[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-12 ]

[ DOI: 10.61186/jsdp.22.1.3 ]

5

oS 43 9393 Tl S ySec Sy
s 9939 sld gy

T iluS 0 ! (o0 55 dndold ouw

\&U‘)J‘ cd.e.,um cd.e.,.MA ijé)s olKiils s)Js.au.AlS g_';““’“‘\"‘ef" M)‘uuhm)ls
¥l g ,mle g0l (sruo olils ¢ FaalS swaige soSisly sl

ol

6“‘3‘".‘5) 9 aﬁb)b J’d’é° GL“U:'B) 2*‘“5" ] )L" 9 able OS}é‘}B) u“‘)s‘ P L5L°)9:’.5'° )" o L ‘)ﬁ‘;‘ GL“JL"‘ J°
oo Oledbl b5k bl 5 Slll I (S a2 gcuns b )sige 3 5les (P ey AZidyd oyl Slow!
S S sy 1y (ol Gloladl (ylgi 0 ) et (T 3l ars b (l5L Ao o 3 e |y gz g w0 Ko (ylgi 5T 3980 00
ol el 35 pese (B b3k Ghgy SO sl 2yl CamlgBp0 (5031 (6ylgs ey gramy O Sdes (S 010 plaxil
ooliiwl @yl yaay sbasy 31 Luwly cwl 3o 35100 o0 (b3L 51 oy LoDy KaSay g9y 0 ySlos (cwyy A (SR
Iy 995 515 Coled )o t 310 1 o0 L9 gy (BTl 0y dos (b))l e Ao (G )luro (5 7S 03Iuil g (Guivadigs 4 g g o
oyl polo g Ry (Goloduion (09 WS o0 (LIS LG 10,5 madles dunlio 0j9o (pf Wlusl 53 S92 g0 HlaS (g o b9, b
w).»o TREC DL 2020 3:‘:4:,04;0 29 <Py 9 +.009 w).ada DL-Hard ¢ TREC DL 2019 sold AS gox0 O |) Q.DW‘ w).o

B 381 392 g0 )15 oy yit Ay o + oYY 1y (yguu yay

-9 9w (51 95 g0 (leMbl b 3L (g gy O Shos (S sy 1goulS HTSlg

Unsupervised Methods for Predicting Query

Performance
Seyedehfatemeh Karimi!, Maryam Khodabakhsh™
M.Sc in Computer Engineering, Ferdowsi University of Mashhad, Mashhad, Irant
Assistant Professor of Faculty of Computer Engineering, Shahrood University of Technology,
Shahrood, Iran™

Abstract

With the rapid increase in the use of search engines, the need for developing more effective information
retrieval and ranking methods has become critical. One of the key challenges in information retrieval is
predicting query performance, which involves estimating how well a search engine can fulfill a user’s
information need. Accurate prediction of query performance allows search engines to take adaptive
actions, such as query reformulation or ranking adjustment, to enhance retrieval effectiveness. Query
Performance Prediction (QPP) methods fall into two main categories: pre-retrieval prediction and post-
retrieval prediction. Pre-retrieval predictors estimate query difficulty before the retrieval process,
relying on linguistic and statistical query features rather than retrieved documents. In contrast, post-
retrieval prediction methods assess query performance based on the ranking list and document
collection, providing deeper insights into retrieval effectiveness. In this study, we propose a novel
unsupervised post-retrieval QPP method that evaluates query performance by analyzing the clustering
behavior of retrieved documents. Our method defines five new metrics—CC, DCIC, DCNIC, DCNICR,
and CCR— to measure the distribution and coherence of retrieved documents. These metrics help assess
query difficulty by capturing how documents group into clusters, identifying outlier documents that do
not fit well into clusters, and evaluating the overall structure of retrieved results. By leveraging these
metrics, our approach provides a more fine-grained estimation of query performance without requiring
human-labeled data. To evaluate the effectiveness of the proposed method, we conduct experiments on
three datasets: TREC DL 2019, TREC DL 2020, and DL-Hard. The results demonstrate that our
approach improves Spearman’s correlation coefficient by 0.009 and 0.163 on the TREC DL 2019 and
DL-Hard datasets, respectively. Additionally, it increases Pearson’s correlation coefficient by 0.037 on
the TREC DL 2020 dataset compared to state-of-the-art unsupervised QPP methods. These
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improvements indicate that clustering-based QPP methods can effectively capture query difficulty and
retrieval quality without the need for external supervision.

Keywords: Query Performance Prediction, Information Retrieval, Search Engines.
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(Figure-1): The Architecture of our Proposed Method.
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(Table-1): Statistics of the datasets used in current research.
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(Table-2): The performance of the proposed approach for the top 10 and 100 retrieved documents. The validity of the results has
been confirmed using a two-tailed paired t-test at a 95% confidence level.
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(Figure-1): Comparison of correlation coefficients for the five proposed metrics on the TREC DL 2020 dataset for the top 10
and 100 retrieved documents.
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(Table-3): Comparison between the effectiveness of the proposed method in the current study and unsupervised methods for
the top 100 retrieved documents. The validity of the results has been confirmed using a two-tailed paired t-test at a 95%
confidence level.
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