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Abstract—Information retrieval systems often exhibit variabil- 
ity in effectiveness across queries and retrieval models. This 
study investigates the use of pre-retrieval query performance 
predictors to guide per-query prediction of term weighting 
models. A prediction-based method (PBM) is employed using 
a K-Nearest Neighbors (KNN) to predict between BM25 and 
DFRee term weighting models based on features derived from 
query performance predictors. Experiments are conducted on 
standard TREC datasets, which are CW09B, CW12B, and 
GOV2, and retrieval effectiveness is evaluated using nDCG@20. 
Results demonstrate that PBM consistently outperforms the 
baseline models. It achieves statistically significant improvements 
in average effectiveness and enhanced robustness across queries. 
Per-query analyses show that PBM accurately predicts the more 
effective model between term weighting models. These findings 
indicate that query-level model prediction based on query per- 
formance predictors can substantially improve IR performance. 

Index Terms—index term weighting, query performance pre- 
diction, information retrieval 

 

I. INTRODUCTION 

Information retrieval (IR) systems are designed to address 

users’ information needs. Ideally, the response of an IR system 

should fully satisfy those needs. Systems that consistently 

succeed in meeting users’ diverse information requirements are 

regarded as robust. Such systems distribute their effectiveness 

evenly across all queries, rather than a marginal performance 

increment on only a subset [1]. 

An IR system typically consists of three sub-components 

for addressing users’ information needs: preprocessing, term–

document matching, and re-ranking. Among these, the term–

document matching phase serves as the core of the system. 

Although the other components are relatively optional, they 

significantly influence the overall performance of an IR system 

[2], [3], at least as much as the core component itself [4]. From 

this perspective, the configurations chosen for each component 

can substantially affect the retrieval of documents for a given 

set of queries. Consequently, in practical appli- cations, IR 

systems often fail to satisfy all user information needs at a 

desirable level [5]. 

The literature has a long history of improving the effective- 

ness of IR systems across all sub-components. For instance, 

employing stemming in the pre-processing phase is a typical 

and substantial application, as stemming aims at alleviating 

the mismatching problem between query and document terms. 

Accordingly, both, rule-based [6]–[8] and statistical stemming 

methods [9], [10] have been widely integrated into IR systems 

[2], [11]. 

Term weighting models, as a core sub-component of the IR 

systems, have a central role in identifying relevant documents 

within a corpus. Because of its importance, a wide range of 

models have been developed and presented in the literature. 

BM25 [12], DFRee [13], and DFIC [14] are some example 

methods from the extensive literature. Each method relies on 

a distinct probability distribution for modeling the query term 

frequencies. BM25 employs a Two-Poisson distribution while 

DFRee uses a Hypergeometric distribution. On the other hand, 

DFIC utilizes the Empirical distribution. Besides these term 

weighting models, many other models rely on different kinds 

of distributions and techniques. 

Having relevant documents ranked higher makes it easier 

for users to access the information they need more quickly. 

The third phase re-ranks the documents retrieved by the index 

term weighting model to promote documents considered more 

relevant to higher positions in the ranked list. Metrics such 

as Normalized Discounted Cumulative Gain (nDCG) [15], 

[16] explicitly account for ranking positions when evaluating 

retrieval effectiveness. Similar to previous phases, multiple 

methods have been explored for re-ranking. Learning-to-rank 

method employs machine learning methods to re-rank re- 

trieved documents for a given query [17]. On this account, 

selected or used features based on query-independent or query- 

dependent gain importance for this phase. The proposed meth- 

ods for re-ranking in the literature [17]–[19] inherently affect 

the measured retrieval performance. 

The capabilities of large language models (LLMs) and 

pretrained language models (PLMs) in capturing semantic 

meaning have also influenced all sub-components of infor- 

mation retrieval. On this account, several retrievers such as 

DeepCT [20], DeepImpact [21], uniCOIL [22], and SPLADE 

[23] are introduced to retrieve documents for a given query 

from the corpus, while re-rankers such as MonoT5 and DuoT5 
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[24], and RankT5 [25] have been proposed for post-retrieval 

ranking in the literature. However, the computational cost 

of LLMs and PLMs has restricted their deployment to rel- 

atively small corpora compared to web-scale datasets in IR 

experiments. Consequently, an IR system includes multiple 

sub-components, and each sub-component affects the retrieval 

performance for each query differently. While some queries 

benefit from a particular system configuration, the same setup 

may hinder effectiveness for other queries. 

In this study, an experiment is conducted to predict the 

appropriate term weighting model using several pre-retrieval 

query performance predictors. The prediction relies on the K- 

Nearest Neighbors (KNN) and aims at determining which of 

the two term weighting models yields more effective results. 

By employing two system setups (one for each term weighting 

model), the usefulness of query performance predictors in 

guiding model selection is examined. Furthermore, the re- 

trieval effectiveness of this prediction-based method (PBM) 

is analyzed on a per-query basis. 

II. EXPERIMENTS 

The experiments are conducted on Apache Lucene, an 

open-source search engine platform. Although its usage in 

the industry is well established, its adoption in academic 

research has also become increasingly widespread. For the 

experiments, the Web documents are stripped of the HTML 

tags to obtain textual content and then indexed in Lucene 

for search and retrieval. Standard tokenizer and lower case 

filtering are applied to the textual content without stemming 

during the indexing process. 

A. Datasets 

The ClueWeb09 collection consists of approximately 1 

billion web documents gathered in January and February 2009. 

The collection’s Category B subset contains approximately 50 

million English web pages. The subset was used in TREC 

Web Tracks from 2009 to 2012 (CW09B). The ClueWeb12 

comprises approximately 733 million English web documents, 

gathered between 10 February and 10 May 2012. A uniformly 

extracted sample of 7% of the collection is named Category 

B13. The subset collection was used in the TREC Web Tasks 

from 2013 to 2016 (CW12B). The GOV2 collection [26] 

involves approximately 25 million web documents. These 

documents were gathered from the .gov domain. The TREC 

Terabyte Tracks 2004–2006 (GOV2) study was conducted 

using this collection. The experiments are carried out on 

standard TREC datasets with their associated tracks. The 

numbers of queries in these tracks are listed in Table I 

B. Query Performance Predictors 

The variability in retrieval effectiveness across both queries 

and systems has motivated research into query performance 

prediction [27]. The objective is to estimate the quality of 

search results produced by a specified retrieval system for a 

given query without relying on human relevance judgments. 

TABLE I 

THIS LISTS THE COLLECTIONS, THE NUMBER OF QUERIES IN THE 

TRACKS, AND THE ABBREVIATIONS USED IN THE EXPERIMENTS. 

 

Collection Track Abbr. in Study # queries 

CW09B Web 2009, 2010, 2011 & 2012 CW09B 197 

CW12B 
Web 2013 & 2014 
Tasks 2015 & 2016 

CW12B 185 

GOV2 Terabyte 2004, 2005 & 2006 GOV2 149 

 

 

 

Accurate prediction would enable information retrieval sys- 

tems to better manage difficult queries and mitigate perfor- 

mance fluctuation. Furthermore, identifying the most effective 

retrieval strategy on a per-query basis has the potential to 

substantially improve overall effectiveness. 

The potential of query performance prediction for improv- 

ing IR effectiveness has motivated extensive research into 

diverse prediction methods. These approaches are typically 

classified into pre-retrieval and post-retrieval methods. Pre- 

retrieval methods estimate search result quality before re- 

trieval. It relies solely on the raw query and term statistics 

available at indexing time. In contrast, post-retrieval methods 

leverage not only the query and term statistics but also features 

derived from the retrieved results. In this study, experiments 

are performed on only pre-retrieval predictors since using post- 

retrieval predictors requires multiple runs of queries on the IR 

systems. In this context, the employed predictors for the KNN 

are listed: 

• Inverse document frequency (idf): Queries are usually 

consist of multiple terms. Mean, variance, and maximum 

idf values of query terms are produced for the feature 

set. The used formula: idf = ln(N/df (t), where N and 

df (t) refer to the number of documents in the collection 

and the document frequency of the term t 
• Query Scope [28]: Represents the percentage of docu- 

ments in the corpus that include at least one query term. 

The equation: ω = −log(nQ/N ), where nQ refers to 

the number of documents that include at least one query 

term. 

• Gamma [28]: Captures the distribution of information 

content across the component terms of a query. 

The equation: γ = idfmax/idfmin 
• Pointwise Mutual Information (PMI) [29]: PMI scores 

for each query term pairs. Mean and maximum PMI 

values of query term pairs are produced for the feature 

set. 

The equation: 

 
Pr(t1, t2 | D) 

PMI(t1, t2) = log 
Pr(t1 | D) · Pr(t2 | D) 

 
• Simplified Clarity Score (SCS) [30]: Quantifies query 

specificity by measuring the Kullback–Leibler divergence 

between the query language model and the collection 

language model. 
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N 
j=1 

eij 

TABLE II 

AVERAGE RETRIEVAL RESULTS OF IR SYSTEMS IN THE METRIC 

NDCG@20. 

 

 CW09B CW12B GOV2 

BM25 0.1606 0.0781 0.3486 
DFRee 0.1596 0.0891 0.3552 

PBM 0.1651D 0.0926B 0.3601B 

 

 

The equation: 

SCS(q) = Pr(t | q) log 
 Pr(t | q) 

t∈q 
Pr(t | D) 

• Contribution of a term to the total inertia (CTI) [31]: 

Total inertia reflects the overall magnitude of squared 

deviations from independence. Mean, variance, and max- 

imum CTI values of query terms are produced for the 

feature set. 

The equation: 

scores. The superscripts B and D indicate that the average 

retrieval performance of the PBM is statistically significant 

compared to DFRee and BM25, receptively, at the 0.05 

significance level. According to the table results, KNN-based 

prediction of the term weighting model using query perfor- 

mance predictors produces the highest effectiveness scores. 

Furthermore, the produced result for CW09B is statistically 

significantly higher than that produced by DFRee. Also, a 

similar situation is observed in the CW12B and GOV2 query 

collection datasets. The produced scores for these datasets are 

statistically significantly higher than BM25. 

Fig. 1 illustrates the per-query comparisons of the PBM 

against DFRee and BM25 for each dataset. The bars in 

the upper-right region represent the queries for which PBM 

achieves higher nDCG@20 scores than the corresponding 

baseline model. On the other hand, the bars in the lower- 

left region indicate queries where PBM performs worse. The 

length of the bar reflects the magnitude of these differences. In 

the figures, the area covered by the upper-right bars exceeds 
c 2 that of the lower-left bars. It can be inferred from the figures 

CTI = 
 1 Σ (tfij − eij)  that PBM is accurate in prediction and especially on the 

 

 
 

where i refers to term number and j refers to document 

number. 

•  Skewness and Kurtosis: Skewness and kurtosis of 

the frequency distribution for a query term. Mean and 

variance Skewness and Kurtosis values of query terms 

are produced for the feature set separately. 

• Collection Query Similarity (SCQ) [32]: Measure the 

query similarity to the collection. Mean, variance, and 

maximum SCQ values of query terms are produced for 

the feature set. 

The equation: SCQ(t) = (1 + log(tf (t, D))) · idf (t) 

C. Experimental Setup 

The prediction decides which term weighting model should 

be applied to the information retrieval system for a given 

query. For this purpose, DFRee [13] and BM25 [12] are 

selected as baseline term weighting models. These are well- 

known and widely used models in literature and practical 

applications. Retrieval effectiveness is evaluated using nDCG 

at the top 20 documents (nDCG@20). A KNN classifier 

is employed to perform the prediction using extracted pre- 

retrieval query performance predictors as input features. Each 

query feature set is assigned one of three labels: 0 (BM25), 1 

(DFRee), or 2 (equality). Specifically, if the nDCG@20 score 

of BM25 is higher than that of DFRee for a given query, label 

0 is assigned. Conversely, if the DFRee score is higher, label 

1 is assigned. In cases where the scores are equal, label 2 is 

assigned. 

D. Results 

Table II lists the average nDCG@20 scores of the term 

weighting models across the query collection datasets. The 

applied classifier is denoted as PBM, which refers to the 

prediction-based method. The bold scores indicate the higher 

models. 

Fig. 2 also compares the per-query retrieval scores sorted 

in ascending order for each term weighting model. Each sub- 

figure corresponds to a specific query collection. Here, the 

blue, red, and yellow lines indicate the BM25, DFRee, and 

PBM models. The line for the PBM model usually appears 

above the other lines of models. This shows that the PBM 

usually produces more robust results than others, and an 

increment in average performance is usually distributed across 

the queries. 

III. DISCUSSION AND CONCLUSIONS 

This study investigated the use of pre-retrieval query per- 

formance predictors to guide the selection of term weighting 

models in information retrieval systems. The prediction-based 

method (PBM), leveraging a KNN classification, dynamically 

selects a term weighting model between BM25 and DFRee for 

each query. Experimental results on standard TREC datasets 

(CW09B, CW12B, and GOV2) demonstrated that PBM has 

achieved higher nDCG@20 scores compared to either baseline 

model. The improvements have been statistically significant 

in multiple cases, and this highlights the effectiveness of per- 

query model selection. 

Per-query analyses further revealed that PBM not only 

improved average retrieval effectiveness but also enhanced 

robustness across queries. Figures 1 and 2 show that PBM 

frequently outperformed the baselines, particularly for queries 

with marginal performance score differences between models, 

and that performance gains are broadly distributed rather 

than concentrated on a few queries. These findings indicate 

that query performance predictors can successfully identify 

situations in which a specific term weighting model is likely 

to be more effective. This allows IR systems to mitigate 

performance variability across queries. 

queries that have marginal differences between term weighting 
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Fig. 1. Visual comparison of the PBM against base term weighting models is presented. The right upper bars represent the number of queries and performance 

gain with the PBM. The left bottom bars represent the number of queries and performance loss with the PBM. 
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Fig. 2. Per-query performance comparisons of term weighting models and PBM according to CW09B, CW12B, and GOV2. 

 

Despite its effectiveness, this study has several limitations. 

Only two term weighting models (BM25 and DFRee) are 

considered, which limits the generalizability of the prediction- 

based method to other models; however, they are more widely 

used term weighting models. Although there are other metrics, 

the experiments focus on nDCG@20 as the evaluation metric, 

which is a more suitable metric for evaluating web information 

retrieval. 

In conclusion, the prediction-based method demonstrates 

that pre-retrieval query performance predictors can be effec- 

tively used to select term weighting models on a per-query 

basis. This usually results in significant improvements in both 

average effectiveness and robustness. These findings provide 

a promising direction for adaptive IR systems to the specific 

characteristics of individual queries. 
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