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Abstract

Children increasingly rely on web search engines to support their learning and explo-
ration. However, conventional search systems are not optimised for their developmental
stage, often returning information that is linguistically complex or educationally irrel-
evant. The retrieved results are often written at a higher reading grade level than
children can easily comprehend, resulting in poor engagement and learning outcomes.

This research investigates whether substituting simpler vocabulary into search queries
can improve the educational relevance and readability of retrieved web content. We
develop a reformulation pipeline consisting of: (1) a rule-based method that substitutes
key query terms with synonyms ranked by Age of Acquisition (AoA) scores, and (2) a
computational intelligence approach that uses a Large Language Model (LLM) to gen-
erate child-friendly rephrasings. The results retrieved from the queries are evaluated
across two dimensions: readability and educational relevance.

Our results show that rule-based reformulations improve readability, but retrieved
results stayed consistent in terms of educational relevance. LLM-based reformulations
enhance educational relevance; however, they don’t improve readability. This trade-off
highlights the complementary strengths of both methods and underlines the potential
of direct query reformulation to make web search more accessible and educationally
effective for children.

1 Introduction
In an increasingly digital world, the ability to retrieve valuable and age-appropriate online
information is critical for supporting children’s learning and autonomy. However, current
web search engines are not designed with young users in mind, creating barriers to edu-
cational access and digital literacy. These difficulties arise from developmental differences
in children’s reading abilities, attention span, and language use [1]. While adults tend to
use precise keyword queries, children are more likely to phrase their information needs in
natural-language form [2, 3], This variability can reduce retrieval accuracy [4].

Although previous work has investigated interface adaptations [5] and suggestion mech-
anisms [6, 7], relatively little attention has been paid to the formulation of the query itself.
However, subtle changes in query language can substantially influence search outcomes [4].
This makes the query itself an interesting intervention point, as even small modifications
in query phrasing may help surface content that is more accessible, addressing the chal-
lenge that children’s queries often yield results written above their comprehension level [8].
To support more effective and inclusive web search for children, this work explores how
query reformulation can be used to retrieve results that are both easier to understand and
educationally relevant.

Our approach aims to retrieve child-appropriate content by substituting keywords with
simpler synonyms. We hypothesise that embedding simpler synonyms into queries will
enhance both the readability and the educational relevance of retrieved web content.

This leads us to our central research question:

To what extent does incorporating age-specific vocabulary into search queries im-
prove the retrieval effectiveness of age-appropriate educational web content?

To explore this question, we design a query reformulation pipeline. The first method is
rule-based and replaces high-complexity terms using synonyms ranked by Age of Acquisition
(AoA) scores [9]. This technique prioritises transparency and allows direct control over
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word choice within the query. The second method uses a Large Language Model (LLM,
GPT-3.5-turbo) to rephrase queries using simpler vocabulary. This LLM-based approach
offers broader contextual awareness and expressive variation [10], making it well-suited for
capturing nuances in natural language and generating rewordings that preserve meaning
while improving accessibility.

We evaluate both reformulation strategies using two metrics: readability, assessed via
Flesch-Kincaid and Spache formulas, and educational relevance, which is defined by
the degree to which a web resource’s content reflects the knowledge and topics found within
established K-12 educational standards [11]. This is scored by BiGBERT [12], a transformer-
based classifier trained on K-12 curricula. The Brave Search API provides the top-5 results
for each query to reflect the reality that children tend to only examine the first few search
outcomes [2].

Our findings reveal a trade-off: rule-based reformulations enhance readability, while
LLM-based reformulations increase educational relevance. These insights suggest that child-
specific query rewriting can significantly improve the readability and educational relevance
of retrieved search results.

2 Related Work
In recent years, children have become increasingly reliant on web search engines for educa-
tional purposes [13]. However, existing systems are not well adapted to their specific needs.
A study analyzing 300 search results for queries submitted by children revealed that over
90% of retrieved pages exceed age-appropriate readability levels, based on Flesch-Kincaid
and Flesch Reading Ease scores [8]. This discrepancy is compounded by children’s limited
ability to formulate effective queries, often due to their limited vocabulary and frequent
spelling mistakes [14]. These issues suggest an urgent need to better align search technology
with the cognitive development of young users.

The impact of query formulation on search results has been highlighted in recent work
by Pera et al. [4], who examined 345 queries produced by children aged 9 to 11. Their
findings show that even small variations in queries can lead to significant differences in the
top-ranked results, affecting not only relevance but also readability and emotional tone.
This underscores the importance of directly refining queries to enhance the accessibility of
retrieved content.

Existing work has addressed this challenge through solutions that aid the user externally,
such as interface adaptations [5] and query suggestion systems [6, 7]. However, relatively
little research has explored direct query reformulation as a means of improving result quality.

An effective approach is the ReQuIK system by Madrazo Azpiazu et al. [7], which gen-
erates alternative query formulations and ranks them according to child-friendly criteria
such as vocabulary frequency and readability. Although effective, ReQuIK operates exter-
nally to the user’s input and does not directly alter the original query. In contrast, our
approach focuses on internal query reformulation to ensure better lexical alignment with
child readers. This internal method allows the query itself to become a site of intervention,
helping search engines retrieve content that is more immediately suitable without relying on
post-hoc reranking. Such direct intervention is especially beneficial in child-facing systems,
where transparency and immediate feedback are critical [15].

This work addresses the intersection of direct query reformulation and child-centred infor-
mation retrieval by investigating how query-level modifications can improve the readability
and educational relevance of web search results for children.
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3 Methodology
This chapter details the approach used to develop and evaluate our query reformulation
pipeline for children’s search queries. It is structured in two parts. First, we describe the
design of the reformulation strategy, including the resources and methods used to simplify
queries. Then, we outline the experimental setup used to assess the effectiveness of the
proposed strategies.

3.1 Query Reformulation Strategy
To address the research question effectively, we implement two complementary reformulation
strategies: a transparent, rule-based method and a context-aware [16] LLM-based method
(see Figure 1).

Figure 1: Overview of the dual-method query reformulation pipeline

3.1.1 Age of Acquisition Ratings

To guide lexical simplification, we employ the Age of Acquisition (AoA) Ratings (2024)
dataset, which includes 51 715 English words annotated with the average age (in years)
at which native speakers acquire each term [9]. The ratings are based on multiple-choice
testing of U.S. schoolchildren, parental reports of toddler vocabulary, and adult retrospective
judgments. We use AoA scores to rank synonyms by simplicity.

3.1.2 Rule-Based Simplification

The rule-based method focuses on transparent lexical simplification by substituting complex
terms with simpler synonyms. This rule-based method offers strong explainability, making
it suitable for applications where interpretability is a requirement [17].
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Preprocessing Queries are normalised using standard / well preforming text cleaning
techniques:

• Conversion to lowercase [18]

• Removal of punctuation [19]

• Elimination of redundant whitespace [20]

To ensure that synonyms can be reliably identified, we first correct spelling mistakes
using the pyspellchecker Python package.

Keyword Identification Following Wang et al. [21], we apply a rule-based keyword ex-
traction approach designed for short queries. Each query is processed using the spaCy
library [22] to obtain part-of-speech (PoS) tags.

We retain tokens that meet the following criteria:

• PoS tag is NOUN, VERB, or ADJ

• Token is not a stopword

Wang et al. [21] demonstrate that part-of-speech information is a strong indicator of
keyword relevance in natural language queries. In particular, their rule-based and machine-
learned selection mechanisms focus on identifying key phrase-level structures where nouns,
verbs, and adjectives frequently convey the core intention of the query. Therefore, we specif-
ically retain NOUN, VERB, and ADJ tokens, which are most likely to encapsulate the user’s
intent.

Furthermore, stopwords are excluded because they are high-frequency function words
that typically do not contribute meaningful content to the query (e.g., "the", "is", "how").
As noted by Wang et al., stopwords often introduce noise in keyword extraction from short
queries, even though they can be nouns, verbs, and adjectives.

For example, the query “How do volcanoes erupt?” yields the keywords: ["volcanoes",
"erupt"].

Synonym Substitution For each keyword:

1. Retrieve synonyms via the Datamuse API [23].

2. Rank candidates by lowest AoA score (tie-break: shorter length).

3. Substitute the top synonym.

Oshika et al. [24] show that replacing late-acquired words with earlier-acquired synonyms
significantly improves the readability of translated texts without compromising meaning.
This motivates our use of Age of Acquisition (AoA) for synonym ranking. In case of ties,
we prefer shorter synonyms, as word length has been shown to be a strong predictor of
readability [25].
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3.1.3 LLM-Based Rewriting

To complement the deterministic approach, we use a computational intelligence reformula-
tion method based on ChatGPT (GPT-3.5-turbo), which has demonstrated state-of-the-art
performance in rewriting tasks [26].

This method is particularly suited for rephrasing full sentence queries. A pattern com-
monly observed in how children express information needs [2, 3].

Prompt Engineering Each original query is embedded into a prompt instructing the
model to rewrite it for a child audience (ages 6-13). The prompt used for this research is:

"Rewrite the following search query using simpler, child-appropriate
language that a 6-13 year old would use: ’sample query’"

Execution Procedure Queries are submitted using the official ChatGPT Library [27].
We use the GPT-3.5-turbo model with the following parameters:

• model (gpt-3.5-turbo): Model ID used to generate the response.

• input ("Rewrite the following search query using simpler, child-appropriate
language that a 6-13 year old would use: query"): Text, image, or file inputs
to the model, used to generate a response.

The outputs are stored for downstream analysis and comparison.

3.1.4 Retrieval Procedure

Each original and reformulated query (rule-based and LLM-based) is submitted to the Brave
Search API using Python requests. We specify the following parameters:

• q (URL-encoded query): The user’s search query term

• safesearch (off): Filters search results for adult content. off = No filtering is done

• result_filter (web): A comma delimited string of result types to include in the
search response.

We are retrieving the top five results for each query. This is motivated by research
showing children’s strong preference for the first few results [2]. For each query, we parse
the titles, URLs, and descriptions of the top five web results.

3.2 Experimental Design
This section outlines the procedure used to evaluate the impact of query reformulation on
readability and educational relevance of search results.

3.2.1 Child Query Dataset

We begin with the Madrazo-Azpiazu et al. dataset (2018) [28], comprising 301 search queries
submitted by 97 children aged 6-13 years (CC-BY-NC-ND). These queries form the basis of
our empirical evaluation.
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3.2.2 Assessment Metrics

To quantify the effectiveness of the reformulations, we compute the readability and educa-
tional relevance of the retrieved web results

Readability

• Flesch-Kincaid Grade Level (FKGL) [29] - Estimates the U.S. school grade level re-
quired to understand a given text. It is computed as:

Grade Level = 0.39

(
words

sentences

)
+ 11.8

(
syllables
words

)
− 15.59

This formula considers both syntactic complexity (words per sentence) and lexical
difficulty (syllables per word) to evaluate how challenging a text is to read.

• Spache Readability Formula [30] - Also provides an estimate of the U.S. grade level,
but is made for texts written for children up to fourth grade. Its formula is:

Grade Level = 0.141

(
words

sentences

)
+ 0.086× (percentage of unfamiliar words) + 0.839

The Spache formula specifically considers whether words fall outside a predefined list
of familiar vocabulary, making it more sensitive to language unfamiliar to younger
readers.

These metrics were chosen for their complementary strengths. FKGL is a general-purpose
readability formula, useful for benchmarking across a wide range of texts. Spache is devel-
oped for younger readers and reflects the vocabulary and sentence structures typical for
children aged around 10. Using both allows us to evaluate readability from both a general
and child-specific perspective.

Educational Relevance To assess whether the retrieved results are suitable for an ed-
ucational context, we apply BiGBERT [12], a BERT-based classifier fine-tuned to identify
alignment with K-12 educational standards. The model evaluates web resources and de-
termines whether the content is pedagogically appropriate. The motivation for this metric
stems from the growing role of web search in children’s learning journeys. As children in-
creasingly rely on search engines for schoolwork and self-guided learning [13], it becomes
critical that the content they retrieve is not only readable, but also educationally relevant.

3.2.3 Experimental Design

Our empirical comparisons proceed as follows:

1. Parse titles, URLs, and descriptions of the top five web results.

2. Compute average FKGL and Spache scores on result descriptions.

3. Compute average BiGBERT educational relevance based on the URL and description
of the results.

4. Compare the performance of the reformulation methods by conducting paired t-tests
on the average scores (FKGL, Spache, and BiGBERT) calculated over the top-5 search
results retrieved via the Brave Search API for each query.
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4 Results
We evaluate the efficacy of the proposed query reformulation strategies across two dimen-
sions: readability and educational relevance. Three conditions were compared: (1)
original queries, (2) Rule-Based Reformulation using synonym substitution, and (3) LLM-
based Reformulation. For all statistical comparisons, a significance level of (p < 0.05) was
chosen. Statistical significance was assessed via pairwise t-tests, with results visualized.

4.1 Readability Evaluation
Figure 2 presents the readability score distributions for original, Rule-Based, and LLM-based
queries, evaluated using both the Flesch-Kincaid Grade Level (FKGL) and Spache indices.

Figure 2: Distribution of Readability Scores across FKGL and Spache metrics

Spache Readability revealed a statistically significant improvement for Rule-Based over
Raw search results, suggesting that synonym substitution improves linguistic simplicity. A
marginal difference was found between Rule-Based and LLM-based outputs, with Rule-
Based result descriptions tending to yield slightly lower grade levels.

No significant differences were observed in FKGL scores across the results retrieved by
the queries.

Notably, the LLM-based reformulations exhibited a narrower score distribution, indicat-
ing reduced variance in lexical complexity.

Table 1 reports the pairwise comparisons for the readability metrics.

Metric Comparison t-statistic p-value
FKGL Raw vs LLM 0.066 0.948
FKGL Raw vs Rule-Based 0.606 0.545
FKGL Rule-Based vs LLM -0.540 0.590
Spache Raw vs LLM 0.496 0.620
Spache Raw vs Rule-Based 2.249 0.025
Spache Rule-Based vs LLM -1.805 0.072

Table 1: Pairwise t-tests on Readability Metrics
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4.2 Educational Relevance
To assess content alignment with educational objectives, we scored the top-five search results
retrieved by each query variant using the BiGBERT classifier. Results are shown in Figure 3.

Figure 3: Predicted Educational Relevance of Query Results

The LLM-based reformulations retrieved results with significantly higher educational
relevance compared to the original (raw) queries. This improvement likely stems from the
model’s ability to rephrase queries in a way that more effectively conveys the underlying
educational intent, using phrasing patterns that retrieval systems associate with pedagogical
content. However, there were no statistically significant differences in educational relevance
between the rule-based and raw queries, nor between the rule-based and LLM-based queries,
indicating that the LLM’s advantage was most pronounced when compared directly to un-
reformulated input.

Table 2 shows the statistical comparison of educational relevance scores across conditions.

Comparison t-statistic p-value
Raw vs Rule-Based -0.395 0.693
Raw vs LLM -2.559 0.011
Rule-Based vs LLM -1.327 0.186

Table 2: Pairwise t-tests on Educational Relevance Scores

5 Responsible Research
In conducting this project, careful attention was given not only to technical effectiveness
but also to ethical integrity. Ensuring that the methods and outcomes align with respon-
sible research practices was a guiding priority throughout. To promote transparency and
reproducibility, all relevant code and configuration files have been made publicly available.1
The following sections outline the ethical safeguards taken and the reproducibility measures
embedded in the system’s design.

1https://github.com/rembrandtking/child-query-reformulation
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5.1 Ethical Considerations
This research aligns with the five principles of the Netherlands Code of Conduct for Research
Integrity [31]: honesty, scrupulousness, transparency, independence, and responsi-
bility. These values guided both the methodological and ethical dimensions of this work.

The data set used, which contains search queries submitted by children, is publicly
available and fully anonymised, thus respecting the boundaries of privacy and informed
consent. No personally identifiable information was collected, stored, or processed during
the project. The reformulated queries do not simulate or represent individual users but
rather abstract linguistic modifications.

The analysis refrains from cherry-picking results or excluding negative outcomes, and
all retrieval evaluations were performed automatically using pre-established metrics. No
manual editing was applied to either LLM outputs or educational relevance scores, ensuring
unbiased reporting.

All external sources, APIs, and datasets were appropriately credited, and every claim
made in this report is grounded in reproducible experimental evidence.

5.2 Reproducibility
The reformulation system was explicitly designed with reproducibility in mind. Each stage
of the pipeline can be independently validated:

• Query preprocessing: implemented in Python with version-controlled scripts.

• Keyword extraction: based on deterministic rules using spaCy PoS tagging.

• Synonym substitution: integrates Datamuse API, filtered by Age of Acquisition
(AoA) scores and word length.

• LLM-based reformulation: queries submitted to ChatGPT (GPT-3.5-turbo) via
batch API calls.

• Retrieval and evaluation: performed using Brave Search API and BiGBERT model.

All intermediate outputs (normalised queries, extracted keywords, reformulated variants)
were logged to enable full traceability. Although complete query-result mappings are subject
to search engine API terms, a sanitised version of the reformulation outputs and evaluation
scores is available on the GitHub repository.

6 Discussion
This section interprets the outcomes of our reformulation strategies and situates them within
the broader landscape of child-oriented information retrieval (IR). We reflect on the design
implications for future search systems, examine ethical and societal consequences, and ac-
knowledge the limitations of our study.

6.1 Interpreting Reformulation Outcomes
The results highlight a complementary relationship between the two reformulation strategies.
The rule-based method produced statistically significant gains in readability, affirming prior
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work by Torres et al. [2], who found that aligning queries with children’s vocabulary improves
retrieval. Our use of AoA-based substitutions appears to follow a similar pattern, leveraging
lexical simplification to bridge the gap between user input and age-appropriate content.

Conversely, the LLM-based method did not yield improved readability but significantly
enhanced the retrieval of educationally relevant results. This mirrors observations from
Madrazo Azpiazu et al. [7], whose ReQuIK system achieved comparable relevance gains
through neural ranking models.

A more granular analysis of the results reveals nuanced characteristics that further dis-
tinguish the two approaches. The Spache metric detected the readability improvements
introduced by rule-based reformulation, in contrast to FKGL, which remained largely un-
changed. One possible explanation is that the FKGL formula was designed initially with
adult technical readers in mind, particularly military personnel [32], making it less sensitive
to vocabulary simplifications targeted at younger readers. In this context, Spache proved
more appropriate for detecting age-relevant vocabulary shifts, strengthening the case for
metric selection closely connected to the target audience.

Additionally, the LLM-based outputs demonstrated a notably narrower score distribu-
tion, indicating a more consistent lexical profile. This uniformity, while not necessarily
leading to statistically superior average scores, may offer value in educational scenarios that
benefit from predictable reading levels. It points to the LLM’s inherent ability to regulate
linguistic variance [33].

Although rule-based reformulations improved vocabulary simplicity, their limited con-
textual awareness may lead to awkward phrasings or unintended shifts in meaning [34]. This
might account for the limited improvement in education-focused retrieval observed in our
results. A potential explanation is that replacing keywords solely based on acquisition age
does not always preserve the intended informational focus of the original query. Further
investigation would be needed to confirm this effect.

The LLM-based method, by leveraging contextual understanding [35], produces refor-
mulations that more accurately capture the user’s intent, resulting in improved retrieval
alignment with educational objectives. However, this advantage is accompanied by a po-
tential trade-off in transparency and controllability, particularly relevant in child-focused
applications where predictability and oversight are critical.

Together, these findings suggest that neither method singularly satisfies all performance
criteria. Instead, they address distinct, complementary dimensions of child-oriented query
reformulation. Integrating both techniques, using the rule-based method for controlled sim-
plification and the LLM for semantic alignment, can yield a balanced and adaptable refor-
mulation pipeline. Such a hybrid system could dynamically adjust reformulation strategies
based on user age, educational intent, or domain context, thereby enhancing both readability
and relevance.

6.2 Broader Societal Impact
Beyond technical considerations, these findings underscore a broader societal issue: current
search engines, while universally accessible, do not serve all users equally. Children, espe-
cially early-stage readers, may be confronted with content that exceeds their comprehension
abilities, not because of a lack of internet access, but due to lexical barriers embedded
in query formulation and result ranking. Our study demonstrates that these barriers can
be mitigated through lightweight interventions. In this way, reformulation techniques con-
tribute not just to technical performance but also to digital equity in information access.
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Nevertheless, care must be taken not to over-automate linguistic support. If input is
too simplified or lacks lexical variety, it may fail to foster productive vocabulary develop-
ment [36]. Future systems should therefore offer graduated levels of reformulation, adapting
dynamically to the user’s linguistic progress and learning context.

Finally, while large language models like ChatGPT show strong performance in gen-
erating age-appropriate reformulations, their use in educational contexts raises practical
concerns. These include limited transparency, potential prompt sensitivity, and lack of ex-
plicit control over readability levels. Future work should explore mechanisms for guiding
LLM reformulations through more structured prompts or controlled decoding to better meet
specific developmental targets.

6.3 Limitations and Considerations
While the results demonstrate potential, several limitations have to be acknowledged. First,
our use of the Brave Search API limits comparability with mainstream engines such as
Google or Bing. These platforms employ other ranking algorithms that may respond differ-
ently to reformulated input.

Second, our evaluation of educational relevance is based on predictions from BiGBERT,
which, while effective, does not assess subjective factors such as user engagement and per-
ceived comprehension. These aspects are particularly important in educational contexts,
where understanding and usability from the learner’s perspective are central to effectiveness.
Without human raters, the system’s alignment with actual user needs remains uncertain.

Finally, while the AoA-based rule system offers transparency, it does not account for
polysemy. A synonym selected solely based on age of acquisition may not reflect the intended
meaning of the original term, especially for words with multiple senses. This semantic
mismatch can result in reformulations that, although simpler and more readable, diverge
from the user’s original search intent. As our study primarily focused on readability and
educational relevance, we did not explicitly assess how well reformulated queries preserved
the informational goals of the original input. This leaves open the possibility that certain
reformulations, despite scoring well on our metrics, may have reduced topical relevance.

7 Conclusions and Future Work
This research set out to answer the question: To what extent does incorporating age-specific
vocabulary into search queries improve the retrieval of age-appropriate educational web con-
tent?

To investigate this, we implemented two complementary strategies: a rule-based ap-
proach that simplified language through synonym substitution based on Age of Acquisition
data, and a neural approach that leveraged large language models to rewrite queries into
child-directed phrasing.

Our findings indicate that both reformulation methods contribute positively, albeit in
different ways. The rule-based strategy consistently simplified the language of retrieved
content, improving its readability for younger audiences. This supports the broader notion
that simplifying query vocabulary with easier terms can help bridge the gap between search
intent and result comprehension. In parallel, the LLM-based approach yielded results that
were more educationally aligned, suggesting that semantically richer, context-aware refor-
mulations better capture the educational intent behind child-oriented information needs.
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Interestingly, the outputs generated by LLMs also tended to exhibit more consistent lan-
guage levels, potentially supporting more uniform learning experiences.

Taken together, these insights demonstrate that child-sensitive query reformulation can
enhance search outcomes not just through simplification but also through improved semantic
alignment. Rather than treating these strategies as mutually exclusive, their complementary
strengths point to the value of hybrid approaches that combine lexical clarity with contextual
intelligence. Collectively, the findings suggest that effective child-oriented search experiences
depend not only on linguistic simplicity but also on sensitivity to educational context, an
insight with broader design implications for intelligent retrieval systems.

These results point to several promising directions for future work. First, introducing
user-centred evaluations would allow us to assess the perceived usefulness and clarity of
reformulated queries in real-world educational settings. Involving children and educators
in this process could reveal insights not captured by automated metrics alone, including
aspects of engagement, comprehension, and trust.

Second, the development of a hybrid reformulation pipeline presents an opportunity to
combine the interpretability of rule-based systems with the adaptive potential of LLMs. A
layered design, where simple vocabulary replacements precede context-sensitive reformula-
tion, might offer more reliable control over language complexity while still benefiting from
the nuanced understanding LLMs bring to query intent.

In addition, future versions of the LLM-based approach could benefit from more targeted
prompt design. While the current formulation aimed for general simplification, experiment-
ing with prompts made for specific reading levels, learning objectives, or subject areas may
yield more nuanced and pedagogically aligned reformulations.

Lastly, the modular architecture of the current pipeline lends itself well to adaptation.
Future iterations could explore integration with various search engines, the use of more ad-
vanced language models, or other sets of queries formulated by children. These developments
would support the continued evolution of search systems that cater to the informational
needs of young users.
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