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ABSTRACT
Fusing the results of a distributed Information Retrieval
system has often been viewed as two separate problems:
metasearch, where several search engines are retrieving from
one document collection, and federation, where one search
engine is retrieving from several document collections. In
this work we present a unified framework for fusion based on
predicting query difficulty. We validate our approach using a
rigorous, quantitative, experimental procedure, which uses
Desktop Search Engines and a standard document collec-
tion. We show that the proposed algorithm performs signif-
icantly better than previously-proposed algorithms for both
metasearch and federation.

1. INTRODUCTION
The most commonly analyzed scenario for information re-

trieval is that of a single search engine retrieving documents
from a single document collection. This scenario can be ex-
tended to handle more complex systems that utilize multiple
search engines retrieving documents from a single document
collection, or a single search engine retrieving documents
from a plethora of document collections. These scenarios,
known as fusion, require that the final result of the retrieval
effort be a single, unified ranking of documents, based on
several ranked lists. The first scenario with multiple engines
searching a single collection is known as Metasearch, while
the latter, with a single engine searching multiple collections
is known as Federation.

In the information retrieval realm, the process of fusion
is usually divided into three phases: collection (or engine)
selection, number of document selection, and merging [16].
The idea in collection/engine selection is to narrow down
the queried datasets to the most relevant collections, thus
reducing the amount of noise present. Number of document
selection is the process of deciding how many documents
should be retrieved from each collection, the simplest being
an identical number of documents. Finally, merging is the
process of generating a unified list from the retrieved lists of
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documents.
Metasearch is of major interest when retrieving informa-

tion from the Internet. There are many successful, gen-
eral purpose, search engines over the Web such as Google1,
MSN2, Yahoo!3. It is desirable to have a single interface
submit a query to many of these and return a unified doc-
ument list based on the ranked lists returned by these en-
gines. This is preferred over requiring the user to search
each engine separately and form a unified list manually. The
metasearch engine is not required to maintain a search index
of the documents. Instead it submits queries to the underly-
ing search engines and recombines the returned results. The
goal of a metasearch engine is to first select which search en-
gines to query, and then to form a combined list from the
retrieved lists such that the documents it contains are more
relevant than any single list from the underlying engines.
See Dreilinger & Howe [7] for an overview of metasearch
engines on the Web.

Federation of document collections is addressed mainly
in the context of retrieving information from a multitude
of specialized datasets, using a single search engine. Main-
taining the document sets in several datasets, and handling
a separate search index for each one of them, is usually
required for scalability and security issues. Other reasons
prohibiting centralization of the data are legal constraints,
geographical limitations (data transfer is forbidden), etc.
In such a model, searching each dataset would result in a
ranked list of documents. The task of the federation engine
in this case is, as in metasearch, to select the datasets to
query, and to output a unified ranked list of results.

1.1 Related Work
Aside from the document ranking, most search engines

provide very little information with which to perform the
merging. The document score (DS) assigned by a search
engine to a document retrieved from a collection may or
may not be provided. When scores are not provided, only
the document ranking and some a priori knowledge about
the datasets can be used for merging the different result sets.
Metacrawler [18] and Borda-Fuse [1] utilize document rank
and its appearance in the results list of several engines to
perform merging. This is done by summing the ranks of the
document in the different ranked lists.

When document scores are given they can be used as ad-
ditional information for merging. However, it is difficult to

1http://www.google.com
2http://www.msn.com
3http://www.yahoo.com



re-rank the documents since DSs are local for each specific
dataset and engine combination. This can be avoided by
computing global scores, based on global statistics of the
query terms, as though all datasets were merged to a sin-
gle collection [23]. Another approach is to map the scores
returned by each of the search engines to relevance proba-
bilities [15].

Fox and Shaw [9] proposed several combination techniques,
including setting the score of each document to the sum of
the scores obtained by the individual search engines (COMB-
SUM) or by multiplying this sum by the number of engines
which have non-zero scores (COMBNZ). Lee [14] extended
those techniques by normalizing each engine on a per query
basis. He observed that the best combination obtained when
systems retrieved similar sets of relevant documents and dis-
similar sets of non-relevant documents.

Other approaches to merging were suggested by assigning
a weight to every ranking, such that each collection is given
a score based on its statistics. This score is then used for
merging the different rankings by weighting the DSs. Vogt
et al. [21] used a linear combination of the DSs, where the
linear weights are constant for the search engines, and are
learned during a training session. Two known state-of-the-
art algorithms that use this approach are CORI [2], which
is applicable to the framework of federation, and ProFusion
[11], created for metasearch. CORI computes a query de-
pendent score for each dataset. It requires, in addition to
DSs, some statistics for each query term from each dataset.
ProFusion creates an engine-specific weight by measuring
the precision of each search engine over a known set of pre-
defined queries.

An alternative model, Bayes-Fuse [1], learns the evidence
of relevance as a distribution of relevance given the search
engines’ rankings. The final ranked list is obtained using
Bayes optimal decision rule. A more sophisticated model
for combining rankings using conditional probabilities was
introduced in [13], where models of permutation were used
in order to combine rankings. Cohen et al. [6] show how
metasearch can be formulated as an ordering problem, and
present an on-line algorithm for learning a weighted combi-
nation of ranking systems which is based on an adaptation
of Freund and Schapire’s Hedge algorithm [10].

Recently, Joachims [12] demonstrated a user-driven ap-
proach to metasearch. His system learns user preferences
based on past activity and assigns weight to individual search
engines. Thus, this system is similar to ProFusion, the main
difference being that weights are assigned based on the pref-
erence of an individual user (or group of users) rather than
search engine precision.

1.2 Our Approach
In this paper we present a novel algorithm for perform-

ing both metasearch and federation using query difficulty
prediction, a recently developed technique for predicting
the quality of retrieved results for a given combination of
query and search engine [24]. Our observations show that
queries that are answered well by search engines are those
whose query terms agree on most of the returned documents.
Agreement is measured by the overlap between the top re-
sults for the full query and the top results for each of the
query terms. Difficult queries are those where either the
query terms cannot agree on top results or most of the terms
do agree beside a few outliers. This is usually the case where

the query contains one rare term that is not representative
of the whole query and the rest of the query terms appear
together in many irrelevant documents.

Our method learns to predict query difficulty based on
the overlaps between the results of the full query and its
sub-queries. The predictor is induced from training queries
and their associated relevance sets. The approach we de-
scribe is based on the assumption that only minimal infor-
mation is supplied by the search engine operating on a spe-
cific dataset, namely, the ranking of documents, the inverse
document frequency (idf) of all query terms, and possibly
their scores (i.e., the DSs). Given this data, our approach is
to train a query predictor for each dataset and search engine
combination. When a query is executed, the ranked list of
documents is returned from each dataset and search engine
combination and the prediction of query difficulty is com-
puted for each. The predicted difficulty is used for weighting
the DS of the results and the final ranking is built by merg-
ing the lists using these weighted DSs. Thus the method we
propose sets a query-by-query weight for each search engine
and document collection pair.

In the following we present a novel experimental procedure
which enables rigorous, quantitative, testing of distributed
information retrieval algorithms. We use the same docu-
ment collection for both federation and metasearch. Fed-
eration is performed by splitting the collection to four sub-
collections which are accessed separately by a single search
engine. Metasearch is performed using publicly available
desktop search engines. These engines, which are designed
to help personal computer users find information on their
desktop computers, search over the full collection, and the
proposed algorithm is used to merge their outputs. The ex-
perimental results show that in the federation scenario our
algorithm significantly and consistently improves system’s
precision compared to simple merging and CORI. In the
metasearch experiment, we show improvement of 7% over
the best single search engine, and 12% over other metasearch
strategies.

The paper is organized as follows. Section 2 describes
the method used for query prediction. Section 3 presents
our metasearch and federation experiments, and Section 4
discusses our results.

2. PREDICTION OF QUERY DIFFICULTY
Recently, a learning algorithm for predicting query diffi-

culty was proposed [24]. The algorithm was tested for a
single search engine. In the course of our experiments, de-
tailed below, we were able to show that the algorithm can be
trained to predict query difficulty for the fusion case as well.
As detailed below, several simplifications have been made to
the original algorithm. We found that these modifications
do not change the quality of the prediction given sufficient
training data.

2.1 The prediction algorithm
The idea employed by the method demonstrated in [24] is

to learn a meta-statistic from the contribution of each query
term to the final result set4. This information is then used

4In essence, this method is reminiscent of committee-based
approaches commonly used to address many machine learn-
ing problems, where each query term is identified as a com-
mittee member.



to predict the query difficulty as measured by the precision
at 10 (P@10), by the mean average precision (MAP), and
by the number of queries with no relevant results in the
top 10 results (%no) [22]. In the context of query difficulty
prediction, we define query terms as the keywords (i.e., the
words of the query, after discarding stop-words) and the
lexical affinities, which are closely related query terms found
in close proximity to each other [4]. The features used for
the predictor learning are:

1. The overlap between each sub-query (a query based
on one query term) and the full query. The overlap
between two queries is defined as the size of the inter-
section between the top N results of the two queries.
Thus, the overlap is in the range of [0, N ]. Section 2.2
explains the rational for using this feature.

2. The rounded logarithm of the document frequency (the
number of documents containing the term), log(DF ),
of each of the sub-queries.

Learning to predict query difficulty using the aforemen-
tioned data presents two challenges. The first is that the
number of sub-queries is not constant, and thus the number
of features for the predictor varies from query to query. In
contrast, most techniques for prediction are based on a fixed
number of features. The second problem in learning to pre-
dict is that the significance of the sub-queries is not given,
so any algorithm that performs a comparison or a weighted
average on an ordered feature vector is not directly applica-
ble.

As noted above, each query may generate a variable num-
ber of sub-queries. Thus, there is a need to represent the
data in a canonical representation. A histogram is used for
this in the following manner:

1. Find the top N results for the full query and for each
of the sub-queries.

2. Build a histogram of the overlaps. Denote this his-
togram by h (i) , i = 0, 1, ..., N . Entry h (i) counts the
number of sub-queries that agree with the full query
on exactly i documents in the top N results. Unless
otherwise stated, we used N=10.

3. Predict query difficulty by multiplying the histogram
h, by a linear weight vector c such that Pred = cT · h.
The method by which this weight vector is computed
is described below.

This algorithm can be improved significantly by using
both the overlaps and log (DF ) of the terms as features.
For canonical representation we split log (DF ) into three
discrete values5 0− 1, 2− 3, 4+.

In this case, the algorithm is modified so that in Step (1), a
two-dimensional histogram is generated, where entry h(i, j)
counts the number of sub-queries with log (DF ) = i and j
overlaps with the full query. For example, suppose a query
has four sub-queries, an overlap vector ov(n) = [2 0 0 1] and
a corresponding log (DF ) vector log (DF (n)) = [0 1 1 2].
The two-dimensional histogram for this example would be:

h (i, j) =


0 1 2

0 0 0 1
1 2 0 0
2 0 1 0


5In cases where the DF of a term is zero, we take log (DF ) =
0.

Before Step (3), the histogram is made into a vector by
concatenating the lines of the histogram, corresponding to
the overlap histogram at each log (DF ) of the term, one after
the other. In the example above, the corresponding vector
for the linear predictor is h(i) = [0 0 1 2 0 0 0 1 0];

An additional feature that was found to be advantageous
to the success of the predictor is the number of words in the
query. We concatenated this feature to the histogram data
and the reported results use this feature.

The linear weight vector can be predicted in several ways,
depending on the objective of the predictor. If the object of
the predictor is to predict the P@10 or MAP of a query, a
logical error function would be the Minimum Mean Square
Error (MMSE), in which case the weight vector is computed
using the Moore-Penrose pseudo-inverse[8]:

c =
(
H ·HT

)−1

·H · tT (1)

where H is a matrix whose columns are the histogram vec-
tors h for the training queries, computed as described above,
and t is a vector of the target measure (P@10 or MAP)
for those queries. However, the objective might also be to
rank the queries according to their expected P@10 or ex-
pected MAP by maximizing Kendall’s-τ [20] between pre-
dicted and actual order. In this case, a more suitable op-
timization strategy is to modify the above equation as sug-
gested in [12]. The idea is that a linear weight vector will
maximize Kendall’s-τ , if for each query i which is ranked
higher than query j, we enforce the constraint cT ·hi > cT ·hj .
This constraint can be rewritten in the form: cT (hi − hj) >
0. In practice, it is better to modify the constraint such that
we demand that cT (hi − hj) ≥ 1 in order to fix the scaling
of c [17]. Therefore, instead of using the histogram vec-
tors h directly, the matrix H is modified to a matrix whose
columns are the differences between the histogram vectors.
For each pair of training queries (i, j) the k-th column is:

Hk = hi − hj ∀i, j = 1, 2, . . . Nr (2)

where Nr is the number of training queries. In this case, the
target vector is modified as follows:

tk =

{
+1 if ti > tj

−1 if tj ≤ ti
∀i, j = 1, 2, . . . Nr (3)

2.2 Overlaps asκ-statistics
The overlap between a sub-query and the full query is a

measure of agreement between these two queries. The κ-
statistics [5], a standard measure for the strength of agree-
ment between two experts, is predicted as follows:

κ =
AGObserved −AGChance

1−AGChance
(4)

where AGObserved is the fraction of cases where both experts
agreed on the outcome, while AGChance is the fraction of
cases they would agree upon if both were making random
decisions.

In the case of two queries, the agreement matrix is shown
in Table 1, where ND is the number of documents in the
collection, and Ov is the overlap (the number of documents
that both queries agree should be in the top 10 results).



Query 1
Top 10 Not top 10 Total

Query Top 10 Ov 10 − Ov 10
2 Not top 10 10 − Ov ND − (20 − Ov) Nd − 10

Total 10 Nd − 10 ND

Table 1: Agreement matrix for two queries.

Based on this table, the κ-statistic is [5]:

κ =

Ov+(ND−(20−Ov))
ND

−
[(

10
ND

)2

+
(

ND−10
ND

)2
]

1−
[(

10
ND

)2

+
(

ND−10
ND

)2
] (5)

In this case the κ-statistic is a linear function of the overlap.
Thus, the query predictor learns a meta-statistic over the
κ-statistic.

2.3 Use of query difficulty prediction for
metasearch and collection federation

Using the methods described in the previous sections, once
a query is submitted to a search engine, its difficulty can
be predicted. We note that such prediction should be per-
formed separately for each search engine or document col-
lection, on a query-by-query basis. In the federation case,
the overlap between the results of the full query and the
results of its sub-queries can be measured efficiently dur-
ing query execution, since all data needed can be generated
by the search engine during its normal mode of operation.
For example, the top results for each of the sub-queries can
be accumulated simultaneously during evaluation of the full
query. However, in the metasearch case, several more queries
are required to be submitted to each search engine. A sep-
arate query for each query term is needed for calculation
of its overlap with the full query results. In both cases,
the computational load required for difficulty prediction is
negligible.

The query difficulty prediction, computed for each dataset
/ engine, is then used to form a unified ranked list of results.
Document ranks or, if available, the document scores are
weighted in each ranked document list, by the query diffi-
culty score they have been assigned. The top N documents
are then taken as the unified ranked list.

3. EXPERIMENTS
We conducted two sets of experiments. The first tested

the use of difficulty prediction in the framework of metasearch,
with several search engines retrieving from the same docu-
ment collection. The second experiment was in the frame-
work of federation, where one search engine retrieves data
from several indices, and each index represents a different
document collection.

The data for the experiment comprised of the TREC-8
collection (528,155 documents, 249 topics) [22]. This is a
natural benchmark because it is a well studied collection
for which there are a large number of topics (249) and cor-
responding relevant documents. Each topic comprises of a
short query based on the topic title and a longer query based
on the topic description. An additional benefit of this col-
lection is that it is built from four distinct sub-collections,
which enabled us to use it for both parts of the experiment.
Three-fold cross-validation was used to assess the algorithm.

3.1 Metasearch
The use of the TREC-8 collection and the queries based

on its topics allowed us to make a quantitative comparison
of different metasearch algorithms. In order to test our al-
gorithm for metasearch, several search engines are required
to be run on the TREC-8 document collection. We used a
novel method for performing this by using several publicly
available desktop search engines.

Desktop search engines are a relatively new class of appli-
cations that attempt to retrieve documents saved on a user’s
computer. Just a year ago, desktop search was only avail-
able from a few companies, such as Copernic6. This year,
all major Web search companies have entered the desktop
search world, providing beta releases of desktop search for
free. We downloaded eight of these and attempted to in-
dex the document collection. Most of the search engines
could not index the whole collection, and thus we reduced
the requirement to use only the LA-TIMES dataset, which
is comprised of approximately 140,000 documents. This was
still prohibitively high for four of the search engines, and we
thus remained with four working search engines: Google,
MSN, Yahoo!, and HotBot. We note that except for Ya-
hoo!, all search engines provide sorting results by relevance.
Yahoo! could only sort them by date.

After indexing was completed, we submitted the 249 short
(title) queries to each search engine and collected the top 10
results from each. We then repeated the process for each
word in the query. This was done so as to enable the com-
putation of the overlap. In this experiment, only document
ranking (not document scores) and term idf’s were available
for merging the results.

Since three-fold cross-validation was used, two thirds of
the data was used to train a query predictor used for metasearch
over the remaining third. The predictor attempted to pre-
dict the P@10. Recall that MAP could not be computed
since only the top 10 documents from each search engine
were collected. We discovered that better results were ob-
tained by optimizing the predictors to minimum mean square
error rather than to Kendall’s-τ , probably due to the dis-
crete nature of the P@10.

If all engines used very similar search algorithms, the doc-
uments returned by them would be very similar and the
metasearch algorithm would not be able to improve signif-
icantly upon the individual search engines. Therefore, we
tested how the desktop search engines agreed on the results
set by measuring the overlap (As defined above) between
them on their top 10 results. A dendrogram was drawn
based on the average overlap, as shown in Figure 1. Re-
calling that nodes in a dendrogram are linked higher if they
are less similar to each other, this figure shows that even
the most similar of the two engines disagreed on approxi-
mately 50% of the results, and the highest dissimilarity was
approximately 85%. Thus, it appears that there is ample
dissimilarity between the desktop engines for the metasearch
algorithm to work on.

After running each query through each of the desktop
search engines, we weighted the ranking (1 through 10) of
the documents by the prediction computed for this query.
The documents were then pooled and sorted according to
their combined score. The top 10 were taken as the result of
the prediction-based metasearch algorithm. If a document

6http://www.copernic.com



Figure 1: Similarity in the results of the four desk-
top search engines.

Table 2: Results of the different metasearch strate-
gies on LA-TIMES collection, using the topic titles
as queries.

P@10 % no
Single Search engine 1 0.139 47.8
search Search engine 2 0.153 43.4
engine Search engine 3 0.094 55.2

Search engine 4 0.171 37.4
Merge Round-robin 0.164 45.0
method MetaCrawler 0.163 34.9

Prediction based 0.183 31.7

was retrieved by more than one search engine, its highest
combined score was used.

The results of the prediction-based metasearch algorithm
are compared to two other algorithms: Round-Robin and
MetaCrawler [18]. The first generates the combined list of
documents by taking the first ranked documents from each
search engine, then the second ranked documents, etc. The
first 10 unique documents are returned as the combined list.
In contrast, MetaCrawler assigns new weights to documents
by summing the reciprocal rank (i.e., 10 minus the rank) of
the top documents in each search engine. Thus, a document
ranked high by two or more engines is weighted higher.

The results of the experiment are depicted in Table 2.
They show an improvement (in P@10) of 7% over the best
single search engine and of 12% over the other metasearch
strategies. The improvement of the proposed method over
both every single engine and the two metasearch strategies
is statistically significant (two-tailed paired t-test, p < 0.02
for all methods and single collections). By contrast, the
two alternative metasearch algorithms performed lower on
average than (and not significantly different from) the best
single search engine.

Note that all the desktop engines that participated in the
experiment are still in their beta stage. This might explain
the poor effectiveness they all demonstrate on the TREC
data. This is also the reason for our decision not to expose
the particular results of each of the participants. However,
in the context of metasearch, this experiment demonstrates
that by clever merging, we are able to significantly improve
the results of several non-effective search engines.

3.2 Federation
The TREC-8 collection is comprised of four different sub-

collections: FBIS, FR94, FT, and LA-TIMES. Thus, this
document collection could be used for federation by indexing
each of the sub-collections separately using the Juru search
engine [3]. A query predictor was then trained for each of
these collections.

During the federation experiment, either one or both parts
of the TREC topic (the short titles and the longer descrip-
tions) were used, thus generating a total of 498 queries.
Given a query, the Juru document score (DS) returned for
each document from its corresponding collection was weighted
by the prediction of that collection. The final document
ranking was generated by sorting the pool of retrieved, weighted,
documents.

Our results, depicted in Table 3, demonstrate that merg-
ing methods all provide a large gain in performance over the
single document collections. This difference is statistically
significant (two-tailed paired t-test) at p < 10−3. However,
using the query predictor achieved significant improvement
in results compared to those obtained by both simple merg-
ing and CORI (two-tailed paired t-test, p < 10−3 for both
methods).

Some previously proposed algorithms attempted to solve
the federation problem by attempting to approximate it to
searching the collections as though they were merged into
a single collection [19]. Thus, it is interesting to compare
the results of the prediction-based federation algorithm to
those of the search engine working on the entire TREC-8
collection.

The results of this comparison are shown in Table 4. This
table and a two-tailed paired t-test show that the prediction-
based federation algorithm achieved significantly better MAP,
but lower P@10, compared to unfederated retrieval (p <
10−5 for both comparisons). Thus, the proposed federation
algorithm might be preferred not only in a distributed sce-
nario, but also when the document collection can be split
naturally into separate sub-collections. The lower P@10 ob-
tained by the prediction-based federation algorithm is due
to the fact that the predictor was, in our case, trained to
predict the MAP and not the P@10.

Table 4: Comparison of searching the whole TREC-
8 collection (Unfederated) and prediction-based fed-
eration, using different topic parts as queries.

Topic part Method P@10 MAP % no
Title Unfed. 0.437 0.257 8.4
(249 queries) Fed. 0.363 0.266 15.5
Description Unfed. 0.435 0.253 12.8
(249 queries) Fed. 0.377 0.319 13.2
Title and Unfed. 0.435 0.255 10.6
description Fed. 0.373 0.295 14.9
(498 queries)

4. SUMMARY
Traditionally, distributed Information Retrieval has been

divided into two separate problems: Federation (one search
engine searches many collections), and metasearch (many
engines search one collection). This work suggests a novel,
unified, approach to fusion of search results, which deals
with both scenarios. Our fusion method is based on pre-



Table 3: Results of the different federation strategies on TREC-8 collection, using different topic parts as
queries.

Topic part P@10 MAP % no
Title Document FBIS 0.176 0.158 51.8
(249 queries) collection FR94 0.070 0.103 75.1

FT 0.262 0.255 32.1
LA-TIMES 0.256 0.242 28.9

Merge method Unweighted DS 0.338 0.237 20.9
CORI 0.347 0.243 17.7
Prediction based 0.363 0.266 15.5

Description Document FBIS 0.158 0.153 53.8
(249 queries) collection FR94 0.071 0.103 75.5

FT 0.275 0.251 24.9
LA-TIMES 0.239 0.225 29.3

Merge method Unweighted DS 0.359 0.287 15.3
CORI 0.375 0.294 14.1
Prediction based 0.377 0.319 13.2

Title and Document FBIS 0.167 0.156 52.8
description collection FR94 0.071 0.103 75.3
(498 queries) FT 0.269 0.253 28.5

LA-TIMES 0.247 0.233 29.1
Merge method Unweighted DS 0.348 0.262 18.1

CORI 0.361 0.268 15.9
Prediction based 0.373 0.295 14.9

dicting the difficulty of a given query for a specific col-
lection/engine, and weighting the retrieved results accord-
ingly. Thus, expected poor results contribute less to the final
merged list. Experiments with several desktop search en-
gines searching over TREC data, and a single search engine
searching over sub-collections of TREC, showed significant
improvement over state-of the-art fusion techniques both for
metasearch and federation.

Our approach can be easily extended to the many-to-many
case, in which many engines search over many collections
of documents. In that case, a difficulty predictor should
be trained for each engine-collection pair. Given a query
submitted to many engines searching many collections, any
result set retrieved by any pair will be weighted according
to the associated prediction. Actually this is the case in
metasearch on the Web in which each search engine indexes
a different fraction of the Web (with some overlap). Exper-
iments with prediction-based fusion approach for the many-
to-many case is left for future work.

Training a difficulty predictor for a given engine-collection
pair requires training data based on a large set of queries,
each associated with its own relevance set of results. In
previous work it was shown that the quality of prediction
strongly depends on the amount and the quality of the train-
ing data. Accumulating training data is not an easy task.
However, in previous work [24] it was demonstrated that
a predictor learned over one collection-engine pair can be
useful, even though it is less accurate, for other collection-
engine pairs. Thus, a predictor trained for a specific pair,
can be used for other pairs. The effect on performance in
such a scenario is also left for future work.
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