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Abstract. Collection selection is traditionally a sub-problem of meta-
search, and identifies collections most likely to contain relevant docu-
ments. However, we propose to treat collection selection as an indepen-
dent search task with the goal of identifying collections that are relevant
as a whole; so the user may return to them to serve future (related) in-
formation needs. Using a new methodology and framework we evaluate
the suitability of existing collection selection algorithms for this search
task, compared with a new algorithm designed specifically for the task.
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1 Introduction

Consider a scenario where a user wants to locate authoritative collections (e.g.
digital libraries) on a particular topic, to fulfil both current and future informa-
tion needs. A technique to identify collections with a degree of relevance to a
query is collection selection; a sub-problem of metasearch. It supports document
retrieval by choosing a subset of collections most likely to contain relevant doc-
uments. The query is dispatched to these collections, and the results merged to
form a list of relevant documents [5]. We propose to treat collection selection as
an independent search task. Here the goal is not to find individual documents
from multiple collections, but to identify individual collections containing a high
proportion and quantity of relevant documents: collections about the query.

We present a methodology and framework for the evaluation of algorithms
over our interpretation of collection selection. These techniques are used to eval-
uate the performance of a new algorithm, designed specifically for our task; and
to examine the suitability of existing collection selection algorithms.

2 Our Evaluation Method

To test the suitability and performance of algorithms for our retrieval task we use
scenario and optimal performance tests. The scenario tests use controlled data
to scrutinise the behaviour of algorithms over clear cases: algorithms producing
incorrect rankings will not suit our needs. Each of our seven scenarios models
three collections, one of which is the clear winner, another the clear loser. Differ-
ent attributes (size, term frequency, quantity/proportion of relevant documents)
of the collections are varied in each scenario.



The optimal performance test surveys how well algorithms estimate3 an op-
timal ranking. Traditionally [2] the optimal orders collections by the number of
relevant documents they contain. However, we propose an optimal more repre-
sentative of our search task; where suitable collections contain a high number
and proportion of relevant documents. We represent this with two metrics:

RSc = |relevant documents in collection|
|relevant documents| RPc = |relevant documents in collection|

|documents in collection|

where RSc is the share and RPc the proportion of relevant documents in a collec-
tion c. We order collections by decreasing harmonic mean (F-score) of RSc and
RPc: the F-score Based Ranking (FsBR). We use the Spearman rank correlation
coefficient to determine how well algorithm rankings estimate the optimal.

3 Our Algorithm

Our algorithm (called Doddle) is inspired by criteria for highly ranked collec-
tions [8]: if each query term is common and occurs frequently in a high proportion
of documents within a collection (relative to other collections), the collection
should be highly ranked. Doddle ranks collections in decreasing order of merit.
For a given query q, the merit associated with collection c is calculated by:

merit(q, c) =
∑
t∈q

fq,t × (RCt,c + RPt,c + RFt,c)

where fq,t is the number of occurrences of term t in the query and:

RCt,c = Ct,cP|C|
i=1 Ct,i

RPt,c = Pt,cP|C|
i=1 Pt,i

RFt,c = Ft,cP|C|
i=1 Ft,i

(Relative Commonness) (Relative Proportion) (Relative Frequency)

where:

Ct,c = fc,t

tokensc
(commonness of term t in collection c);

Pt,c = dfc,t

docsc
(proportion of documents in collection c containing term t);

Ft,c = fc,t

dfc,t
(average occurrences of term t in documents in collection c);

fc,t is the number of occurrences of term t in collection c;
tokensc is the total number of terms in collection c;
dfc,t is the number of documents in collection c containing term t; and
docsc is the total number of documents in collection c.

4 Apparatus

We support the evaluation of algorithms with a set of applications that enable
the management of collection data, creation of scenarios, and the execution of
tests and the display of their results.
3 Methods indicating how well an algorithm estimates an optimal include: Mean-

squared error; Spearman rank correlation coefficient; and a recall-based metric [2].



Our optimal performance tests use 16 collections, ranging from 16 to 800,000
documents in size. Their coverage is varied: some specialise in one subject, others
address a range of subjects. They are real collections, harvested using OAI-
PMH4. We harvest the Title and Description fields in Dublin Core format and
create two indexes from the data: “title only” and “title and description”.

Previous studies have created artificial collections from TREC data (divided
by source and date, or size [6]). Such collections are often of generalist material,
and are thus a poor substitute for those we aim to serve: specialised and of vary-
ing size. However, using real collections leaves us without document relevance
judgements, required by FsBR in the optimal performance tests. We therefore
generate sudo-relevance judgements using document ranking algorithms. The
Apache Lucene5 library is used to create a document index from the harvested
metadata. For each query, the documents are ranked by tf.idf , BM25 and the
Lucene search algorithm. Documents that all three algorithms agree are rele-
vant are appended to a list of “relevant” documents. From this we determine
the number of relevant documents in each collection, and calculate their F-scores.

We use a test set of 50 queries (1-10 terms long). Some queries target specific
collections, others describe wide subject areas, present in multiple collections.

5 Experimental Results

Our initial experiments use our scenario and optimal performance tests to survey
the suitability of existing algorithms for our task, and compare their performance
to Doddle. We investigate algorithms previously shown to be effective: CORI [1]
(often used as a benchmark); bGlOSS [3]; Cue Validity Variance (CVV) [7]; and
Inner Product [8]. We also consider Average Inverse Collection Term Frequency
(AvICTF) [4], a query performance predictor which will produce rankings based
on the predicted quality of results (were each collection searched in isolation).

In the scenario tests, Inner Product, CVV and AvICTF were found to be
ill-suited to our search task; failing on one, two and five scenarios respectively.
Specifically, AvICTF frequently favoured collections with the least query term
occurrences. CORI and bGlOSS succeeded for all seven scenarios, suggesting
they may be suitable baselines for comparison with our own algorithm; which
also produced correct rankings in all scenarios.

Table 1 shows the average correlations between the algorithm rankings and
the optimal. We also compare the effect of using only title metadata, versus both
titles and descriptions. Our algorithm produces rankings with a much higher
correlation to the optimal ranking than any of the existing algorithms. However,
for an average of eight collection results per query, the correlation is below the
5% significance level: there is still considerable room for improvement.

Most algorithms produced a better correlation with the optimal when queries
were executed over the “title only” term index. One explanation may be that the
description metadata has more noise, however further investigation is required.
4 http://openarchives.org/OAI/openarchivesprotocol.html
5 http://lucene.apache.org/



Algorithms Titles Titles and Descriptions

AvICTF -0.537 -0.684
CVV -0.035 -0.179
Inner Product 0.037 0.007
bGlOSS 0.149 0.153
CORI 0.226 0.106
Doddle 0.624 0.518

Table 1. Average Spearman rank correlation coefficients for each algorithm.

6 Conclusions and Future Work

We have presented a new interpretation of collection selection: to treat it as an
independent search task, with the goal of identifying quality collections that will
satisfy a user’s current and future information needs. The paper reported our
methodology to evaluate algorithms for this task. With this, we investigated the
performance of existing collection selection algorithms, compared to that of our
own algorithm. Our algorithm significantly outperformed existing algorithms;
however, its correlation with an optimal ranking was still not satisfactory.

Our future work will iteratively improve our evaluation methodology and the
selection algorithm. This will include the refinement of the scenario and optimal
performance tests. In particular, we aim to ensure our optimal ranking produces
the most sensible ordering of collections. Future experiments will evaluate algo-
rithms in terms of a baseline ranking, and use additional evaluation metrics.
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