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ABSTRACT
As an initial step towards enabling the adaptation of (popular, and
widely used) web search environments so that they can better serve
children and ease their path towards information discovery, we
introduce Recognizing Young Searchers (RYSe). RYSe leverages
lexical, syntactical, spelling/punctuation, and vocabulary features
that align with the Concrete Operational stage of development
(originally identified by Jean Piaget) in an attempt to identify users
that are in this stage. The concrete operational stage is commonly
associated with children ages 7-11. Findings emerging from our
initial empirical exploration using single queries formulated by
children and sample queries from adults showcase the feasibility of
relying on different cognitive traits inferred from the short text of
a single query to distinguish those that are formulated by younger
searchers.

CCS CONCEPTS
• Social and professional topics → Children; • Information
systems → Web searching and information discovery; Personaliza-
tion.

KEYWORDS
user modeling, adaptation, web search, children
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1 INTRODUCTION
Turning to search engines (SEs) for inquiry tasks – no matter the
topic – is an integral part of the daily routines of individuals. Con-
sider then a scenario where a searcher wants to gather some general
facts about puppies. To initiate the information-seeking journey,
the user crafts a simple keyword query to submit to any of the main,
popular SEs. For example, the user submits the search query ‘puppy’
to Google. As illustrated in Figure 1, the resulting Search Engine
Result Page (SERP) prioritizes the Top Stories of the day with four
articles containing the word puppy including one from CBS Sports
titled “Valentina Shevchenko compares Erin Blanchfield to a bark-
ing puppy...” which is not relevant to the user’s information need.
Now imagine that this user is an eight-year-old child. In this case,
an article describing an upcoming Ultimate Fighting Championship
match is not only irrelevant but may also be inappropriate for this
young searcher.

Popular SEs are designed to offer access to a broad, up-to-date,
set of resources to appeal to as many users as possible. Children
having access to such a broad spectrum of resources is not necessar-
ily bad, provided these young users get the relevant and appropriate
information that they need. At the same time, existing SEs are not
designed to support young searchers [9, 27], even though support-
ing their information discovery needs is critical. Adapting existing
SEs to meet children’s specific needs requires first identifying useful
properties of the user. Otherwise, SERPs will include resources that
target broader user groups, as we showcased in our aforementioned
example. Automatic detection of searchers belonging to a specific
user group – specifically children, but also other underserved pop-
ulations – in the context of web search, would enable adaptation of
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Figure 1: Google SERP retrieved using the search term ’puppy’ (Retrieved February 28th, 2023)

not only the content SEs present but also the extended functionality
they can offer to better serve that particular user group. For instance,
Landoni et al. [17] found that enhancing a SERP with visual cues,
like emojis, led child searchers to click on relevant results more
often. Still, this type of adaptation requires recognizing on-the-fly
whether a young searcher is behind the keywords prompting a
search.

In this paper, we introduceRecognizingYoung Searchers (RYSe),
a strategy for identifying child searchers based on a given search
query. To inform the design of this strategy, we turned to Jean
Piaget’s “Stages of Cognitive Development” which describe the
qualitative differences in cognitive development among children
at different ages [30]. Piaget’s work demonstrated that children
are not born with the same cognitive processes as adults and that
there are sequential cognitive stages that children go through as
they grow. Although a child’s thought processes cannot be directly
measured, Piaget posited that their current behaviors and language
usage reflect their cognitive stage. To control scope, in this initial
iteration of our work, we focused on Piaget’s Concrete Operational
stage (𝑃𝐶𝑂) in which Piaget defines characteristics that are common
in children ages 7- to 11-years old.

Children in the 𝑃𝐶𝑂 stage are still developing their ability to
engage in abstract thought and understand unobserved processes
[30]. As a child progresses through the different stages of cognition,
their vocabulary grows and so does their ability to build different
types of sentences. Children in 𝑃𝐶𝑂 tend to struggle with abstract
ideas, which is reflected in their language use. We hypothesize that
this could impact both the content and presentation of their queries.

With this work, we aim to answer the following RQ: Can a typi-
cal SE user in the 𝑃𝐶𝑂 stage of development be identified utilizing
their search query? To do so, we examine child search queries using
lexical, syntactical, spelling/punctuation, and vocabulary features
that may reveal that a user is in the 𝑃𝐶𝑂 stage of cognitive develop-
ment. Outcomes from this work offer insights into the feasibility of
further exploring user skills and an understanding of their cognitive
abilities as a way to enable adaptation – and ultimately personal-
ization – of web search environments and other technologies.

2 RELATEDWORK
Varying strategies for automating the detection of users with dif-
ferent characteristics have been proposed and evaluated. Lin [20]
utilized sentence length, vocabulary, and emoticons from chat logs
created by users (ages 13-59) to help law enforcement identify users’
gender and age with a naive Bayes classifier to flag potentially harm-
ful chat exchanges. Weren et al. [31] trained a classifier with three
sets of features (Cosine Similarity of conversations, Okapi BM25
Similarity of conversations, and Flesch-Kincaid readability scores)
in order to identify users’ age and gender by the similarities of
both English and Spanish chat log conversations. One limitation of
this strategy is that readability scores, like that of Flesch-Kincaid,
only utilize surface-level text features (e.g. word count, sentence
count, etc.). Tam and Martell [29] focused on users over age 13 and
explored word similarity using character n-grams and document
metadata (capital letters, tokens, emoticons, length, part-of-speech)
among chat logs to identify users’ age (13-19, 20s, 30s, 40s, and 50s)
using a naive Bayes and support vector machine model. Perhaps
the most closely related prior research is that by Duarte et al. [11]
who introduced a strategy to identify users by age group, Child
(5-12), Teen (13-17), and Mature Teen (18) as well as gender. The
proposed strategy relied on supplementing textual features with
information unique to SEs, such as sites visited and/or time spent
searching. However, this strategy might not be suited for on-the-fly
identification as it requires a log of the user’s actions. For example,
a user would only be classified as a Child if they took a longer time
searching and navigated to sites that pertain more to younger users.
Overall, the literature discussed thus far supports the importance
of examining text samples to detect specific user groups, but none
explicitly focuses on young searchers, nor limits their samples to a
single, and often very short, query.

3 RYSE: A STRATEGY FOR IDENTIFYING 𝑃𝐶𝑂

Given a query, RYSe detects 𝑃𝐶𝑂 child searchers (ages 7-11) by
considering a wide range of features inferred from the text that
map to the various skills and behaviors attributed to this group.
Below, we discuss these features along with their alignment to the
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𝑃𝐶𝑂 stage; we then describe how they are collectively used for 𝑃𝐶𝑂
identification. The full list of features and their implementation are
available at: https://bitbucket.org/bsu-cast/ryse/.

3.1 Query Features Used to Identify 𝑃𝐶𝑂

Lexical Features: The words in a query are analyzed based on
their length and type of words (e.g. noun, verb). Based on Piaget’s
work, we hypothesized that children in this age group would use
less sophisticated lexical features in their queries than 𝑛𝑜𝑛 − 𝑃𝐶𝑂

users. We examined three types of lexical features: lexical density,
sophistication, and variation. Lexical density is the ratio of lexical
words such as nouns, adjectives, verbs (except modal verbs, aux-
iliary verbs, ‘be’ and ‘have’), and adverbs with an adjectival base,
including those that can function as both an adjective and adverb
(e.g., ‘fast’) and those formed by attaching the ‘-ly’ suffix to an
adjectival root (e.g., ‘particularly’) [21] to words in a text. Lexical
sophistication is “the proportion of relatively unusual or advanced
words in the learner’s text” [28]. Lexical variation “refers to the
range of a learner’s vocabulary as displayed in his or her language
use” [21]. Additionally, we studied the lexical characteristics to fur-
ther examine how keywords differ from natural language queries
as types of queries. E.g. the total number of words per query since
keywords are often standalone terms or short phrases

Vocabulary Features: We hypothesized that children’s vocabu-
lary use would differ from that of adults. Specifically, we hypoth-
esized that 𝑃𝐶𝑂 children would tend to use fewer abstract words.
We identified words that children may commonly use in a few ways.
First, we used Edu2Vec [3], a mixed strategy that combines (i) the
Mikolov et al. [25] skip-gram model, (ii) pre-trained embeddings
from Wikipedia and Wikibooks, and (iii) structured knowledge
from educational standards to identify relevant terms, topics, and
subjects for each grade. As Edu2Vec terms are commonly found in
texts from Kindergarten to 6𝑡ℎ grade, we expect these terms to be
familiar to, and thus used by, children. Consequently, we examine
how frequently these terms appear in a query. Additionally, the
Age of Acquisition (AoA) identifies the average age at which a
person generally learns certain words. Therefore, we consider the
50K words in the AoA dataset [15]. Stopwords, domain-specific
words, and search operators were also included in this feature set.

Spelling and Punctuation Features: In line with 𝑃𝐶𝑂 , chil-
dren often make spelling mistakes [13] while writing or typing.
Also, children struggle to use some existing search engine query
formulation support mechanisms such as query suggestions or
auto-correction [1]. We, therefore, investigate the total number of
misspelled words in each query and compare those words with a list
of typos made by children from the KidSpell dataset [8] to identify
which queries contain typos similar to 7-11 year old searchers. In
order to capture a variety of child misspellings, we compare the
misspelled words with the suggested correction checking for Lev-
enshtein distance.1 In addition, since young searchers tend to treat
search queries as sentences [14], we hypothesize that they likely
use capital letters and punctuation. However, capitalization does
not matter in web search [7] as well as punctuation. We, therefore,

1Levenshtein distance demonstrates the off by one typo meaning insertions, deletions,
or substitutions of one character.

inspect the queries for punctuation that could be seen in regular
written sentences.

Syntactical Features: Natural language and keyword queries
can differ in syntax. Natural language queries tend to resemble
sentences with articles, preposition phrases, etc, while keyword
queries are often strings of nouns. The ability to identify the key
information in a sentence and select appropriate keywords may be
challenging for children. Consequently, we study this difference
in the queries, where we compute the ratio of the number of that
part of speech to the total number of words (e.g. number of verbs
divided by total words).

3.2 Detecting 𝑃𝐶𝑂

From a user’s search query we derive the features discussed in
Section 3.1, and consider them as evidence to determine whether
or not the user displays behaviors expected for those in the 𝑃𝐶𝑂
stage of cognitive development. We treat this task as a classification
problem and thus use these features as input to a Random For-
est Classifier [19]. We selected this classifier given the manner in
which it performs feature selection; as discussed in [22] the random
forest classifier is noted for its ability to build trees that correlate
to specific subsets of features. This feature sub-sampling leads to
specialized trees that recognize users based on these subsets of
features. Furthermore, the space represented by our feature set is
non-linear. Drawing a clear line down the middle of these numbers
is a poor approach considering the potential variance of user skill
within 𝑃𝐶𝑂 searchers. As such, we have chosen a non-linear clas-
sifier. Detailed information regarding training and testing of the
chosen classifier is discussed in subsection 4.2.

4 EXPERIMENTAL SET UP
In this section, we describe the data, metrics, and evaluation process
undertaken to answer the RQ.

4.1 Search Query Data
In light of concerns regarding children’s privacy [12], there are
no large, widely available search session records generated by a
stereotypical 7-11 year-old searcher. As such, we constructed a
dataset2 using data from various sources, which we summarize in
Table 1. This dataset includes: (i) adult queries from the TREC data
[26], (ii) queries first introduced in the work conducted by Madrazo
Azpiazu et al. [23] (henceforth referred to as Sven), each indicating
whether it was formulated by a child (ages 8 to 11) or adult, and
(iii) queries formulated by children ages 7 to 11 years old, which
we refer to as CAST data3, that resulted from several user studies
conducted to examine children’s search behavior [1, 2, 4, 8, 10].

According to data from the US Census Bureau [5], children (ages
3–17) and adults (ages 18+) make up∼20% and∼80%, respectively, of
the country’s internet users. Based on this information, wemaintain
a 20/80 distribution for children and adults, and therefore randomly
sampled 949 𝑃𝐶𝑂 (child) queries and 3796 non-𝑃𝐶𝑂 (adult) queries
from the dataset for the evaluations that follow.

2We did not directly involve children for data collection for this work. All data was
acquired from previous publications.
3Queries in the CAST data were collected using the Child Adaptive Search Tool:
https://cast.boisestate.edu/.
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Table 1: Overview of the data used to develop and analyze RYSe. Final sample is a 1:4 ratio, child:adult.

Total Unique Total Final Sampled
Type Data Source User Age Queries Queries Unique Unique Queries

𝑃𝐶𝑂 CAST [1, 2, 4, 8, 10] Child 7-11 2571 1729 2023 949Sven [23] Child 8-11 301 294

𝑛𝑜𝑛 − 𝑃𝐶𝑂 Sven [23] Adult 18+ 301 301 3797 3796TREC [26] Adult 18+ 5371 3495

4.2 Evaluation Strategy
To analyze performance, we split the dataset into three sets: 65%
training set, 15% development set, and 20% testing set. To evaluate
RYSe effectiveness in identifying searchers in the 𝑃𝐶𝑂 stage of
cognitive development, we turn to well-known metrics: Accuracy,
True Positive Rate (TPR), and True Negative Rate (TNR). Accu-
racy refers to the fraction of the correct predictions. This metric
is common for assessing a binary classifier’s efficiency [6]. TPR
estimates the proportion of which the actual positive observations
are correctly predicted, while TNR allows us to study how well
the model recognizes users who do not belong to our target group
(𝑛𝑜𝑛 − 𝑃𝐶𝑂).

In order to determine the relative value of the feature sets RYSe
utilizes, we conducted an ablation study comparing the effective-
ness of using each individual feature set as compared to the full
feature set utilized in RYSe. As the vocabulary that children use is
influenced by their level of language development [30], we grouped
language development features (primarily lexical and vocabulary
features) as well as features associated with abstract thinking and
processes (primarily spelling and syntactical features).

To offer context to the applicability of RYSe, we consider two
simple baseline models; aMajority classifier which assumes that any
new sample belongs to the majority class (in our case is 𝑛𝑜𝑛−𝑃𝐶𝑂)
which imitates the general SE narrative that assumes all individ-
uals without identification are adults, and a Text-based classifier
(introduced in [29]) which is based on a Support Vector Machine
(with linear kernel, auto kernel coefficient, and the default regular-
ization parameter) that examines tri-grams of texts from chat logs.
Given the data available for analysis in the case of RYSe, i.e., search
queries, we adapt the original Text-based model and re-trained it
using search queries as input text samples instead of chat logs.

We use the development set (15% of the dataset) for hyperpa-
rameter tuning of RYSe’s Random Forest Classifier. We do so via a
grid search, optimizing for TPR. The resulting parameters are: 400
estimators, unbalanced class weight, Gini impurity as the criterion,
and no bootstrapping. Both RYSe’s and baselines’ results are based
on 5-fold cross-validation over the training (65%) and testing (20%)
sets. When juxtaposing strategies considered in the ablation study
as well as comparing baseline models to RYSe, we employ the Mc-
Nemar test [16] with p ≤ 0.05 to determine statistical significance;
this test was considered because the resulting values reported are
dichotomous rather than continuous.

5 RESULTS AND DISCUSSION
The main goal of this work was to identify a user in the 𝑃𝐶𝑂 stage
of cognitive development, based on features extracted from a single

search query. In this section, we present the findings from the
evaluation strategy outlined above.

Table 2 shows that the RYSe strategy results in a fairly high
accuracy of 90.9%, a moderate TPR of 64.4%, and a high TNR of
97.6%. Comparing RYSe to its individual feature sets reveals that
the Language Development Related Features4 exhibit similar (but
slightly lower) measures as compared to RYSe which may indicate
a high impact of those particular features. This lends validity to
using Jean Piaget’s stages of cognitive development as a means
to identify users as this feature set seems to most closely model
the users’ developmental stage. The Language Development Related
Features, Lexical Features, and Vocabulary Features did not have
a significant difference compared to RYSe in terms of TPR. The
language development features, again, seem to be the most signifi-
cant contributor to the RYSe strategy. The relatively high accuracy
for the Lexical Features and Vocabulary Features seems to indicate
that there is, indeed, a notable words difference between 𝑃𝐶𝑂 and
𝑛𝑜𝑛−𝑃𝐶𝑂 users’ queries. The Spelling and Punctuation Features had
relatively low accuracy (79.5%), compared to the accuracy yielded
when considering the remaining feature sets. Although it had the
highest TNR (99.0%) among those reported in Table 2, it also had
the lowest TPR with 2.4%, where essentially it always classifies as
𝑛𝑜𝑛 − 𝑃𝐶𝑂 . These results reveal this feature set is perhaps the least
meaningful set when trying to identify users in the 𝑃𝐶𝑂 stage. We
attribute this to the fact that typos and misspellings are common
among all user groups [18].

As shown in Table 3, RYSe significantly outperformed (𝑝 ≤ 0.05)
both the Text-Based and Majority classifiers in terms of Accuracy
and TPR. Considering that RYSe also yielded significantly higher
TPR, compared to the majority and text-based counterparts, we
treat this as an indication of RYSe’s ability to identify 𝑃𝐶𝑂 users.

As discussed in the previous sections, with the majority classifier,
the new data points are classified based on the majority class, i.e.,
𝑛𝑜𝑛 − 𝑃𝐶𝑂 in our case. Since our dataset contains 80% and 20%
distribution of 𝑃𝐶𝑂 and 𝑛𝑜𝑛 − 𝑃𝐶𝑂 observations respectively, this
justifies the 79.8% accuracy with 100% TNR for this classifier. The
text-based classifier takes into consideration word trigrams and
as anticipated, outperforms the majority classifier on all metrics
considered. This indicates that the three words sequence in 𝑃𝐶𝑂

and 𝑛𝑜𝑛 − 𝑃𝐶𝑂 search queries can be differentiated them rather
than assuming that each query belongs to non-PCO without any
further analysis as theMajority classifier does. Still, with its lowTPR

4Language Development Related Features refer to those that are directly related to
a child’s language development, such as lexical density or the number of words in a
query.
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Table 2: Feature ablation study results. *Indicates statistical significance of a particular feature set compared to RYSe (𝑝 ≤ 0.05).

Feature Set Accuracy TPR TNR

RYSe 0.909 0.644 0.976

Language Development Related Features 0.904 0.629 0.974
Abstract Process Related Features 0.851 0.531* 0.931*

Lexical Features 0.892 0.613 0.963
Vocabulary Features 0.896 0.617 0.966
Spelling and Punctuation Features 0.795* 0.024* 0.990
Syntactical Features 0.851 0.537* 0.930*

Table 3: RYSe vs. baseline classification models. *Indicates statistical significance of model compared to RYSe (𝑝 ≤ 0.05).

Classifier Accuracy TPR TNR

RYSe 0.909 0.644 0.976
Majority 0.798* 0.000* 1.000
Text-Based 0.838* 0.255* 0.996

(25.5%), we argue that it is not an effective solution for identifying
𝑃𝐶𝑂 , and is not as effective as RYSe.

The task at hand is a challenging one, as the mainstream user
group (i.e., 𝑛𝑜𝑛 − 𝑃𝐶𝑂) is more prominent in real life and therefore
in our dataset. This is evident by the relatively high accuracy of the
majority classifier. We posit that the improvement over the majority
baseline achieved by the Text-based classifier is a positive signal of
the richness of information that can be inferred even from a short
query. This is further emphasized by RYSe’s overall performance
improvement by simultaneously accounting for different perspec-
tives (i.e., feature sets) inferred from short text samples – even very
short keyword queries that are not always semantically meaningful.
Although the accuracy of RYSe is high, the main purpose of RYSe
is to correctly identify users in the 𝑃𝐶𝑂 stage. With a 64.4% TPR,
RYSe showcases promise in achieving its goal but also indicates
that there is room for improvement.

6 CONCLUSION, LIMITATIONS, AND FUTURE
WORK

In this paper, examined whether a typical SE user in the 𝑃𝐶𝑂 stage
of development could be identified by utilizing their search query. For
this we introduced RYSe, a classification strategy that leverages
multiple features aligning with the 𝑃𝐶𝑂 stage of development to
detect 𝑃𝐶𝑂 searchers from their search queries. With RYSe being
able to identify 𝑃𝐶𝑂 users consistently in a naturalistic unbalanced
query sample this indicates a promising route in terms of identi-
fying users based on their perceived stage of development. This
performance, showcased by the RYSe strategy, is a crucial step to-
wards enabling on-the-fly adaptability of SE to better support a
wide range of user groups.

With regards to limitations, RYSe currently considers a single
query from a user, performance could potentially be improved by in-
cluding multiple queries and/or full search sessions. RYSe also only
takes behaviors derived from queries into account, however, there
are more search behaviors that users exhibit when searching online

which could prove useful in the identification of users when search-
ing online (e.g. results clicked, time taken to formulate a query,
multiple queries from the same user). Moreover, extending RYSe
to account for non-American English Cultures is likely nontrivial;
although Jean Piaget’s Stages of Cognitive Development may apply
just as well to children of other cultures [24], the language features
that map to 𝑃𝐶𝑂 might be different. We foresee applications of
our proposed strategy being useful not only for adapting SERPs to
better serve child searchers but also for the filtering of potentially
inappropriate and/or irrelevant content. In the future, we plan to
conduct user studies to evaluate the applicability of embedding
RYSe in SE to facilitate those applications. Moreover, we plan to
extend the design of RYSe to also encapsulate different develop-
mental stages, not just the 𝑃𝐶𝑂 stage, to cater to the needs of users
at the various stages.
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