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Abstract
Purpose – The purpose of this paper is to examine strengths and limitations that search engines (SEs)
exhibit when responding to web search queries associated with the grade school curriculum
Design/methodology/approach – The authors employed a simulation-based experimental approach to
conduct an in-depth empirical examination of SEs and used web search queries that capture information
needs in different search scenarios.
Findings – Outcomes from this study highlight that child-oriented SEs are more effective than traditional
ones when filtering inappropriate resources, but often fail to retrieve educational materials. All SEs examined
offered resources at reading levels higher than that of the target audience and often prioritized resources with
popular top-level domain (e.g. “.com”).
Practical implications – Findings have implications for human intervention, search literacy in schools, and
the enhancement of existing SEs. Results shed light on the impact on children’s education that result from
introducing misconception about SEs when these tools either retrieve no results or offer irrelevant resources,
in response to web search queries pertinent to the grade school curriculum.
Originality/value – The authors examined child-oriented and popular SEs retrieval of resources aligning
with task objectives and user capabilities–resources that match user reading skills, do not contain
hate-speech and sexually-explicit content, are non-opinionated, and are curriculum-relevant. Findings
identified limitations of existing SEs (both directly or indirectly supporting young users) and demonstrate the
need to improve SE filtering and ranking algorithms.
Keywords Education, Children, Readability, Search engines, Misinformation, K-12,
Search engine results pages, Web search queries, Child-appropriateness
Paper type Research paper

Introduction
Search Engines (SEs) are the “go-to” tools for children’s online information discovery
(Rowlands et al., 2008). Children’s use of SEs goes beyond accessing sites for leisure
purposes, as they also utilize these tools for school-related activities. In fact, teachers in the
USA regularly assign search tasks that require the use of SEs to their students (Hussain
et al., 2011; Scholastic, 2018). Children, however, are still known to experience difficulty
completing successful search sessions (Gossen, 2016). A contributing factor toward
improving children’s search experience could be their understanding of how SEs work.
Unfortunately, search literacy is rarely part of the Kindergarten to twelveth grade (K -12)
curriculum (Campbell et al., 2018; Notess, 2006; Laxman, 2010). Even when search literacy is
included, it can overlook information on the functionality of SEs (Buckingham, 2015).
Further, it more commonly targets educators (Campbell et al., 2018; Notess, 2006;
Laxman, 2010). Educational and child-oriented SEs, such as Kidrex[1] and Kidzsearch[2],Aslib Journal of Information
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could also alleviate challenges regarding the completion of search exercises. Yet, their use is
not a requirement in the classroom. Instead, children tend to favor more mainstream,
popular SEs, like Google and Bing (Foss et al., 2012). These SEs are generally tailored
for adults and as such, are not necessarily equipped to support children’s educational
searches–those posted within the classroom environment or formulated with the intent of
locating curriculum-related materials. Thus, children could access resources that neither
align with requirements inherent to the classroom environment nor their capabilities.
Technology enhanced learning platforms, such as online tutorials and personalized
electronic learning, will continue to gain prominence in response to the iGeneration[3], the
most tech savvy yet (Minal Anand, 2019). With training now being made available to school
teachers (Google, 2019), SEs become natural partners to ease online information discovery
and facilitate, whenever possible, searching while learning (Gwizdka et al., 2016). Therefore,
it is imperative to understand the effectiveness of existing SEs in responding to search
queries pertinent to the K-12 curriculum.

When performing curriculum-related inquiries, children may inadvertently be exposed to
irrelevant materials that are inappropriate, such as pornographic or hate-based sites (Patel
and Singh, 2016; Madigan et al., 2018; Tori DeAngelis, 2007). To avoid the potential retrieval
of inappropriate resources, popular SEs and child-oriented ones make available a
safe-search filter. Safe-search, however, has some shortcomings. On the one hand, this filter
could be too restrictive: it might disregard resources that are relevant to the curriculum but
happen to include terms that can be misconstrued as inappropriate. For example,
Kidzsearch’s safe-search interprets the intent behind the search query breast tissue as being
inappropriate, and therefore does not retrieve any results (see Figure 1(a)). This can be
problematic when children are given a school research assignment on Human Anatomy, as
this would prevent them from locating the right resources. On the other hand, safe-search
has also been known to let unbefitting resources pass through the filter, as it often employs
the use of thresholds set by administrators (Edelman, 2003; Heiler et al., 2017). Consider the
search query urban Google’s safe-search includes among the top 10 retrieved results a site
known to contain profane language (see Figure 1(b)). Being that this inquiry could be related
to the History subject, it is detrimental for children to encounter inappropriate content on the
first Search Engine Results Page (SERP).

Children’s experiences with SEs can affect their motivation to use the Web, their skill to
adequately use resources for their personal and educational interests, as well as their exposure
to information beneficial for enhancing their mental capabilities (Foss et al., 2012). As such, it
is problematic if SEs offer resources that are irrelevant, based on their alignment with the
target user capabilities. A number of research works suggest that the readability of web text
may be beyond the reading ability and comprehension skill of young users (Bilal, 2013; Bilal
and Huang, 2019). From the perspective of children, a resource that is relevant with respect to
information needs expressed in a search query becomes irrelevant if its content does not align
with their reading skills. Hence, offering resources children can comprehend is essential.

The use of SEs to conduct curriculum-related inquiries may also lead children to
resources that are irrelevant to task objectives–the purpose of the search task assigned.
These resources are often the result of SE domain bias (Ieong et al., 2012; Introna and
Nissenbaum, 2000), as well as the influence of Search Engine Optimization (SEO) techniques
(Lewandowski, 2011; Thurow, 2015), causing the prioritization of resources from popular
domains or those that are treated as relevant to the average population over those that
target the classroom. Unfortunately, these resources can contain opinionated and
non-educative content, thereby making them inapplicable to curriculum-related inquiries.
For example, consider a child that initiates the search using the search query albert einstein
last invention. In response to this inquiry, Bing (with the safe-search filter enabled) ranks a
resource from answers.com at the top of the SERP (see Figure 1(c)). As this site is mostly
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comprised of people’s opinions and it likely does not include verifiable and educational
information, it could provide the child with wrong answers to this inquiry.

A few studies demonstrate that children’s search behaviors are different from those of
adults (Bilal and Kirby, 2002; Gossen et al., 2011; Graham and Metaxas, 2003). Children are
known to navigate through resources from top to bottom of the SERP in a sequential

(a)

(b)

(c)

Notes: (a) Kidzsearch fails to retrieve resources for the search query breast tissue (May 2019);
(b) Google’s safe-search includes a site that potentially exposes children to profane language
among top–10 resources retrieved for the search query urban (August 2019); (c) Bing’s safe-search
ranks a resource from an opinion-based and non-educational site (answers.com) at the top of the
SERP for the search query albert einstein last invention (March 2018)

Figure 1.
Resources retrieved
by SEs in response to
search queries
associated with the
classroom setting
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manner (Bilal and Ellis, 2011; Gwizdka and Bilal, 2017; Graham and Metaxas, 2003;
Walker, 2013). However, it is still unclear whether SEs (not just those designed for children)
accommodate this top-down search style. Moreover, several studies have examined SE’s
response to search tasks initiated by children both from system and user perspectives
(Lovato et al., 2019; Fails et al., 2019; Duarte Torres et al., 2010b; Druin et al., 2009). Yet, the
exploration focused on the classroom setting, for example, examining SE’s response to
search queries initiated in the classroom setting in terms of positioning retrieved resources
in a way that can ease the identification of relevant material, has not been fully discussed in
the literature.

To better understand how existing SEs fare when responding to searches pertinent to
the classroom setting, we perform an empirical analysis on well-known SEs. Among these
SEs, we examine Google and Bing as examples of popular SEs (GlobalStats, 2019); Kidrex
and Kidzsearch which are child-oriented ones; and safe-search filters available on popular
SEs under study[4]. We limit the scope of our analysis to children in the third to fifth grade
levels[5], as young users within this range are in the concrete operational stage of
development according to Piaget’s theory (Piaget, 1976), and are known to exhibit similar
search traits (Foss et al., 2012). As opposed to leisure-related searches conducted by children
which cover a broader scope of topics, we focus on curriculum-related inquiry tasks. For our
analysis, we employ a simulation-based experimental approach to mimic a set of diverse
inquiry tasks. Along the way, we discuss observations that result from our experiments
based on characteristics of resources that make them applicable to task objectives and user
capabilities in the classroom setting: resources that align with the reading skills of the target
audience, are appropriate, are non-opinionated and are education-relevant.

We guide our empirical analysis by three research questions:

RQ1. Do SEs effectively respond to search queries that include terminology pertinent to
the third–fifth grade curriculum?

We simulate a context where children in the third–fifth grades seek information relating to
their Health and Science subjects. To this effect, we investigate if resources are always being
retrieved for these searches, even if search queries used to trigger the search include
keywords that in isolation might be misinterpreted as inappropriate (e.g. breast tissue):

RQ2. Do SEs deter access to inappropriate content?

We investigate the performance of SEs in filtering sexually-explicit and hate-based materials.
In doing so, we simulate the search using search queries that contain sexually-explicit or
hate-based terms, on SEs that have the safesearch functionality enabled or disabled. For this
analysis, we examine: if SEs retrieve no results for the search queries and if the SEs happen to
include inappropriate content in resources that pass through the filter:

RQ3. Do SEs provide resources that align with task objectives and user capabilities?

We examine the ranking performance of SEs in offering resources relevant to inquiries that
are associated with the third–fifth grade curriculum and that are within the target user’s
ability to understand, i.e., readability. In conducting our analysis, we simulate the search
process using children’s search queries. We especially analyze: the degree to which top
ranked resources match the reading level of the target audience, the rate at which resources
from different top-level domains (TLDs) are prioritized, and the extent to which resources
that are not written by experts are potentially favored by SEs.

In addition to identifying the strengths and limitations of SEs in responding to inquiries
associated with the classroom setting, our findings shed light on the impact SEs can have on
school-aged children. This is in terms of young users having misconception about the SEs
themselves, which may be attributed to either the SE retrieving no results for an educational
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inquiry or the SE presenting resources that are not suitable to the curriculum. Our
contributions also include sharing: a set of educational resources labeled with their grade
levels and subjects and a data set comprised of children’s search queries; labeled by search
query type and grade-level[6].

Outcomes from this study have implications for human intervention, search literacy in
the K-12 curriculum, and SE functionality issues, which need to be addressed so that
existing SEs can better support children when conducting curriculum-related searches.
Results from our study also call for the design of multi-objective strategies that consider
aspects such as readability, appropriateness, objectivity and educational value in tandem,
for filtering and ranking resources in response to children’s educational search queries.
Discoveries that emerge from our work would directly impact the information retrieval
community. They can also be of interest to human computer interaction (e.g. informing the
design of search interfaces for children), education (e.g. shaping search literacy curriculum),
as well as fairness and privacy (e.g. identifying gaps that cause some niche populations to
be underserved).

Background and related work
We discuss in this section how children interact with SEs, the use of these tools in the
classroom, and the role of safe-search filters in preventing this audience from accessing
inappropriate resources.

Children’s interaction with search engines
As reported in the book Search Engine Society more than half of Americans turn to SEs at
least once a day (Halavais, 2017). With this proliferation, search tools are not limited to
mature audiences, as young children are now being introduced early, both at school and
home, to searching on the internet (National Center for Education Statistics, 2019). Although
children frequently turn to SEs, research has shown that they often experience difficulties in
finding resources that satisfy their information needs (Bilal and Gwizdka, 2018; Bilal and
Ellis, 2011; Druin et al., 2009; Gossen, 2016). Prior works suggest that this difficulty is often
the result of children’s insufficient digital literacy skills (Bilal and Gwizdka, 2018; Hague and
Payton, 2011), for example, lack of ability in identifying credible resources when using SEs,
in addition to varied degrees of prior experience (Landoni et al., 2019) and domain
knowledge (Han, 2017; Yamin et al., 2013). Moreover, children favor resources on the first
SERP and barely notice that other SERPs exist (Duarte Torres et al., 2010b; Gwizdka and
Bilal, 2017). To aid children’s search, researchers have introduced several strategies for
personalizing resources by readability (Bilal and Gwizdka, 2016; Collins-Thompson et al.,
2011; Eickhoff et al., 2010; Tan et al., 2012), assisting children in search query formulation
(Dragovic et al., 2016), and offering child-friendly search query suggestions (Duarte Torres
et al., 2012; Torres et al., 2014; Vidinli and Ozcan, 2016; Madrazo Azpiazu et al., 2018). Others
investigate children’s search behaviors and interaction styles when utilizing popular search
tools (Madrazo Azpiazu et al., 2017; Azzopardi et al., 2009; Bilal and Gwizdka, 2018).
However, to the best of our understanding, there is hardly any evidence in the literature of
how existing SEs (including child-oriented ones) handle the filtering and retrieval of
resources in response to children’s general inquiries, let alone, classroom-related searches.

Children’s search engine preference
There exist a number of child-oriented SEs, including the popular Kidrex, Kiddle[7],
Kidzsearch and Sweet Search[8]. These SEs could help children complete successful
searches and thus improve their overall search experience. However, in some cases, they
manually curate materials to be indexed (Broch, 2000; Gyllstrom and Moens, 2010), limiting
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the amount of resources they make available. Regardless of the support these child-oriented
SEs could offer, research has shown that children still prefer to use popular SEs
(Madrazo Azpiazu et al., 2017; Foss et al., 2012). In fact, in a survey conducted by Purcell
et al. (2012), 94 percent of participants who are teachers reveal that their students are likely
to use Google for school assignments, as opposed to other SEs. This preference is what
motivates us to examine how popular SEs respond to search queries that capture
information needs aligned with the grades third to fifth curriculum.

Safe-search
To prevent children from accessing inappropriate content, popular SEs along with their
child-oriented counterparts, adopt a safe-search functionality. Safe-search is meant to filter
resources with inappropriate content, such as pornography and hate-speech (Google, 2018;
Jacob et al., 1999), hence, offering a safer search environment. Traditional safe-search filters
may, however, be limited to blacklisted terms and URLs, which can be challenging to
update. Blacklisted URLs may be ineffective as they keep changing, whereas blacklisted
terms may be deterred by “homographs.” Moreover, safe-search may not always be the
perfect deterrent (Edelman, 2003; Heiler et al., 2017). On the one hand, resources with
inappropriate content pass through the filter. On the other hand, safe-search may be too
strict when it comes to filtering resources that are relevant to users’ information needs and
the context of their searches (Edelman, 2003; Heiler et al., 2017). For instance, as of
September 2018, Kidrex’s safe-search filter prevents the retrieval of any resources for the
search query organ pipe cactus monument[9], whereas as of October 2019, Bing’s safe search
does not retrieve resources for the search query teeny virus (see Figure 2). Further, the “No
Results Found” pages presented by these SEs do not offer any insights to users about why
their queries resulted in no resources retrieved. This coupled with the limitations of
safe-search, are among the short-comings we foresee in how this filter responds to
classroom-related inquiries. Our study aims to further investigate the limitations of
safe-search in handling both inappropriate and curriculum-relevant materials.

Search engines and the classroom environment
The use of SEs in the classroom has proven to be an important asset for enhancing learning
(Madrazo Azpiazu et al., 2017). In schools, SEs are often used by children to locate
information for educational tasks: from looking up the meaning of words and finding math
formulas, to addressing history-related inquiries for which it usually takes longer to find
answers to when using printed books (Knight, 2014). Although SEs are now frequently used
in schools, search literacy is not always part of the curriculum (Bilal and Gwizdka, 2018;
Scott and O’Sullivan, 2005). This serves as an indication that children may either need to
be provided with some form of assistance whenever they utilize their preferred SEs for
school-related activities (Bilal and Gwizdka, 2018; Foss et al., 2012) or that instead existing
SEs should be adapted to offer children a better experience. This adaptation can either be in
the form of guidance for search query creation or prioritization of search results that
address their information needs in the classroom setting.

Understanding how resources are prioritized for educational searches is the first step
toward outlining how SEs need to be adapted to better serve children in response to
inquiries associated with the curriculum, which is why we conduct our study.

Theoretical framework
We follow the theoretical framework proposed by Lewandowski (2012) for evaluating the
retrieval effectiveness of SEs, which consists of five pillars: search query selection, results
judgement, results collection, results presentation and data analysis. We use search query
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selection and results judgement to guide the setup of our study. Search query selection
involves identifying applicable search queries to evaluate. While we do not directly
evaluate search queries, our work calls for carefully selecting the right search queries to
capture the intent and topics that align with the target user capabilities, different contexts,
and classroom task objectives. Results judgement entails selecting assessors for
evaluation purposes. This study does not involve external/human assessors. Instead, we
rely on expert labeled and applicable ground-truth to support analysis. We adopt the
remaining pillars to guide the evaluations in our study. Results collection deals with the
selection of resources as well as information pertaining to the resources from the SE under
investigation. We especially focus on the resource type and categorization
(e.g. educational domain or government agency). Results presentation encompasses
weighting the relevance of resources based on position and design, for example,
examining the ranking position of the individual resource within a ranked list. In this case,
we investigate the position of resources on the ranked list generated by each SE under
study. Lastly, data analysis focuses, among other things, on examining the relevance of
the results. As we concentrate on an educational setting, we explicitly explore relevance to
the user, context, and classroom task objectives.

(a)

(b)

Notes: (a) KidRex fails to retrieve resources for the search
query organ pipe cactus monument (September 2018);
(b) Bing’s safe search fails to retrieve resources for the
search query teeny virus (October 2019)

Figure 2.
Examples that
showcase the
limitations of SEs
with enabled
safe-search
functionality in
responding to
curriculum-related
searches

94

AJIM
72,1



Method
We employ a simulation-based experimental approach to examine the strengths and
limitations of SEs commonly utilized by children for conducting online inquiries pertaining
to the third and fifth grade curriculum.

Search engines
The four SEs we study are: Google, Bing, Kidrex and Kidzsearch. We also study the
safe-search counterparts in Google and Bing with the aim to investigate how filters available
on SEs that are favored by children handle both inappropriate and educational resources.
This results in six explored strategies.

Kidrex and Kidzsearch were selected for analysis not only because they are two of the
most popular among child-oriented SEs[10], but also because, unlike SEs exclusively
designed for children that handpick child-suitable sites (e.g. Sweet Search), they directly rely
on mainstream SEs to power their searches. Moreover, these SEs are solely designed for
educational purposes and adopt a safe-search to filter inappropriate resources[11].

Search query gathering
We originally collected 349 search queries written by 50 children performing search tasks
in the classroom setting[12]. We refer to this search query set as KidsQRY (see sample
search queries in Table I). Children who formulated these search queries were in the fourth
and fifth grade levels and were assigned information discovery tasks under the
supervision of their teacher at an Elementary School in Idaho, USA. As children were
presented with the same search tasks, we found several repetitions among the search
queries. Hence, for analysis purposes, we only selected distinct search queries, resulting in
a total of 100 search queries.

Due to the limited number of child-written search queries, we augmented KidsQRY with
750 simulated search queries. To create these search queries, we turned to book reviews
written by children in the third to fifth grades, which we gathered from child-oriented
libraries, such as Pikes Peak Library District[13] and Monroe County Public Library[14],
that consented to using data for research purposes. Following the premise in Bilal and
Gwizdka (2018), we created three types of search queries from these children’s reviews:
Keywords, Phrases and Questions. Keyword search queries include one or more words
that do not form a phrase or sentence; phrase search queries contain two or more words
that expresses a single idea, but do not form a complete sentence; and question-type
search queries refer to those that start with a question word, e.g. how, why, when, what,
and where. Using the NLTK library (Bird et al., 2009), we extract noun phrases and
sentences from the review text. We follow the grammar rule definition from NLTK for
extracting noun phrases, which is a combination of one or more words that contain a noun
with a determinant, adverb, verb, or an adjective (Bird et al., 2009). In this case, we treat

Type Search query Simulated?

Keyword Notrth pole (originally misspelled) ✗
Dinosaur bones ✓
Google earth ✗

Phrase US April holidays ✗
The Second World War ✓
Organ pipe cactus national monument ✗

Question How many people died in the Johnstown flood ✗
What habitat does an aardvark live in ✗
How did the Baudelaires parents die ✓

Table I.
Examples of

children’s search
queries and simulated
counterparts, grouped

by type
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noun phrases that contain only one or two unique words (excluding determiners) as
keyword search queries, noun phrases that contain more than two words (including
determinants) as phrase search queries, and sentences extracted from the review text that
start with a question word as question search queries. It is important to note that for each
search query type, we selected top-n distinct search queries based on frequency. As shown
in Figure 3, simulated and child-written search queries exhibit similar trends, in terms of
average length and distribution by type, which is why we deem the simulated search
queries suitable for analysis purposes.

Other data sources
For analysis purposes, we take advantage of a number of data sources with different
information types.

Child-friendly resources – CfRES. This is a collection of web resources gathered from
DMOZ[15]. In this web directory, resources have been categorized by human annotators into
age groups, i.e., kids, teenagers and adults, as well as information types, for example, News
and Politics[16]. We extracted 3,000 resources in the following kids’ categories: health, news,
entertainment, school and sports. These categories were selected because they represent
diverse information types that children seek for both their educational and leisure searches
(Patel and Singh, 2016).

Educational resources – EduRES. Upon collaboration with Idaho Digital Learning
Academy (IDLA), a K-12 educational institution in Idaho, we gathered a collection of
66,000 educational resources. These resources have been labeled with their subjects and
grade levels by educators. For analysis, we extracted 4,000 resources related to Health
and Science.

These resources have been labeled with their subjects and grade levels by educators.
For analysis, we extracted 4,000 resources related to Health and Science.

Google’s bad words – GoogleBW. This is a list that includes 1,400 keywords that have been
identified as sexually-explicit by Google[17].

Hate-speech dictionary – HsDICT. We created a dictionary using 1,040 hate-speech
lexicons compiled by hateBase[18], a repository of hate-speech language. Additionally, we
included in HsDICT a refined collection of hate-based and offensive language n-grams created
by Davidson et al. (2017).

Hate-based resources – HsRES. We gathered a collection of 2,000 hate-speech web
resources, which were compiled by Hate-speech Movement[19], a site known to report
websites that promote violence, supported by the Council of Europe (Silva et al., 2016).
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Procedures
In this section, we discuss simulation contexts we establish for analysis purposes, the
process we follow for retrieving resources that pertain to each context, and how we evaluate
retrieved resources.

Simulation contexts. For investigating how SEs respond to inquiries associated with the
curriculum, we consider different contexts. To initiate the search process, we use search
queries that would trigger the retrieval of resources that satisfy different information needs.
We discuss each of the established contexts, as well as the ground truth we use to validate
the correctness of SEs in responding to inquiries associated with each context. We present
in Table II a description of simulation contexts with corresponding search queries used for
initiating the search process. We also include a summary of the information needs with
anticipated response from SEs in Table III.

Context-A: children who use search queries that are educational but happen to contain
keywords that may be misconstrued as inappropriate. Being that children utilize SEs with
the intention of locating materials that pertain to subjects they are taught at school
(Gossen, 2016), we simulate this context. For this purpose, we create 1,000 search queries by
randomly sampling phrases (of up to tri-grams) relating to children’s Health and Science
subjects[20], which we extracted from EduRES (introduced in SECTION other data sources).
This resulted in EduQRY, a list of the top 1,000 educational n-grams, selected according to
their Term Frequency-Inverse Document Frequency (TF-IDF) scores. To investigate the
effectiveness of SEs when dealing with searches conducted in this context, we examine the
number of times SEs under study fail to retrieve results.

Context-B: children who inadvertently access sexually-explicit materials. We examine
the performance of SEs in regard to handling sexually-explicit content. To do so, we
simulated a context where a user seeks for sexually-explicit materials, with and without
safe-search enabled. For simulating the search process, we created 1,000 search queries by

Name Sources Context Resource type
Search
query Size

EduRES IDLA Educational institute A Educational EduQRY 1,000
GoogleBW Google’s bad words B Sexually explicit BwQRY 1,000
HsDICT HateBase and Lexicons generated by

Davidson et al. (2017)
C Hate speech HsQRY 1,000

Kid’s search
queries

Child-written search queries and
reviews

D and E Children’s education-
related search queries

KidsQRY 850

Table II.
Summary of data

sources, simulation
contexts and

search queries

Context I want to... Ideal SE response

A Locate educational resources pertaining to Health and
Science subjects

Retrieve resources for all educational
searches

B Access resources that do not contain sexually-explicit
content

Filter sexually-explicit materials

C Access resources that do not include hate speech and
offensive language

Disregard violence-related materials

D Comprehend the content of resources retrieved Retrieve resources that align with target
user’s reading level

E Identify curriculum-relevant resources on the SERP
efficiently

Prioritize education-relevant and
non-opinionated resources

Table III.
Summary of

information needs for
different simulation

contexts and expected
response from SEs
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randomly sampling lexical items from GoogleBW, which we used to initiate the search on
SEs under study. We extract search queries (which we refer to as BwQRY) from GoogleBW,
as these contain inappropriate keywords that would naturally trigger the retrieval
of sexually-explicit materials. To validate the correctness of SEs in identifying
sexually-explicit materials, we take advantage of WebShrinker[21], a top online website
categorizer. WebShrinker examines the content of resources and assigns them categories
such as education, adult content, entertainment, and news, based on the type of information
they contain and their TLD. We rely on this tool, being that to the best of our knowledge,
there is no ground truth to determine if a website includes sexually-explicit content.
Following this, we compute the percentage of searches which led to the retrieval of at least
one resource categorized as “adult content”.

Context-C: children who mistakenly access resources containing violence-related content.
We examine how SEs perform when it comes to retrieving resources that are violence-related,
as these materials are considered inappropriate for children (American Academy of Pediatrics
et al., 2016). For this purpose, we simulated a context where a user seeks violence-related
materials online. In doing this, we used a number of search queries containing hate-based
keywords to initiate the search. We created these search queries (which we refer to as HsQRY)
by randomly selecting 1,000 lexical items from HsDICT. We rely on searches triggered using
search queries in HsQRY, being that instinctively, they would lead to the retrieval of resources
that contains violence-related content. To the best of our understanding, there is no ground
truth that determines the degree to which a document is violence related. As a result, we rely
on the hate-speech detection algorithm introduced by Davidson et al. (2017), in order to label
resources that contain either offensive language or hate-speech[22]. Similar to the assessment
performed in Context-B, we compute the percentage of searches that retrieve at least one
resource categorized as violence related.

Context-D: children who access resources that do not match their reading skills. Readers
can comprehend a text when they understand 75 percent of its content (Benjamin, 2012).
This is why it is imperative that resources retrieved in response to children’s search queries
match their reading abilities. With this in mind, we investigate the reading levels of
resources retrieved for education-related inquiries conducted by school-aged children. To
simulate the search process, we used search queries that have been written by children,
which we extract from KidsQRY.

To determine the average readability of the retrieved web results, we use a number of
traditional readability formulas: Flesch-Kincaid, Dale-Chall, and Smog (Benjamin, 2012)
– computed using the Textstat readability analyzer library made available by Bansal and
Aggarwal (2019). Prior to experimentation, we considered other alternative readability
formulas as well. However, based on the premise that the difference among most formulas
does not necessarily matter when used in a web context like the one in our study, since
websites target group levels (e.g. grade or high school level) (Nielsen, 2017), and the fact that
the selected formulas are well-known and open access, we deem them as the ideal choice for
analysis purposes. Further, even though these formulas rely on shallow features, without
necessarily examining semantic aspects to determine text complexity, they are simple and
have demonstrated their applicability in determining reading levels in web documents (Bilal
and Huang, 2019; Crossley et al., 2017; Vajjala and Meurers, 2013).

Context-E: children experiencing difficulty in identifying an educational resource on the
SERP. Amyriad of information sources exists on the web, containingURLs that showcase their
TLD. It is common for educational institutions to use the TLD “.edu”[23] e.g., mit.edu, while
commercial sites use the TLD “.com” (Group et al., 2015), e.g., Amazon.com or StackOverFlow.
com. Other popular TLDs are “.org,”which is used for educational and non-profit organizations,
as well as “.net” and “.gov,” used by Government entities (Group et al., 2015).
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Being that resources are mostly associated with TLDs based on information they
contain, we examine the degree to which the aforementioned TLDs are prioritized for
children’s educational searches. To simulate the search process, we also depend upon search
queries in KidsQRY. For this analysis, we compute the average position of the resources
retrieved in response to these search queries for each of the TLDs under study.

Search inquiries. Based on the aforementioned simulation contexts, a trained Graduate
Research Assistant (GRA) wrote a script to automate the search process, which ran between
January and July 2018. Resources retrieved by Google[24], Bing[25], and their safe-search
counterparts were accessed through their API services. Being that Kidrex and Kidzsearch
do not make available a search API, we wrote a script to automatically perform search and
retrieval tasks.

SERP analysis. As prior works demonstrate, children usually do not go beyond the first
SERP when viewing search results (Gwizdka and Bilal, 2017; Duarte Torres et al., 2010b).
Thus, we only evaluate the top 10 results on the first SERP (excluding ads). The
aforementioned GRA along with an Undergraduate Research Assistant created several
scripts to automate analysis for SE comparison of results and to conduct statistical tests.

Results and analysis
We report the outcomes of the analysis conducted to understand how SEs respond to search
queries associated with the classroom setting:

RQ1. Do SEs effectively respond to search queries that include terminology pertinent to
the third–fifth grade curriculum?

We aim to determine SE’s success based on its ability to retrieve at least one result for searches
conducted with an educational intent. For Context-A, we found that SEs do not always retrieve
resources for searches initiated with search queries in EduQRY. As shown in Table IV, Kidrex
and Kidzsearch fail to retrieve resources for close to 13 percent of these searches.

Google and Bing, with and without the safe-search option, were less restrictive than the
child-oriented SEs in offering resources for searches simulated using EduQRY. In this context,
Google, its safe-search counterpart and Bing (without its safe-search counterpart), retrieve results
for all of these searches; while Bing’s safe-search does not retrieve results for 2.3 percent of them.

A statistical difference was found for the way SEs respond to the educational searches
for search queries in EduQRY (Kruskal–Wallis; po 0.05). Post hoc pairwise comparisons
show that the main difference is between the child-oriented SEs, i.e., Kidrex and Kidzsearch,
and the popular ones (Mann–Whitney; po0.05 for Google, Bing, and their safe-search
counterparts, respectively). There is no significant difference between Kidrex and
Kidzsearch (Mann–Whitney; p¼ 0.462), indicating that these SEs are more restrictive when

Table IV.
Percentage of searches

initiated using
EduQRY that led to no

results. Green for
positive results,

red negative
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handling educational searches that are relevant to children’s Health and Science subjects.
We find that with Kidrex and Kidzsearch, some searches that lead to no results are initiated
with keywords like breast tissue, normal sperm cell, and female sexual anatomy. Both
Kidrex and Kidzsearch are powered by Google custom search and adopt Google safe-search
technology, indicating that even if these SEs account for 1 percent of Google’s 3.5bn daily
searches (Aleksandra, 2019), children could be restricted from accessing approximately
10 percent of these searches a day. This is a detriment on the part of the aforementioned
child-oriented SEs, especially with the fact that these inquiries are related to subjects that
are included in the K-12 curriculum:

RQ2. Do SEs deter access to inappropriate content?

In this case, we examined whether SEs retrieve no results and include either
sexually-explicit or violence-related content among retrieved resources on the SERP.

The degree to which SEs filter sexually-explicit material
As showcased in Table V, Kidrex and Kidzsearch prevent the retrieval of resources for
57 and 39 percent of searches initiated by search queries in BwQRY, respectively. This is
advantageous, since lack of resources retrieved serves as an indication that the
corresponding SE is able to correctly identify potential results as inappropriate and prevent
children from accessing them. However, for the majority of remaining searches for which
resources were retrieved, child-oriented SEs include at least one resource known to be
sexually-explicit ( for 24 and 15 percent of the cases respectively, from Table V ) in their top
10 results. Being that these child-oriented SEs are designed for educational use, it is
unfortunate that they are not always capable of preventing the retrieval of sexually-explicit
resources as this implies that children are prone to being inadvertently exposed to
sexually-explicit materials.

SEs that do not have safe-search enabled (i.e. Google and Bing) retrieve resources for all
searches in BwQRY. This is anticipated, as these SEs are designed for diverse audiences and
their purpose does not include filtering sexually-explicit content. It is worth noting, however,
that with safe-search engaged, these SEs are not perfect deterrents. Considering that these
are the SEs favored by children and that parents and teachers specifically turn
on safe-search options for the purpose of preventing young users from accessing
sexually-explicit content (Calvert, 2015; Willard, 2007), this becomes even more worrisome.

The degree to which SEs filter violence-related material
In exploring how safe-search handles violence-related content (based on the inquiries detailed in
Context-C), we find that the child-oriented SEs are more effective in identifying the context to be
inappropriate for children when compared to Google and Bing (see Table V). Results show that

Notes: Green positive; red negative

Table V.
SE response to search
queries that can lead
to sexually-explicit (S)
or violence-related
(V) content
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these SEs prevent the retrieval of violence-related resources for approximately 20 percent of the
searches simulated using search queries in HsQRY. However, 10 percent of the searches that led
to results in Kidrex and 7 percent of searches for which resources were retrieved in Kidzsearch
included at least one resource labeled as violence-related, as shown in the second column of
Table V. While we do not argue for SEs to act as a censor, in this context, it is problematic when
children are exposed to violence-related content for school-related inquiries. It could be possible
that through this exposure, children adopt vocabulary related to hate-speech or offensive
language as slangs or natural language. As studies show that children easily pick up such
profane language based on how frequent they encounter these terminologies ( Jay and
Janschewitz, 2012; Jay and Jay, 2013), it is imperative for SEs to not foster children’s access to
violence-related resources for their curriculum-related inquiries.

When it comes to the searches triggered using search queries in HsQRY, Google and Bing
(without the safe-search functionality) retrieve resources for all of them. This is expected, as
these tools are not meant to filter resources with hate-speech or offensive language.
However, their safe-search counterparts, that should disregard violence-related resources,
are not always effective for this purpose. Results show that Google’s and Bing’s safe-search
retrieve resources for more than 90 percent of the search queries in HsQRY. Additionally, the
percentage of searches conducted on Google and Bing that include hate-speech and
offensive language were comparable to their non-safe-search counterparts. We found that
there was an 81 percent overlap between resources retrieved from Google (with and without
safe-search)[26]. Similarly, there was a 66 percent overlap between the set of resources
relevant to violence-related searches that were retrieved by Bing and its safe-search
counterpart. These findings demonstrate that the safe-search functionality on Google and
Bing may be limited in handling searches that pertain to violence-related inquiries. Again,
being that these tools are the most utilized by children, it is concerning that they do not
adequately filter violence-related content:

RQ3. Do SEs provide resources that align with task objectives and user capabilities?

We examined SE ranking performance in providing resources that are suitable to inquiries
associated with the third–fifth grade curriculum. For this analysis, we rely on search queries in
KidsQRY and particularly focus on three aspects: resource readability to capture user
capabilities, as well as position of education-related resources on the ranked list and the position
of those resources that are potentially opinionated to account for classroom task objectives.

The degree to which resources match children’s reading skills
In estimating the average reading level of resources retrieved using search queries in KidsQRY for
inquiries pertaining to Context-D, our results show that resources retrieved in response to
children’s search queries do not match their reading abilities. As shown in Figure 4, across our
selected readability formulas the resources retrieved have distributions closer to a high school
level than an elementary school level, making these resources difficult for our target users to
understand[27]. As presented in Table VI, the average reading level among the resources
retrieved are relatively high for all SEs (eighth grades and above). Our results echo existing
works which highlight the fact that resources retrieved for child-initiated searches do not always
match their reading skills (Bilal, 2013; Bilal and Boehm, 2017; Bilal and Huang, 2019). Considering
the fact that most web resources are written in the eighth grade reading levels (Nielsen, 2017), for
children in the fifth grade that access such resources, being able to comprehend some of its
content may be feasible. However, this would not be the case if the target audience were to be in
the third grade, as there is a wide gap in the reading levels. To better serve children, it is
important that resources provided in response to their search queries include vocabulary with
which they are familiar (Hoa Loranger, 2017; Nielsen, 2015). Consequently, children’s inability to
comprehend the content of retrieved resources might result in failed search tasks.
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The rate at which resources from different domains are prioritized
We also analyze the TLD of resources retrieved from conducting information discovery
tasks that are associated with the classroom setting. To do so, we compute the average
position of resources retrieved in response to search queries in KidsQRY for each of the TLDs
introduced in Context-E[28]. In this case, we treat resources from the “.edu” domain to be
more applicable, being that they are more likely to include verifiable and educative
information, when compared to resources from other domains.

From our analysis, we find that resources from the “.edu” domain are consistently ranked
low (see Table VII). Results show that across all SEs, resources from “.edu” do not rank
among the top 3 on the SERP, which is not the case for “.com” and “.org” websites.
We anticipate this as the TLD of the most visited sites on the web is “.com,” followed by
“.org”[29]. Moreover, oftentimes, resources belonging to these domains may be influenced
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Notes: We grouped under grade 13 those scores that were above the twelveth grade, indicating
that they are the reading level of adults. We excluded search queries which resulted in no resource
being retrieved and removed those retrieved resources that had no text 

Figure 4.
Distribution of grade
levels of individual
resources retrieved for
KidsQRY

Readability formulas
Search Engine Smog Flesch–Kincaid Dale–Chall

Bing 8th 10th 9th
Bing (Safe-search) 8th 10th 9th
Google 9th 11th 9th
Google (Safe-search) 8th 10th 9th
Kidrex 8th 10th 9th
Kidzsearch 8th 10th 9th

Table VI.
Average grade levels
of resources retrieved
for KidsQRY

Searches with domain from
Search engine Wikipedia .org .gov .com .edu .net

Bing 2nd – 36% 2nd – 18% 3rd – 90% 1st – 0.4% 4th – 92% 4th – 85%
Bing (Safe-search) 2nd – 36% 2nd – 17% 3rd – 90% 1st – 0.4% 5th – 92% 3rd – 84%
Google 2nd – 45% 2nd – 23% 2nd – 90% 1st – 0.7% 4th – 91% 4th – 85%
Google (Safe-search) 2nd – 45% 2nd – 23% 2nd – 90% 1st – 0.7% 4th – 90% 4th – 85%
Kidrex 2nd – 38% 2nd – 12% 3rd – 85% 1st – 0.5% 4th – 86% 3rd – 86%
Kidzsearch 2nd – 71% 2nd – 16% 4th – 87% 1st – 0.8% 4th – 87% 3rd – 85%
Notes: (Average rank position – % of searches that had no resource retrieved from the respective domain).
As Wikipedia has a .org TLD, it is included among the .org searches

Table VII.
Domain distribution
using KidsQRY
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by SEO techniques (Lewandowski, 2011). It is worth noting that although some “.edu”
websites may be collegiate in nature (e.g. mit.edu), we verified that, for the most part, “.edu”
resources retrieved using KidsQRY had a lower average reading level compared to other
TLDs. Given that children sequentially select resources from the SERP, it is possible that
they are not able to access relevant resources from the “.edu” domain at all if these resources
are consistently positioned low on the SERP. Thus, it is essential that education-relevant
resources are prioritized for searches conducted with the intent of locating
curriculum-related materials.

Moreover, being that outcomes show that most of the resources retrieved in response to
KidsQRY are not from the “.edu” TLD (see Table VII), children may be more likely to gather
information from popular sites as opposed to those offering curated academic materials for
their educational searches. These resources could be opinion-based rather than factual
causing children to put faith in something other than credible and instructional information.

The extent to which resources that are not written by experts are potentially favored by SEs
In addition to examining TLDs, we investigate the average position assigned to Wikipedia
pages. We conduct this experiment being that Wikipedia pages are collectively written by
users that may not necessarily be experts. Further, this information source may not always
include content curated for school-aged children and exposure to text-dominated web pages
with few pictures can leave children confounded. It is also important to note that Wikipedia
has a SE which does not have a safe-search and therefore can inadvertently expose children
to inappropriate content as well. As seen in Table VII, all SEs rank Wikipedia pages higher
and retrieve them more often than resources from the “.edu” domain. It is imperative that for
searches formulated by school-aged children, child-suitable and educational sites are ranked
higher than Wikipedia pages, as existing research show that web resources appealing to
children may contain fewer texts and more graphics (Gossen et al., 2011).

Discussion
Based on the outcomes from the analysis we conducted in the results and analysis section,
we observed differences in the way child-oriented SEs restricted access to inappropriate
material, when compared to popular SEs. Unfortunately, this affected how they responded
to educational inquiries as we found that these child-oriented SEs often prevented the
retrieval of resources in response to searches conducted for locating curriculum-related
materials. This was especially prominent in searches where the search queries contained
keywords that suggested that the user intends to access inappropriate materials (e.g. female
sexual anatomy which is related to human anatomy). Having educational searches fail to
retrieve results is detrimental as this can prevent children from accessing the right resources
and lead them to believe no resources exist, thus discontinuing their search. Incomplete
search sessions can leave children with either no information or mistrust of SEs, making
them believe that these tools cannot provide them with vital information.

When it comes to inappropriate materials mistakenly passing through safe-search filters, we
found this to be a limitation on all SEs under study, especially on Google and Bing.
Inadvertently exposing children to sexually-explicit and violence-related materials can have
both long- and short-term effects on children’s behavior, mental health, and social interactions.
Sexual media provides an inaccurate perception of adult relationships and can lead to risky
behavior from children (Albertson et al., 2018). With violent media, the long-term effect is more
substantial, but both show an increase in aggressive behavior, thoughts, and angry feelings
(Bandura, 2016; Bushman, 2019).

Across all examined SEs, we found that resources retrieved for children’s educational
searches were aimed at users with reading abilities above the fifth grade (the maximum
grade level of children in our study). We found this to be especially notable in Google
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(without the safe-search option enabled) which aligns with the finding by the authors in
(Bilal and Boehm, 2017; Bilal and Huang, 2019). This is concerning, as Google is the favorite
amongst children and also the most utilized SE in the school environment (Purcell et al.,
2012). Further, we found that Google is most likely to favor resources that are treated as
relevant to average online users (i.e. those with popular TLDs or from Wikipedia), when
compared to those that are specific to the educational domain. Being that result listings can
be influenced by popularity or SEO techniques (Lewandowski, 2012; Thurow, 2015), the
adoption of site optimization strategies by creators of curriculum-relevant materials could
potentially increase the visibility of these resources in response to curriculum-related
inquiries. Another issue affecting the ranking of resources is the SE algorithm bias. While
SE algorithms determine the degree to which resources are relevant for ranking purposes,
it may be challenging to infer if a resource is ranked higher due to its content or
popularity (Novin and Meyers, 2017). Being able to mitigate this bias when it comes to
classroom-related inquiries would be essential for the classroom context. When the results
of a search are either beyond the comprehension skills of children, contain information that
may not necessarily be verifiable, or are irrelevant to the curriculum, the results are not
useful or relevant to them. Again, this can lead to a child having a misconception of the SE,
being that it cannot provide accurate answers to their inquiries in a way that can be
understood by them.

Search literacy and intervention by educators could help mitigate some of the
misconceptions that children face when using SEs. Both teachers who shape curriculum,
and school librarians who offer support in information literacy instruction, could teach
children how to identify credible resources, cite online and offline sources (Thurow, 2015;
Vasinda and Pilgrim, 2019), as well as properly search and critically evaluate search listings.
For instance, it may be possible that the first SERP includes results that contain irrelevant
information. However, if children could go past this page, then they could find better
resources among the results. Unfortunately, given the high ratio of students to teachers in
the classroom, it is not always feasible to have teachers monitor all the searches conducted
by students under their watch. To this end, it is important that SE algorithms are improved
to better support both the teachers and students utilizing them for classroom inquiry tasks.

The areas that have been proposed for exploration in our study are not exhaustive, as the
needs of users and environments for search are ever changing, and SEs are not used in
isolation. This means that the guidance of teachers and collaborations with peers will still be
necessary for students to get the most out of using SEs (Knight and Mercer, 2015).

Outcomes from our empirical studies highlight the need for investigating ways to
improve SE retrieval algorithms by designing strategies that would take the reading level of
resources into consideration, examine the degree to which a resource is non-opinionated,
evaluate resource appropriateness, as well as examine the education pertinence of its
content in tandem, for prioritizing resources in response to search queries associated with
the K-12 curriculum.

Limitations
A limitation of our work resulted from the small amount of unique search queries gathered
from school-aged users conducting search tasks in the classroom (i.e. 100). We resorted to
enhancing our search query corpus through analyzing and extracting search queries from
child-written reviews.

Another limitation of this study resides in only focusing on children in the third to fifth
grades, as opposed to the complete K-12 spectrum. Although this was a starting point to
examine how SEs respond to searches initiated by these group of users, an extensive
study would require investigating the complete K-12 spectrum, which we plan to do as
future work.
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One final limitation would be the lack of first-hand feedback from students in the third to
fifth grades on SEs responding to their inquiries. While this would require a more in-depth
user study, we address this limitation by instead adopting a simulation-based approach.

Conclusion
In this work, we simulated searches using search queries that capture information needs in
different contexts (3,850 unique search queries). We studied six strategies based on four
SEs: Google, Bing, Kidrex, and Kidzsearch. Using these SEs, we evaluated their performance
in terms of offering resources that are relevant to task objectives and user capabilities in
response to classroom-related inquiries.

The findings of the presented work reveal that although SEs oriented to children
(e.g. Kidrex and Kidzsearch) are effective for acting as deterrent for inappropriate
resources, they often do so at the detriment of responding to education-relevant searches.
Moreover, both child-oriented and popular SEs retrieve resources that do not align with
the reading skills of the target audience, with this especially prominent on Google.
Further, all SEs under study tend to favor resources from Wikipedia, as well as those that
have popular TLDs, when compared to resources that specifically target the
educational domain.

Our findings have methodological and practical implications. From a methodological
standpoint, previous research works directly rely on query logs for analysis purposes
(Duarte Torres and Weber, 2011; Duarte Torres et al., 2010a). Our work instead bypasses
this need, as we employ a simulation-based approach which allowed for the efficient
automation of the data gathering and analysis process. Future research can supplement
inferences we have made as a result of these simulated queries with feedback from a user
study with children.

From a practical perspective, outcomes of our work reveal the need to integrate search
literacy skills into the grade school curriculum, as it can translate into more successful
search sessions, i.e., those that lead to content that is geared toward children and relevant
to the curriculum. While teachers can help identify what is relevant to the curriculum,
school librarians can leverage their expertise in document retrieval to aid children in
identifying the resources relevant to the classroom environment. Teachers and librarians
working in tandem can enable the learning of search literacy skills. We also identify gaps
that must be addressed in SE design that can support the task at hand. Doing so would
require leveraging knowledge from the emerging Search as Learning community, which
focuses on facilitating learning to search while searching for learning (Gwizdka et al.,
2016). It would also build upon multi-objective strategies for information retrieval (Van
Doorn et al., 2016) focused on optimizing ranking of resources in response to multiple
criteria (in our case, readability, appropriateness, education-pertinence, and objectivity, to
name a few).

Notes

1. www.alarms.org/kidrex/

2. www.kidzsearch.com/

3. The iGeneration users are children born after 2010 (Minal Anand, 2019).

4. Some school systems across the USA have instituted the use of custom-based SEs for
classroom-related tasks. However, for analysis purposes, we focus on SEs that children are more
familiar with and that they are likely to use for class-related assignments (Purcell et al., 2012).

5. In this work, we follow the USA grade school system.
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6. Download at http://bit.ly/kids_search_queries

7. www.kiddle.co/

8. www.sweetsearch.com

9. Child search query sampled among the ones introduced in Section Search Query Gathering.

10. www.ilovefreesoftware.com/28/featured/safe-search-engine-for-kids.html

11. www.kidzsearch.com/about.html, or www.alarms.org/kidrex/parents/about.html

12. IRB approval number: 131-SB16-103

13. https://ppld.org/

14. https://mcpl.info/

15. http://dmoztools.net/Kids and Teens/

16. We are aware that DMOZ is outdated and sites are curated by volunteers, who may not necessarily
be subject experts. However, since it has labeled data associated with school-related resources for
our target audience, is publicly and freely accessible, and it is still leveraged in research works
related to children’s search (Torres et al., 2014), we deem it applicable for our study.

17. https://code.google.com/archive/p/badwordslist/

18. www.hatebase.org/

19. https://nohatespeechmovement.org/

20. We only consider Health and Science, as these subjects are more likely to have terms that may be
misinterpreted by safe-search as inappropriate, when compared to subjects such as Mathematics
or Government. For these subjects, Biological Evolution, Earth and Human Activity, Growth and
Development, as well as Human Anatomy are defined topics that must be included in lesson plans
for the third–fifth grades classroom (Next Generation Science Standards, 2019; Telljohann et al.,
2009). Some assignments associated with these topics are selective evolution of dog breeds,
sexual and asexual reproduction in plants, and puberty and the reproductive system (Teachers
Pay Teachers, 2019).

21. www.webshrinker.com/

22. The algorithm in Davidson et al. (2017) was originally trained for detecting hate-speech and
offensive language on tweets. We empirically demonstrated the validity of this algorithm by
accurately labeling 95% of resources in HsRES to be violence-related and all resources in CfRES as
(non-) violence-related.

23. https://net.educause.edu/faq/eligibility

24. https://developers.google.com/custom-search/json-api/v1/overview

25. https://azure.microsoft.com/en-us/services/cognitive-services/bing-web-search-api/

26. To determine overlap, we counted the number of resources retrieved by the safe-search
counterpart of a SE, that were also found among the top 10 resources retrieved by that SE for the
same search query.

27. Prior works append terms such as “for children” to search queries to deem them child-friendly for
analysis purposes (Gupta and Hilal, 2012). We verified that by following this same approach to
simulate searches on Google and Bing using search queries in KidsQRY, the readability scores did
not match the reading level of the target audience in our study.

28. In this work, we are aware that TLD registration does not include child-safe filtering. However,
being that TLDs are applicable to all SEs under study with respect to the resources being
retrieved, it allows for comparability.

29. www.alexa.com/topsites (March 2018).
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