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Abstract. During the last years a great number of Query Performance
Prediction methods have been proposed. However, this explosion of pre-
diction method proposals have not been paralleled by an in-depth study
of suitable methods to evaluate these estimations. In this paper we anal-
yse the current approaches to evaluate Query Performance Prediction
methods, highlighting some limitations they present. We also propose a
novel method for evaluating predictors focused on revealing the different
performance they have for queries of distinct degree of difficulty. This
goal can be achieved by transforming the prediction performance evalu-
ation problem into a classification task, assuming that each topic belongs
to a unique type based on their retrieval performance. We compare the
different evaluation approaches showing that the proposed evaluation
exhibits a more accurate performance, making explicit the differences
between predictors for different types of queries.

Keywords: Information Retrieval, Evaluation, Query Performance
Prediction.

1 Introduction

Research on Query Performance Prediction, or QPP, has attracted growing at-
tention from the information retrieval (IR) community in the last years. This
topic is focused on predicting the retrieval effectiveness of a query, that is, the
quality of a search engine’s response to a submitted query. The relevance of a
subset of documents returned by a search engine is usually measured by means
of the user’s relevance judgements and the Average Precision (AP). Therefore,
a query which obtains a high AP value can be considered as ‘Easy’, since the
retrieval model was able to return a relevant subset of documents. Otherwise
if the query obtains a low AP it is considered as ‘Hard’. Having the ability to
predict the performance of a query can help us to apply some specific techniques
in order to improve the relevance of the returned documents. This improvement
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can be achieved with classic techniques such as relevance or pseudo-relevance
feedback, or with the use of a different index whose content is more related to
the submitted query.

In the last years several methods have been proposed to deal with QPP, which
fall into one of the following groups, depending on the information used to make
predictions:

– Pre-retrieval methods, where the estimations are computed using query
terms statistics, such as collection frequency (CF), document frequency (DF)
or query length. An extensive description about this type of prediction meth-
ods can be found in the work developed by He and Ounis [1].

– Post-retrieval methods, which are usually more complex and are computed
using the document ranked list returned by the search engine combined with
other collection statistics. The most representative example within this type
of prediction methods is Clarity Score. It was proposed by Cronen-Townsend
et al. [2] and it is based on measuring the divergence between the relevance
language model1 and the collection language model, where a high divergence
suggests a well-performing query.

In general post-retrieval methods achieve better estimations since they use more
information to compute predictions, although this entails a considerable increase
of the computational cost.

Prediction methods are evaluated by means of correlation coefficients. The
goal is to measure for each topic the correlation degree between the estimated
value, obtained with the proposed prediction method, and the Average Precision
value. Therefore a prediction method is considered more accurate if it obtains a
higher value of correlation between the actual values and the generated predic-
tion values.

The correlation degree between two random variables measures the depen-
dence between both variables. This dependence in general is quantified with a
real number in the range [−1, 1], where 1 means a perfect direct correlation,
−1 means a perfect inverse correlation and 0 means no correlation at all. There-
fore, for values of correlation close to zero no dependence between both variables
can be observed, although this fact does not imply a total independence between
both random variables. Besides, high values of correlation, positives or negatives,
suggest, but do not assure, a possible dependence between both variables.

The evaluation based on correlation coefficients usually produces very similar
results for the different prediction methods as it can be observed in the related
literature [3]. These values are usually hard to interpret, since the differences
among the obtained correlation coefficients are sometimes too low.

The evaluation of prediction methods should be focused on their applica-
tion to specific contexts, and therefore the evaluation framework should help us
to decide if a prediction method is suitable for that specific context. Current
evaluation, based on correlation, provides a very coarse measure of the method

1 The relevance language model is built using a subset of the documents returned by
the query.
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accuracy, ignoring some important details of the real performance. For instance
an evaluation more focused on the predictors application should be able to an-
swer questions like: Is a new method able to outperform others in relation with
the detection of ‘Hard’ queries?

In order to stress these differences in terms of prediction performance we
propose a new method for measuring the effectiveness of a query performance
predictor which provides information for different levels of retrieval quality. This
task can be achieved by assuming a discrete classification of topics, that is,
assuming that each topic belongs to a unique type based on their retrieval per-
formance. This assumption avoids the drawbacks which arise with the use of the
correlation approach, since it allows us to measure the predictor performance
partially, i.e. for each type of topic, and globally as it is done by correlation
coefficients.

The rest of this paper is organised as follows. In Section 2 current evaluation
approaches are introduced, with a special emphasis on describing their main
weaknesses. Section 3 is devoted to describe a new evaluation framework for
Query Performance Prediction, which we introduce in order to overcome some
of the previously analysed limitations. In Section 4 the proposed evaluation
method is tested against current approaches using a standard TREC collection,
and a detailed analysis of the obtained results is carried out. Finally, the main
conclusions drawn from this work appears at Section 5.

2 Current Evaluation Approaches

In the context of Query Performance Prediction Pearson(r) and Kendall(τ) are
the most commonly applied correlation methods2 to evaluate the accuracy of
the estimations.

Pearson is a parametric method, which assumes a linear relationship be-
tween both data series indicating the strength and direction of this relationship,
whereas Kendall computes the correlation value counting the pairwise swappings
needed to transform one ranking into the other. Kendall is a non-parametric
method, and thus does not make assumptions about the input data, provid-
ing less information about the data relationship. Therefore, while Pearson is
focused on establishing if both data series are produced by two linearly depen-
dent functions, Kendall measures how similar are the orderings produced by the
prediction method in comparison to the one produced by the ‘actual’ values.
The obtained Kendall’s τ coefficient can be interpreted as a degree of certainty,
which indicates if a topic would obtain a higher AP value than other, although
the AP value itself cannot be predicted as Pearson’s r does.

Due to their different nature both methods frequently produce dissimilar val-
ues, and thus a direct comparison between both coefficients is not possible.

Pearson drawbacks have been extensively treated in the literature. It is well-
known that Pearson produces very different results for data series which show
2 In some works we can find Spearman (ρ) correlation coefficient, although its use

remains rare in this context.
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strong dependence, whenever a data outlier appears or a small fraction of the
data takes values far from the mean. Another known problem occurs when both
random variables show a strong dependence but through a non linear relation-
ship. In this case the correlation coefficient r will be low even if the data are
strongly correlated. The main problems of the application of Pearson correlation
coefficient in the context of QPP were previously pointed out by Hauff et al.[4].

Due to the described problems many works on query performance prediction
report their results with the Kendall correlation coefficient at the expense of
using a less informative evaluation measure.

Although Kendall is considered as a more appropriate measure to evaluate
estimations, in our opinion this measure does not make explicit the real effective-
ness of the predictor, since we only obtain a unique value describing the average
accuracy, but ignoring the performance for different types of queries.

Kendall is only focused in the number of disordered elements and the distance
of them to the position where they should be placed. Therefore Kendall gives the
same importance to all elements within the data series. On the context of QPP
we can be more interested on analysing the performance on topics of different
difficulty (‘Hard’ or ‘Easy’), that is, topics placed at the top or bottom of the
topic list sorted by AP. For instance a key factor that should be highlighted in
the operation of a predictor is its ability to detect those topics that obtain a
low AP value. This feature is of extreme importance for tasks such as pseudo-
relevance feedback, since it will help us decide in which cases to expand the
original user query, as it has been recently studied by He et. al [5].

For instance, let us consider the data series: X = {1, 2, 3, 4, 5, 6, 7, 8, 9, 10}
and Y = {4, 2, 3,1, 5,10, 7, 8, 9,6} , where we consider elements 1 to 5 as the
‘best’ elements and the rest as the ‘worst’ elements. Since elements 1,4,6 and 10
are not placed at their right position a Kendall correlation of 0.46 is obtained,
which suggests a significant but not strong correlation between data. On the
other hand if we are only interested on evaluating by type of elements, i.e. ‘best’
and ‘worst’, we can conclude that both data series X and Y group both types of
elements in the same fashion, as best elements are grouped within the first five
positions, and therefore the worst elements are within the last places.

On the other hand, this drawback can not be overcome by measuring the
Kendall correlation partially for each type of elements. For instance, if we con-
sider the next data serie Z = {6, 7, 8, 9, 10, 1, 2, 3, 4, 5} produced by a predictor,
where as before we consider elements 1 to 5 as the ‘best’ elements and the rest
as the ‘worst’ elements. The τ obtained between X and Z for the so-called ‘best’
and ‘worst’ elements is in both cases equals to 1. However it can be observed
that the predictor shows a pretty poor performance since it has predicted the
best elements as worst and viceversa.

Some extensions to Kendall try to overcome this drawback assigning a rel-
ative importance for each element or groups of elements to the final τ value.
This family of Kendall variants is known as ‘Weighted Kendall’, and are usually
applied to measure the similarity between responses of different search engines
[6,7]. Using this approach it is possible to measure if a method shows a better
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performance for a specific type of topics than other, although we must set a
suitable weight for each element. Another weakness of this approach is that it is
not able to provide partial results for the different types of topics.

3 Evaluating by Range

Previous sections have introduced the idea that using correlation coefficients
as a quality measure only provides a global view of the predictor performance,
ignoring its specific behaviour on different types of topics, i.e. topics of different
difficulty. However, it is expected that different prediction methods show different
performance on ‘Easy’ or ‘Hard’ topics. Detecting this disparity in terms of
prediction effectiveness can be a key factor in order to apply these methods to
improve the retrieval quality for a specific type of queries.

In this section we propose a new QPP evaluation framework with a two fold
goal: a) evaluate the ability of the method to detect ‘Easy’ or ‘Hard’ queries;
and b) to make explicit the accuracy of the method for different types of topics.

For the development of this evaluation framework, we should be able to parti-
tion the topic set of study into n blocks of interest, where each topic is uniquely
assigned to one of these partitions by its corresponding AP value, which estab-
lishes the retrieval quality of the partition. Thus, the best topics in terms of AP
would be assigned to the first partition and likewise the n-th partition groups
the worst topics. The same process is applied using the values provided by the
prediction method, instead of AP.

After partitioning the full set of topics, each topic is labelled according to the
prediction and the average precision obtained. Therefore, it is possible to test for
each topic if the AP value and the estimation belong to the same partition. Thus,
the evaluation of the quality of this labelling resembles a problem of classification
evaluation.

Grouping Data

An interesting problem which arises with the proposed evaluation is how to group
topics by their retrieval performance. The application of a suitable method to
group topics is a key task for the evaluation of QPP methods, since different
systems gives rises to different retrieval performance.

For instance, we can imagine a hypothetical search system where almost all
queries obtain as response a set of documents which satisfy the user. In this
case the application of a prediction method is not necessary, since it is known
that all queries are correctly answered. A similar case occurs when a search
system is unable to respond correctly to a great majority of queries. Therefore,
a prediction method is only useful when there is a significant divergence in the
quality of the search engine responses. In general, this divergence occurs in actual
search systems.
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Focusing on the TREC environment, a typical run usually shows an exponen-
tial probability distribution3, as Figure 1 illustrates, where a great number of
topics obtain a low AP value.

In order to adapt the different partitions of topics to each search system, we
propose to group them following the probability distribution of the AP values,
which represents the overall search system performance. For this task the k-
means[8] clustering algorithm is a suitable approach, since our goal is to create
groups such that the distance between elements in the same group is minimum
and the distance among the means of each group is maximum. More formally,
given a set of topic AP values (t1, t2, · · · , tn), the k-means clustering aims to
partition the n observations into k sets (k < n) C = {C1, C2, . . . , Ck} so as to
minimize the within-cluster distance to the mean:

arg max
C

k∑

i=1

∑

t∈Ci

(t − C̄i)2

where C̄i is the mean in Ci.
The k-means algorithm is not a deterministic method of clustering because

it depends on the initial selection of cluster means. In order to circumvent this
problem we propose to set the initial means in such a way that they do not
introduce any bias in the construction of the groups. Therefore, initial means
should be uniformly distributed along the whole set of topics in such a way that,
the number of topics between the proposed means is roughly the same. This
method can be implemented computing the percentiles for each desired group
based on the next equation: C̄i = percentile

(
100 · i−1

n+1

)
where C̄i is the initial

mean of the i-th cluster, and n is the number of clusters. For instance if n=3,
the initial means will be fixed at the 25th, 50th and 75th percentile of the data.

Using k-means in combination with the initialisation method proposed above
ensures that the groups created will depend on the data distribution. A proof of
this fact is that those groups with a larger number of topics appear where the
density function has a maximum, as observed in Figure 1.

The k-means algorithm requires a parameter indicating the desired number
of groups in which the input data will be divided. In our opinion a reasonable
approach is to set this value manually, since this number only depends on the
granularity level desired for the study4. For example, a typical setup can include
three groups: ‘Easy’, ‘Average’ and ‘Hard’ topics. Obviously, in order to compare
different prediction methods the number of partitions must be the same for all
the evaluated methods.

The described methodology for grouping topics is also applied to the pre-
diction values. Applying to both data series the same partition method has a
strong effect on the results of typical evaluation measures as precision or recall.
In general, those prediction methods whose probability distribution is not similar

3 Although best runs approach a Gaussian distribution as the MAP value increases.
4 Although there are several methods which set automatically the number of clusters

for the k-means algorithm.
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Fig. 1. AP histograms, density function and the obtained partitions applying k-means
with k=3 for the worst, average and best run submitted to the Robust 2004 track

to the AP distribution produce poorer results, because this dissimilarity leads
to the creation of partitions with different sizes, and this affects the evaluation
measures.

In the next section we apply the introduced evaluation framework to a subset
of different prediction methods in a standard TREC collection, in order to test
the ability of our proposal to circumvent some of the drawbacks of the current
approaches for the evaluation of QPP methods.

4 Experiments and Results

For the experimental evaluation of our proposal the set of documents from TREC
Disk4 & 5, along with the full set of topics from the Robust 2004 track[9], are
employed. We have selected this set of topics since a majority of prediction
methods obtain their best results when they are tested with them, as it appears
in related literature [3].

All prediction methods are executed against a base run which was obtained
using the query likelihood language modeling [10], with a Dirichlet prior smooth-
ing parameter[11] equal to 15005. This run achieves a MAP value of 0.24, which
is of the order of a typical TREC run for this collection.

A significant set of prediction methods considered as state of the art have
been implemented. For the pre-retrieval case, we have tested some of the methods
proposed by He et. al [1], including those based on the query terms IDF or ICTF,
such as the maximum IDF, the average ICTF, Simplify Clarity Score (SCS) and
the QueryScope method based on the number of documents returned by each
query term. On the other hand, the post-retrieval methods tested include Clarity
Score[2], for which the number of feedback documents have been fixed to 500,
and the ScoreDesv method, which is based on measuring the standard deviation
of the top k scores, fixing the top k to 120, as recommended in [12].

The set of topics is grouped into three blocks: ‘Easy’, for topics with the
highest AP; ‘Hard’, for those with lowest AP; and ‘Average’, for the rest. The
details of the different groups obtained after the application of the k-means
5 For this task The Lemur Toolkit software was employed.
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Table 1. Statistics for ‘Easy’, ‘Average’ and ‘Hard’ topic groups, including number of
topics per group, maximum, mean and minimum AP per group and the AP standard
deviation per group

Num Max Mean Min Sd

Hard 121 .02 .001 .0005 .006
Average 97 .21 .10 .02 .05
Easy 31 .91 .41 .21 .17

algorithm appear in Table 1. As expected, for a typical TREC run the largest
group corresponds to the set of ‘Hard’ topics, while the group with the smallest
number of topics corresponds to the ‘Easy’ partition.

In order to describe in detail the performance obtained by the tested predic-
tion methods, several measures from the classification topic can be applied. The
wide range of available measures allow us to define the experimental setup as
a function of the desired type of study. For the current setup we have decided
to apply the measures described below with the main goal of highlighting the
differences in terms of prediction not shown by the correlation coefficients.

The simplest approach to compare the accuracy of the different evaluated
methods is to compute the number of hits per partition and the total number of
hits. We will employ the classic F-measure, since it is able to combine precision
and recall in a single number and can be applied globally and for each defined
partition. Formally, the F-measure is defined as 2 · precision·recall

precision+recall .
In previous measures misclassified elements are equivalent. However, in QPP

all errors should not penalise the measure in the same manner. For instance, in
a set-up where we have decided to label topics as ‘Easy’, ‘Average’ and ‘Hard’,
predicting a topic as ‘Hard’ when it is actually ‘Easy’ should imply a greater
penalty than if the element had been misclassified as ‘Average’, a partition closer
to ‘Easy’. For this purpose we introduce a new measure: the Distance Based Error
Measure (DBEM), which is able to indicate the global performance along all the
partitions but focused only on the misclassified topics. We define the distance
between two partitions Ci and Cj in a set of topics that have been grouped in k
partitions as

distance(Ci, Cj) = ‖i − j‖

where 0 < i,j ≤ k. Then

DBEM =
∑n

i distance(Pti , Cti)∑n
i max

[∀j∈ndistance(Pti , Ptj )
]

where Pti is the predicted partition for the topic ti, Cti is the AP partition for
the topic ti, and n is the total number of topics. This is, the distance between
all topics normalised by the maximum possible distance, where lower distances
imply better performances.



Evaluation of Query Performance Prediction Methods by Range 233

Results

Table 2 shows the number of correctly classified topics for the whole set of top-
ics and for each partition. These results indicate that the subset of methods
based on IDF is strongly biased toward grouping topics as ‘Hard’, which leads
them to achieve the best result for the ‘Hard’ partition and very poor results
for the ‘Average’ and ‘Easy’ partitions. Furthermore, this subset of prediction
methods obtain very similar results, as it is shown by the total number of hits
achieved by them. However, this similarity in their results is not captured by the
Pearson and Kendall correlation. Moreover, some important differences appear
in the correlation coefficients obtained by these methods, suggesting a different
performance for these predictors, which has proved false using the simple accu-
racy. For instance, according to Pearson IDFMin (r=0.24) should outperforms
clearly IDFAvg (r=0.17), while according to Kendall we should conclude exactly
the opposite, since IDFMin obtains a τ of 0.16 to be compared with the 0.32
obtained by IDFAvg.

One key factor when comparing prediction methods by their accuracy is to
observe the performance not only globally but for each partition too. For ex-
ample, the obtained global accuracy for the QueryScope method will guide us
to the wrong conclusion of a worse performance of this compared to the IDF
based methods. But if we check the partial results of QueryScope we can ob-
serve a much better performance for this method in the detection of ‘Easy’ and
‘Average’ topics in comparison with the IDF based methods. Therefore, we can
conclude that the strong performance of the IDF based methods on ‘Hard’ topics
is a consequence of considering more than 95% of topics as ‘Hard’, which does
not correspond to the real performance of the tested run.

The global accuracy is not able to detect the previous situation either, because
it is computed as a sum of partial accuracies. However, this weakness is overcome
by the F-measure for the whole set of topics, as it can be observed in Table 3
where the IDF based methods obtains the worst results among all predictors.

Table 2. Results for the proposed predictors. The first three columns show the number
of hits per type of topic, including in brackets the whole number of topics classified as
the type of the column title. Besides, the last three columns show the total accuracy
hits
total

and the Pearson and Kendall correlation coefficient obtained.

Hard Average Easy Total Accuracy Pearson Kendall

AVICTF 73(122) 47(110) 9(17) 129 0.52 0.45 0.26
IDFAvg 120(245) 1(3) 1(1) 122 0.49 0.17 0.32
IDFDesv 119(245) 1(3) 1(1) 121 0.48 0.12 0.25
IDFMax 118(243) 1(5) 1(1) 120 0.48 0.15 0.32
IDFMin 121(245) 1(3) 1(1) 123 0.49 0.24 0.16
QScope 91(171) 22(67) 5(11) 118 0.47 0.37 0.18
SCS 60(87) 50(109) 18(53) 128 0.51 -0.45 -0.26
CS 78(110) 54(103) 13(36) 145 0.58 0.51 0.41
ScoreDesv 84(128) 47(91) 17(30) 148 0.59 0.55 0.40
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Table 3. Results for the proposed predictors. The first three columns show the F-
measure for each type of topic. Besides, the last four columns show the F-measure for
the whole set of topics, the Distance Based Error Measure and the Pearson and Kendall
correlation coefficient obtained.

Hard Average Easy Total DBEM Pearson Kendall

AVICTF 0.60 0.45 0.37 0.51 0.32 0.45 0.26
IDFAvg 0.65 0.02 0.06 0.33 0.39 0.17 0.32
IDFDesv 0.65 0.02 0.06 0.33 0.39 0.12 0.25
IDFMAX 0.63 0.02 0.06 0.33 0.39 0.15 0.32
IDFMin 0.66 0.02 0.06 0.36 0.38 0.24 0.16
QScope 0.62 0.26 0.23 0.43 0.35 0.37 0.18
SCS 0.58 0.48 0.43 0.52 0.34 -0.45 -0.26
CS 0.67 0.54 0.39 0.59 0.29 0.51 0.41
ScoreDesv 0.67 0.50 0.56 0.59 0.27 0.55 0.40

Table 4. Confusion Matrix for Clarity Score (left) and ScoreDesv (right), the number
of correctly classified topics appears in boldface

Hard Average Easy Total

Hard 78 36 7 121
Average 27 54 16 97
Easy 5 13 13 31
Total 110 103 36 145

Hard Average Easy Total

Hard 84 35 2 121
Average 39 47 11 97
Easy 5 9 17 31
Total 128 91 30 148

A final conclusion that can be extracted from the results in Table 2 is that,
as it was expected, the most accurate methods in terms of grouping predictions
are CS and ScoreDesv, which outperform clearly the rest of prediction methods.

Table 3, shows the F-measure obtained, which can help us to extract some
other conclusions. These results show that in general prediction methods show a
better performance detecting ‘Hard’ topics than ‘Average’ or ‘Easy’ topics, some-
thing not revealed by means of the correlation coefficients. Besides, while both
correlation coefficients suggest an equivalent performance for SCS and AVICTF
prediction methods, using the F-measure we observe how SCS outperforms in
more than a 16% the AVICTF in relation with the detection of ‘Easy’ topics.

In relation with the most accurate methods, CS and ScoreDesv, although the
correlation methods and the global F-measure suggest a similar performance, a
more detailed comparison leads us to observe some interesting differences between
them. For instance, with the partial F-measure we can observe that although CS
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is slightly better for ‘Hard’ and ‘Average’ topics, ScoreDesv improves CS around
a 43% detecting ‘Easy’ topics, which makes ScoreDesv a more reliable option in
those contexts where we would expect an accurate detection of ‘Easy’ topics.

The differences between these last prediction methods are shown as well by
the proposed DBEM measure. Although this measure shows a strong correlation
with the rest of the global performance measures, as it appears in Table 5, it
reveals some important details which are not shown with the rest of measures.
Focusing on CS and ScoreDesv, DBEM suggests a minor fail ratio for the last
method. This fact can be confirmed observing the confusion matrix of both
methods, which appears in Table 4. In this table we observe that while the
number of misclassified topics is similar for both methods (104 for CS and 101
for ScoreDesv), CS is labelling 12 topics as ‘Easy’ when they are actually ‘Hard’
or viceversa, while these errors only occurs 7 times with ScoreDesv. This error
rate implies that the proportion of strong errors by CS is around an 11% against
the 6% obtained by the ScoreDesv.

Finally it should be highlighted that the proposed measures applied show a
strong correlation with the classic evaluation approach, as it appears in Table
5. Thus the proposed evaluation method provides an information equivalent to
correlation approach, but showing a higher level of detail for the topics subset
of interest.

Table 5. Pearson correlation coefficient between pairs of proposed measures

Accuracy F-Measure DBEM

Pearson 0.78 0.77 -0.95
Kendall 0.77 0.66 -0.57

5 Conclusions

In this paper a novel method for the evaluation of Query performance Prediction
Methods has been introduced. The goal of this proposal is to avoid some of the
drawbacks which appear with the use of correlation coefficients when they are
applied to evaluate Query Performance Prediction methods.

Our proposal overcomes previous drawbacks avoiding the use of correlation
coefficients, and transforming the performance prediction evaluation into a clas-
sification task by assuming that each topic belongs to a unique type based on
their retrieval performance. For this task we have proposed an automatic method
to group topics based on their retrieval quality, according to the overall retrieval
quality of the search system in study.

While the application of correlation coefficients to this topic can hide the spe-
cific performance of prediction methods for different types of topics, our proposal
makes explicit these differences guiding us to the selection of the more suitable
method depending on the application context. Furthermore, each topic is au-
tomatically labelled by their retrieval effectiveness according to the prediction
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method. Based on this label, a system would be able to decide which is the most
suitable technique to improve the quality of the response for this topic, oppo-
site to current approach where this decision is taken based on a numeric value
assigned by the prediction method.

The novel evaluation framework has been tested against a set of different pre-
diction methods, providing with a more detailed information about the tested pre-
dictors performance. Besides, the proposed measures have shown a strong correla-
tion degree with the current evaluation, which suggests a similar behaviour of our
proposal with correlation approach but being at the same time able of revealing
some performance differences that are not detected with the current approaches.
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Song, D., Yilmaz, E. (eds.) ICTIR 2009. LNCS, vol. 5766, pp. 371–374. Springer,
Heidelberg (2009)


	Evaluation of Query Performance Prediction Methods by Range
	Introduction
	Current Evaluation Approaches
	Evaluating by Range 
	Experiments and Results 
	Conclusions 
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




