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Abstract

Test collections have traditionally been used by information retrieval researchers to improve their
retrieval strategies. To be viable as a laboratory tool, a collection must reliably rank different retrieval
variants according to their true effectiveness. In particular, the relative effectiveness of two retrieval
strategies should be insensitive to modest changes in the relevant document set since individual relevance
assessments are known to vary widely.

The test collections developed in the TREC workshops have become the collections of choice in the
retrieval research community. To verify their reliability, NIST investigated the effect changes in the
relevance assessments have on the evaluation of retrieval results. Very high correlations were found
among the rankings of systems produced using different relevance judgment sets. The high correlations
indicate that the comparative evaluation of retrieval performance is stable despite substantial differences
in relevance judgments, and thus reaffirm the use of the TREC collections as laboratory tools. Published
by Elsevier Science Ltd.
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1. Introduction

The information retrieval (IR) field has a long tradition of using retrieval experiments on test
collections to advance the state of the art (Cleverdon, Mills & Keen, 1968; Salton, 1971;
Sparck Jones, 1981). In a common experimental scenario, a particular retrieval system
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configuration is used to run a set of queries against a set of documents and the results are
evaluated in terms of precision and recall. (The accuracy of a system is measured by precision,
the proportion of retrieved documents that are relevant; the coverage of a system is measured
by recall, the proportion of relevant documents that are retrieved.) A second system
configuration is used to produce a second set of retrieval results that are evaluated in turn and
compared to the first set. The systematic variation of key system parameters allows the
researcher to isolate factors that contribute to retrieval effectiveness.

The field has almost as long a history of criticism of this experimental paradigm (Cuadra &
Katter, 1967; Harter, 1996; Taube, 1965). The gist of the critics’ complaint is that relevance is
inherently subjective. Relevance judgments are known to differ across judges and for the same
judge at different times (Schamber, 1994). Critics question how valid conclusions can be drawn
when the process is based on something as volatile as relevance.

Experimentalists have had two responses to this charge. The first response is pragmatic:
experience has shown that system improvements developed on test collections prove beneficial
in other environments including operational settings. The second response is a small set of
studies that show that the comparative performance of two retrieval strategies is quite stable
despite marked differences in the relevance assessments themselves. Lesk and Salton (1969) and
Burgin (1992) found no differences in the relative performance of different indexing methods
when evaluated using different sets of relevance judgments. Cleverdon (1970) found a few
differences in the ranks of 19 different indexing methods when evaluated using four
independent sets of judgments, but the correlation between the methods’ rankings was always
very high and the absolute difference in performance of the indexing methods was quite small.

The TREC workshops continue the tradition of experimental IR (Harman, 1993). An
important outcome of the workshops is a set of large test collections that are now widely used
by the retrieval community. A variety of different organizations — including many
organizations that do not participate in the TREC workshops themselves — use the collections
to develop their own retrieval strategies. In addition, the common tasks defined in TREC have
increased the number of cross-system comparisons that are made. Since so much research is
being conducted on the collections, it is important that the collections reliably reflect the
relative merit of different retrieval strategies.

Unfortunately, the results of the studies cited earlier are not directly applicable to the TREC
collections. Each of the studies used small test collections (fewer than 1300 documents), and
therefore had a correspondingly small number of relevant documents for each query. The
TREC collections are many times larger (approximately 800,000 documents each) and some
queries have hundreds of relevant documents. Also, the earlier studies each compared variants
of the same system, so the effect of changes in relevance assessments across system types is
unknown.

To verify that the TREC collections are reliable laboratory tools, NIST investigated the
effect changes in the relevance assessments have on the evaluation of retrieval results. This
report is a result of that investigation. The next section provides background on the process
used to create the TREC relevance assessments. Section 3 describes the effect of varying the
relevance assessments for the results submitted to two TREC conferences, and shows that the
comparative results are remarkably stable. Section 4 analyzes why the comparative evaluation
is as stable as it is. The final section summarizes our findings.
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2. TREC

The TREC conference series was started in 1992 to foster research in information retrieval
by offering large test collections and a forum for researchers to discuss their work on a
common problem (Harman, 1993). To date, TREC has issued five compact disks of English
documents (roughly 5 gigabytes of text) and 400 information need statements, called ropics.
Different subsets of the topics have been evaluated against different portions of the total
document set, so TREC has built a series of test collections rather than a single test collection.
See http://trec.nist.gov/data/intro_eng.html for a description of which
topics and documents comprise the different test collections.

The process of creating a test collection in TREC has been relatively unchanged since
TREC-3:

e cach relevance assessor creates a set of approximately ten candidate topics, and uses the
candidate topics to search the target document collection. A total of fifty topics are selected
from the candidate topics based on the estimated number of relevant documents and load-
balancing across assessors. Fig. 1 gives two example TREC topics;

e the fifty topics are used in the TREC ad hoc task for that year. Participants use the topics to
make a retrieval run with their system and submit a ranking of the top 1000 documents for
each of the topics to NIST for evaluation. A participant may submit two or three different
runs (each of which is called a “‘system’ below);

e NIST forms a document pool for each topic from the top 100 documents from each run that
will be judged. (Some years all submitted runs are judged; when that is not feasible, an equal
number of runs per participant is judged and the participants select which of their runs will

( num ) Number: 207

( desc ) What are the prospects of the Quebec separatists achieving independence from the
rest of Canada?

( num ) Number: 312
( title ) Hydroponics

( desc ) Description:
Document will discuss the science of growing plants in water or some substance other than
soil.

( narr ) Narrative:

A relevant document will contain specific information on the necessary nutrients, experi-
ments, types of substrates, and/or any other pertinent facts related to the science of hy-
droponics. Related information includes, but is not limited to, the history of hydroponics,
advantages over standard soil agricultural practices, or the approach of suspending roots
in a humid enclosure and spraying them periodically with a nutrient solution to promote
plant growth.

Fig. 1. Sample topics from TREC-4 (207) and TREC-6 (312).
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be judged.);

e the relevance assessor that created the topic makes a binary decision of ‘relevant’ or ‘not
relevant’ for each of the documents in that topic’s pool. Any document that is not in the
pool — and therefore is not judged — is assumed to be not relevant.

NIST evaluates each of the participating systems using the relevance assessments created by
this process. The official evaluation reports several different variants of precision and recall,
such as the mean precision at various cut-off levels and a recall-precision graph. One particular
measure, mean average precision, is often used as a single summary evaluation statistic. The
average precision for a single topic is the mean of the precision obtained after each relevant
document is retrieved. The mean average precision for a submission consisting of multiple
topics is the mean of the average precision scores of each of the topics in the submission. In
this paper, a system ranking is a list of the systems under consideration sorted by decreasing
mean average precision unless otherwise stated.

3. The stability of system rankings

The investigation into the stability of system rankings was carried out in two parts. The
main study used three independent sets of assessments that NIST obtained for each of the 49
topics used in the TREC-4 evaluation (Topics 202-250). A smaller follow-up study was
performed using the TREC-6 topics (Topics 301-350) and a set of alternate relevance
judgments made at the University of Waterloo. Each of these studies is described in detail in
the remainder of this section.

3.1. TREC-4 relevance assessments

To acquire the data necessary for the study, the TREC-4 relevance assessors were asked to
judge additional topics once they had finished with the main TREC-4 assessing. The author of
a topic is its primary assessor. After the primary assessor was finished with a topic, a new
document pool was created for it. This new pool consisted of all of the relevant documents as
judged by the primary assessor up to a maximum of 200 relevant documents (a random sample
of 200 relevant documents was used if there were more than 200 relevant documents) plus 200
randomly selected documents that the primary assessor judged not relevant. The new pool was
sorted by document identifier and given to two additional assessors (the secondary assessors)
who each independently judged the new pool for relevance. Because of the logistics involved, a
topic was given to whatever secondary assessor was available at the time, so some individual
assessors judged many more topics than others. However, each topic was judged by three
individuals.

Previous studies have used the overlap of the relevant document sets of quantify the amount
of agreement among different sets of relevance assessments (Lesk & Salton 1969). Overlap is
defined as the size of the intersection of the relevant document sets divided by the size of the
union of the relevant document sets. Table 1 gives the mean overlap for each pair of assessors
and the set of three assessors. Documents that the primary assessor judged relevant but that
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Table 1
Mean overlap for each assessor pair and the set of three assessors

Assessor group Overlap
Primary & A 0.421
Primary & B 0.494
A&B 0.426
All three 0.301

were not included in the secondary pool (because of the 200 document limit) were added as
relevant documents to the secondary assessors’ judgments for the analysis.

The overlap shown in Table 1 for pairs of assessors is greater than the overlap in the earlier
studies. This is not surprising since the NIST assessors all have a similar background (retired
information analyst), had the same training for the TREC task, and judged documents under
identical conditions. Indeed, it is perhaps surprising that the overlap is not higher than it is
given how similar the judges are; this is yet more evidence for the variability of relevance
judgments. For some topics, the judgment sets produced by the three assessors are nearly
identical, but other topics have very large differences in the judgment sets. For example, the
primary assessor judged 133 documents as relevant for Topic 219, and yet no document was
unanimously judged relevant. One secondary assessor judged 78 of the 133 irrelevant, and the
other judged all 133 irrelevant (though judged one other document relevant). Across all topics,
30% of the documents that the primary assessor marked relevant were judged nonrelevant by
both secondary assessors. In contrast, less than 3% of the documents judged nonrelevant by
the primary assessor were considered relevant by both secondary assessors.

As a different view of how well assessors agree with one another, we can evaluate one set of
judgments, say set Y, with respect to another set of judgments, set X. Assume the documents
judged relevant in set Y are the retrieved set; then we can compute the recall and precision of
that retrieved set using the judgments in X. Table 2 gives the recall and precision scores
averaged over the TREC-4 topics for the different sets of judgments. Note that the recall score
when set Y is evaluated with respect to set X is the precision score when set X is evaluated
with respect to set Y, and vice versa.

The recall and precision scores illustrate that, on average, the primary assessor judges more
documents relevant than do the secondary assessors. The scores for the two sets of secondary
judgments imply a practical upper bound on retrieval system performance is 65% precision at
65% recall since that is the level at which humans agree with one another.

Table 2
Mean precision and recall scores when judgments in set Y are evaluated with respect to judgments in set X

X Y Precision Recall
Primary A 0.813 0.528
Primary B 0.819 0.618
A B 0.605 0.695
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3.1.1. Defining different qrels sets

For a test collection, the important question is not so much how well assessors agree with
one another, but how evaluation results change with the inevitable differences in assessments.
To test this directly, we can evaluate the same systems using different sets of relevance
judgments. A system is evaluated over a set of topics, and each topic has a set of judgments
produced by each assessor. Call the concatenation of one judgment set per topic a grels (for
query-relevance set). With three independent judgments for each of 49 topics, we can
theoretically create 3* different grels by using different combinations of assessor’s judgments
for the topics, and evaluate the systems using each qrels. Note that each of these qrels might
have been the qrels produced after the TREC conference if that set of assessors had been
assigned those topics. To simplify the analysis that follows, we discarded Topic 214 since
Secondary Assessor A judged no documents relevant for it'. That leaves 48 topics and 3*
possible grels.

Three of the 3*® possible qrels are special cases. The original qrels set consists of the primary
assessments for each topic — this is the qrels released after TREC-4 except that it lacks Topic
214. The set of judgments produced by the Secondary A judge for each topic, and the set of
judgments produced by the Secondary B judge for each topic constitute the Secondary A qrels
and the Secondary B grels, respectively. We created a sample of size 100,000 of the remaining
qrels by randomly selecting one of the primary or secondary assessors for each of the 48 topics
and combining the selected judgments into a qrels. Adding the three distinguished qrels to the
sample gives a total of 100,003 grels that were used to evaluate retrieval systems. Finally, two
additional grels, the union and intersection qrels, were created from the relevance judgments.
In the union grels a document is considered to be relevant to a topic if any assessor judged it
relevant to that topic; in the intersection qrels a document is considered to be relevant to a
topic if all three assessors judged it relevant to that topic. Because two topics had no
documents that all assessors agreed were relevant (219 and 232), the intersection qrels contains
only 46 topics.

There were 33 category A ad hoc retrieval systems used in TREC-4. We evaluated each of
these systems against each of the qrels in the sample of 100,003 grels and computed the sample
mean of the mean average precision for each system. The means are plotted in Fig. 2 where the
systems are sorted by decreasing mean. The error bars in Fig. 2 indicate the minimum and the
maximum mean average precision obtained for that system over the sample. Also plotted in
the figure are the mean average precision scores computed using the original, union, and
intersection qrels. These points demonstrate how the system ranking changes for an individual
grels vs the ranking by the mean: a system with a symbol higher than the corresponding
symbol of a system to its left would be ranked differently in the individual grels ranking. For
example, the pircs2 and uwgcll systems (shown in position 2 and 3 in Fig. 2) would
switch positions when evaluated by the Original grels.

The plot in Fig. 2 demonstrates that the mean average precision score does change
depending on the qrels used in the evaluation. The difference between the minimum and
maximum mean average precision values is greater than 0.05 for most systems. However, the

' The means reported in Section 3.1 do not include Topic 214.
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changes are very highly correlated across systems. That is, if a particular system gets a
relatively high score with a particular grels, then it is very likely that the other systems will
also get a relatively high score with that qrels. The union qrels (the triangle in Fig. 2), for
example, is close to the top of the range for each system.

The correlation can be quantified by using a measure of association between the different
system rankings. We used a correlation based on Kendall’s tau (Stuart, 1983) as the measure of
association between two rankings. Kendall’s tau computes the distance between two rankings
as the minimum number of pairwise adjacent swaps to turn one ranking into the other. The
distance is normalized by the number of items being ranked such that two identical rankings
produce a correlation of 1.0, the correlation between a ranking and its perfect inverse is —1.0,
and the expected correlation of two rankings chosen at random is 0.0.

We computed the mean of the Kendall correlations in the sample of 100,003 grels in two
ways. In the first case, we took the mean of the correlations between the ranking produced by
the original grels and the rankings produced by each of the other 100,002 grels. In the second
case, we took a random subsample of 1000 grels and computed the mean correlation across all
pairs in the subsample. The mean, minimum, and maximum Kendall correlations for the two
methods are given in Table 3. The numbers in parentheses show the number of pairwise
adjacent swaps a correlation represents given that there are 33 systems in the rankings. (Note
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Fig. 2. Sample mean, minimum, and maximum of the mean average precision computed for each of 33 TREC-4
systems over a sample of 100,003 qrels. Also plotted are the mean average precision for the original, union, and
intersection qrels. Systems are labeled as either manual (M) or automatic (A).
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that the way in which the qrels were constructed means that any two qrels are likely to contain
the same judgments for 1/3 of the topics. Since the qrels are not independent of one another,
the Kendall correlation is probably slightly higher than the correlation that would result from
completely independent grels.)

On average, it takes only 16 pairwise, adjacent swaps to turn one ranking into another
ranking. The vast majority of the swaps that do take place are between systems whose mean
average precisions are very close (a difference of less than 0.01). A discussion of the probability
of a swap as a function of the difference in the mean average precisions is given below.

3.1.2. Union and intersection grels

The plots of the union and intersection qrels evaluations in Fig. 2 show that the evaluation
using those qrels sets is not different from the evaluation using the other qrels sets. The
intersection and union qrels differ from the other sets in that each topic’s judgments are a
combination of judges opinions in the union and intersection qrels. The intersection qrels set
represents a particularly stringent definition of relevance, and the union qrels a very weak
definition of relevance. Nonetheless, in all but two cases (intersection qrels for systems
pircs2 and uwgcl1), the mean average precision as computed by the union and intersection
grels falls within the range of values observed in the sample of 100,003 qrels. The
corresponding rankings are also similar: the Kendall correlation between the original qrels
ranking and the union qrels ranking is 0.9508, and between the original and intersection
rankings is 0.9015.

The lack of a difference when using a union qrels as compared to an individual opinion grels
contradicts an earlier finding by Wallis and Thom (1996). They concluded that a relevance set
created from the union of different users’ opinions ranked systems differently than the
individual relevance sets when evaluating systems for high recall. To test the effect of the
evaluation measure used to rank the systems, the experiment above was repeated, but this time
recall at 1000 documents retrieved, rather than mean average precision, was used to rank the
systems. The recall scores obtained are shown in Fig. 3, and the Kendall correlations among
the 100,003 rankings are given in Table 4. The Kendall correlation between the original qrels
ranking and the union ranking is 0.9811 and between the original and intersection qrels is
0.8939.

These results demonstrate that the stability of the recall-based rankings is comparable to the
stability of the mean average precisions rankings. The intersection qrels has more scores that
lie outside the range of the individual opinion qrels when evaluated for high recall, but the
union qrels behaves completely like any other qrels in the set. The difference between this

Table 3
Kendall correlation of system rankings and corresponding number of pairwise adjacent swaps produced by different
qrels. With 33 systems, there is a maximum of 528 possible pairwise adjacent swaps

Mean Minimum Maximum

With Original 0.9380 (16) 0.8712 (34) 0.9962 (1)
In subsample 0.9382 (16) 0.8409 (42) 0.9962 (1)
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Fig. 3. Sample mean, minimum, and maximum of the mean Recall(1000) computed for each of 33 TREC-4 systems

over a sample of 100,003 qrels. Also plotted is recall for the original, union, and intersection qrels. Systems are
labeled as either manual (M) or automatic (A).

Table 4

Kendall correlation of system rankings based on Recall(1000), and corresponding number of pairwise adjacent
swaps produced by different qrels

Mean Minimum Maximum
With Original 0.9404 (16) 0.8712 (34) 0.9962 (1)
In subsample 0.9399 (16) 0.8598 (37) 1.0 (0)
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finding and that of Wallis and thom is most likely a result of the number of topics used in the
experiment. As explored in Section 4, the stability of the rankings is due in large part to the
fact that the rankings are based on average behavior over a sufficient number of topics.
Because of the difficulty of obtaining multiple sets of judgments, Wallis and Thom’s study used
only seven topics, and the rankings were effectively based on fewer topics still since total
number of relevant retrieved (the evaluation measure they used) is dominated by topics that
have many relevant documents.

3.1.3. Estimating the probability of a swap

The purpose of a test collection is to enable developers of IR systems to isolate factors that
contribute to retrieval effectiveness. To this end, statements about the average stability of the
ranking of a set of systems are not as interesting as statements regarding the probability that
any two particular systems will be ranked in a different order if the relevance judgments
change. Define a swap to be the situation in which one qrels ranks system i before system j and
a second qrels ranks system j before system i. This subsection uses the sample of 100,003 grels
to estimate the probability that a swap exists for each pair of TREC-4 systems.

Let B[i, j] be the number of qrels that cause system i to evaluate as better than system j. Then
the estimated probability of a swap between systems i and jis min(B[i, j], B[ j, i])/100, 003. Note
that since we treat i and j symmetrically in this definition, the maximum probability of a swap is
0.5. Fig. 4 plots the probability of a swap against the difference in the mean average precision of
the two systems as evaluated using the original qrels. In the plot, each point is labeled with
whether the two systems are manual systems (M), automatic systems (A), or one of each (X).
Only pairs of systems that actually swapped and have a difference of at least 5% in mean average
precision are plotted. Of the 528 pairs of systems, 427 have no swaps for all 100,003 grels. Of the
remaining 101 pairs, 63 have a difference in mean average precision of at least 5%, and 27 have a
difference of at least 10%.

Points plotted furthest from the origin of the graph in Fig. 4 are of interest because they
represent pairs of systems that either swap often or have large differences in the mean average
precision. For example, each of the cityml and INQ201 systems had almost an equal
number of qrels for which it was ranked higher than the other, though the pair just barely
made the 5% difference in mean average precision cut-off. At the other extreme, the uwgcl1
and CLARTN systems swapped only 50 times, but had a difference in mean average precision
of approximately 12%. Four systems that participate in most of the outlying points —
CLARTF, CLRTN, INQ202, and gmu2 — are the four systems that have the largest sample
variance of the mean average precision as computed over the 100,003 grels.

Fig. 4 shows that automatic systems are more stable than manual systems. (The definition of
a “manual” system is very broad in TREC: a system is labeled as a manual system if any
human intervention occurred during the processing. Creating the original query by hand from
the topic, manually tweaking automatically assigned weights, and doing relevance feedback all
receive the “manual” label.) Ten of the 63 points plotted in the graph are of pairs of automatic
systems, and for all but three of those pairs the probability of a swap is less than 0.02. The
two automatic pairs with a probability of a swap close to 0.3 involve the gmu2 system. The
relatively large variation in the gmu2 system is completely attributable to Topic 232. The
Secondary B assessor judged exactly one document relevant for Topic 232, and the gmu?2
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system (only) ranked that document first. Retrieving the single relevant document first makes
the average precision for that topic 1.0 as compared to an average precision of 0.1152 of
0.0021 for the other assessor’s judgments. The mean average precision score for system gmu?2
thus changes significantly depending on whether or not Secondary B assessments are used for
Topic 232.

TREC-4 participants could make up to two ad hoc submissions, and 14 participants
submitted two. Thirteen of the 14 pairs of systems in which both systems were submitted by
the same organization had no swaps at all; the other pair (the two Cornell systems, CrnlAE
and CrnlAL) ranked in the same order for all but five of the 100,003 qrels. The two Cornell
systems had a difference of 0.0114 or 4.1% in the mean average precisions as evaluated by the
original qrels. The difference for other same-organization pairs was usually larger, though the
difference between the two CLARITECH systems (CLARTF and CLARTN) was 3.7%, and the
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0.4 X <4— {nyuge4,INQ201}

x ®— {CmlAL,CLARTF}
M <€— {uwgcl1,INQ202}

A € A <€4— {nyuge3,gmu2} and {padreA,gmu2}

="
]
2
wv
s
4 X
E
E M <— {INQ202,CLARTF}
[=]
& 024
A
M
" X
{uwgel1 ,CLARTF)
M
. v
D M
X X Mo X {uwgc CLARTN}
M A £ oM X M Q
00 X X Xn s N— el .
0.00 0.02 0.04

Difference in mean average precision (difference < 5% not plotted)

Fig. 4. Probability of a swap vs difference in mean average precision for TREC-4 systems. Only pairs of systems
that have a difference greater than 5% and a non-zero probability of a swap are plotted. The label of a point
indicates whether the systems in the pair are both automatic (A), both manual (M), or one of each (X).
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difference between the two systems from the National University of Singapore (issah2 and
issahl) was 2.3%. The fact that the two CLARITECH systems never swapped is
particularly striking. These two systems had the largest variances in the set of 33 systems, and
between the two of them are involved in 14 of the 63 points plotted in Fig. 4. Yet even with
the very small absolute difference in mean average precision, the two systems were ranked in
the same order by all grels. The evidence of the same-organization pairs demonstrates that the
TREC test collections are viable laboratory tools for experiments contrasting variants of the
same basic retrieval strategy.

Comparisons of different retrieval approaches need to be made with some more care,
especially when user interaction is involved in producing the retrieval results. A common rule
of thumb is that differences of less than 5% are not meaningful, differences between 5 and
10% are noticeable, and differences of greater than 10% are material (Sparck Jones, 1974).
However, Fig. 4 suggests that it is possible — though quite unlikely — that results from
different organizations that have greater than a 10% difference in their mean average precision
scores when evaluated by one qrels may sort differently if another set of relevance judgments is
used.

3.2. TREC-6 relevance assessments

In the discussion of the overlap of the TREC-4 relevance assessments, it was noted that the
assessments were all made by NIST assessors who have similar backgrounds and training.
Perhaps the stability of the evaluation results reflects only the common background of the
NIST assessors. We can test this hypothesis by comparing the evaluation results using qrels
produced by NIST vs grels created outside of NIST.

In the course of their participation in TREC-6, the University of Waterloo judged over
13,000 documents for relevance across the 50 TREC-6 ad hoc topics (Cormack, Clarke, Palmer
& To, 1998), averaging about 2 h per topic making judgments. The circumstances of the
Waterloo judgments differed dramatically from those of the NIST TREC-6 judgments: the
Waterloo assessors have very different backgrounds from the NIST assessors; the pool of
documents Waterloo used to make the judgments was smaller and the result of a single
system’s searches, but also contained a higher percentage of relevant documents than the NIST
pool; the Waterloo assessors were not the topic authors. Both sets of assessors had the
common goal of finding the complete relevant document set.

The Waterloo assessors used a three-point relevance scale — relevant, not relevant, and ‘iffy’
— but binary assessments are needed to be compatible with the NIST assessments and the
evaluation software. For this analysis, we forced all iffy judgments to not relevant. The mean
overlap between the two assessments sets for the 50 TREC-6 topics is 0.328. One topic, Topic
309, has an overlap of 0.0 since no documents are in the intersection of the relevant sets. Topic
320 has an overlap of 1.0 since the relevant sets for that topic are identical.

There were 74 category A, ad hoc submissions to TREC-6. Each of these systems was
evaluated using four different qrels: the original NIST assessments, the Waterloo assessments,
the union of the two assessment sets, and the intersection of the two sets. Fig. 5 shows the
mean average precision for the systems as evaluated using each of the four qrels when the
systems are ordered by the mean average precision using the original qrels. (The Waterloo
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Fig. 5. Mean average precision for TREC-6 systems as evaluated using four different qrels.

system uwmt6a0 is not plotted because of the scale of the plot. The ranking submitted by
Waterloo for that submission was constructed such that each of the documents they judged
relevant were ranked first; that gives the system a mean average precision of 1.0 when using the
Waterloo qrels. The system is ranked first using the NIST qrels as well, with a mean average
precision of 0.4631.)

The Kendall correlations between the rankings produced by each pair of qrels is given in
Table 5. Once again the correlations among the rankings are quite high, with a mean

Table 5

Kendall correlation between rankings produced at different qrels sets on the TREC-6 data. Also shown is the
number of swaps the correlation represents given that there are 74 systems represented in the rankings (and thus
2701 possible swaps)

qrels pair Correlation Swaps
NIST & Waterloo 0.8956 141
NIST & union 0.9556 60
NIST & intersection 0.8904 148
Waterloo & union 0.8956 141
Waterloo & intersection 0.9237 103
Union & intersection 0.8652 182

Mean 0.9044 129
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correlation of 0.9044. The NIST qrels is more highly correlated with the union qrels, and the
Waterloo qrels with the intersection qrels, reflecting the diversity of the respective pools. The
smallest correlation is between the union and intersection qrels.

From the set of 74 systems, 66 pairs of systems are such that the same participant submitted
both. From these 66 pairs, only 10 pairs were ranked in different orders by some pair of qrels.
Four of the pairs had a difference in mean average precision as measured by the NIST qrels of
less than 5%, another four had a difference of between 5 and 10%, and the remaining two
pairs had a difference of greater than 10%. This differs somewhat from the TREC-4 systems in
which no pair of systems submitted by the same organization had any swaps to speak of.
However, the evidence suggests that this difference is more a consequence of a different set of
topics than a different source for the relevance judgments.

The definition of mean average precision of a system gives equal weight to each topic
regardless of the number of relevant documents a topic has. Usually this is desirable because it
emphasizes a user’s view of the system. However, when there are very few relevant documents
(say, five or fewer) the average precision measure itself is unstable in that small perturbations
in the document ranking can cause large differences in the average precision. The extreme case
of this is demonstrated in the TREC-4 gmu2 system. With one relevant document, ranking
that documents second instead of first halves the average precision of the topic from 1.0 when
the relevant document is ranked first to 0.5 when it is ranked second. The TREC-6 collection
appears to be affected by this instability more so than the other TREC collections. For
example, in the official TREC-6 evaluation, CUNY system pirc7At had a mean average
precision of 0.2556 while system pirc7Aa had a mean average precision of 0.2332 (a 10%
difference). Yet by most other evaluation measures pirc7Aa was more effective: it retrieved
more relevant documents in total, it had higher precision at ranks 10 and 20, and the average
precision was greater than the median average precision for more topics (Kwok, Grunfeld &
Xu, 1998).

The NIST qrels for TREC-6 contain five topics (308, 309, 338, 344, 348) that have five or
fewer relevant documents. The Waterloo qrels have three such topics (308, 312, 348), two of
which are the same as the NIST topics and one additional topic. To remove some of the
confounding effects of the inherent instability of the average precision measure from the

Table 6
Kendall correlation between rankings produced by different qrels sets evaluated using the entire set of 50 topics and
the set of 44 topics that have more than five relevant documents

qrels pair 50 44

NIST & Waterloo 0.8956 0.9074
NIST & union 0.9556 0.9637
NIST & intersection 0.8904 0.8882
Waterloo & union 0.8956 0.9126
Waterloo & intersection 0.9237 0.9511
Union & intersection 0.8652 0.8800

Mean 0.9044 0.9172
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variability caused by different assessors, we repeated the TREC-6 study using only the 44
topics that had more than five relevant documents in both assessment sets.

The mean overlap between the NIST and Waterloo qrels increases slightly from 0.328 to
0.337 when the six topics are discarded, mostly because the one topic with an overlap of 0.0 is
among the discarded. Table 6 shows the Kendall correlations between each of the pairs of
rankings for both 50 and 44 topics. The mean correlation and the correlations for all but one
pair of grels also increase. Finally, seven? of the 66 pairs of single-participant systems swapped,
one of which has a difference in mean average precision of greater than 10%. This pair,
gerual and gerua2, consists of manual systems in which users judged documents and
performed relevance feedback. Such feedback submissions essentially add a third relevance
judge into the mix, and are consequently less stable.

The increased stability in the system rankings when topics with small numbers of relevant
documents are removed supports the hypothesis that these topics are inherently less stable.
However, even with all 50 topics included in the comparison, the results of the TREC-6
experiment are the same as those of the TREC-4 experiment. Different relevance assessments,
created under disparate conditions, produce essentially the same comparative evaluation
results.

4. Analysis

Lesk and Salton (1969) gave three reasons for the stability of system rankings despite
differences in the relevance judgments:

1. Evaluation results are reported as averages over many topics.

2. Disagreements among judges affect borderline documents, which in general are ranked after
documents that are unanimously agreed upon.

3. Recall and precision depend on the relative position of the relevant and nonrelevant
documents in the relevance ranking, and changes in the composition of the judgment sets
may have only a small effect on the ordering as a whole.

The third reason is less applicable in collections the size of TREC where there can be hundreds
of relevant documents. However, as shown in this section, the TREC collections do support
the first two explanations.

4.1. Effects of averaging

Lesk and Salton’s first reason is a simple statement that evaluation results reported as
averages over a sufficient number of queries are more stable than the evaluation results of
individual queries. The problem, of course, is defining “‘sufficient”. We empirically investigated
the effect of averaging by looking at the correlation of rankings produced by different same-
size sets of topics. The results are shown in Fig. 6.

2 These seven pairs are not a proper subset of the 10 pairs that inverted when using 50 topics.
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The figure shows a histogram of Kendall correlations: the x-axis plots the number of topics
used in the topic sets (5, 10, 15, 20, or 25); the y-axis plots the value of the correlation between
the system rankings produced by pairs of topic sets; and the z-axis shows the number of times
a correlation was obtained for topic sets of a given size. The histogram was produced by
evaluating the TREC-6 systems on two, equal-sized, randomly selected, disjoint subsets of
topics (using the NIST qgrels). One thousand trials were run for each topic set size. A trial
consisted of choosing two sets of topics of the required size, forming the system rankings based
on the evaluation results from the two different sets of topics, and computing the correlation
between the two rankings. As an example, the figure shows that there were approximately 10
topic set pairs of size 5 that produced a Kendall correlation of 0.80, and two pairs of size 25
that produced a Kendall correlation of 0.80.

A significant majority of the 1000 trials show a correlation of greater than 0.8 when using
topic set sizes of at least 15. When using topic sets of size 25, all but two pairs have a
correlation of at least 0.8, and the vast majority of pairs have a correlation greater than 0.9. In
contrast, the range of correlations for topic sets of size 5 is from slightly less than 0.5 to
greater than 0.9, with most correlations less than 0.9. Thus, at least for the TREC-6
environment, as few as 25 topics can be used to compare the relative effectiveness of different
retrieval systems with great confidence.

We can extend this finding to the case of different relevance assessments by viewing different
assessment sets for one topic as “gold standard” assessments for slightly different topics. Even

S
20 30 40 S0

Count of Kendall's tau value
10

Fig. 6. Histogram of correlation among rankings produced by different equal-sized subsets of the TREC-6 topics.
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if the assessments change radically for half the topics, the system ranking derived from 50
topics is likely to remain stable. This average-of-averages technique typically used in IR
evaluation has been criticized for hiding significant topic-to-topic variation. While there is no
doubt that averaging does mask individual topic differences, it also increases the reliability of
overall effectiveness comparisons.

4.2. Ranks of unanimous relevant documents

Lesk and Salton’s second explanation for the stability of retrieval results was the observation
that there usually exists a set of documents that are unanimously judged relevant — and that
these documents are usually retrieved before disputed documents. Fig. 7 shows the results of
testing this observation using the set of multiple judgments for the TREC-4 collection. The
figure plots the average rank at which the relevant documents were retrieved for each topic for
documents that were unanimously judged relevant on the one hand and documents that a
particular judge marked relevant but were not unanimously judged relevant on the other. The

1000 b

—e— Unanimous relevant
— & — Original grels
---A-- Secondary A grels
— -o— - Secondary B qrels

Mean rank of relevant

Fig. 7. Average rank at which unanimously judged relevant documents and not unanimously judged relevant
documents were retrieved.
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topics are ordered by increasing average rank of the unanimously judged relevant documents
and omit points for which there are no qualifying documents. The average ranks are computed
using only the 12 systems with the highest mean average precision over the 100,003 sample
grels to eliminate noise from errorful systems. As an example, the figure shows that the
average rank for the unanimously judged relevant documents for topic 249 was 204, while the
average rank for documents judged relevant in the original qrels but not unanimously judged
relevant for topic 249 was 501. The averages were computed over the best 12 systems and the
set of qualifying documents. As a result, each plotted point represents the average of a
different number of input values.

Fig. 7 supports Lesk and Salton’s observation. Only three of 49 topics had no unanimously
judged relevant set, and for 33 of the 46 topics that had an unanimous set, the average rank of
the unanimously judged relevant documents was smaller than each of the other average ranks.

5. Conclusion

Test collections are research tools that provide a means for researchers to explore the
relative benefits of different retrieval strategies in a laboratory setting. As such they are
abstractions of an operational retrieval environment. Test collections represent a user’s interest
as a static set of (usually binary) decisions regarding the relevance of each document, making
no provision for the fact that a real user’s perception of relevance will change as he or she
interacts with the retrieved documents, or for the fact that ‘“relevance” is idiosyncratic.
Relevance is generally determined solely by subject matter in test collections, even though
topical similarity is only one of a host of factors that determine whether a document will be
useful to a real user with a particular information need. When using test collections,
researchers report test results as averages over many queries when individual query
performance is known to vary widely and the average performance may not represent the
actual behavior of any one query. In spite of these limitations of the abstraction, system
improvements developed using test collections have proved beneficial in operational settings.

Because a test collection does abstract away from the vagaries of users’ views of relevance,
the relative performance of two retrieval techniques evaluated on the collection must be stable
despite small changes in the set of relevance judgments included in the collection. This paper
investigated the effects changes in the relevance judgments of the TREC collections had on the
evaluation of TREC submissions. The TREC collections are many times larger and more
diverse than any other collection for which a similar analysis has been done. Nonetheless, the
major conclusion of those studies holds for the TREC collections as well: the relative
effectiveness of different retrieval strategies is stable despite marked differences in the relevance
judgments used to define perfect retrieval.

A variety of different conditions were tested in the experiments, including judgments made
by query authors vs judgments by non-authors; judgments made by different non-authors;
judgments made by a single judge vs groups judgments; and judgments made by different
people in the same environment vs judgments made in very different environments. Two
different performance measures, mean average precision and average recall after 1000
documents were retrieved, were used to evaluate the systems. The actual value of the
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effectiveness measure was affected by the different conditions, but in each case the relative
performance of the retrieval runs was almost always the same. These results validate the use of
the TREC test collections for comparative retrieval experiments.

The study did detect circumstances in which system comparisons need to be done with more
caution. When queries have very few relevant documents (fewer than five or so), summary
evaluation measures such as average precision are themselves unstable; tests that include many
such queries are more variable. Systems that involve significant amounts of user interaction,
especially in the context of relevance feedback, also vary more, reflecting the amount of
agreement between the user doing the feedback and the official relevance judge. As expected,
cross-system comparisons were found to need a larger difference in mean average precision
than intra-system comparisons for the difference to be meaningful. The flip side of these
cautions is that for the prototypical use of a test collection — comparing algorithmic variants
of the same retrieval system — the TREC test collections are extremely reliable.

All of the experiments in this paper assumed the “ad hoc” retrieval paradigm in which a
new question is posed against a static set of documents. In the “routing” or ‘“filtering”
paradigm, a standing query or profile is used to retrieve documents from a stream of new
documents (Belkin & Croft, 1992). Typically, filtering techniques exploit relevance judgments
to select good query terms and to weight those terms appropriately. While any such technique
will suffer when given inconsistent training data, the actual effect of differences in relevance
judgments on the various filtering techniques is unknown. Because each technique will produce
somewhat different profiles depending on the exact set of relevance judgments used to create
the profile, a technique that appears to produce an inferior profile from one set of judgments
may produce a superior profile from a different set of judgments. Exploring the stability of
filtering techniques in the face of changes to the relevance judgments is an important area for
further study.
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