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Abstract
The traditional Information Retrieval (IR) evaluation framework—
anchored in topical relevance and relevance-based metrics—reflects
a system-centred perspective. Yet for specific user groups, rele-
vance alone is insufficient; benchmarking that relies exclusively on
conventional metrics overlooks qualities intrinsic to the users IR
approaches are meant to serve. Here, we draw attention to Chil-
dren IR and examine the value of extending traditional evaluation
with a human-centred perspective that accounts for how children
interpret and evaluate information to more authentically capture
performance and better reflect how well an approach truly meets
children’s needs. Our empirical exploration using a child-focused
dataset, multiple ranking strategies, and traditional and extended
frameworks reveals not only the limitations of relevance-based
assessments but also the advantages of employing frameworks that
are tailored to reflect the needs of child users, paving the way for
more inclusive and effective evaluation frameworks.

CCS Concepts
• Social and professional topics → Children; • General and
reference → Evaluation; • Information systems → Information
retrieval.
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1 Introduction
Evaluation has long been central to Information Retrieval (IR),
guiding how systems are designed, compared, and optimised. The
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traditional IR evaluation framework, based on the Cranfield para-
digm [7, 49], primarily equates system performance to the relevance
of the resources retrieved for a given query [8, 45]. Although widely
used for benchmarking, this framework considers topical relevance
as a sufficient proxy for usefulness [48, 49]. However, IR systems
ultimately serve humans, whose information needs are situated,
contextual, and shaped by cognitive, emotional, and experiential
factors [18, 20, 46]. From this perspective, a system is effective
not merely when it retrieves relevant documents, but when it sup-
ports users in satisfying their information needs—an inherently
human-centred notion that extends beyond relevance.

Children exemplify a user group for whom a human-centred
approach to evaluation is essential. Their developing cognitive, lin-
guistic, and metacognitive skills shape how they judge and interpret
resources [22, 25, 39, 51]. Consequently, performance when chil-
dren are the primary stakeholders depends not only on relevance,
but also on whether documents can be used to distil the information
they need [25]. In the realm of Children IR [39], evaluation requires
considering document utility alongside relevance, which is influ-
enced by factors such as readability, conceptual complexity, and
alignment with children’s interests and learning goals—dimensions
not accounted for in the traditional IR evaluation paradigm.

In this work, we empirically explore the feasibility and value of
incorporating a human-centred perspective to offline evaluation for
Children IR. Given the broad range of skills and knowledge of the
target audience, we scope our analysis to children up to grade 4 (i.e.,
10 years old) and four dimensions representing their needs when
judging resource relevance and utility: (1) Relevance, to ensure that
retrieved resources relate to inquiry topics, (2) Comprehension, as
children need to comprehend the content they are exposed to distil
knowledge, (3) Objectivity, accounting for children’s susceptibil-
ity to biased information, and (4) Educational Value, i.e., whether
resource present information appropriate for school–level educa-
tion, as children’s understanding of the world is largely shaped
by their school curriculum. We consider three evaluation frame-
works to probe the performance of various ranking strategies—from
simple first-stage retrievers to mainstream, commercial, and child-
tailored state-of-the-art re-rankers—on a child-specific dataset [15]:
Traditional with common relevance-based metrics, Multiview
where we add to relevance each of the user-specific dimensions
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separately using metrics that produce independent scores per di-
mension, and Composite, in which we integrate all dimensions into
a single score to enable benchmarking.

Performance analysis using the aforementioned frameworks
provides insights into how each framework gauges the “fit” of
ranking strategies for supporting children’s information seeking.
This, in turn, exposes the trade-offs inherent in the frameworks’
ability to reflect realistic children’s perspectives. To enable future
work and reproducibility, we share our� GitHub repository: https:
//github.com/SOLandChildren/ChildCenteredEvaluation.

2 Related Work
In the 1960s, the Cranfield paradigm [7] established the use of test
collections to evaluate IR systems under controlled laboratory con-
ditions using metrics such as precision and recall. These collections
consist of a document corpus, a set of “topics” representing users’
information needs, and expert relevance judgments based on topical
similarity. The paradigm has been adopted by major IR evaluation
campaigns, e.g., TREC [50], CLEF [1], and NTCIR [6], spanning
diverse contexts. Still, the underlying objective remains the same:
measuring a system’s ability to retrieve resources that are topically
relevant to a query. However, the broader purpose of an IR system
is to support users’ information-seeking process, which is shaped
by cognitive, emotional, and situational factors [22, 43] that are not
captured by topical relevance alone. These factors are particularly
important for user groups whose needs and abilities diverge from
the mainstream, such as neurodivergent individuals, people with
mental health conditions, and children, for whom readability, cog-
nitive load, emotional tone, or presentation style are as critical as
topical relevance [14, 25, 35, 39, 53], and yet are not accounted for
in the traditional evaluation framework.

Several existing Children IR approaches address the various chal-
lenges children face when seeking information [e.g., 4, 10, 11, 31, 34].
Despite targeting children, these approaches are almost exclusively
assessed following the traditional relevance-focused evaluation
framework [4, 34]. Although effective for benchmarking against
baselines and (mainstream) state-of-the-art counterparts, it remains
system-centred and overlooks traits inherent to child users. Efforts
to assess additional dimensions are limited and are usually treated
as complements to traditional evaluation. For instance, Allen et al.
[4] use the MRR𝐵 metric—a variant of MRR capturing the position
of the first child-inappropriate resource—to gauge the ability of
the ranker to prevent children from encountering harmful content.
Usability studies provide another complementary lens, enabling
examination of whether children prefer a child-tailored system over
mainstream ones [e.g., 24, 40]. However, these studies assume that
child-tailored systems better meet children’s information needs, an
assumption grounded in relevance-based evaluation rather than an
assessment of the broader factors that shape the extent to which
a topically relevant resource can actually facilitate children’s in-
formation seeking [39]. Hence, no existing evaluation framework
jointly quantifies how well an IR approach fares while accounting
for children’s cognitive abilities, understanding, and engagement
when addressing children’s information needs. This gap makes it
difficult to determine whether current approaches truly achieve
their intended purpose: fulfil the information need of searchers

with specific profiles, given a task and a context (drawing on the
pillars introduced in [26] to ground evaluation in Children IR).

3 Experimental Set Up
Dataset. We use kid-friend [15], a public TREC-style dataset
consisting of 50 adult-formulated queries reflecting children’s (up
to 4𝑡ℎ grade, i.e., 10 years old) personal, political, educational, and
entertainment information needs and 2385 web resources (repre-
sented by title, snippet, and full text), pooled from the top 10 results
of 3 commercial and 3 child-tailored search engines (SE) per query.
It also includes 2303 query-resource pairs with human annotations,
of which 1480 are labelled relevant. All queries and relevance judg-
ments were created by adult proxies, avoiding the risk of exposing
children to unsuitable content during data collection.

Judgment Dimensions. Each resource 𝑅 in kid-friend is an-
notated with ground truth labels across four dimensions central to
Children IR, tailored for children up to grade 4: Relevance, follow-
ing established IR evaluation practices, 𝑅 is judged by its topical
similarity with a query using human judgments provided in the
dataset. Comprehension, to capture whether content is under-
standable for children, we assign 𝑅 a readability score (a common
indicator for text comprehension [32, 52]) using the Spache-Allen
formula, which estimates the minimum school grade level required
to read a snippet [3]. Resources with readability level ≤ grade 4 are
treated as readable. Objectivity, as children struggle to distinguish
factual content from subjective views [2, 16, 33], we assign 𝑅 an
objectivity score in the [0, 1] range (based on 𝑅’s snippet) using an
mDeBERTa V3model fine-tuned for subjectivity detection [29]; score
≥ 0.5 indicates objective content. To gauge how well the content
of a resource aligns with children’s curriculum-informed knowl-
edge, we compute 𝑅’s Educational Value (based on its snippet) in
the range [0, 1]1 using the fine-web-edu model [30, 38]. We treat
resources with a score ≥ 0.6 as educational.

Rankers. We consider several ranking strategies categorised as:
(1) First-stage retrievers: BM25 [19], TF-IDF [44], and Dirichlet LM
[56]; (2) State-of-the-art re-rankers: a neural re-ranker, monoT5 [37]
and two LLM-based re-rankers, RankVicuna [41] and RankZephyr
[42]; (3) Child-tailored re-rankers: KORSCE [34] and REdORank [4];
(4) Commercial SE: Google and Bing. Following common practice
[21, 54, 55], the top-100 BM25-retrieved resources serve as input to
all re-rankers. For the commercial SE, we use the ranked resources
from kid-friend (see [15]). As KORSCE and REdORank were de-
signed to promote child-appropriate content during web search
[4, 34], we also apply them to re-rank the commercial SE results.

Metrics. We assess ranker performance based on the top 10
resources retrieved for a query. We use common benchmarking
metrics: Precision (P@10) and nDCG@10. To capture other dimen-
sions along with relevance, inspired by the MRR variant introduced
in [4], we use MRR𝑥 , which measures how early a resource that is
𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 and 𝑥 ∈ {𝑟𝑒𝑎𝑑𝑎𝑏𝑙𝑒, 𝑜𝑏 𝑗𝑒𝑐𝑡𝑖𝑣𝑒, 𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑎𝑙} is positioned.
Similarly, P𝑥@10 is a variation of Precision, which measures the
average number of resources retrieved that are 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 and 𝑥 . We
integrate all dimensions into a single metric using Ranked Biased

1The model outputs values from 0–5, where scores ≥ 3 indicate age-appropriate
content [30]; we normalize these to [0, 1] for computation.
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Precision (RBP), which models user “persistence”, i.e., the likeli-
hood of a user examining a document at rank 𝑘 after viewing the
results ranked above it [36] and proven effective in incorporating
comprehension alongside relevance for medical IR evaluation [58].
Specifically, we adopt a child-centred variant, cRBP@10, defined
in Equation 1, which yields a score in [0, 1].

𝑐𝑅𝐵𝑃@10 = (1 − 𝜌)∑10
𝑘=1 𝜌

𝑘−1𝑟𝑒𝑙 (𝑅𝑘 ) · 𝑐𝑜𝑚𝑝 (𝑅𝑘 ) · 𝑜 (𝑅𝑘 ) · 𝑒 (𝑅𝑘 ) (1)

where 𝑘 is the ranking position, 𝜌 = 0.8 user persistence, 𝑟𝑒𝑙 (𝑅𝑘 ),
𝑜 (𝑅𝑘 ), 𝑒 (𝑅𝑘 ) are the relevance, objectivity and educational scores
for 𝑅, respectively, and 𝑐𝑜𝑚𝑝 (𝑅𝑘 ) captures the degree of alignment
between 𝑅’s readability and a child’s comprehension, computed
using Equation 2 [34], where 𝑅𝐿(𝑅𝑘 ) is 𝑅’s readability score and
𝐺 = 4 the target readability level.

𝑐𝑜𝑚𝑝 (𝑅𝑘 ) =



1 𝑅𝐿(𝑅) = 𝐺

𝑐𝑜𝑠 (0.79 ∗ 𝑅𝐿(𝑅𝑘 ) − (𝐺 − 0.21 ∗𝐺)) + 1
2

𝐺 < 𝑅𝐿(𝑅𝑘 ) < 𝐺 + 4
𝑐𝑜𝑠 (0.5236 ∗ 𝑅𝐿(𝑅𝑘 ) − 0.5236 ∗𝐺) + 1

2
𝐺 − 6 < 𝑅𝐿(𝑅𝑘 ) < 𝐺

0 Otherwise

(2)

Table 1: Evaluation frameworks used in the study.

Framework Judgement
Dimensions Metrics Takeaways

Traditional Relevance P@10,
nDCG@10

- enables benchmarking
- provides a limited perspective on
ranker effectiveness

Multiview

Relevance,
Comprehension,

Objectivity,
Education Value

P𝑥@10,
MRR𝑥

- accounts for user-specific factors
- offers insights into strengths and
limitations of a ranking strategy
- benchmarking is challenging

Composite = cRBP@10

- accounts for user-specific factors
- enables benchmarking
- less transparent on ranker’s
effectiveness across factors

Evaluation Frameworks. We probe three frameworks, de-
scribed in Table 1. Traditional follows the conventional IR frame-
work; Multiview and Composite also account for user-specific
judgment dimensions. In Multiview, we adopt a reductionist
approach and evaluate ranker performance by adding to rele-
vance each of the user-specific dimensions separately. In contrast,
Composite takes a holistic approach, assessing performance based
on the aggregated contribution of all considered dimensions.

4 Results and Discussion
We report the performance of all rankers based on different metrics
in Table 2. Our goal is not to identify the best-performing ranker
for Children IR, but to use these results to distil emergent trends to
inform reflection on the benefits and limitations of each framework.

Using Traditional, we observe substantial differences across
rankers, with the best-to-worst ranker ordering remaining fairly
consistent across both relevance-based metrics. Based on the P@10
and nDCG@10 values reported in Table 2, most rankers retrieve 5-7
relevant resources in the top 10, which are also typically ranked near
the top, except for KORSCE and REdORank when re-ranking the

Table 2: Ranker performance based on various metrics. Bold
and underlined values indicate best and second-best perform-
ing rankers per evaluation metric, respectively.

Ranker Traditional Multiview Composite

P@10 nDCG@10 MRR𝑟𝑒𝑎𝑑 P𝑟𝑒𝑎𝑑@10 MRR𝑒𝑑𝑢 P𝑒𝑑𝑢@10 MRR𝑜𝑏 𝑗 P𝑜𝑏 𝑗@10 cRBP@10

BM25 0.576 0.599 0.493 0.294 0.199 0.080 0.671 0.452 0.065
TF-IDF 0.560 0.587 0.469 0.280 0.199 0.080 0.670 0.448 0.065
Dirichlet LM 0.550 0.583 0.477 0.264 0.200 0.074 0.679 0.432 0.064

BM25+MonoT5 0.642 0.643 0.496 0.318 0.162 0.080 0.644 0.492 0.063
BM25+RankVicuna 0.576 0.602 0.509 0.294 0.199 0.080 0.671 0.452 0.065
BM25+RankZephyr 0.618 0.644 0.499 0.304 0.176 0.096 0.662 0.490 0.070

BM25+KORSCE 0.154 0.164 0.255 0.106 0.075 0.018 0.287 0.114 0.020
BM25+REdORank 0.136 0.134 0.190 0.084 0.003 0.002 0.004 0.004 0.003

Google 0.748 0.793 0.499 0.320 0.194 0.066 0.829 0.608 0.061
Google+KORSCE 0.722 0.741 0.595 0.312 0.185 0.066 0.755 0.594 0.061
Google+REdORank 0.722 0.755 0.647 0.312 0.151 0.066 0.445 0.582 0.055

Bing 0.536 0.557 0.401 0.300 0.168 0.062 0.561 0.422 0.062
Bing+KORSCE 0.530 0.540 0.411 0.300 0.128 0.062 0.525 0.426 0.064
Bing+REdORank 0.524 0.532 0.437 0.276 0.087 0.060 0.210 0.358 0.045

top 100 BM25 results. Overall, trends from Traditional suggest
that most strategies are effective at addressing children’s inquiries.

We evaluate rankers using Multiview and find that relative
ranker performance is no longer consistent across the individual
user-specific dimensions. For instance, for Google, on average, 6
results are both relevant and objective (as per its P𝑜𝑏 𝑗@10), with the
first one often ranked at the top (see its MRR𝑜 𝑗𝑏 ). However, a rele-
vant and educational resource seldom appears in the top 10; when
it does, it is ranked 5𝑡ℎ . Examining the effectiveness of all rankers
collectively, we observe that their performance varies widely across
dimensions. Among the top 10 results, most rankers have 4-6 re-
sources that are both objective and relevant, with the first such
resource typically appearing in the 1𝑠𝑡 or 2𝑛𝑑 position. In contrast,
only about 2-3 resources are both relevant and readable, though
these resources generally appear at the top. Based on P𝑒𝑑𝑢@10
and MRR𝑒𝑑𝑢 scores, rankers struggle most with prioritizing ed-
ucational resources: for most queries, rarely a relevant resource
that is also educational makes it to the top 10 results, and when it
happens, the first resource usually appears in the 5𝑡ℎ position. Over-
all, Multiview reveals distinct strengths and limitations of each
ranker when accounting for user-specific dimensions, but reaching
a consensus on the overall ranker performance is challenging.

Composite leads to notable performance differences across
rankers; still cRBP scores are relatively small, ranging between
0.003 and 0.070. Although based on the cRBP we can discern the
better-performing rankers, the generally low scores suggest that
none are particularly effective in prioritising relevant resources
that also align with children’s cognitive processing levels.

Informed by the trends and insights revealed by each evaluation
framework regarding the suitability of the evaluated rankers for
Children IR, we reflect on the strengths and limitations of these
frameworks (summarised in Table 1). Using Traditional, which
focuses on relevance alone, the best-performing ranker is easily
identifiable due to its notably higher metric score compared to the
other counterparts. Still, the only conclusion we can draw from
these comparisons is which ranker is better at promoting resources
that are topically related to a child’s query. This evaluation reflects
an implicit assumption that exposing children to relevant resources
as early as possible is sufficient for successful search. While prior
studies focusing on children’s information-seeking practices con-
firm that they tend to fixate on the first few search results [5, 12],
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research also shows that even when directed to relevant resources,
children often struggle to extract the information they need [24].
This difficulty often stems from exposure to content that is too
complex for young users to read and understand [26, 34]. There-
fore, using Traditionalmay risk overstating the “fit” of a ranking
strategy—or IR strategy more broadly—in Children IR contexts.

The findings from using Multiview, which models user-specific
factors influencing children’s information seeking, reveal that no
single ranker—or even category of rankers—consistently outper-
forms the others across all three user-specific dimensions. Probing
ranker performance by adding to relevance each dimension in-
dividually provides a clearer view of each ranker’s strengths in
accounting for factors that impact children’s search success. How-
ever, with the reductionist approach adopted under Multiview, it
is difficult to identify a clear best-performing ranker; instead using
the framework highlights trade-offs that have to be accepted when
selecting a ranker or addressed, possibly by combining multiple
rankers best suited for different user-specific dimensions.

Using Composite, the singular metric captures ranker effective-
ness in retrieving relevant resources that are also useful for children.
This framework, therefore, enables benchmarking that not only
acknowledges the fundamental IR requirement of topical relevance
but further tailors the evaluation to reflect the distinct needs of
children, resulting in a more meaningful performance analysis.
However, based on the insights drawn from using Multiview, we
know that no ranker consistently outperforms the others across
all three user-specific dimensions. Therefore, although Composite
can aid in discerning the ranker with the best overall performance
across all dimensions, the aggregated score loses the nuance of-
fered in Multiview on whether a ranker’s effectiveness is due to
balanced strength across dimensions or whether its gains in one
dimension compensate for limitations in others.

Juxtaposing emergent trends across evaluation frameworks
shows that each offers a distinct view on ranker performance.
Trends emerging from Traditional suggest that most rankers han-
dle children’s inquiries well. However, insights from Multiview
and Composite reveal that, when accounting for factors that impact
children’s search process, several rankers are less effective than
they appear. These discrepancies are evident in Figure 1, where
we depict Kendall’s 𝜏 correlations between all performance met-
rics. Relevance-based metrics (nDCG@10 and P@10) are strongly
correlated with MRR𝑟𝑒𝑎𝑑 , P𝑟𝑒𝑎𝑑@10, and P𝑜𝑏 𝑗@10, indicating that
rankers good at retrieving relevant resources generally also prior-
itize readable ones. However, weaker correlations with the other
metrics used in Multiview suggest that effectiveness in ranking
relevant resources does not guarantee prioritization of objective
or educational resources. Therefore, relying on Traditional may
at best identify rankers that meet children’s comprehension needs,
but leaves unclear whether the ranked resources are also unbiased
and aligned with children’s understanding of the world.

Access to accurate, age-appropriate information is critical for
children’s learning and development [9, 27]. Hence, IR strategies
ought to be evaluated based on how effectively they support in-
formation seeking. Our findings indicate that traditional relevance
evaluation offers a myopic—and sometimesmisleading—view of sys-
tem effectiveness in addressing children’s needs. This underscores
the importance of incorporating a human-centred perspective in

Children IR evaluation. Multiview and Composite demonstrate
that human-centred dimensions—accounting for the user, task, and
context (i.e., the pillars introduced in [26])—can be easily added to
benchmarking with simple extensions, preserving standard com-
munity expectations, but providing richer insights.

P@10 nDCG@10 MRRread Pread@10 MRRedu Pedu@10 MRRobj Pobj@10 cRBP@10

P@10

nDCG@10

MRRread

Pread@10

MRRedu

Pedu@10

MRRobj

Pobj@10

cRBP@10

1 0.97 0.77 0.75 0.35 0.51 0.53 0.97 0.28

0.97 1 0.8 0.72 0.36 0.52 0.53 0.93 0.3

0.77 0.8 1 0.54 0.34 0.45 0.46 0.77 0.23

0.75 0.72 0.54 1 0.14 0.34 0.31 0.74 0.13

0.35 0.36 0.34 0.14 1 0.63 0.74 0.34 0.56

0.51 0.52 0.45 0.34 0.63 1 0.41 0.5 0.76

0.53 0.53 0.46 0.31 0.74 0.41 1 0.51 0.4

0.97 0.93 0.77 0.74 0.34 0.5 0.51 1 0.31

0.28 0.3 0.23 0.13 0.56 0.76 0.4 0.31 1 0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Figure 1: Correlation between evaluation metrics when rank-
ing strategies are ordered by their respective metric score.

In our work, the cRBP metric used in Composite weights these
judgment dimensions equally. In practice, however, different di-
mensions may influence children’s information-seeking to varying
degrees, as also noted in [34]. Existing research shows that topical
relevance and comprehension affect adults’ search behaviour in
distinct ways [e.g., 52, 57], suggesting similar variation for children.
Future studies to determine the relative impact of user-specific di-
mensions on children’s search practices should involve not only
children but also other stakeholders, such as parents or teachers,
who help shape how children appraise online resources [13, 23].
Insights from such studies could inform non-uniform weighting of
cRBP dimensions and validate whether the operationalisation of
utility factors reflects their actual impact on children’s search expe-
rience. Moreover, while Multiview and Composite include several
crucial factors affecting children’s search success, they are not ex-
haustive. Further user studies could identify and operationalise
additional dimensions, such as the emotional tone of resources
[28]. Due to ethical constraints of research involving vulnerable
populations, we used kid-friend, the only publicly available child-
focused dataset at the time. However, its queries were formulated
by adult proxies and may not fully reflect children’s distinct query
formulation habits [17, 47]. Future work should therefore priori-
tize creating TREC-style datasets grounded on children’s real-life
search interactions, as explored in [28, 31].

5 Concluding Remarks
In this work, we explored the possibility of assessing whether re-
sources children encounter are relevant, but also useful for them.
Our analysis of ranker performance using different evaluation
frameworks shows that reflecting the user’s perspective during
offline evaluation—while preserving the spirit and rigour of tradi-
tional IR evaluation—is not only feasible but also reveals aspects
of ranker behaviour that standard metrics overlook, strengthen-
ing benchmarking practices and guiding the development of IR
technologies that effectively support young searchers.
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