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Abstract. Query performance prediction (QPP) methods have primar-
ily been tailored to mainstream users, thus relying on the traditional con-
cept of relevance. In the case of children, however, relevance goes beyond 
content-based resource-query matching, which is why we gauge the per-
formance of existing QPP methods in estimating the fit of resources 
retrieved in response to child-formulated queries. Outcomes from our 
empirical exploration of various QPP methods using a traditional and a
child-focused definition of relevance on 2 datasets reveal the limitations
in the adaptability of existing methods to the context of child informa-
tion retrieval.

Keywords: Query Performance Prediction · Children

1 Introduction 

Children regularly turn to popular search engines (SE), such as Google and Bing,
for information discovery [4,6,18]. Prior research indicates that these search 
tools often retrieve resources that fail to adequately address children’s inquiries
[22,66], and that even the slightest change in a child’s query could lead to overly 
complex, misleading, or even inappropriate content, impacting a child’s success in
completing their search task [55]. Given that the information children encounter 
can shape their development and worldview [18,56], it is crucial to understand 
when a system may fail to serve this population effectively.

Query Performance Prediction (QPP) estimates the effectiveness of an infor-
mation retrieval (IR) system based on a user’s query [8,15,33,46]. In essence, 
QPP methods help estimate how difficult it would be for an IR system to retrieve
relevant resources for a given query [8]. In the realm of children IR [53], QPP 
could be used to help identify children’s queries that an IR system is likely 
to address poorly. Over the years, research efforts have yielded a wide range 
of methods, from simple lexical techniques to advanced neural-based and Large
Language Model (LLM)-based approaches [e.g., 15,19,46,61,63,68,71,73]. How-
ever, to the best of our knowledge, existing methods are designed, optimised, and 
evaluated based on standard IR datasets that r eflect the needs of mainstream
users—primarily adults—and adopt a traditional definition of relevance based
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on topical similarity between queries and retrieved items [12,13]. QPP, there-
fore, has generally been approached from a system-centred perspective, focusing 
on query–system interactions, largely neglecting the user formulating the query. 
From a user-centred perspective, however, retrieval quality depends on the degree 
to which the retrieved resources befit the user for satisfying their information 
needs. This perspective is particularly important f or children, whose cognitive
abilities, digital knowledge, and information needs differ inherently from those
of adults, affecting how they evaluate and interpret the information they are
exposed to [38,53,67]. This raises questions about the extent to which existing 
QPP methods can generalise to children’s information-seeking context.

In this work, we empirically explore the performance of QPP methods in 
estimating the relevance of retrieved resources as it pertains to children. Consid-
ering the broad range of cognitive skills and understanding of the world of the 
target audience, we scope our exploration to children up to grade 5 (i.e., up to 
11 years old) and define child-focused relevance based on: (1) topicality, as a rele-
vant resource must contain content that matches or is related to the information 
need expressed in a child’s query, (2) readability, since children need to under-
stand the resource’s content to be able to use it to address their information
need, and (3) educational alignment, to ensure that the content befits children’s
domain knowledge. We use 2 datasets [28,42,44] to analyse the effectiveness and 
robustness of 18 QPP methods—from simple pre- and post-retrieval methods to 
state-of-the-art—when u sing a traditional and child-focused variant of relevance.

From our analysis, none of the studied QPP methods, including state-
of-the-art supervised approaches, adequately account for children’s needs 
when estimating system performance. These findings underscore a criti-
cal issue: the lack of non-mainstream user representation in QPP research 
and its broader impact on information access for underserved and vulner-
able populations. To facilitate future work in this direction and for repro-
ducibility purposes, we share our code in a public GitHub repository:
https://github.com/SOLandChildren/ECIR2026.

2 Experimental Set Up 

In our study, we consider two definitions of relevance :  1.  Traditional (TR): 
Following IR standards, the relevance of a r esource is judged based on its topi-
cality [51], i.e., the extent to which the content in a resource matches or relates 
to the information need expressed in a user’s query. 2. Child-focused (CR): A 
resource is relevant to a child if it not only relates to their information need, but
also the child can understand the presented content to distil information from
it [40]. Thus, along with topicality, we consider readability to ascertain if a child 
could comprehend the content they are exposed to, and educational alignment
to assess if the resource befits a child’s domain knowledge skill level.

We use two datasets. kid-friend [28] includes 50 adult-formulated queries 
about personal, political, educational, and entertainment information needs of 
4th grade children (up to 10 years old), 2385 web resources—each represented by
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title, snippet, and full text—and 2303 query-resource pairs labelled by human 
annotators for topicality (1 relevant, 0 otherwise). We extend this labelling into a 
binary “relevance vector ” <  t,  r,  e  >  representing topicality, readability, and edu-
cational alignmen t. For t, we retain the original annotation; r is 1 if the resource’s
readability as per the Spache-Allen formula [1]  is  ≤ 4 (i.e., for grade 4), 0 other-
wise; e is 1 if the resource’s educational value computed using the fine-web-edu
classifier [52]  is  ≥ 3 on a 0–5 scale (corresponding to primary/grade s chool con-
tent [36,52]), 0 otherwise. Resources with t =  0  are treated as non-relevant 
(< 0, 0, 0 >). In this extension, 114 query-resource pairs are labelled as relevant 
across all three components, 405 based on topicality and either readability or
educational alignment, 1011 only by topicality, and 773 non-relevant. requik
[42,43] consists of 82 queries formulated by children from grades 3–5 (ages 
9–11) on classroom-related topics, 317 web resources (title and snippet), 413 
human-annotated query-resource pairs. As these annotations indicate suitability 
for classroom use, relevant r esources (92 out of 413) are labelled as < 1, 1, 1 >;
non-relevant ones as < 0, 0, 0 >.

We examine baseline and state-of-the-art QPP methods categorized as: 
(1)pre-retrieval—QS [34], Average Pointwise Mutual Information (PMIavg) [33], 
Query Length (QL) [48], VARavg [71], Inverse Document Frequency (IDF avg)
[15], SCQavg [71], Average Inverse Corpus Term Frequency (ICTFavg) [34], Sim-
plified Clarity Score (SCS) [34]; (2) post-retrieval—Clarit y [15], Weighted Infor-
mation Gain (WIG) [61], Normalized Query Commitment (NQC) [61], Score 
Magnitude and Variance (SMV) [63], σmax [57], and n(σx% ) [17], and (3) neural-
based—NQAQPP [31], BERTQPP [3], and qppBERT-PL [20]  (3  BERT-based  
methods reported to outperform other neural approaches [3,11,20,31]), as well 
as an LLM-based method, QPP-GenRE [46]. Method descriptions are in the 
original works; parameters and implementation details are in our repository. 
To train neural-based methods, due to scarce datasets labelled for child rele-
vance, we created clear_qpp, using the CLEAR corpus [16] (queries and web 
resources for grades 3–12, ages 8–18) and the SQuAD dataset [60] (queries and 
web resources from mainstream users) clear_qpp includes 1500 queries (1000 
randomly sampled from CLEAR and 500 from SQuAD), and 3010 query-sample 
pairs labelled with relevance vectors. A pair i s labelled 1 for t if present in the
original dataset, 0 otherwise; r and e are assigned as done in kid-friend.

For evaluation purposes, following common practice [3,8,32], the considered 
QPP methods predict query performance when retrieving 1000 documents using
a standard first-stage retriever BM25 [37]. To assess the effectiveness of 
a QPP method, we compute the correlation between a set of queries ranked
by their predicted and actual performance [8]; the latter measured using the 
retriever’s NDCG@10 score per query1 . We use Pearson’s ρ for linear correlation 
and Kendall’s τ for ranking correlation. (We omitted Spearman’s ρ as it showed
similar trends). Higher coefficients indicate more accurate predictions. As corre-

1 To compute NDCG@10 based on CR, the relevance score for a query-resource pair 
is the sum of its vector components. For instance, for a pair labelled < 1, 0, 1 >, its
relevance score is 2. For TR, the relevance score is the topicality label.
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lation does not capture error magnitudes across queries, we use t he scaled Mean
Absolute Ranking Error (sMARE) [27], which is the average difference in the 
ranks of a query, based on its predicted and actual performance; lower sMARE 
indicates higher accuracy. For consistency in our analysis, we use the inverted
version from [49]. To measure robustness across queries, we use risk sensitivity: 
the extent to which a QPP method can predict performance for most queries 
without p redicting significantly worse performance for others, compared to one
(or more) baseline methods [49]. To avoid bias from s electing a single baseline
[21], we treat all methods as baselines for each other and use the GeoRisk 
metric (α = 5), due to its effectiveness in discerning a QPP method’s robust-
ness when compared to multiple baselines using different datasets [49]; a higher 
GeoRisk score signals higher risk sensitivity. Since these metrics return a single 
point value per method, limiting statistical analysis, we follow [49] and average 
1000 bootstrap samples across a ll queries in a dataset.

3 Results and Discussion 

To probe QPP methods in the context of children’s information seeking, we 
examine their performance across relevance definitions. For this, we turn to 
the scores y ielded by each method for kid-friend using TR and CR, reported in
Table 1 (Student’s T-test, p  <  0.05). From both effectiveness and robustness per-
spectives, QS, PMIavg, VARavg, SCQavg, ICTFavg, IDFavg, SCS, Clarity, and 
n(σx%) perform significantly better for CR than TR; vice versa for NQAQPP and 
BERTQPP. The remaining methods exhibit inconsistent trends. For instance, 
WIG, NQC, and SMV are more effective but less robust for CR than TR (NQC’s 
sMARE scores not significantly different), and σmax is significantly more effective 
for CR than for TR, but equally robust for both definitions. We also examine QPP 
methods as a whole, seeking to identify which ones are best-suited for a particu-
lar relevance definition. Comparing all methods per metric (ANOVA p < 0.05 for
statistical significance), we note that post-retrieval methods—except Clarity—
perform significantly better for both TR and CR compared to the others. Yet,
Figs. 1a  and 1b, showing score-based rankings per metric, reveal that no single 
post-retrieval method consistently outperforms across all metrics.

Akin to an ablation study, we assess the contribution of each relevance factor 
using: (1) TR+r, which considers topicality and resource readability, and (2) 
TR+e, focusing on topicality and educational alignment. Pairwise c omparisons
of the scores of each method for TR, TR+r, TR+e, and CR reported in Table 1 
(Student’s T-test p  <  0.05 with Bonferroni’s correction, α =  0.05, N =  6), 
indicate that difference across the relevance variations is most prominent for 
Pearson’s correlation, which is why we use that metric to illustrate salient trends
in Fig. 1d which depicts QPP methods ranked per relevance variation based on 
Pearson’s correlation scores. We use colour-coding for visualising the ranks per 
column, with dark green denoting the highest-ranked method, and dark red the 
lowest-ranked. From the figure, we observe that pre- and post-retrieval methods 
perform significantly better for TR+e and significantly worse for TR+r relative to
TR, except for QL, NQC, and SMV, which exhibit the opposite trend.
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Table 1. Performance across TR and CR on kid-friend. a,b,c for significance (Stu-
dent’s T-test, p<0.05) w.r.t. corresponding metric score for TR, TR+r,  a  nd TR+e, resp.;
* denotes significance w.r.t. to all three.

QPP TR TR+r TR+e CR 
P-ρ K-τ sMARE GeoRisk P-ρ K-τ sMARE GeoRisk P-ρ K-τ sMARE GeoRisk P-ρ K-τ sMARE GeoRisk 

QL 0.143 0.099 0.686 0.458 0.386a 0.267a 0.74a 0.479a 0.178a,b 0.099b 0.696a,b 0.455a,b 0.115∗ 0.1a,b 0.694∗ 0.457∗ 

QS −0.193 −0.078 0.63 0.453 −0.393a −0.242a 0.602a 0.428a −0.13a,b −0.055a,b 0.652a,b 0.454b −0.065∗ −0.035∗ 0.655∗ 0.459∗ 

PMIavg 0.094 0.128 0.708 0.486 −0.046a −0.003a 0.671a 0.478a 0.182a,b 0.152a,b 0.72a,b 0.495a,b 0.2∗ 0.155∗ 0.718∗ 0.495a,b 

VARavg −0.087 −0.048 0.636 0.468 −0.269a −0.191a 0.611a 0.44a −0.041a,b −0.016a,b 0.658a,b 0.466a,b 0.038∗ 0.012∗ 0.662∗ 0.471∗ 

SCQavg −0.125 −0.068 0.627 0.463 −0.339a −0.215a 0.604a 0.434a −0.085a,b −0.045a,b 0.651a,b 0.46a,b 0.007∗ −0.015∗ 0.652∗ 0.466∗ 

ICTFavg −0.054 0.028 0.685 0.47 −0.196a −0.084a 0.659a 0.449a −0.006a,b 0.026b 0.694a,b 0.468a,b 0.119∗ 0.11∗ 0.714∗ 0.481∗ 

IDFavg −0.121 −0.061 0.64 0.472 −0.314a −0.202a 0.612a 0.444a −0.078a,b −0.048a,b 0.654a,b 0.466a,b 0.036∗ 0.001∗ 0.664∗ 0.476∗ 

SCS −0.137 −0.065 0.646 0.449 −0.348a −0.205a 0.621a 0.421a −0.116a,b −0.059a,b 0.652a,b 0.446a,b 0.004∗ −0.006∗ 0.668∗ 0.459∗ 

Clarity −0.061 −0.041 0.643 0.451 −0.283a −0.212a 0.613a 0.425a 0.036a,b 0a,b 0.661a,b 0.457a,b 0.095∗ 0.02∗ 0.662∗ 0.462∗ 

WIG 0.22 0.185 0.711 0.517 0.208a 0.135a 0.707a 0.512a 0.225a,b 0.147a 0.699a,b 0.506a,b 0.311∗ 0.205∗ 0.719∗ 0.507∗ 

NQC 0.291 0.205 0.723 0.515 0.367a 0.218a 0.724 0.508a 0.257a,b 0.156a,b 0.708a,b 0.5a,b 0.362a,c 0.232∗ 0.724c 0.508a,c 

SMV 0.265 0.187 0.719 0.515 0.351a 0.2a 0.717 0.507a 0.247a,b 0.133a,b 0.704a,b 0.499a,b 0.353∗ 0.223∗ 0.72∗ 0.508∗ 

σmax 0.227 0.228 0.729 0.521 0.217a 0.165a 0.712a 0.519a 0.288a,b 0.22a,b 0.732a,b 0.523b 0.337∗ 0.245∗ 0.739∗ 0.521∗ 

n(σx%) 0.12 0.115 0.695 0.496 −0.036a 0.003a 0.666a 0.47a 0.192a,b 0.125a,b 0.704a,b 0.498a,b 0.268∗ 0.159∗ 0.712∗ 0.505∗ 

NQAQPP −0.055 −0.008 0.676 0.442 −0.136a −0.084a 0.641a 0.433a −0.045a,b −0.033a,b 0.663a,b 0.438a,b −0.07∗ −0.02∗ 0.662a,b 0.438a,b 

BERTQPP −0.012 −0.001 0.681 0.446 −0.117a −0.048a 0.671a 0.443a −0.042a,b −0.039a,b 0.667a,b 0.439a,b −0.076∗ −0.041a,b 0.662∗ 0.434∗ 

qppBERT−PL −0.338 −0.16 0.64 0.433 −0.255a −0.153 0.639a 0.437a −0.345a,b −0.221a,b 0.632a,b 0.421a,b −0.242∗ −0.175∗ 0.635∗ 0.427∗ 

QPP-GenRE 0.000 0.000 0.743 0.531 0.000 0.000 0.729a 0.517a 0.000 0.000 0.726a,b 0.515a,b −0.083 0.025 0.685∗ 0.444∗ 

Recall that queries in kid-friend are formulated by adults, which may not 
capture children’s distinct formulation patterns [29,65]. With queries playing a 
pivotal role in QPP performance, we gauge the applicability of QPP for children 
in a realistic scenario b y using child-formulated queries from requik. Comparing
results reported in Table 2 with kid-friend for estimating performance based 
on CR (Student’s T-test p  <  0.05), we note that regardless of the metric con-
sidered, QL and σmax perform better on kid-friend than requik.  VARavg,  
SCQavg, IDFavg, SCS, NQAQPP, and qppBERT-PL score higher for requik 
than kid-friend, although the differences in correlation scores for qppBERT-
PL are not significant. The remaining methods exhibit inconsistent trends across 
metrics. For example, QS and ICTFavg are significantly more effective but less 
robust for requik than kid-friend. Con versely, Clarity is significantly less effec-
tive but more robust for kid-friend. We investigate whether a method or cat-
egory is effective and robust on both datasets by comparing the scores for a
metric yielded for each method per dataset (Table 2, ANOVA, p  <  0.05). All 
methods significantly differ between datasets on all metrics; post-retrieval meth-
ods, except Clarity, perform the best across all metrics for kid-friend,  whereas  
for requik, two pre-retrieval methods—VARavg and SCQavg—outperform t he
post-retrieval methods. Note that differences in performance are more prominent
in requik than kid-friend. This is evident in Figs. 1b  and 1c  in  which  we  rank  
the methods based on their scores for all metrics, with ranking positions per 
column colour-coded from dark green (highest) to dark red (lowest).

Overall, based on our analysis of QPP performance across definitions and 
datasets, we find that post-retrieval methods outperform remaining categories for 
TR and CR when applied t o queries formulated by adult proxies reflecting trends
reported in previous literature [e.g., 26,70]; but for child-formulated queries, 
we observe the opposite, with two simple pre-retrieval strategies surpassing
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Fig. 1. QPP method-wise ranking across relevance definitions, relevance factors, and 
datasets; highest ranked per column is d ark green, lowest dark red. (Color figure online)

post-retrieval counterparts. Depending on the dataset, some methods demon-
strate higher effectiveness, whereas others show more robustness, highlighting a 
trade-off between these perspectives. Several methods that on the surface exhibit 
better performance for child-focused relevance, struggle to l everage readability
when estimating retrieval quality—a key factor in children’s ability to distil the
information from online content [2,44]. Interestingly, none of the state-of-the-art 
supervised methods outperformed the simpler unsupervised counterparts across 
any metric, relevance definition, or dataset. This suggests that neural-based 
models are unable to learn lexical patterns that signal retrieval quality for chil-
dren’s queries. Similar shortcomings have been observed on BERT-based meth-
ods when applied to the conversational search scenario [45], where model perfor-
mance dropped for complex natural-language queries—a formulation commonly 
employed by children [29,65]. Although QPP-GenRE (LLM-based) can adapt 
to conversational scenarios [46], it does not generalize to our case. We attribute 
the poor performance of BERT and LLM methods on child-specific datasets to
the underlying language models that are trained on data from mainstream users
[7,14]. Consequently, these models encode text representations biased towards 
mainstream perspectives, ignoring topics and terminology unique to underserved
groups such as children.

QPP has been extensively studied for several decades [8,10,23], with research 
spanning strategies for different types of rankers [26], QPP for conversational 
search [24,25], multi-modal search scenarios [59,64], and optimising retrieval 
augmented generation (RAG) [47]. Nonetheless, our findings expose a critical 
gap: existing methods consistently underperform in scenarios involving children, 
raising broader questions a bout the applicability of QPP to underserved groups
[53,54]. Advancing research in children’s IR, we moved beyond topicality to 
consider two factors influencing child-focused relevance. However, additional 
aspects warrant attention. For instance, children tend to be less critical than
adults [30,58], making them more vulnerable to misinformation [39,41]. Emo-
tions conveyed in search results also affect children’s engagement and compre-
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Table 2. QPP performance across datasets based on CR. * denotes significance (Stu-
dent’s T-test, p  <  0 .05) w.r.t. corresponding metric score using kid-friend.

QPP kid-friend requik 
P-ρ K-τ sMARE GeoRisk P-ρ K-τ sMARE GeoRisk 

QL 0.115 0.1 0.694 0.457 0.055* 0.026* 0.679* 0.452* 
QS −0.065−0.035 0.655 0.459 0* 0.068* 0.684* 0.444* 
PMIavg 0.2 0.155 0.718 0.495 0.259* 0.17* 0.711* 0.488* 
VARavg 0.038 0.012 0.662 0.471 0.42* 0.324* 0.762* 0.512* 
SCQavg 0.007 −0.015 0.652 0.466 0.347* 0.279* 0.746* 0.506* 
ICTFavg 0.119 0.11 0.714 0.481 0.208* 0.165* 0.72* 0.466* 
IDFavg 0.036 0.001 0.664 0.476 0.224* 0.207* 0.727* 0.484* 
SCS 0.004 −0.006 0.668 0.459 0.17* 0.146* 0.708* 0.461* 
Clarity 0.095 0.02 0.662 0.462 0.062* 0.092* 0.688* 0.453* 
WIG 0.311 0.205 0.719 0.507 0.283* 0.165* 0.72 0.492* 
NQC 0.362 0.232 0.724 0.508 0.285* 0.189* 0.725 0.492* 
SMV 0.353 0.223 0.72 0.508 0.296* 0.199* 0.73* 0.497* 
σmax 0.337 0.245 0.739 0.521 0.258* 0.169* 0.721* 0.493* 
n(σx%) 0.268 0.159 0.712 0.505 0.364* 0.186* 0.716* 0.485* 
NQAQPP −0.07 −0.02 0.662 0.438 0.282* 0.231* 0.739* 0.489* 
BERTQPP −0.076−0.041 0.662 0.434 0.108*−0.022* 0.658* 0.442* 
qppBERT-PL−0.242−0.175 0.635 0.427 0.000 0.000 0.745* 0.537* 
QPP-GenRE −0.083 0.025 0.685 0.444 0.096* 0.025 0.683* 0.435* 

hension [39,42]. Building from this initial exploration, future work should assess 
QPP using a broader relevance definition, one balancing children’s knowledge 
and skills while protecting them from harm. Child-aware QPP methods could, 
in turn, guide retrieval pipelines to enhance children’s search experiences, as
done in other QPP-based IR applications [e.g., 5,9,35]. For instance, such meth-
ods could prompt an IR system to reformulate a child’s query for more suitable 
results, or, in cases of ambiguity, employ clarification strategies as in conversa-
tional search [e.g., 50,62,69,72,74]. 

4 Concluding Remarks 

We empirically investigated QPP methods in estimating retriever performance 
using a child-focused definition of relevance. Our findings reveal inconsistent 
trends across relevance definitions, metrics, and datasets, demonstrating that the 
studied methods are ill-suited for children’s information seeking. These results
highlight the need for further research investment in adapting IR tasks and
algorithms to non-mainstream users.
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