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ABSTRACT  

 The prediction of query performance is an moving and considerable issue in 

Information Retrieval (IR). Current predictors attach the use of consequence scores, which are 

time consuming to work out. Therefore, current predictors are not very suitable for practical 

applications. In this paper, the study pre- retrieval predictors of query performance, which can 

be generated prior to the retrieval process.  and complete impression of pre-retrieval query 

performance prediction methods. Some of the proposed predictors have considerable 

connection with query performance, showing that these predictors can be useful to infer query 

performance in practical applications. 
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INTRODUCTION  

Pre-retrieval prediction algorithms predict the efficiency of a query before the retrieval stage is 

reached and thus, independent of the ranked list of results; essentially, they are search 

independent. Such methods base their predictions exclusively on query terms, the collection data 

and possibly an external source such as Word Net , which provides information on the query 

terms’ semantic relationships. Since pre-retrieval predictors rely on information that is available 

at indexing time, they can be calculated more efficiently than methods relying on the result list, 

causing  less overhead to the search system. This paper is  providing a comprehensive overview 

of pre-retrieval query performance prediction methods. 

Specifically, this paper contains the following contributions: 
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 The introduction of a predictor taxonomy and a illumination of assessment goals and 

assessment measures[3]. 

 An investigative and experimental evaluation of a wide range of prediction methods over 

a range of retrieval approaches[4],  

The organization of the paper is set up accordingly. In first Section discussed  predictor 

taxonomy, then in nest Section  discussed the goals of query effectiveness prediction and 

subsequently lay out what evaluations exist and when they are applicable.  

 

2. A PRE-RETRIEVAL PREDICTOR TAXONOMY: 

In general, pre-retrieval predictors can be divided into four different groups according to the 

heuristics they exploit (Figure 2.1). First, specificity based predictors predict a query to perform 

better with increased specificity. How the specificity is determined further divides these 

predictors into collection statistics based and query based predictors[2]. Other predictors exploit 

the query terms ambiguity to predict the query’s quality; in those cases, high ambiguity is likely 

to result in poor performance. 

 

                   Figure 2.1: Categories of pre-retrieval predictors. 

  

In such a scheme, if a term always appears in the same or similar contexts, the term is considered 

to be unmistakable. However, if the term appears in many different contexts it is considered to be 

confusing. For instance, consider that the term “tennis” will mainly appear in the context of 

sports and will rarely be mentioned in documents discussing finances or politics. The term 

“field”, however, is more confusing and can easily occur in sports articles, agriculture articles or 

even politics . Intuitively, ambiguity is somewhat related to specificity, as an confusing term can 

have a high document frequency, but there are exceptions consider that the term “tennis” might 

not be specific in a corpus containing many sports-related documents, but it is unconfusing and 

while specificity based predictors would predict it to be a poor query, ambiguity based predictors 

would not. The ambiguity of a term may be derived from collection statistics, additionally it can 

also be determined by relying on an external source such as WordNet.  
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The drawback of predictors in the first two categories (specificity and ambiguity) stems 

from their lack of consideration of the relationship between terms. To illustrate this point, 

consider that the query “political field” is actually unconfusing due to the relationship between 

the two terms, but an ambiguity based predictor is likely to predict a poor effectiveness, since 

“field” can appear in many contexts. Similarly for a specificity based predictor, the term “field” 

will likely occur often in a general corpus. To offset this weakness, a third category of predictors 

makes use of term relatedness in an attempt to exploit the relationship between query terms. 

Specifically, if there is a strong relationship between terms, the query is predicted to be of good 

quality[7]. 

Finally, the ranking sensitivity can also be utilized as source of information for a query’s 

effectiveness. In such a case, a query is predicted to be unproductive, if the documents 

containing the query terms appear similar to each other, making them indistinguishable for a 

retrieval system and thus difficult to rank. In contrast to post-retrieval methods, which work 

directly on the rankings produced by the retrieval algorithms, these predictors attempt to predict 

how easy it is to return a stable ranking[9]. 

 

3. EVALUATION FRAMEWORK: 

Query effectiveness prediction methods are usually evaluated by reporting the correlation they 

achieve with the ground truth, which is the effectiveness of queries derived for a retrieval 

approach with the help of relevance judgments. The commonly reported correlations coefficients 

are Kendall’s Tau τ , Spearman’s Rho ρ, and the linear correlation coefficient r (also known as 

Pearson’s r). 

3.1 Evaluation Goals: 

Evaluation goals can be for instance the determination whether a query can be answered by a 

corpus or an estimation of the retrieval effectiveness of a query. Now present three categories of 

evaluation goals which apply both to pre retrieval and post retrieval algorithms. 

Query Difficulty: 

The query difficulty criterion can be defined as follows: given a query q, a corpus of documents 

C, external knowledge sources E and a ranking function R (which returns a ranked list of 

documents), It can estimate whether q is difficult as follows: 

 

fdiff(q,C,E,R) → {0, 1}--------------------- (3.1) 

 

Here, fdiff = 0 is an indicator of the class of difficult queries which exhibit unsatisfactory 

retrieval effectiveness and fdiff = 1 represents the class of well performing queries. When R = ∅   

are dealing with pre-retrieval prediction methods. A number of algorithms involve external 

sources E such as Wikipedia or WordNet. The majority of methods however, rely on C and R 

only. Evaluation measures that are in particular applicable to fdiff emphasize the correct 

identification of the worst performing queries and largely ignore the particular performance 

ranking and the best performing queries. 

Query Performance: 

Determining whether a query will perform well or poorly is not always sufficient. Consider for 

example a number of alternative query formulations for an information need. In order to select 
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the best performing query, a more general approach is needed; such an approach is query 

performance prediction. Using the notation above, 

It express this as follows: 

 

fperf(q,C,E,R) → R--------------------- (3.2) 

 

The query with the largest score according to fperf is deemed to be the best formulation of the 

information need. In this scenario, it is not interested in the particular scores, but in correctly 

ranking the queries according to their predicted effectiveness. In such a setup, evaluating the 

agreement between the predicted query 

ranking and the actual query effectiveness ranking is a sound evaluation strategy. The alignment 

of these two rankings is usually reported in terms of rank correlation coefficients such as 

Kendall’s τ and Spearman’s ρ. 

Normalized Query Performance: 

In a number of instances, absolute estimation scores as returned by fperf cannot be utilized to 

locate the best query from a pool of queries. Consider a query being submitted to a number of 

collections and the ranked list that is estimated to best fit the query is to be selected, or 

alternatively the ranked lists are to be merged with weights according to the estimated query 

quality. Absolute scores as given by fperf will fail, as they usually depend on collection statistics 

and are, thus, not comparable across corpora. The evaluation should thus emphasize, how well 

the algorithms estimate the effectiveness of a query according to a particular effectiveness 

measure such as average precision. Again, using the usual notation: 

 

fnorm(q,C,E,R) → [0, 1] --------------------- (3.3) 

 

By estimating a normalized score, scores can be compared across different collections  The 

standard evaluation measure in this setting is the linear correlation coefficient r  such as average 

precision. Again, using the usual notation: 

 

3.2 Evaluation Measures: 

As described in the previous section, different evaluation methodologies are applicable to 

different application scenarios. The standard correlation based approach to evaluation is as 

follows. Let Q be the set of queries {q}i and let Rqi be the ranked list returned by the ranking 

function R for qi. For each Q, the predicted score si is obtained from a given predictor; 

additionally the retrieval effectiveness of R is determined (based on the relevance judgments). 

Commonly, the average precision of R  is calculated as ground truth effectiveness. Then, given 

all pairs (si, api), the correlation coefficient is determined. 

Rank correlations make no assumptions about the type of relationship between the two lists of 

scores (predictor scores and retrieval effectiveness scores). Both score lists are converted to lists 

of ranks where the highest score is assigned rank 1 and so on. Then, the correlation of the ranks 

is measured. In this case, the ranks give an indication of each query’s effectiveness relative to the 

other queries in the list but no quantitative prediction is made about the retrieval score of the 

query. 
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In the linear correlation coefficient r can be used instead. This coefficient is defined as the 

covariance, normalized by the product of the standard deviations of the predicted scores and the 

actual scores. The value of r
2
 is known as the coefficient of determination. In the case of multiple 

linear regression, r increases due to the increase in regressors. To account for that, the value of 

the adjusted r
2
 can be reported, which takes the number p of regressors into account (n is the 

sample size): 

 

r2
adj = 1 − (1 – r2)( 𝑛 − 1

𝑛 − 𝑝 − 1  ) --------------------- (3.4) 

 
4. CONCLUSION AND FUTURE WORK: 

This paper has provided a detailed overview of a large number of pre-retrieval prediction 

methods. A taxonomy of predictors was introduced and in turn the predictors in each class were 

analyzed and empirically evaluated. The evaluation was performed on three diverse test 

collections: As further study, here provided a broad overview of existing prediction methods, 

then focused on one particular approach: Clarity Score. Based on an analysis of Clarity Score’s 

sensitivity to its parameter settings it can work on different databases. 

 

5. REFERENCES: 

 

[1]  Yan Qu, Hongming Jin, Alla N. Eilerman, Emilia Stoica, David A. Evans,” CLARIT TREC-

8 CLIR Experiments”.  

[2]  S. Cronen-Townsend, Y. Zhou, W. B. Croft.,2002 “Predicting query performance”. 

[3]  B. He and I. Ounis. , 2004 ,”A query-based pre-retrieval model selection approach to 

information retrieval”. 

[4]  S. C. Townsend, Y. Zhou, and B. Croft, “Predicting query performance,”.  

[5]  K. Collins-Thompson and P. N. Bennett, 2010 “Predicting query  performance via 

classification,”  

[6]  Y. Zhao, F. Scholer, and Y. Tsegay, 2008 ,“Effective pre-retrieval query performance 

prediction using similarity and variability evidene,”  

[7]  C. Hauff, L. Azzopardi, D. Hiemstra, and F. Jong,2010,“Query performance prediction: 

Evaluation contrasted with effectiveness,” 

[8]  S. Cheng, A. Termehchy, and V. Hristidis,2012 , “Predicting the effectiveness of keyword 

queries on database 

[9]  Hauff, C.: Predicting the Effectiveness of Queries and Retrieval Systems. PhD thesis, Univ. 

of Twente, Enschede (January 2010). 

[10] J. Han, M. Kamber, and J. Pei. Data Mining: Concepts and Techniques. Morgan Kaufmann, 

2011.  

[11] A. Termehchy, M. Winslett, and Y. Chodpathumwan. How Schema Independent Are 

Schema Free Query Interfaces? In ICDE, pages 649{660, 2011. 


