using 100 topics with
depth-30 pools generally yields fewer errors than using 30
topics with depth-100 pools; and (d) Even with depth-100
pools, using fewer than 100 topics results in false alarms, i.e.
two systems are declared significantly different even though
the full topic set would declare otherwise.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval

General Terms

Experimentation
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1. INTRODUCTION

Information Retrieval (IR) evaluation with standard test
collections constructed through collaborative efforts such as
the Text Retrieval Conference (TREC), Cross-Language Eval-
uation Forum (CLEF) and NII Test Collection for IR sys-
tems (NTCIR) has been central to the progress of modern
IR research. At these forums, large-scale test collections (or
rather, test collections with a large target document col-
lection) are usually constructed through pooling (e.g. [11]):
since it is not feasible to judge the relevance of every docu-
ment in the collection for every topic, top-ranked documents
from participating runs (i.e. system output) are collected
and only these documents are manually judged'. Although
this methodology has introduced new problems to IR evalua-
tion such as incompleteness (i.e. not all relevant documents
in the document collection have been identified) [1, 3, 14]
and biases (i.e. relevance assessments favour some particu-
lar classes of systems or retrieved documents) [16, 27], the
IR research community still relies heavily on test collections
built through pooling.

Even with pooling, however, the relevance assessment pro-

cess for test collection construction is costly and time-consuming.

For example, a depth-100 pool, i.e. a set of documents ob-
tained by taking the union of top 100 documents from each
run for a particular topic, usually contains several hundred
documents, depending on the topic itself as well as the num-
ber and the diversity of the runs. If you have 50 topics, the
total number of documents that need to be judged may be
well over 10,000. Hence the present study examines the
possibility of reducing manual assessment cost for pooling-
based test collections, with a particular focus on the three
existing NTCIR-7 ACLIA TR4QA test collections [15, 17]°.
Although a few methods for allocating different amount of
manual effort to different topics or to different systems were
proposed more than a decade ago [6, 29], they have not
been adopted at venues such as TREC due to bias con-

!Manual interactive searches can be used to augment the
pools, in the hope of improving the coverage of relevant
documents [9].

2 ACLIA stands for Advanced Cross-lingual Information Ac-
cess; IR4QA stands for Information Retrieval for Question
Answering. But the present study treats the TR4QA test
collections as regular document retrieval test collections just
like the “ad hoc” test collections from TREC, and the ques-
tion answering tasks are outside its scope.



cerns [23]. While the TREC million query track has recently
reported on successfully obtaining relevance assessments for
over 1,800 queries by means of statistical techniques for se-
lecting which documents to judge [4], the traditional pooling
approach still offers several advantages, including its sim-
plicity, its independence to any particular evaluation met-
ric, and its “off-line” nature (i.e. document sets to be judged
are determined in advance) which facilitates assessment cost
estimation, collaboration across geographically-distributed
task organisers (such as those for IR4QA, which covers mul-
tiple languages), and later analyses.

In contrast to trying to build up “minimal” test collec-
tions [4], we take the existing NTCIR-7 IR4QA and the
TREC 2004 robust track test collections and empirically in-
vestigate whether they can be “boiled down.” More specifi-
cally, we investigate the effect of reducing both the topic set
size and the pool depth on the outcome of a statistical sig-
nificance test between two systems, starting with (approx-
imately) 100 topics and depth-100 pools. We define cost
(of manual relevance assessment) as the pool depth multi-
plied by the topic set size, and error as a system pair whose
outcome of statistical significance testing differs from the
original result based on the full test collection. Our main
findings are: (a) Cost and the number of errors are nega-
tively correlated, and any attempt at substantially reducing
cost introduces some errors; (b) The NTCIR-7 IR4QA and
the TREC 2004 robust track test collections all yield a com-
parable and considerable number of errors in response to
cost reduction, and this is true despite the fact that the
TREC relevance assessments relied on more than twice as
many runs as the NTCIR ones; (¢) Using 100 topics with
depth-30 pools generally yields fewer errors than using 30
topics with depth-100 pools; and (d) Even with depth-100
pools, using fewer than 100 topics results in false alarms,
i.e. two systems are declared significantly different even
though the full topic set would declare otherwise. Hence,
researchers should be careful about reporting experimental
results based on a single test collection with 50 or even 70
topics — multiple test collections with a large topic set and
multiple evaluation metrics should be used to minimise the
risk of jumping to wrong conclusions.

The remainder of this paper is organised as follows. Sec-
tion 2 discusses previous work on reducing manual assess-
ment cost to clarify the contributions of the present study.
Section 3 describes the data from the NTCIR-7 ACLIA
TR4QA task and the TREC 2004 robust track which we
used in our experiments, as well as how we “boiled down”
these collections. Section 4 describes how we measure IR ef-
fectiveness, statistical significance and the effect of reducing
assessment cost. Section 5 presents our experimental results
with the NTCIR-7 IR4QA and TREC robust track data. Fi-
nally, Section 6 summarises the findings of this paper and
discusses future research directions.

2. RELATED WORK

This section discusses previous work on reducing manual
assessment cost for test collection construction to clarify the
contributions of the present study.

Over a decade ago, some methods for better managing
the relevance assessment process at TREC were proposed.
Zobel [29] suggested focussing the assessment effort on top-
ics for which many relevant documents have been found so
far, based on his experiments with data from TRECs 3-5.

Cormack, Palmer and Clarke [6] suggested focussing the as-
sessment effort on runs that have found many relevant doc-
uments so far, based on their experiments with the TREC-6
data. Voorhees [22] expressed concerns for these approaches
from the viewpoint of judgment biases, and neither of these
methods was adopted at TREC, as mentioned earlier.

Using the TRECs 3-8 ad hoc track and the TRECs 9-
10 Web track data, Voorhees and Buckley [23] examined
the relationship between the topic set size and the swap
rate, i.e. the probability of two experiments disagreeing
with each other as to which of a given two systems is bet-
ter. Since each of the TREC test collections they used con-
tained only 50 topics, and since the swap rate method re-
quired splitting the full topic set into two, their swap rate
measurement could not be performed beyond 25 topics, so
they discussed the case of 50 topics based on extrapolation.
Sanderson and Zobel [19] re-examined this method with data
from TRECs 2-11, but after filtering out system pairs with-
out a statistically significant difference. Again, their direct
swap rate measurement was limited to 25 topics and fewer.
Recently, Voorhees [25] has applied the swap rate method
to the TREC 2004 robust track data with 100 topics from
TRECs 7-8. Hence the swap rate for only 50 topics were
considered in their experiments.

Sakai [12] proposed an alternative to the swap rate method,
which is based on the bootstrap hypothesis test, and showed
that the method can provide results that are similar to those
with the swap rate method. Since Sakai’s method has a
stronger theoretical background than the swap method and
can directly examine the errors for the full topic set size, the
present study adopts a variant of this method. In contrast
to previous studies which examined the case of 25 topics [19,
23, 29] or 50 topics [25], our experiments directly examine
the case of (approximately) 100 topics and fewer with each
of our four test collections, including the aforementioned
TREC data used by Voorhees [25].

One of the findings from the present study is that, using
100 topics with depth-30 pools generally yields fewer errors
(in terms of statistical significance) than using 30 topics with
depth-100 pools. This is in agreement with several previous
studies, all of which are however limited to the cases with
TREC data, as discussed below.

The aforementioned study by Sanderson and Zobel [19]
suggests that “it is better to have larger number of topics
(perhaps 400) and shallower pools (perhaps depth 10).” This
recommendation was based on plotting the swap rates for
both Precision at document cut-off 10 and Average Preci-
sion against assessor effort, which is exactly what we call
cost in this paper, and also on the argument that examining
a large number of topics with shallow pools will probably
yield a large number of relevant documents (and therefore
more data points) than examining a small number of topics
with deep pools. Carterette and Smucker [3] used all (249)
topics from the TREC 2004 robust track and demonstrated
that, from the viewpoint of the power of the sign test, using
192 topics with fewer than 5 jugments for each is as good as
using 25 topics with 166 judgments for each for their par-
ticular data set. However, these 249 topics originate from
different TRECs, and used different runs, pool depths, and
even relevance scales [24]. Hence we follow [25] and use only
topics 351-450 with the TREC 2004 robust data. Webber,
Moffat and Zobel [26] used the TREC 2004 robust data with
topics 301-450 (along with other TREC data), and argued,



Table 1: Test collection statistics. L3-, L2- and Ll-relevant mean

“highly relevant,” “relevant” and “partially

relevant,” respectively.
TR4QA-CS TR4QA-CT TR4QA-JA | ROBUST040LD ROBUST04NEW
#topics 97 95 98 100 (351-400 from TREC-7, 49 (651-700)
401-450 from TREC-8)
#documents 545,162 1,150,954 419,759 approx. 528,000
pool depth 100 100 100 100 100
document language simplified Chinese | traditional Chinese | Japanese English English
# L3-relevant /topic - - - - 12.5
# L2-relevant/topic 108.2 37.0 54.1 - -
# L1-relevant/topic 61.6 53.7 56.0 94.0 28.8
#total relevant/topic | 169.8 90.7 110.1 94.0
#judged/topic 597.7 648.1 762.4 1671.8 710.0
#participating runs 40 26 25 110 (evaluated) 110
103 (used for judging 351-400)
116 (used for juding 401-450)
#participating teams | 9 5 14 (evaluated) 14

49 (used for judging 351-400)
35 (used for juding 401-450)

from the viewpoint of the power of the t-test, that “shallow
evaluation of many topics is preferable to deep evaluation of
a few.” The analysis of the TREC million query track data
by Carterette et al. [4] also supports these suggestions.

For reducing assessment cost, it is probably useful to con-
sider not only how many topics to use, but exactly which
topics or which combination of topics to use for IR eval-
uation [7, 28]. However, it is not yet clear how best to
“boil down” an existing topic set in this way. Therefore, in
our present study, we reduce the topic set size by first sort-
ing the topics with the performance variance across systems,
and gradually remove topics with the largest variances. This
should represent a worst case scenario for each topic set size.
Another related line of research is on the reusability of test
collections, often examined by removing one system’s con-
tribution to the pool at a time (e.g. [16, 29]). But reusability
is beyond the scope of the present study.

There are also approaches to assessment cost reduction
that go outside of the basic methodology of pooling followed
by relevance assessments: For example, there are attempts
at ranking systems without relevance assessments by form-
ing “pseudo-qrels” from the pools (e.g. [17, 21]), and those at
ranking systems based on a single system, thereby avoiding
pooling altogether [18].

It should be noted that there is very little work reported in
the literature that uses data from both TREC and NTCIR
and compares across these two forums for the purpose of IR
evaluation. Exceptions include [7, 12, 14, 16]. The present
study has a strength in that we use three data sets from
NTCIR and one from TREC, each with (approximately)
100 topics, and also in that we use metrics designed for
graded relevance. Note also that the test collection con-
struction methods employed in the aforementioned TREC
million query track [4] were designed specifically for evalua-
tion with Average Precision — a binary relevance metric.

Reducing the pool size and/or the topic set size has also
been tried outside TREC and NTCIR, for example, for the

purpose of comparing the stability of different binary-relevance

metrics for INEX [10].

3. DATA

Table 1 shows some statistics of the data sets that we
used for our experiments in “boiling down” test collections,
i.e. reducing either the topic set size, the pool depth, or
both. “IR4QA-CS,” “IR4QA-CT” and “TR4QA-JA” from

the NTCIR-7 ACLIA IR4QA task [15] and “ROBUST040LD”

from the TREC 2004 robust track [24], each with (approxi-
mately) 100 topics, are the four data sets that we mainly
use. According to Voorhees [25], the 100 topics of RO-
BUSTO040OLD “were developed using the same methodology,
using mostly the same set of assessors, and judged using the
same pooling protocol with roughly equal numbers of runs
contributing to the pools.”

Unfortunately, while ROBUST04OLD enables comparisons
across NTCIR and TREC, it is not an ideal data set for our
purpose: Firstly, its relevance assessments are binary, even
though we are primarily interested in evaluation with graded
relevance. (L3-, L2- and Ll-relevant mean “highly rele-
vant,” “relevant” and ”partially relevant,” respectively [15].)
However, this is not a serious problem since graded rele-
vance metrics are applicable to binary relevance test collec-
tions. A potentially more serious problem with this data
set is that the relevance assessments come from TRECs 7-
8, and were not constructed using the 110 runs submitted
at TREC 2004. In other words, from the viewpoint of the
ROBUSTO040LD relevance assessments, all of these TREC
2004 runs are “new” systems. This makes a fair comparison
across NTCIR and TREC a little difficult.

To remedy these issues with ROBUST040LD, we conduct
an additional set of experiments that involves a fifth data
set, which we call “ROBUSTO04NEW?” as shown in Table 1.
This data set shares the runs with ROBUST040LD, but the
relevance assessments for these 49 topics were done by ac-
tually creating pools based on these runs. Moreover, these
new TREC 2004 topics come with graded relevance assess-
ments. The downside is that we only have 49 topics, but we
can make comparisons across the five data sets by halving
the other topic sets containing 100 topics. Details will follow
in the Section 5.2.

Note that the NTCIR relevance assessments rely on only
25-40 runs (5-9 teams), while the TREC relevance assess-
ments rely on over 100 runs (14-35 teams). It can be ob-
served that the average number of documents judged per
topic for ROBUST040LD is more than twice as large as
that for the other data sets.

In our main experiments, we “boiled down” test collec-
tions, by reducing either the topic set size starting with (ap-
proximately) 100 topics, or the pool depth starting with
depth-100, or both. The original pool depth was 100 for
each test collection. As was mentioned earlier, the original
topic set was sorted by the variance across systems accord-
ing to a graded relevance metric (See Section 4), and the



high-variance topics (i.e. those that are probably the most
useful for system discrimination) were gradually removed.
In this way, subsets containing 70/50/30 topics were created.
(An even smaller topic set size would not be appropriate for
statistical significance testing.) On the other hand, shallow-
pool “grels” (i.e. relevance assessments) were created as
follows: Let RET; 4 be the set of documents returned at or
above rank d by run r for a topic. Then Py =, RET; 4 is
the depth-d pool for this topic. For every document in Pioo,
i.e. depth-100 pool, we already have the relevance assess-
ment in the original qrels. Then, for each topic, we create
Poo, Pro, Pso, P3o and filter the original qrels with the docu-
ments in these reduced pools. Since we have 4 different topic
set sizes, and five different pool depths, we have 20 differ-
ent versions of “test subcollection” for each test collection,
including the original collection.

In our additional experiments, we start with (approxi-
mately) 50 topics so we only have two different topic set
sizes (approximately 50 and 30). Hence we have 10 differ-
ent versions of “test subcollection” for each test collection
in these experiments, as we shall see later.

4. METRICS

4.1 Measuring Retrieval Effectiveness

For evaluating the retrieval performance of each run based
on each “test subcollection,” we use Q-measure (Q) and
nDCG, which are the official graded-relevance metrics of the
NTCIR IR4QA task [15]. We omit Average Precision (AP),
but it is known that AP and Q are very highly correlated.

Let £ be a relevance level, and let gain(L) denote the
gain value for retrieving an L-relevant document [8]. For our
graded-relevance data shown in Table 1, we let gain(L1l) =
1, gain(L2) = 2 and gain(L3) = 3. Let I(r) = 1 if the doc-
ument retrieved at rank r for a particular topic in a given
run is L-relevant (for some £) and let I(r) = 0 otherwise.
Let C(r) = >.0_, I(¢), i.e. the number of relevant docu-
ments seen so far at rank r. Furthermore, let R(L) denote
the number of known L-relevant documents for a topic, and
let R =3, R(L), ie. the total number of known relevant
documents for that topic.

Let g(r) = gain(L) if the document at rank r is L-relevant
and let g(r) = 0 otherwise. In particular, let g*(r) denote
the gain at rank r of an ideal ranked output, obtained by
listing up the R relevant documents in decreasing order of
the relevance level. Let cg(r) = Y7, g(i) and cg*(r) =
22197 (1)

Let B be a positive constant. Q is defined as:
C(r) + B cy(r)

r+ B g (r) S

1
Q-measure = I ZT: I(r)

Letting 8 = 0 reduces Q to AP, and using a large 8 makes Q
more forgiving to relevant documents found near the bottom
of the ranked list [13]. We let 8 = 1 in this paper.

Let [ be a document cut-off value. The version of nDCG
we use is defined as [2]:

> y_19(r)/log(r + 1)
Sr—197(r)/ log(r +1)
We let [ = 1000 in this paper.

nDCG =

. (2)

4.2 Measuring Statistical Significance

There are several ways to test statistical significance given
paired data: but the ¢-test relies on the normality assump-
tion; the paired Wilcoxon test relies on the symmetry as-
sumption; and the sign test has low power. In contrast, the
bootstrap test is distribution-free, and yet behaves similarly
to the t-test in practice. It can also be used to replace the
swap rate method (See Section 2) for estimating the absolute
mean performance difference required to achieve statistical
significance [12]. Hence we use the bootstrap test in our
experiments3 .

Let Q be the set of topics provided in the test collection,
and let n = |Q|. Let x = (z1,...,2n) and y = (Y1,--..,Yn)
denote the per-topic effectiveness values of systems X and
Y as measured by some metric (e.g. nDCG). We want to
know whether the population means for X and Y, which we
denote by pux and py, are any different. We thus set up the
following hypotheses for y = ux — py:

Hi:p#0.

Let z = (z1,...,2n) where z; = z; — y;. As with stan-
dard significance tests, we assume that z is an independent
and identically distributed sample drawn from an unknown
distribution. Let z = >, z;/n, and let w = (w1,...,wn)
where w; = z; — Z, in order to create bootstrap samples w*°
(b=1,...,B) of per-topic performance differences that obey
Hy. Figure 1 shows the algorithm for obtaining B bootstrap
samples of topics (Q*° ) and the corresponding values for
w*’. We let B = 1000 throughout this paper.

Hy : u=20 V8

forb=1to B
create topic set Q*b of size n = |Q| by
randomly sampling with replacement from Q;
fori=1ton
g = i-th topic from Q*?;
w;‘b = observed value in w for topic g;

Figure 1: Algorithm for creating bootstrap samples
Q™% and w*® = (w}’,...,w}?) for the paired bootstrap
test.

For each trial b, let @*® and 6*° denote the mean and the
standard deviation of w*®. Consider a test statistic:

where & is the standard deviation of z, given by

= (i -2/ (n—1)% .

i

Qi

Figure 2 shows how to compute the Achieved Significance
Level (ASL) using w*®. In essence, we examine how rare the
observed difference would be under Hy. If ASL < 0.05, we
reject Hp: we have enough evidence to state that pux and
py are probably different.

3A recent study [20] recommends the randomization test,
which is also distribution-free. But it appears that the IR
community has yet to agree on which significance tests are
more reliable than others.



Table 2: The effect of cost reduction on errors (misses/false alarms). Significance test results based on the

full test collection are taken to be the ground truth.

t(w?) = w** /(7" //n);
if( |t(w*P)| > |t(z)| ) then count+-+;
ASL = count/B;

Figure 2: Algorithm for estimating the Achieved
Significance Level based on the paired bootstrap
test.

4.3 Measuring the Effect of Reducing
Assessment Cost

We measured the negative effect of boiling down test col-
lections as follows. First, for each of the full test collection,
the runs were sorted by mean Q or mean nDCG. Then, for
every pair of adjacent runs in the sorted list, we conducted a
two-sided paired bootstrap test as described above. Hence,
for a run list of size n, we conducted n— 1 significance tests?.
Significantly different run pairs were recorded: this set is de-
noted by C.. We then re-evaluated each run using a “test
subcollection” and applied significance testing to the same
sorted list (i.e. the same set of adjacent run pairs based on
the full test collection). The set of significantly different run
pairs thus obtained is denoted by C. Then we counted the
number of misses given by |C. — C|, false alarms given by
|C — C.| and errors given as the sum of misses and false
alarms®. Thus, if the full test collection detects a signifi-
cance difference for a run pair and a test subcollection does
not for the same pair, that is a miss. If a test subcollec-
tion detects a significance difference for a run pair, and the
full test collection does not for the same pair, that is a false
alarm. Note that we assume that the results with the full
test collection are the ground truth: we have no other choice.

4Sakai [12] conducted a significant test for every run pair
(n(n—1)/2 pairs) but we only consider adjacent runs to save
computational cost. Note, however, that pairwise statistical
significance is not transitive.

5In principle, another kind of error is possible, where runs
X and Y are significantly different according to both test
collections, but one says X outperforms Y while the other
says Y outperforms X. We verified that such conflicts never
occurred in our experiments.

Q nDCG
dio0 | d90 | d70 [ d50 | d30 di00 | d90 | d70 [ d50 d30

TR4QA-CS #significantly different pairs=7/39 #significantly different pairs=7/39

97t - 1(1/0) | 1(1/0) | 4 (2/2) | 7 (2/5) - 1(1/0) | 2(2/0) [ 4 (3/1) | 5 (3/2)

70t || 3(3/0) | 4(4/0) | 5(3/2) | 6(3/3) | 8(3/5) || 2(2/0) | 2(2/0) | 3(3/0) | 3(3/0) | 3 (3/0)

50t || 4 (3/1) | 4(3/1) | 4(3/1) | 4(3/1) | 7(3/4) || 4(3/1) | 3(3/0) | 3(3/0) | 3(3/0) | 4 (3/1)

30t || 5(3/2) | 5(3/2) | 6(4/2) | 6(3/3) | 8(5/3) || 6 (5/1) | 6(5/1) | 7(5/2) | 9(6/3) | 11 (6/5)
TR4QA-CT #significantly different pairs=5/25 #significantly different pairs=4/25

95t - 0(0/0) | 1(1/0) | 1(1/0) | 1 (1/0) - 0(0/0) [ 0(0/0) | 1 (0/1) | 1 (0/1)

70t || 3(1/2) | 3(1/2) | 3(1/2) |3(1/2) | 5(1/4) || 5(1/4) | 5(1/4) | 5(1/4) | 4 (0/4) | 4 (0/4)

50t || 6(1/5) | 6(1/5) | 7(1/6) | 5(1/4) | 7(2/5) || 6 (1/5) | 6 (1/5) | 6 (0/6) | 7 (1/6) | 8 (1/7)

30t || 10 (2/8) | 10 (2/8) | 11 (2/9) | 7 (2/5) | 6 (2/4) || 8 (2/6) | 9 (2/7) | 9 (1/8) | 8 (1/7) | 9 (2/7)
TR4QA-JA #significantly different pairs=6/24 #significantly different pairs=5/24

8% - 0(0/0) | 0(0/0) | 0(0/0) | 0 (0/0) - 0(0/0) | T(1/0) | 1 (1/0) | I (1/0)

70t || 3(1/2) | 3(1/2) | 3(1/2) | 3(1/2) | 4(2/2) || 2@/ | 2(1/1) | 3(2/1) | 4(2/2) | 5 (3/2)

50t || 7(4/3) | 6(3/3) | 4(2/2) | 5(3/2) | 7(as3) || 2(1/1) | 3(2/1) | 4(2/2) | 5(3/2) | 6 (4/2)

30t 5 (4/1) 5 (4/1) 5 (4/1) 5(4/1) | 5 (4/1) 4 (4/0) 5 (5/0) 4 (4/0) | 4 (4/0) 4 (4/0)
ROBUST040LD #significantly different pairs=3/109 #significantly different pairs=5/109

T00% - T(0/1) [ 1(0/1) [ 1(0/1) [ 1 (0/1) - 2(1/1) | 2(/D [ 2@/ | 3 (1/2)

70t || 4(2/2) | 6(1/5) | 6(1/5) | 5(1/4) | 5(1/4) || 4 (3/1) | 6 (2/4) | 8 (3/5) | 9 (3/6) | 14 (3/11)

50t || 6(1/5) | 8(1/7) | 8(1/7) | 7(1/6) | 8 (1/7) || 9(3/6) | 10 (3/7) | 11(3/8) | 11(3/8) | 13 (3/10)

30t || 6(3/3) | 8(3/5) | 8(3/5) | 8 (3/5) | 9(3/6) || 8 (4/4) | 10 (4/6) | 12(4/8) | 9 (4/5) | 12 (4/8)

count = 0; In our experiments, we investigate the relationship be-
forb=1to B tween the number of errors with cost, which we define as

the number of topics multiplied by the pool depth. We do
not consider the cost of topic development [4], although we
acknowledge that this in practice has a considerable impact
on the overall cost of test collection construction.

S. RESULTS AND DISCUSSIONS
5.1 Main Results with 100 Topics

Table 2 summarises the results of our main experiments
in boiling down test collections with (approximately) 100
topics. For each test collection, the “true” number of signif-
icantly different run pairs (i.e. |C«|) are shown together with
the total number of pairwise comparisons. For example, for
TR4QA-CS, since we have 40 runs, comparing adjacent pairs
in the sorted run list yields 39 comparisons. In the table,
“30t” means a test subcollection with the topic set reduced
to 30 topics, and “d30” means evaluation with depth-30
pools, and so on. For example, in our experiments with
TR4QA-CT and Q-measure, it can be observed that, while
95 topics with depth-30 pools yield only one error (one miss
and no false alarms), 30 topics with depth-100 pools yield as
many as 10 errors (two misses and eight false alarms). With
the exception of the IR4QA-CS results, the observable trend
is that using 100 topics with depth-30 pools generally yields
fewer errors than using 30 topics with depth-100 pools, as
indicated in bold.

The “d100” columns in Table 2 show that, even with
depth-100 pools, using fewer than 100 topics yields false
alarms. This is alarming, given that many IR studies are
based on evaluation with some 50 topics and finding a sta-
tistically significant difference between a proposed method
and a baseline. The results demonstrate that the signif-
icance may well disappear when a larger topic set is used.
Of course, significance testing is always associated with both
the probability of Type I Error (concluding that systems X
and Y are different although in truth they are not) and that
of Type II Error (concluding that X and Y are the same
although in truth they are not), so this is not altogether sur-
prising. However, it should remind researchers to be careful
about reporting experimental results based on a single test



collection — multiple test collections with a large topic set
and multiple evaluation metrics should be used to minimise
the risk of jumping to wrong conclusions.

Figure 3 visualises Table 2, by plotting the misses, false
alarms and errors against cost. For a full test collection with
100 topics, each with a depth-100 pool, the cost is 10,000. A
test subcollection with 30 topics and depth-70 pools, and one
with 70 topics and depth-30 pools, both correspond to the
cost of 2,100. It its clear that cost and the number of errors
are negatively correlated, and any attempt at substantially
reducing cost introduces some errors.

Figure 3 also shows that the NTCIR-7 IR4QA and the
TREC 2004 robust track test collections all yield a compa-
rable and considerable number of errors in response to cost
reduction, and this is true despite the fact that the TREC
relevance assessments relied on more than twice as many
runs as the NTCIR ones: over 100 vs. 25-40 runs (See Ta-
ble 1). Recall also that the number of judged documents
for ROBUST040LD is also at least twice as high as those
for IR4QA, which indicates the diversity of the TREC runs.
Hence, collecting many runs does not seem to have helped
here. But are we underestimating the robustness of the
TREC data to cost reduction just because the 110 evaluated
runs are “new” from the viewpoint of the ROBUST040OLD
relevance assessments? We shall discuss this question in the
next section.

5.2 Additional Results with 50 Topics

To remedy the fact that the runs that were evaluated
with the ROBUST04OLD topics were not used for the rele-
vance assessments of these topics, we conducted additional
sets of experiments with ROBUST04NEW which has 49
topics with relevance assessments that are actually based
on the 110 runs. As was explained in Section 3, we also
used the 50-topics versions of the three IR4QA and the RO-
BUST040LD data sets, which we obtained in our main ex-
periments through variance-based topic set reduction. The
only difference between our main experiments and our ad-
ditional experiments with the IR4QA and ROBUST040LD
data is that, in the additional experiments, the reduced topic
set containing 50 topics was treated as the ground truth.
That is, we act as if these four test collections had only 50
topics from the beginning. This makes comparisons across
the five data sets easier.

Table 3 summarises the results of boiling down the five
test collections, starting with (approximately) 50 topics. Un-
fortunately, for ROBUST04NEW, there was no significantly
different run pair from the beginning (i.e. |C.| = 0), and
therefore, by definition, misses do not happen. However, it
can be observed that even ROBUST04NEW is quite vul-
nerable to topic set reduction: for example, with 30 topics
and depth-30 pools, it yields as many as 13 false alarms
in terms of Q-measure, which is the largest number of er-
rors observed across the five data sets. Hence, regardless of
whether the relevance assessments originate from the evalu-
ated runs (ROBUST04NEW) or not (ROBUST040LD), the
TREC data appear to be as vulnerable to any attempt at
cost reduction as the NTCIR data. (With the full set of 49
topics, ROBUST04NEW appears to be relatively robust to
shallow pool depths. However, this may be an artifact of
the fact that |Cy] = 0.)

6. CONCLUSIONS AND FUTURE WORK

Through extensive experiments using data from both NT-
CIR and TREC, each with (approximately) 100 topics, we
explored the possibilities of boiling down existing test col-
lections to reduce manual assessment cost. Our main find-
ings are: (a) Cost and the number of errors are negatively
correlated, and any attempt at substantially reducing cost
introduces some errors; (b) The NTCIR-7 IR4QA and the
TREC 2004 robust track test collections all yield a compa-
rable and considerable number of errors in response to cost
reduction, and this is true despite the fact that the TREC
relevance assessments relied on more than twice as many
runs as the NTCIR ones; (¢) Using 100 topics with depth-
30 pools generally yields fewer errors than using 30 topics
with depth-100 pools; and (d) Even with depth-100 pools,
using fewer than 100 topics results in false alarms, i.e. two
systems are declared significantly different even though the
full topic set would declare otherwise.

Finding (a) suggests that these test collections are already
“minimal” in a way, and that the effort and cost spent on the
relevance assessments were basically worthwhile. Finding
(b) suggests that using many participating runs/teams for
constructing a test collection does not guarantee a higher re-
liability of experiments using that collection. Finding (c) is
in agreement with previous studies [3, 4, 19, 26], but we have
generalised this beyond TREC data. Finding (d) should re-
mind researchers to be careful about reporting experimental
results based on a single test collection with 50 or even 70
topics. This also generalises a recent finding [25] beyond
TREC data.

Clearly, there are limitations to this study. Our basic
assumption is that the results based on the full test collec-
tion is the ground truth, but obviously even these results
could be “wrong.” Just as significant differences based on
50 topics can disappear when we add 50 more topics (as
we have demonstrated), significant differences based on 100
topics may well disappear when we add (say) 100 more top-
ics. This we do not know because we do not have 200 topics.
Of course, there will always be Type I Errors and Type 11
Errors — researchers should use multiple test collections with
a large topic set and multiple evaluation metrics to minimise
the risk of jumping to wrong conclusions.

One important direction for future research is selecting a
minimal topic set for reliable IR evaluation (7, 28]. Which
combination of topics to include is probably more important
than just how many. Another direction is selecting which
documents to judge for relevance without introducing any
biases towards run or documents, and without relying on a
particular evaluation metric such as Average Precision. Fi-
nally, a selective usage of submitted runs for forming a reli-
able and reusable relevance assessments is also an interesting
research question, since the present study has witnessed that
a test collection built based on many runs does not neces-
sarily yield more reliable experiments than one built based
on much fewer runs does. Intuitively, it would make sense
to select runs per topic, rather than to use a frozen subset
of runs for all topics.
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Table 3:

Additional results on the effect of cost reduction on errors (misses/false alarms).

For RO-

BUSTO04NEW, significance test results based on the full test collection (49 topics with depth-100 pools)
are taken to be the ground truth. For the other data sets, the results based on the size-50 reduced topic sets
with depth-100 pools are taken to be the ground truth.

Q nDCG
di00 [ d90 | d70 [ _d50 | d30 di00 | _d90 [ d70 [ d50 30
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B | sy | 4G | atm | aGm | 2G| o | 560 | s | | b
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