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Children’s ability to spell effectively is a major barrier to using search engines successfully. While
search engines make use of spellcheckers to provide spelling corrections to their users, they are
designed for more traditional users (i.e., adults) and have proven inadequate for children. The specific
target of children for this research are those with early literacy skills (whose are typically ages 6–
12). The aim of this work is twofold: first, to address the types of spelling errors children make by
researching, developing, and evaluating algorithms to generate and rank candidate English spelling
suggestions for children; and second, to improve children’s user experience when using our proposed
spellchecker by involving them in the design process through participatory design and evaluating the
impact of interactive elements on children’s spellchecking behaviors. The outcomes of our studies and
assessments result in a phonetic-based spelling correction model (KidSpell) that can more accurately
correction children’s spelling errors than existing state-of-the-art models. Further, we learned that
visual and audio cues have a positive impact on children’s ability to find their intended word from a
list of spelling suggestions.

© 2021 Elsevier B.V. All rights reserved.
1. Introduction

Children’s use of search tools, including popular search en-
ines like Bing or Google, for information discovery is a common
ask (Azpiazu, Dragovic, Pera, & Fails, 2017). When typing the
ueries that are meant to initiate these searches, it is often the
ase that spelling errors occur. Without adequate spelling correc-
ion, the presence of spelling errors in a query can cause search
ngines – both commercial and those dedicated to children – to
ot only retrieve resources irrelevant to the user’s information
eeds, but may also result in empty search engine result pages
this latter is more prominent on children’s search engines) (Fails
t al., 2019; Wang & Zhao, 2019). This is especially problematic
or children considering reports indicating that between 25% and
0% of queries formulated by children, ages 6 to 13, contain at
east one spelling error (Gossen, Low, & Nürnberger, 2011). While
here is extensive research focusing on correcting the spelling
f queries, spellcheckers are usually based on past query logs
eading to spelling suggestions that often better resonate with a
eneral (i.e., adult) audience because that data is more readily
vailable (Downs et al., 2019). Furthermore, the spelling strate-

gies that children use differ from adults as they tend to use
phonetic strategies (i.e., using sounds) rather than orthographic
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212-8689/© 2021 Elsevier B.V. All rights reserved.
ones (i.e., memorizing letter sequences) (Greenberg, Ehri, & Perin,
2002). Even when children are taught language with different
pedagogical approaches (e.g. phonics or not), children are more
likely to use invented spelling (which is encouraged) (Gentry,
2000). Supporting children’s misspelling corrections requires a
model built from the ground up that generates suitable spelling
candidates and ranks them appropriately.

Even if child spelling errors could be more accurately cor-
rected, the design of spelling interfaces that children find in-
tuitive is a non-trivial problem. Modern interfaces often aim
to correct spelling errors quickly, efficiently, and automatically,
rather than helping users develop spelling skills, which conflicts
with research-based best practices for spelling instruction (Joshi,
Treiman, Carreker, & Moats, 2008). In an interactive system,
spelling suggestions are presented to the user from which they
then choose the suggestion that correctly matches their intended
word. However, when children are presented with spelling sug-
gestions, the word they click does not always match the word
they intended to type (Downs, Anuyah et al., 2020) because they
simply do not know the correct spelling of the intended word.
These findings are likely due to spelling and reading development
being highly correlated (Bear, Invernizzi, Johnston, & Templeton,
1996), so a word that is difficult for a child to spell will likely be
difficult for them to read and identify from a list of similar words.
In similar tasks, children have also shown a propensity to interact
with higher-ranked alternatives (Anuyah, Fails, & Pera, 2018;
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wizdka & Bilal, 2017), meaning they often choose from the
igher listed alternatives even when those options do not match
heir intent. Although there is little known research regarding
hildren’s interactions with spellchecking interfaces, the use of
ultimodal cues (e.g., audio and visual) have been shown to be
referred by children and aid in reading comprehension when
ompared to using just a single modality (e.g., only text) (Druin,
oss, Hutchinson, Golub, & Hatley, 2010; Gossen, Nitsche, &
ürnberger, 2012; Sadoski, Goetz, & Fritz, 1993).
In this study, we discuss research advances made to address

he issues children face with English spelling correction when in-
eracting with a spellchecking interface, especially in web search
ettings. Our research work is informed by and responds to chil-
ren ages 6–12 with varying spelling developmental levels. Ad-
itionally while the focus is on English, we also consider chil-
ren with different language backgrounds (for more information
bout these considerations see Sections 3.1 and 5.4). The work
resented in this study seeksto answer the following questions:

• Do spelling correction algorithms that align with children’s
spelling behaviors (e.g. phonetic) improve spelling candidate
generation? (Section 4.1)

• What machine learning models work best for re-ranking
spelling suggestion candidates? (Section 4.2)

• Which input features are most effective for ranking spelling
suggestion candidates for children? (Section 5.2)

• How does KidSpellλ (the spellchecker for children described
in this study) compare to other baseline spellcheckers with
regards to children’s grade (with approximate ages), spelling
development level, and native language? (Section 5.4)

• Are audio and visual cues effective in assisting children
in making spelling suggestion selections in an interactive
spellchecker? (Section 6.1)

• What design features to children prefer in a spellchecking
interface? (Section 6.2)

To answer these questions, we present a candidate genera-
ion model, Kidspell, and improve that with a complete spelling
orrection model, KidSpellλ, which leverages known children’s
pelling habits and data pertaining to children’s spelling errors to
roduce more suitable corrections for children. We then analyze
nd evaluate the use of multimodal cues as well as further explore
ther problems and solutions to spellchecking through partic-
patory design. Motivated by children’s phonological strategies
o spell, we use a phonetic encoding strategy to map words
nd misspellings to phonetic keys to effectively and efficiently
rovide spelling correction candidates. We then research the
elative advantages of different machine learning models, with a
ocus on Learning To Rank (LTR) and features designed towards
child user to improve ranking. These methods are extensively
valuated against state-of-the-art models both for generating
nd ranking candidates. Experimental results show KidSpellλ is
ble to more accurately provide and rank spelling corrections
hen handling misspellings generated by children in both essay
riting and web search settings. In addition, we demonstrate

mproved spelling correction across different ages, spelling devel-
pment level, and native languages of the users when compared
o state of the art models. We further design and evaluate the
mpact of visual and audio cues on children’s selection habits and
how a positive impact on assisting children in selecting correct
pelling suggestions (see Fig. 1 for an example of KidSpell with
icture cues). Through the use of participatory design involving
hildren as design partners, we discover other issues related to
pellchecking interfaces and propose steps going forward.
The main contributions of this work are the design of a novel

hild-oriented spelling correction tool and the study of the effec-
iveness of media cues in a spellchecking interface for children
2

Fig. 1. Example of KidSpell being used in the CAST (Child Adapted Search Tool)
interface, designed for children ages 6–12.

(ages 6–12). Analysis and evaluations provide insights on the
limitations of existing tools when it comes to handling children’s
spelling suggestions. Outcomes from this work have potential
broader impacts to search and spellcheckers for children. The
spelling correction data and algorithms used are made publicly
available.1

In the remainder of this study, we first discuss related work
(Section 2) in relation to spelling behaviors, spelling correction
methods, and creating interfaces for children. This is followed by
a discussion on data collected on children’s spelling errors neces-
sary for our studies (Section 3). We then describe our spelling
correction method which involves phonetic candidate genera-
tion and machine learning based ranking (Section 4). An in-
depth evaluation and analysis is then completed on the correction
method (Section 5). Thereafter, we present studies examining
the impact of multimodal cues (images and audio) on children’s
selection of the intended misspelled word with a discussion of
these results (Section 6.1). We then present participatory design
sessions that built on lessons learned from this study and sought
to further enhance the spellchecker user interface (Section 6.2).
Finally, we offer concluding remarks and directions for future
work (Section 7).

2. Related work

In this section, we review related work focused on English
language spelling strategies of children, in addition to spelling
errors made by children and how they compare to adults. There-
after, we discuss state-of-the-art methods for correcting spelling
errors. Lastly, we summarize prior work addressing children’s
interactions with computers and how that can be used to guide
our design for a more effective spellchecking tool.

2.1. Spelling strategies and errors

To approach spelling correction it is necessary to understand
the spelling process and the types of spelling errors being made,
which then allows us to take steps to undo those errors (De-
orowicz & Ciura, 2005). Greenberg et al. (2002) reported that
when compared to adults, children (grades 3–5 in the United
States, approximate ages 8–11) tend to use more phonological
strategies (i.e., spelling by using sounds) and fewer orthographic
processes (i.e., memorizing letter sequences associated with in-
dividual words). As a result, the spelling errors made by children

1 https://github.com/BSU-CAST/KidSpell.

https://github.com/BSU-CAST/KidSpell
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ften differ from adults, which spellcheckers often do not con-
ider. Deorowicz and Ciura (2005) reported on three different
types of spelling errors that occur in the spelling and typing
process: vocabulary incompetence (e.g., unperfect instead of im-
perfect), misspellings (e.g., grammer instead of grammar), and
mistypings (e.g., spwlling instead of spelling). Typing errors for
children (ages 7–11) have been noted, particularly that typing
can cause children to end the search task prematurely or lead
to not being able to find the results they intended (Druin et al.,
2010). Although it has been noted that misspellings and vo-
cabulary incompetence are common types of errors formed by
children (Deorowicz & Ciura, 2005), no studies have shown how
correction tools that focus on these types of errors are particularly
useful for children. This inspires us leverage in the design of
KidSpell algorithms that are more focused on addressing these
errors.

2.2. Spelling correction

Little research has been done on spelling correction that tar-
gets a child audience or the effectiveness of spelling correction
strategies on children’s spelling errors. In an overview of tradi-
tional methods, Deorowicz and Ciura (2005) note that phonetic
similarity methods are effective at correcting misspellings, an er-
ror type commonly made by children. Phonetic similarity strate-
gies, such as SoundEx (Croft, Metzler, & Strohman, 2010) and
PHONIX (Gadd, 1990), use similarity keys techniques to produce
words with similar phonetic pronunciation in an effort to find
similar surnames. Other algorithms to produce phonetic keys to
index words, such as Metaphone (Philips, 1990), have been used
in the Aspell spellchecker (Aspell, 2020), a common and popular
baseline in spelling correction research. While effective at cor-
recting misspellings, none of the aforementioned works are tuned
for children or for general-purpose spellchecking (Deorowicz &
Ciura, 2005).

More recently, machine learning methods have been applied
to correct spelling errors. The work by Pande (2017) and
De Amorim and Zampieri (2013) leverage character string em-
beddings and unsupervised clustering for candidate generation
to quickly generate candidates for correction. Other machine
learning methods have focused on ranking or candidate selec-
tion. Fomin and Bondarenko (2018) and Huang, Murphey, and
Ge (2013) make use of classifiers and comprehensive feature
sets. Researchers instead seeking to improve spelling correction
in search engines have used language model such as hidden
Markov models (Li, Duan, & Zhai, 2011) and various n-gram
language models (Ganjisaffar et al., 2011). Common in each of
these machine learning methods is that the focus is on adult
users and the data used is consists of adult spelling errors. Many
make use of features that are effective for adult spelling errors,
such as simple edit distance metrics, which are ineffective when
correcting children’s spelling errors (ages 6–11) (Downs, Anuyah
et al., 2020). As a result, they do not conform to the types of errors
children make, particularly in web search settings (Gossen et al.,
2011) (children’s ages not identified). Furthermore, the training
of many of these state-of-the-art methods require a corpus of
spelling error data which is largely unavailable for children.

2.3. Children’s interaction

While it is an important first step to be able to accurately
correct spelling errors made by children, engagement is key to
improve the experience children have when interacting with a
spellchecker. A study by Figueredo (2006) explored the use of a
spellchecker by children (grades 4 and 6) for story writing com-

position rather than search. They found that children frequently

3

used spellcheckers to correct spelling and were mostly successful
when correcting errors using a spellchecker. An investigation
by Druin et al. (2010) into children’s interactions (children ages
7–11) with search engines documented children’s trouble with
spelling and typing and advocated for interactive spelling assis-
tance in web search. Many other studies on children’s interactions
when searching online also report on their difficulty with spelling
(Fails et al., 2019; Gossen et al., 2011, 2012; Landoni, Matteri,
Murgia, Huibers, & Pera, 2019). While little research has been
done exploring children’s experience with interactive spellcheck-
ers, we look to the work done in the field of child–computer
interaction to assist in the design.

The use of participatory design techniques, where children are
involved in the design process, allow children to have a voice
in design of new technologies (Fails et al., 2013; Guha, Druin, &
Fails, 2013; Hourcade, 2015; Nesset & Large, 2004). We make use
of participatory design techniques to identify problems, generate
solutions, and further understand children’s needs when it comes
to spellchecking.

Hourcade (2015) emphasizes the importance of speaking the
user’s language when designing interfaces, which for children
may not be text, but sounds and images. Researchers have shown
children’s preference for visual interfaces (ages 11–14) (Kuhn,
Cahill, Quintana, & Schmoll, 2011) and multiple types of input
(e.g., images) (children ages 7–11) (Druin et al., 2010; Gossen
et al., 2012). Additionally, Sluis et al. (2004) used
sounds/phonemes to enforce reading skills and Michaelis and
Mutlu (2019) used synthesized speech with textbooks to boost
children’s interest and understanding (children ages 10–12).
These findings also align with Dual Coding Theory (Sadoski et al.,
1993) (for adults) which posits that providing information in mul-
tiple modalities aids readers’ comprehension. While children’s
preferences and attentiveness towards visual or audio cues have
been documented (Hourcade, 2015; Kuhn et al., 2011; Sluis et al.,
2004), there has yet to be research that employs these methods
in the context of a spellchecking interface.

2.4. Ranking

The order in which suggestions are displayed is another im-
portant aspect impacting the children’s selection. The ranking of
vertically positioned options influences children’s choice
(Duarte Torres, Hiemstra, & Huibers, 2013; Gossen et al., 2011),
showing a bias of options that are oriented higher. Similarly,
Downs, Anuyah et al. (2020) demonstrated children tend to favor
the higher-ranked spelling suggestions, regardless if they are
correct. This emphasizes the need for not only finding correct
spelling suggestions but ranking them appropriately.

3. Method: Data collection

Essential to the models and evaluations presented in this study
is a collection of child-made spelling errors. An important reason
for this is that misspellings are complex: sometimes stemming
from typographical errors (‘teh’ for ‘the’), but oftentimes the
reasons are more complex and related to cognitive misunder-
standings of the spelling of words (Bear et al., 1996; Chen, Li,
& Zhou, 2007; Joshi et al., 2008). Due to this complexity we use
spelling errors collected from children in two different contexts:
hand-written essays and typed search queries, which we have

summarized in Table 1.
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Table 1
Summary of children’s spelling error datasets. The attributes identified include the data that was available from
each of the respective datasets.
Dataset name # of

misspellings
Source Attributes

EssayMSP 1651 Hand-written essays misspelled word, correct spelling, grade, spelling
level, native language, words before

QueryMSP 134 Typed search queries misspelled word, words before misspelled word,
correct spelling, selected suggestion, sessionID

ChildrensMSP 1785 Combination of EssayMSP
and QueryMSP

misspelled word, correct spelling, words before
misspelled word
Table 2
Sample subset of instances in EssayMSP . The dataset only included the child’s grade (not their age). The typical ages of children in
the United States for Grade 3 is 8–9; and for Grade 4, 9–10.
Target Spelling Grade Spelling development level Language Words before

always olwes 4 Letter Name Alphabetic Spanish like she
differences diffrences 3 Syllables and Affixes Korean similarities and
professor pfes 3 Within Word Pattern English was it
o
e
w
u
A
p
i
c
p
p
T
s
c
i
e

w
D
l
G
u

3.1. Children’s spelling errors in hand-written essays

We built a hand-written essay spelling error dataset based
n writing samples from 82 children (grades K-8 in the United
tates; approximately ages 5–14) with diverse backgrounds. Al-
hough some children are outside of our target age range (6–12)
e evaluate our spelling correction on their data as well. The
ajority were identified by their parents as struggling with lit-
racy development in English and many were English language
earners. The distribution of native languages of children who
rovided writing samples included: 42 English, 30 Korean, 2
talian, 2 Spanish, 2 Japanese, and 1 Mandarin.

This group of children were all participating in an after school,
niversity-based literacy tutoring program. This ongoing program
s offered each fall and spring semester, and provides an opportu-
ity for undergraduate students in teacher preparation programs
o gain tutoring experience under the supervision of University
aculty. Children are enrolled each semester on a first come, first
erve basis, and the enrolled population generally reflects the
emographics of the surrounding community. All of the chil-
ren in this study were attending school where English was the
anguage of instruction. Most classrooms where English is the
anguage of instruction contain diverse populations of students
ith varied language backgrounds (Uro & Lai, 2019). In order
o ensure that Kidspell would be effective for the vast majority
f learners, and thus allow us to make generalizations about
ur findings, it was necessary to include children from different
anguage backgrounds.

Writing samples were collected at a university-based literacy
linic where children receive one-on-one and small group tutor-
ng from undergraduate students pursuing elementary education
icensure. At the beginning of each semester, tutors administer a
omprehensive battery of literacy assessments to identify areas
f instructional need, including collecting an on-demand writing
ample. The task for this writing sample varied by age and ability,
ut tutors were encouraged to find a writing topic that would
ngage their student and elicit sufficient text for analysis. For
nstance, younger students were offered options such as writing
bout their favorite animal or TV show, whereas older students
ight be presented with a controversy such as ‘‘should boys and
irls play on the same sports teams?’’. Students were encouraged
o brainstorm before they begin writing, and are allowed as much
ime as they would like to finish their writing. Most children
rote for less than 10 min, but some wrote a lot longer, others
lot shorter (particularly the younger children). Once complete,

he tutors asked each child to read their composition out loud,
4

allowing the tutor to transcribe the intended text. No corrections
were made to the child’s original writing. Additional writing
samples were also produced periodically throughout the semester
as part of their instruction and progress monitoring.

Each writing sample is transcribed digitally and annotated
for potential spelling errors. For each misspelled word that was
recorded (i.e., digitized), the dataset additionally includes their
intended word, grade (K through 8, approximately ages 5–14),
spelling development level, and the student’s native language.
While some of the data collected here was outside of our target
age range, evaluations below were only conducted with data
from children ages 6–12. For a portion of the entries (485 out
of 1651) up to three words preceding the misspelling were also
recorded. The spelling development levels were recorded based
on established educational research (Bear et al., 1996) by analyz-
ing features in each word to confirm their developmental level.
These levels help pinpoint in which areas children are struggling
with spelling to assist in further instruction. The resulting dataset
consists of 1,651 entries and is referred to as EssayMSP. Informa-
tion regarding this dataset is compiled in Table 1; examples of
dataset instances are included in Table 2.

3.2. Children’s spelling errors in typed search queries

EssayMSP is comprised of written spelling samples, yet, to
ur knowledge, there is no dataset explicitly focused on spelling
rrors generated as a result of typing queries. For this reason,
e conducted a number of experiments with children to enable
s to collect data and build a new dataset: QueryMSP (Downs,
nuyah et al., 2020; Downs, Shukla et al., 2020). Based on the
rotocol suggested by Landoni et al. (2019) and further specified
n Downs, Anuyah et al. (2020), to elicit children’s search queries,
hild participants were given various open-ended and fact-based
rompts (list of prompts can be seen in Table 3). The child
articipants in these sessions used CAST (Child Adaptive Search
ool), a custom search tool, on a desktop computer for entering
earch queries (see Fig. 1 for picture of KidSpell in CAST). The
hild participants in this study were not familiar with CAST, but
ts design and function are similar to that of other popular search
ngines.
The custom search tool provides spellchecking utility that

ill later mark spelling errors and provide spelling suggestions.
uring query formulation, if a spelling error is identified, by its
ack of presence in an English dictionary (Kuperman, Stadthagen-
onzalez, & Brysbaert, 2012), it will be marked as such by being
nderlined and colored in red. Hovering over any spelling errors
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able 3
ample tasks prompts given to child participants to create QueryMSP .
Search task Type

Fact-based

Who was the first computer programmer?
Who was the scientist that invented robots?
How far away is the Earth from the Sun?
How tall is a tyrannosaurus rex?
What is the state bird of Idaho?
What are the first 10 digits of pi?
What is the closest planet to the Sun?

Open-ended

Find me a cool fact about space.
Find me a difference between Earth and Mars.
Find me an interesting fact about Albert Einstein.
Find me a fact about your favorite dinosaur.
Find me the name of a famous mathematician.
Find me a cool fact about space.
Find me an interesting fact about dogs.

Table 4
Sample subset of instances in QueryMSP .
Target Spelling Clicked Words before

specific pisific pacific was the
einstein enistein einstein did albert
invented robots evendedrobots n/a who

Table 5
Sexually explicit and hate-based word rate in top 5 suggestions on various
spellcheckers.

Enchant SimSpell Bing Hunspell Gingerit Aspell

Hate-based 0.0156 0.0264 0.0029 0.0156 0.0039 0.0234
Sexually Explicit 0.0450 0.0489 0.0010 0.0421 0.0078 0.0469

provides a list of up to 5 spelling suggestions. Clicking on a
spelling suggestion replaces the spelling error with the suggested
spelling. All inputs made by the child participants in the interface
were automatically recorded by CAST. Additionally, facilitators
(made up of graduate and undergraduate researchers) observed
and recorded notes based on interactions children made with the
search interface with a focus on words children misspelled. As
the spelling suggestion that matches the child’s intended word
may not always appear on the list of suggestions, and because
the suggestion children selection did not always match the word
they intended to spell, their intended word had to be determined
based on the context of their task. The intended word for each
misspelling was collectively agreed upon by four facilitators after
the experiments had been completed based on query logs, search
prompts given, and notes taken during sessions. They were then
validated by an expert in children’s literacy.

For each spelling error recorded, QueryMSP includes the
pelling suggestion that was clicked on, the agreed-upon in-
ended word, up to three words before the spelling error, and the
ser’s session ID. The resulting dataset (summarized in Table 1)
ncludes 134 entries, samples of which can be seen in Table 4.

. Spelling correction algorithm

In this section, we describe our English, child-oriented spelling
orrection method. We first discuss the method for candidate
eneration using a phonetic encoding algorithm tailored towards
hildren, termed KidSpell, which is illustrated in Fig. 1. This
method returns potential candidates in order of term frequency.
We improve on the ranking of candidates based on a number
of features using the lambdaMART Learning to Rank model. We
term the full model KidSpellλ. The architecture of the model is
illustrated in Fig. 2.
5

4.1. Phonetic candidate generation

The goal of the candidate generation is to reduce the search
space such that a spelling correction method can efficiently rank
the given candidates rather than observing and processing every
word in the dictionary. As children have a tendency to use phono-
logical strategies over orthographic ones (Greenberg et al., 2002),
spelling correction methods that use a phonological approach
show promise. As such, we take inspiration from Deorowicz and
Ciura (2005) who showed that phonetic similarity strategies are
effective in correcting spelling errors made by those who know
the pronunciation, but not the spelling, which is a common er-
ror made by children. At a high level, given a misspelled term
written by a child, our candidate generation model applies a pho-
netic similarity approach in order to identify potential spelling
candidates.

4.1.1. Dictionary creation
Critical to generating candidates is a list of valid words, known

as a dictionary. We created a child-friendly dictionary that is
lacking in typical spellcheckers. To achieve this we derive our
dictionary from age of acquisition research which identifies the
typical age words are learned (Kuperman et al., 2012).

A child-friendly spellchecker should also refrain from pro-
ducing any sexually explicit, hate-based, or other inappropriate
words. An investigation into the extent to which spellcheckers
produce spelling suggestions that include sexually explicit or
hate-based words showed many popular spellcheckers have a
tendency to produce such words in up to 5% of their sugges-
tions (Downs, Anuyah et al., 2020) (See Table 5). For this reason,
we ensure that inappropriate words are excluded from the afore-
mentioned child-friendly dictionary. We considered words to be
sexually explicit in nature if they exist in a dictionary of sexually
explicit words created based on Google’s bad words list.2 Hate-
ased words were identified as those that exist among the list of
ate-speech and offensive language lexicons which we compiled
rom HateBase,3 a repository of hate-speech language. It is worth
entioning limitations related to excluding such words from the
ictionary. Some of the explicit terms included among the Google
nd HateBase bad word list are ambiguous in nature and may not
ecessarily be inappropriate when considered in certain cultural
r educational contexts, e.g., screw and slave. In the classroom
ontext, we perceived that preventing children’s exposure to a
otential false positive (i.e., a word that may be relevant to the
lassroom in one sense but is flagged as it is inappropriate in
nother sense) is less harmful than providing said word and
otentially leading to the retrieval of inappropriate resources for
hildren. Hence, we discarded from our dictionary all of the terms
hat exist in the sexually explicit and hate-based word lists.

In total, our dictionary is comprised of 60,847 unique words.
ome spelling correction methods, intended for general audi-
nces, use lexicons of up to 1.2 million words (Li et al., 2011).
onsidering that children typically acquire around 60 thousand
ords in their first 18 years of life (Bloom, 2002), our limited

exicon of child-known word is intended to assist in providing
ore appropriate spelling suggestions.

.1.2. Phonetic encoding approach
Our approach to finding phonetically similar candidates is

omparable to the one found in the SoundEx model described
y Croft et al. (2010): words are encoded to produce a phonetic
ey that groups words together with ones that are similarly

2 https://code.google.com/archive/p/badwordslist/.
3 https://www.hatebase.org/.

https://code.google.com/archive/p/badwordslist/
https://www.hatebase.org/
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Fig. 2. KidSpellλ architecture using the spelling error crechur for the word creature.
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ronounced. However, our phonetic key encoding takes inspira-
ion from the Metaphone algorithm (Philips, 1990) to produce
maller groupings with less general phonetic representations. For
xample, our encoding differs in that the letters F and V are not
onsidered the same sound resulting in words like fan and van
eing encoded to different phonetic keys. Similar is the case with
and K, resulting in quail and kale being encoded to different

eys. Although those letter pairs can make similar sounds, we
ound in our model development process that it was not common
or children to use one of the letter pairs instead of the other. In
eneral, the phonetic encoding includes common phonetic rules,
uch as recognizing the letter sequence ph makes the /f/ sound
nd the k in letter sequences starting with kn is silent. While
owels are used to determine the sounds of surrounding letters
e.g., c followed by i, e, or y makes the /s/ sound), they are re-
oved from the final key. This is due to their ambiguity as well as
reventing key groupings that are too small, resulting in several
eys that only match a single word. The full phonetic ruleset for
ur encoding is described in Table 6. Words and misspellings are
odified by each rule in the ruleset in the order shown and the

esult is the final phonetic form.
To illustrate the phonetic encoding process, as pictured in

ig. 2, consider the word creature which would be processed as
ollows:

• t in ture makes the CH sound (encoded as 1), transforming
the word to crea1ure

• c is not followed by i, e, or y, so it makes the K sound,
resulting in Krea1ure

• Remove vowels resulting in the final phonetic form: KR1R

As a pre-computational step, this process is performed on
very word in the previously described dictionary and a mapping
s made from the phonetic key to a list of words that match that
ey. For example, the key NTRL maps to a list containing the
ords natural, neutral, and notarial.
To produce a larger assortment of spelling correction candi-

ates we then use Levenshtein distance (Levenshtein, 1966) on
he key of the given misspelled word to find similar keys. Leven-
htein distance is the minimum number of character insertions,
eletions, and substitutions needed to transform one word to
nother. For example, given the misspelled word talbe (intended
o be table), we would take the encoding of the misspelling, TLB,
nd generate encodings that are 1 edit distance apart (TBL, TLBR,
LB, etc.). Despite that the intended word table has a different
ey (TBL) than the misspelled word, this allows to quickly find
t and add to the pool of candidates. If the amount of words
roduced by keys of 1 edit distance from the original does not
eet the number of requested words, we then generate keys at
6

n increasing edit distance until the number of requested words
s met. Candidates are returned in ascending order of their edit
istance between the keys and secondarily by their frequency in
he Simple English Wikipedia,4 with more frequent words being
anked higher.

.2. Candidate ranking

Once we have a suitable list of spelling correction candidates,
t is essential that we rank them appropriately such that the
ntended word is positioned towards the top of the list. The
honetic key of spelling errors may match several different words
nd it is possible the key of the intended word does not match
he spelling error. Children have also shown to have a propensity
o interact with higher-ranked alternatives (Anuyah et al., 2018;
wizdka & Bilal, 2017). For these reasons, we re-rank our spelling
uggestion candidates with a candidate ranking strategy based on
everal informative features.
The candidate ranking strategy is inspired by the work of

omin and Bondarenko (2018). In similar work, edit distances
ave been used in probabilistic and machine learning methods
o determine word similarity (Brill & Moore, 2000; De Amorim &
ampieri, 2013; Huang et al., 2013, 2013). However, it has been
hown that edit distance methods are ineffective at correcting
hildren’s spelling errors (Downs, Anuyah et al., 2020). Phonetic
imilarity techniques, on the other hand, are more capable of
orrecting the spelling errors children make (Deorowicz & Ciura,
005; Downs, Anuyah et al., 2020) and as such we use a features
et that instead considers phonetic similarity to improve their
ffectiveness.
We create a feature extractor that takes in two strings: the

riginal incorrectly spelled word and the suggested spelling. It
hen returns the following features which are then used to rank
pelling suggestion candidates:

1. The difference in length between the suggestion and the
misspelling. This featured showed promise in Fomin and
Bondarenko (2018).

2. Levenshtein distance between the suggestion and mis-
spelling. This is a traditional spellchecking strategy.

3. Frequency of the suggestion in Simple Wikipedia articles.
Word frequency has been shown to be an effective method
for ranking spelling suggestions (Mitton, 2009).

4. An n-gram (contiguous words) language model inferred
from the frequency and sequences of words found in sim-
ple Wikipedia articles. (Specifically we utilized an inter-
polated Kneser–Ney n-gram model which has shown to

4 Simple English Wikipedia: https://simple.wikipedia.org/.

https://simple.wikipedia.org/
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Table 6
Ruleset used to transform a word or spelling error into a phonetic key. Common word endings
consist of s, ing, ings, and ed.
Step Rule

1 Convert ‘cc’ to ‘K’
2 Replace consecutive duplicate consonants with a single consonant
3 Convert ‘ck’ to ‘K’
4 Convert ‘ocea’ at the start of a word to ‘A2’
5 Convert vowels at the start of a word to ‘A’
6 Convert ‘gn’, ‘kn’, or ‘pn’ at the start of a word to ‘N’
7 Convert ‘wr’ at the start of a word to ‘R’
8 Convert ‘x’ at the start of a word to ‘S’
9 Convert ‘wh’ at the start of a word to ‘W’
10 Convert ‘gh’ at the start of a word to ‘G’
11 Convert ‘rh’ at the start of a word to ‘R’
12 Convert ‘sch’ at the start of a word to ‘SK’
13 Convert ‘y’ at the start of a word to ‘Y’
14 Convert ‘mb’ at the end of a word or before a common word ending to ‘M’
15 Convert ‘th’ to ‘0’
16 Convert ‘ch’ or ‘tch’ to ‘1’
17 Convert the t in ‘ture’ or ‘tual’ to ‘1’
18 Convert ‘sh’ to ‘2’
19 Convert the ‘c’ in ‘cion’ or ‘ciou’ to ‘2’
20 Convert the ‘t’ in ‘tian’, ‘tion’, or ‘tious’ to ‘2’
21 Convert the ‘s’ in ‘sian’, ‘sion’, or ‘sious’ to ‘2’
22 Convert the ‘c’ in ‘ci’, ‘ce’, ‘cy’, ‘sci’, ‘sce’, or ‘scy’ to ‘S’
23 Convert remaining ‘c’ to ‘K’
24 Convert ‘dge’ to ‘J’
25 Remove ‘gh’ if the next letter is a consonant
26 Remove ‘gh’ at the end of a word or before common word ending
27 Convert remaining ‘gh’ to ‘G’
28 Convert ‘gn’ at the end of a word or before a common word ending to ‘N’
29 Convert ‘y’ at the end of a word to ‘Y’
30 Convert ‘ph’ to ‘F’
31 Remove ‘h’ if before vowel, end of word, or common word endings
32 Remove ‘w’ if before consonant, end of word, or common word endings
33 Convert ‘z’ to ‘S’
34 Remove remaining vowels, convert remaining consonants to capital
f
f
B
b
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s
l
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l
t
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be an effective smoothing technique (Goodman, 2001).)
The n-gram language models were shown to be a highly
important feature for spellchecking in the work presented
in Fomin and Bondarenko (2018).

5. Age of Acquisition (AoA). AoA research provides us with the
age words are typically learned which is likely important
when providing words for children (Kuperman et al., 2012).

6. Levenshtein distance between the phonetic codes of the
suggestion and misspelling as determined by the KidSpell
phonetic algorithm. This can tell us how similar words are
phonetically.

7. Levenshtein distance between the phonetic codes of the
suggestion and misspelling as determined by the SoundEx
phonetic algorithm. Another phonetic algorithm inspired
from the work in Fomin and Bondarenko (2018).

8. Whether or not the first letter of the KidSpell phonetic
codes match between the suggestion and the misspelling.
Some spellcheckers often assume the first letter in a mis-
spelling is correct, which it often is (Mitton, 2009), this
instead looks at the first sound.

9. Number of corrections where a letter has an incorrect
number of consecutive repetitions (e.g., ammmmaaaaazing
→ amazing: 2 corrections). This is a type of error children
are known to make (Dragovic, Madrazo Azpiazu, & Pera,
2016).

10. Number of unique consonants (i.e., number of consonants
that appear either the suggestion or misspelling, but not
both). Previous findings have shown that vowels were not
necessary when identifying the correct spelling from a
given misspelling (Downs, Anuyah et al., 2020).

11. Number of unique vowels between the suggestion and the
misspelling. In contrast to the feature above, this looks for

the similarity between vowels used.

7

Up to 50 candidates are generated for each misspelling then
eatures are extracted on each. After features are extracted, we
ollow a similar approach to the one described in Fomin and
ondarenko (2018). For each misspelling, we have up to 1 possi-
le correct suggestion (assigned the value 1) and many incorrect
uggestions (assigned the value 0). These are then transmitted to
machine learning model. Given that providing suitable spelling
uggestions in an interactive spellchecker is truly a ranking prob-
em rather than a classification problem, we use the learning-to-
ank (LTR) model LambdaMART (Burges, 2010). While the use of
TR models has not knowingly been explored for spellchecking,
hey have proven effective at similar ranking problems such as
arge scale search, query suggestions, and recommendation (San-
os, Macdonald, & Ounis, 2013). We empirically verified that
he lambdaMART LTR consistently outperformed other machine
earning models (evaluations and details on the machine learning
odels are reported in Appendix). As such LambdaMART is the

e-ranking model used in KidSpellλ.

.2.1. LambdaMART training
The LambdaMART model is trained to maximize on a specific

etric and for this we use Mean Reciprocal Rank (MRR) with a
ax position of 5. MRR is calculated as defined in Eq. (1).

RR =
1
|C |

|C |∑
i=1

1
ranki

(1)

where C is the set of spelling errors, |C | is the number spelling
rrors, and ranki is the ranking position of the gold standard.
s there is only 1 correct suggestion amongst many suggestions,
RR is a suitable metric for this task. A max position of 5 gives no
alue to items ranked outside the top 5, which prioritizes ranking
uggestions within at least the top 5. Evaluations commonly look
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t either the top 5 or top 10 suggestions returned by spellcheck-
rs. Given that a child audience must be considered and children
end to favor higher-ranked alternatives (Anuyah et al., 2018;
owns, Shukla et al., 2020), we favor placing suggestions within
he top 5. Using the ChildrensMSP dataset, K-Fold cross valida-
ion and grid search were used to find the best hyperparameters
or LambdaMART, which are listed as follows:

Max Depth: 5
Learning Rate: .1
Estimators: 50
Minimum Split Samples: 2
Minimum Leaf Samples: 1

The LambdaMART model accepts a relevancy or target value
or each set of items for the training process. For this task, the
ne correct suggestion is given a value of 1 and all other incorrect
uggestions are given a value of 0. We refer to this improved
anking model as KidSpellλ.

. Spelling correction evaluation

In this section, we present an evaluation of the effectiveness
f our method in two areas: the first being the candidate gen-
ration of KidSpell and the second being candidate ranking of
idSpellλ. Both are evaluated using cross-validation on spelling
rrors generated by children described in Section 3. We also ex-
mine the relative feature importance for the features described
n Section 4.2.

.1. Candidate generation

The experiments in this section examine both the effectiveness
nd the efficiency of KidSpell’s candidate generation method
gainst state-of-the-art methods. Each candidate generation
ethod (KidSpell’s and the baselines) is asked to generate can-
idates for each spelling error in the ChildrensMSP dataset. We
ary the number of k candidates generated from each method
ecause they directly influence the time complexity and the
earch space reduction. This evaluation method is used in other
andidate generation research (Pande, 2017).

aselines. The most similar work to ours for generating suitable
andidates is the work done by Pande (2017). Pande utilizes
eural character embeddings that employ character sequences
hat are generated using consecutive vowels or consonants, but
ot both (e.g., ’affiliates’ generates ’a ff i l ia t e s’). Our imple-
entation uses size 100 embeddings as that provided the best
erformance. We also used a modified version of their algorithm
hat instead employs single character sequences used in character
mbeddings, which performed better with children’s misspellings
e.g., ’affiliates’ generates ’a f f i l i a t e s’). All methods utilized
he same dictionary for candidate generation.

etrics. We report on the success rate which is the percentage
f spelling errors for which the gold standard (intended word)
s among the pool of suggestions generated. As the goal of these
ethods is to reduce the time complexity of spelling correction
lgorithms by limiting the search space, we also measure the
untime (in seconds) to generate k number of candidates for all
ords in the entire ChildrensMSP dataset.

esults. The success rates of the KidSpell phonetic algorithm and
he two baselines (labeled Pande Embeddings and Character Em-
eddings) are presented in Fig. 3. The KidSpell phonetic algorithm
ignificantly outperforms the two baselines for every variation
f k candidates using a paired t-test (p < 0.05; n=1785). Most
oticeably it outperforms significantly on the lower end of k
 v

8

Fig. 3. Success rates (%) for various k (number of candidates).

Fig. 4. Runtime in seconds for various k (number of candidates).

variations. Just generating 100 candidates with the KidSpell pho-
etic algorithm outperforms both baselines even when given the
pportunity to generate 5000 candidates. Notably, the embed-
ings methods had difficulties picking up spelling errors that
ere more than just a couple edits away (e.g., favtit for favorite
equires 3 single character edits). They also tended to return
ubstrings of the misspelling that matched a real word (e.g.,
eturning since for the misspelling sincerly). The KidSpell phonetic
algorithm benefited from returning words in order of frequency
as the embeddings had a tendency to return obscure words.

The runtime of the various algorithms are reported in Fig. 4.
he KidSpell phonetic algorithm is more efficient when generating
lesser number of candidates (<100), but falls slightly behind
hen generating 1000 or more candidates. When combined with
he findings based on success rates, the KidSpell phonetic algo-
ithm can effectively find a more precise and smaller candidate
ool in a fraction of the time. For example, 100 KidSpell candi-
ates is more likely to contain the correct suggestion than any of
he baselines at 5000 candidates and can be generated in just a
ixth of the time. In fact, generating more than 100 candidates
sing KidSpell’s phonetic algorithm becomes unnecessary as we
early achieve our peak performance.

.2. Feature importance

The features importance for each of the features listed in
ection 4.2 for the lambdaMART LTR model are listed in Fig. 5(a).
e also include the feature importance for other tested models:

ogistic regression, decision tree, and random forest classifiers are
eported in Figs. 5(b), 5(c), and 5(d) respectively. The higher the

alue, the more important the feature is. In all but the logistic
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egression, the edit distance of the KidSpell phonetic algorithm
s considered the most important feature. For the lambdaMART
TR, it is by far the important component of the feature set.
his emphasizes the importance of phonetic information when
orrecting children’s spelling errors. Edit distance of the SoundEx
honetic algorithm on the other hand scores low. While they
id not have a high correlation, they do fill similar rolls and
he KidSpell phonetic algorithm may provide much more precise
nformation.

Age of acquisition and word frequency are second and third in
eature importance when used in the lambdaMART in KidSpellλ,
nd are found to be important features for the other models as
ell. Given that children are more likely to know or use more

requent words or words within their age of acquisition (Kuper-
an et al., 2012), it is unsurprising that the models value these

wo features. The unique number of vowels is another highly
mportant feature for lambdaMART. This feature is surprising
s the KidSpell phonetic algorithm was built around children’s
nconsistent use of vowels and ignores them altogether. Perhaps,
he lack of information of vowel usage that we are getting from
he KidSpell phonetic edit distance puts a higher value on this
eature. N-gram scores have been important in other work that
ttempted to correct adult spelling (Fomin & Bondarenko, 2018),
ut scored low with most of our models.

.3. Spelling correction

In this section, we evaluate the full KidSpellλ spellcheck-
ng model using the improved ranking described in Section 4.2,
gainst other state-of-the-art spellcheckers. We examine the per-
ormance of KidSpellλ and the baseline counterparts introduced
elow using the ChildrensMSP dataset described in Section 3.
his includes both the spelling errors made in hand-written es-
ays as well as typed search queries. For models that require
raining (such as the KidSpellλ model), reported results are the
verage from a 5-fold cross-validation (80% training, 20% test).
9

aselines. Several baselines were chosen to compare to our
ethod, these include:

• Aspell (Normal) - Aspell was chosen as a common
spellchecking baseline (Brill & Moore, 2000; Deorowicz &
Ciura, 2005). Aspell also utilizes phonetic encodings (Meta-
phone algorithm (Philips, 1990)) in a similar manner to
our approach making it potentially effective for children’s
spelling errors.

• Aspell (Bad Spellers) - Aspell with Bad Spellers mode en-
abled was chosen as the goal of correcting the spelling of
bad spellers is the most similar to our work.

• Bing - Microsoft’s Bing Spell Check API was used as an
industry standard for correcting spelling in the search con-
text. Further, as stated by Bilal and Boehm (2017) ‘‘children
hardly use search engines designed for their age levels’’, so
we use this as one of the spellcheckers young searchers
could encounter as they often use large scale search engines
(e.g., Google and Bing) (Bilal & Boehm, 2017).

• KidSpell - The final baseline is the KidSpell candidate gen-
eration method without the improved ranking as described
in Section 4.2.

Each baseline uses the dictionary supplied with the software.
oth versions of KidSpell use the same dictionary.

etrics. To measure the performance of the respective
pellcheckers we use Hit Rate and MRR.
Hit Rate measures the rate at which the known intended word

i.e., gold standard) appears in the list of spelling suggestions.
or each spelling error in the dataset, the spellchecker receives a
alue of 1 if the gold standard is in the list of spelling suggestions,
therwise, this value is 0. An average is taken to determine Hit
ate.
MRR measures how well ranked the spelling suggestions are

y capturing the average position of the relevant spelling sug-
estion. A higher MRR value indicates that overall the gold stan-
ard (i.e., desired spelling correction) is positioned higher in the
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Fig. 6. Hit-Rate@k (where k is the number of provided suggestions) on the
ChildrensMSP dataset. Note that the Bing Spell Check API only returns a
maximum of 3 suggestions.

Fig. 7. MRR using top 5 suggestions on the ChildrensMSP dataset.

anking of the suggestions. Given children’s propensity to click
n higher-ranked alternatives for spelling suggestions (Downs,
hukla et al., 2020) as well as other areas of search (Anuyah
t al., 2018; Gwizdka & Bilal, 2017), it is crucial to rank the

gold standard highly. Taken together, these two metrics measure
how well each spellchecker is at finding the intended word (Hit
Rate) and how well it is ranked (MRR). Numbers for hit rate are
reported for a varying number of spelling suggestions (k 1–5) and
MRR is reported using the top 5 suggestions.

Results. Results of the hit rate of KidSpellλ along with the base-
ines on the full ChildrensMSP dataset are described in Fig. 6.
ote that the Bing Spell Check API only returns a maximum of
suggestions per spelling error, limiting its performance when k

s greater than 3. The reported KidSpellλ results are significantly
etter when compared to the baselines intended for adult users
s well as the original KidSpell method using a paired t-test (p
0.05; n=1785). While Aspell’s Bad Spellers mode does provide
minor increase over the normal Aspell, it still has difficulties
hen dealing with children’s spelling errors. Even just providing
suggestion from KidSpellλ is more likely to provide the gold

tandard than 5 suggestions from the best alternative (Aspell Bad
pellers mode).
Results for the MRR scores for each spellchecker are provided

n Fig. 7. The improvement for KidSpellλ is statistically significant
sing a paired t-test over all alternatives (p < 0.05; n=1785).
hese scores indicate that KidSpellλ is able to include the gold
10
Fig. 8. Hit-Rate for various k (number of suggestions) on spelling errors made in
hand-written essays. Note that the Bing Spell Check API only returns a maximum
of 3 suggestions.

Fig. 9. MRR using the top 5 suggestions for hand-written essays.

standard within the first 2 suggestions on average, while the
alternatives provide the gold standard at the 3rd position on
average.

We further examine the results of the spellcheckers on the two
different environments they were created in (hand-written essays
and typed search queries). The hit-rate and MRR for spelling
errors made in hand-written essays are reported in Figs. 8 and
9 respectively. Given that the large majority of the samples in
ChildrensMSP is made of hand-written essay spelling errors
(1651 out of 1785) we see similar results to those of the full
dataset. Likewise, the improvement for KidSpellλ is statistically
significant for both the hit-rate and MRR (p < 0.05; n=1651).

The hit-rate and MRR for spelling errors made in the typed
search queries are reported in Figs. 10 and 11 respectively. Here,
all but Bing Spell Check perform considerably worse than on
the hand-written essay spelling errors. We attribute this to the
mistyping errors that can occur while using a keyboard. Since
KidSpellλ and Aspell both rely on phonetic information, mistyp-
ing errors such as tghat for that make the words seem like
unlikely matches since the misspelling and the gold standard
do not match phonetically. Similarly, typed spelling errors are
much more likely to include boundary errors. These errors consist
of including a space when there should not be one (e.g., com
puter for computer) or the lack of a space when there should
be one (e.g., boisestate for boise state). These types of errors
are overlooked by KidSpellλ. Bing Spell Check is better at han-
dling these types of errors and has improved performance when
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Fig. 10. Hit-Rate for various k (number of suggestions) on spelling errors made
in typed search queries. Note that the Bing Spell Check API only returns a
maximum of 3 suggestions.

Fig. 11. MRR using top 5 suggestions for typed search queries.

eing used for its intended purpose (i.e., correcting misspelled
ueries) however it is still significantly worse in performance
hen compared to KidSpellλ. KidSpellλ’s improvement over both
he original method and the alternative is statistically signifi-
ant when providing 5 suggestions using the paired t-test (p
0.05; n=134). It is also worth noting that although KidSpellλ
as trained on primarily hand-written essay spelling errors, it
till provides a significant improvement over the original KidSpell
ethod when handling typed query errors.

.4. Grade levels, spelling levels, and native languages

To further analyze KidSpellλ when compared to other
pellcheckers, we evaluate their capability to correct spelling
rrors from children of different grades, spelling abilities, and
ative languages, which are included as part of the hand-written
ssay spelling errors as described in Section 3. As such, all spelling
rrors in this section are all a subset of the hand-written essay
pelling errors dataset (EssayMSP).
Evaluations on the hit-rate at 5 of the spellcheckers on chil-

ren’s spelling errors, grades K through 8, are included in Fig. 12.
hile most spellcheckers see a general trend upward in hit-rate

s children’s grade level increases, KidSpellλ experiences the least
ariation while maintaining a higher hit-rate at all grade levels.
he dip for most spellcheckers at grade 7 can be explained by
he limited data and number of children at that grade level. The
11
Fig. 12. Hit-Rate at 5 for spelling errors made by children in grades K thro-
ugh 8.

Table 7
Number of spelling errors for each Grade Level Kindergarten (K) through 8.
Grade K 1 2 3 4 5 6 7 8

Agesa 5–6 6–7 7–8 8–9 9–10 10–11 11–12 12–13 13-14
Errors 43 147 470 355 355 118 59 51 35
Children 6 15 29 22 16 9 5 4 4

aAges are approximate as the data identified only the grade; these are the usual
ages of children in each of these grades although sometimes ages differ.

Table 8
Number of spelling errors for each spelling development level from the EssayMSP
dataset.
Level Level 1 Level 2 Level 3 Level 4 Level 5

Errors 5 546 827 186 26
Children 2 25 45 16 6

number of spelling errors and children for each grade level are
included in Table 7.

As grade level is not necessarily indicative of a child’s spelling
ability, we also include evaluations on the hit-rate of the vari-
ous spellcheckers separated by the spelling developmental level
of the children as described in Section 3. The hit-rate at 5 is
included in Fig. 14. A table of the number of spelling errors
and children for each development level is included in Table 8.
Similar to the grade levels, spellcheckers see a trend upward as
spelling level increases. This is especially noticeable for the adult-
oriented baselines. The closer the spelling level of the student gets
to the intended audience (i.e., adults), the better they perform.
Meanwhile, KidSpellλ is able to keep a hit rate of 80% or higher
regardless of spelling development level. The results seen for the
different grade levels and spelling levels emphasize KidSpellλ’s
importance for especially young or new spellers. The drop in
hit-rate at the highest spelling level and inconsistencies for the
lowest spelling level can be explained by the limited amount of
data for each of those groups.

For a partial amount of the hand-written data, children’s na-
tive language was recorded. We examine the hit-rate at 5 of
the different spellcheckers for English and non-English speakers
in Fig. 13. As the phonetic information for both KidSpellλ and
Aspell are based in English we might expect that they perform
worse when handling spelling errors made by children that speak
a different native language. While KidSpellλ performs slightly
better when handling non-English speakers and Aspell performs
slightly worse, the differences were not significant (2 sample t-
test; p > 0.05). Regardless of the native language of the children,
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Fig. 13. Hit-Rate at 5 for spelling errors made by children with English and non-English native languages.
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Fig. 14. Hit-Rate at 5 for spelling errors made by children at different spelling
developmental levels.

KidSpellλ is consistent in achieving a hit-rate of at least 80% and
significantly outperforms baselines (paired t-test; p < 0.05).

.5. Discussion

In Sections 5.1 through 5.4 , we described the experiments
conducted to assess the performance of our base KidSpell candi-
date generation as well as the improved KidSpellλ that ranked the
andidate suggestions. We found that candidate generation based
n children’s phonetic spelling behaviors was significantly better
t finding suitable spelling candidates. This aligns with children’s
pelling behavior research by Greenberg et al. (2002). In fact,
sing an improved candidate generation method alone was often
ore successful than the baseline spellcheckers (Aspell and Bing).
When it comes to feature importance in the machine learning

asks (meaning how much it informed the ranking of sugges-
ions), we found that the two most highly valued features were:
1) the phoenetic similarity between the mispelled word and the
ntended word, and (2) the age of acquisition for the intended
ord. The value of phonetic similarity was not surprising as this
nce again directly relates to children’s spelling behaviors Green-

berg et al. (2002). The importance of age of acquisition was also
unsurprising as this considers words children are more likely
to know (Kuperman et al., 2012). N-gram scores were relatively
important. This is an interesting revelation in children’s spelling
as related work using n-gram scores for adult spellings were
considered highly important (Fomin & Bondarenko, 2018). Unsur-
prisingly, Levenshtein distance was typically unimportant. This
 s

12
aligns with our findings that spellcheckers that use Levenshtein
edit distance on the characters that are typed do not perform well
when correcting children’s spelling errors (Downs, Anuyah et al.,
2020).

Regardless of the child’s grade level, development level, or
native language, KidSpellλ performed better than the baseline
spellcheckers in recommending the intended word. Spellcheckers
had more success the higher grade level or the higher the spelling
development level of the child was. These findings are compara-
ble to the findings by Figueredo (2006) that did not find a differ-
nce in children’s success using a spellchecker between children
f grade 4 and 6. Comparing success between native (English)
nd non-native speakers, KidSpell provided minimal advantages
or non-native speakers. This is somewhat unexpected as KidSpell
akes use of English-based phonetic similarity methods.
The dataset used to evaluate had 1785 samples. While a larger

ample is always welcomed, the results of our analyses indicate
hat are results are statistically significant. We believe this is
tatistically meaningful as using this sample of real children’s
isspellings, the suggestion algorithm is better for children’s
pelling errors and the cues make a significant difference with
egards to encouraging users to explore and select the intended
ord.

. Spellchecking interface

Despite advances demonstrated in spelling correction for chil-
ren, we cannot expect algorithms to fully recover the intent
f the child as the first spelling suggestion, which is a reason
hy spellcheckers provide multiple suggestions. In the rest of
his section, we discuss the visual and audio cues explored to
elp children identify and select their intended spelling sug-
estions. We then discuss the findings from our participatory
esign sessions in an effort to form potential solutions to known
ssues with spellchecking interfaces, give insights on children’s
iews of spellchecking interfaces, and how to improve them going
orward.

.1. Multimodal cues for spelling suggestions

Dual Coding Theory posits that providing information in mul-
iple modalities aids readers comprehension (Sadoski et al., 1993)
hich aligns with research that has shown children’s preference

or multiple inputs (Druin et al., 2010; Gossen et al., 2012).
his led to investigating the effect multimodal cues (i.e., images
nd audio playback) can have on assisting children to select
he word that best matches their intent from a list of spelling
uggestions (Downs, Shukla et al., 2020). While a child-oriented

pellchecker may better respond to children’s spelling errors,



B. Downs, M.S. Pera, K.L. Wright et al. International Journal of Child-Computer Interaction 32 (2022) 100373

(

c
s
n
s
t
c
s

d
v
c
p
l
s

t
o
W
a
o
u
f
q
s
a

u
p

Fig. 15. Spellchecking function without visual aids (left) and with visual aids
right). Both may be accompanied by audio playback.

hildren’s behavior to gravitate towards higher-ranked spelling
uggestions (Downs, Anuyah et al., 2020), even if the word does
ot match their intent, can impede its effectiveness. To enhance
pellchecking functionality, we evaluated spellchecking interfaces
hat incorporated different multimodal cues on how they affected
hildren’s selection habits and if they can help children effectively
elect the spelling suggestion that meets their original intent.
In this new study, we used a between-subject experimental

esign using a custom search tool with four conditions, each with
arying media cues to go along with the spelling suggestions: no
ues, audio, image, or both audio and image. There were 191 child
articipants (age 6–12) who took part in different experiments
ocated at local STEM events. Each child interacted with a custom
earch tool with one of the conditions chosen randomly.
In the custom search tool, when a word is identified as po-

entially misspelled, it is colored and underlined in red. Hovering
ver the misspelled terms opens a list of spelling suggestions.
hen a spelling suggestion is hovered, an image is displayed

nd/or speech synthesis is used to read the word aloud depending
n the condition. Images used in the interface were acquired
sing Google’s Image Search API with safe search enabled. The
irst image returned, using the spelling suggestion as the search
uery, was the image chosen to be displayed alongside each
pelling suggestion. Speech synthesis for the audio playback is
cquired using Amazon Polly.5 Examples of the different visual

interfaces can be seen in Fig. 15.
In order to identify which multimodal cues, if any, would

better guide children’s ability to select their intended word, we
adapted the protocol defined in Landoni et al. (2019) to allow
s to systematically compare across separate experiments. The
rotocol outlines four dimensions which we specify as follows:

1. Task. Verbal prompts were given to child participants to
serve as a starting point for a typical online search query.
For this, we relied on two types of prompts: fact-based,
which are less complex and require children to locate
specific and quick answers, as well as open-ended prompts,
which require more in-depth consideration of the content
of the search results or may require multiple searches. The
prompts were the same ones utilized to gather data in our
initial search task (see search prompts in Table 3).

2. User group. Participants were children ages 6 to 12 (n =
191). We selected this age group to represent children who
have likely developed the basic phonetic skills needed to
attempt spelling, but have yet to obtain advanced ortho-
graphic skills (Bear et al., 1996).

3. Strategy. We use a custom search tool (CAST) in which all
user inputs with the interface are automatically recorded.
For most children (a few had seen it before), this was their
first time interacting with CAST. Facilitators observed and
recorded interactions children made with the search tool.
Each child was accompanied by a single facilitator and up

5 Amazon Polly: https://aws.amazon.com/polly/.
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to six different facilitators were used. The interactions were
automatically recorded by CAST and the notes record by
facilitators were used in combination to analyze children’s
interactions with the interface. Each child was given 1–3
prompts and, depending on their search skills, spent less
than minute or up to several minutes on a prompt. No child
participated in a session more than once. Three sessions
were conducted on separate days.

4. Environment. Search tasks were performed by children
at local STEM events hosted at three local venues — two
elementary schools and a local community building. The
STEM event held at the community building was organized
by state government agencies where children were bussed
in from their respective schools and participated as an
informal education (i.e., a field trip) experience. Each event
contained multiple STEM-related booths and hands-on ac-
tivities. Headphones were provided to assist with focus and
the audio cues.

In our experiments, we examined how accurately children
clicked on their intended word and in which position those
clicked occurred. The results of these experiments are summa-
rized in Table 9. We saw significant improvements to children’s
ability to find their intended word among a list of spelling sugges-
tions when using either of the multimedia cues or a combination
of the two. Although these improvements were shown to be of
statistical significance when compared to the baseline experi-
ment that had no cues (two-proportions z-test; p < 0.05), we
did not observe a statistical significance when comparing them to
each other (two-proportions z-test with Bonferonni correction; p
> 0.016).

The audio only condition performed the best with the highest
accurate click percentage (92%) as well as having 0 incorrect
clicks in the first position and 3 incorrect clicks in the first
three positions, which was half or less than any of the other
experiments. Other conditions noticeably still had children resort
to clicking on suggestions in the first position, even if that was
not their intended word. Given that the condition with both audio
and images performed worse than the audio condition suggests
to us that the use of images may have had a direct impact on
how useful the audio was. Why images did not have as much as
an impact is an open question, but this could be explained by
the fact that spelling mistakes made by children are phonologi-
cal (Bloom, 2002) and audio provides feedback on the phonetics
of a word while images do not. Another possible explanation is
that many words that children learn are concrete in that they
denote physical objects (e.g., ‘bird’ or ‘ball’) and will likely have
images that represent them well, whereas more abstract concepts
(‘democracy’ or ‘because’) do not.

The findings presented show that augmenting the spelling
interface to offer the assistance of cues in any of the conditions
(audio only, images only, or both audio and images)results in a
statistically significant improvement over having no cues at all.
The audio only condition showed the best results in terms of both
having accurate clicks and avoiding a pattern of resorting of the
first available option.

6.2. Participatory design

In our study of multimodal cues presented in Section 6.1 we
observed that not all children noticed or utilized the misspellings
or suggestions without being prompted. In order to create poten-
tial solutions to these issues, we used participatory design where
child participants were design partners using the Cooperative
Inquiry method (Fails et al., 2013; Guha et al., 2013). This process
helps us understand their needs and how to ensure we meet

https://aws.amazon.com/polly/
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Table 9
Analysis of spelling suggestions. Clicks are the number of suggestions clicked at position K; Correct
is the number of clicks that correctly matched the child’s intent and % is the proportion of clicks
that matched their intent.
K No cues Audio only Images only Both audio & images

Clicks Correct % Clicks Correct % Clicks Correct % Clicks Correct %

1 28 21 .75 16 16 1.0 16 12 .75 12 9 .75
2 4 2 .50 12 10 .83 13 12 .92 14 13 .93
3 4 3 .75 19 18 .95 7 5 .71 16 14 .88
4 8 5 .63 9 9 1.0 7 7 1.0 21 19 .90
5 3 1 .33 9 7 .78 8 8 1.0 9 9 1.0
Total 47 32 .68 65 60 .92 51 44 .86 72 64 .89
them. The ten child participants involved in our design sessions
were 6–11 years of age and are members of an inter-generational
design team that meets twice a week. The children on the design
team who were involved in the design sessions were separate
from those in Section 6.1. The goal of the team is for children
and adults to work collaboratively as design partners to design
technologies for children. Child participants vary from novice to
intermediate in computer abilities.

During four participatory design sessions over a period of
a month, ten child participants worked along with 4–5 adults
made up of the authors and other student researchers. Each of
the design sessions took 30–60 min and was completed online
using teleconferencing software. Together they worked to design
a spellchecking interface with a focus on bringing attention in
two facets. The first being on how to better indicate that a word
is misspelled; and, the second being on how to improve the
interface to get users to click/interact with the misspelled word
and select one of the suggestions.

Children interacted with a basic spellchecking interface which
only marked spelling errors by coloring the text of the word
red and underlining it and produced spelling suggestions when
clicked or tapped on. The ten children on the team were split
into groups consisting of 2–3 children and 1 adult. Each of the
groups worked collaboratively to come up with ideas on how
to improve the spellchecker interface without taking away from
the search process. Several iterations of design sessions were
completed with modifications performed on the interface in-
between each of the sessions based on the feedback received.
Children and adults worked collaboratively using the ‘‘big paper’’
design technique to draw out their ideas on paper (examples can
be seen in Fig. 16) and the ‘‘sticky note’’ design technique to
identify their individual likes, dislikes, and design ideas (examples
can be seen in Fig. 17) (Fails et al., 2013).

The inter-generational design team designed several ideas to
improve the interface and a still image of the interface with
the final design ideas is shown in Fig. 18. Common and well-
iked ideas included an animated circle around misspelled words
ike a teacher would on a paper, audio feedback (bell or chime
ounds), an option to close the spellchecker if no suggestions
ere suitable, and automatically displaying spelling suggestions
uch that a user would not have to click on the misspelling.
hildren unanimously decided that using red on words was the
est color to indicate that it was misspelled, they enjoyed that
t ‘‘talked’’, and found the images for the suggestions engaging.
islikes related to the images included were too small and that
he pictures often just showed a picture of the word itself.

As children were more exposed to the chime sound that was
layed when a misspell occurred, they expressed their dislike of
t. This lead to the idea of using synthesized speech to alert the
ser of the misspelling, similar to the synthesized speech used
or the spelling suggestions, however they also found this to be
epetitive. To assist with this, we included some variations of the
riginal phrase to be chosen randomly that included ‘‘Did you

ean one of these?", ‘‘What about these?", ‘‘Is this what you

14
Fig. 16. Big paper examples from the first design session.

Fig. 17. Sticky note examples from the second design session.

Fig. 18. Still Image of the final interface after incorporating design ideas from
children in participatory design sessions.

meant?", etc. We additionally included some pause/cue phrases
(e.g., ‘‘um",‘‘hmm", or ‘‘ok") at the beginning of phrases when the
voice was interrupted because of another misspelling occurring.
This follows spoken dialogue research that suggests that dialogue
interruptions and resumptions should start with various lexical
cue phrases (Edlund, Edelstam, & Gustafson, 2014).

The idea to automatically display spelling suggestions was fur-
ther modified by children’s feedback to automatically go through
suggestions and ream them aloud one by one when a misspelling
occurred. While the word was read aloud, their associated images
would be displayed next to them as well. This also produced the
idea to include a speaker button next to the spelling suggestions
to indicate that you could click to play the word aloud and see
the picture again.



B. Downs, M.S. Pera, K.L. Wright et al. International Journal of Child-Computer Interaction 32 (2022) 100373

6

c
t
a
2
i
p
n

.3. Discussion

Overall, our findings in these design sessions, which align
losely with previous research with regards to children’s atten-
iveness towards audio and visual cues, advance prior work by
ddressing issues previously identified (Downs, Shukla et al.,
020). We identified that children often did not click on their
ntended word when given a list of spelling suggestions and often
referred the options higher on the list. While this tendency was
ot found in the study by Figueredo (2006), this aligns with chil-

dren’s behavior observed in other studies on search engine result
pages (Gwizdka & Bilal, 2017) and query suggestions (Anuyah
et al., 2018). While audio and/or image cues are helpful in helping
children make their suggestion, they each have their drawbacks.
The use of images presents issues when representing words that
are not concrete in that they do not denote physical objects and
may require some curation to perform optimally. Audio is not
always available or appropriate in the context and the synthe-
sized speech cannot be relied upon to always pronounce words
correctly. However, outcomes emerging from this study demon-
strate the importance and benefits of having audio and visual
cues to accompany spelling suggestions when presenting them
to children.

The participatory design sessions also unveiled some problems
remaining with spellchecking. In one case, a child participant
commented positively on the spellcheckers ability to find their
intended word and in another they noticed that their intended
word was not in the list of suggestions. While many children
expressed that they liked the pictures, the method for generating
pictures did not always provide meaningful images as noted by
one child (‘‘the picture is just the word"). One child expressed a
design idea to turn spelling correction into a game (‘‘you could
guess a letter and it would tell if you were right or wrong").
Such a system could be more effective at teaching children how
to spell while correcting their spelling. While not implemented,
more unique ideas came out of this as well that included haptic
feedback (via a ‘‘vibrating keyboard’’), ‘‘notifications’’ like you
might see on a mobile device, and increasingly pronounced indi-
cators of the misspelled words until they were fixed. We leave for
future work formal evaluations investigating the impact of these
changes.

7. Conclusion

In this study, we presented our research advances and so-
lutions to spelling correction for children and the design of an
effective spellchecking interface for children. Based on the knowl-
edge of children’s spelling habits, we theorized the use of a
phonetic encoding to find suitable spelling suggestions for chil-
dren’s spelling errors. This method greatly outperformed state-
of-the-art methods while maintaining comparable efficiency. This
method proved especially impressive when generating relatively
few candidate spelling suggestions which could quickly and re-
liably provide the intended word making the task of ranking
easier. The unique application of lambdaMART LTR for spelling
suggestions outperformed other machine learning methods and
significantly improved the ranking of the generated spelling can-
didates. KidSpellλ’s improvement over state-of-the-art methods
was significant regardless of the context the spelling errors were
made in, the grade level, spelling level, or native language of the
user. Analysis of the relative feature importance from these mod-
els reinforces the importance of the KidSpell phonetic algorithm
and shows the importance of other features when addressing a
child audience such as age of acquisition and word frequency.

We further documented problems and addressed them at
the user interface level. Modalities (i.e., audio and visual cues)
15
were identified to assist children in their selection of spelling
suggestions. The study of those modalities for a spellchecking
interface demonstrates their importance on improving children’s
effective use of a spellchecker. Conditions using the audio only
cues showed the most promise. Those results led to documented
gaps and the design of an interface involving children as design
partners. This gave us insights on how to improve spellchecking
interfaces going forward that encourage children to address their
spelling errors.

The advancements made in this study on child spelling cor-
rection could have benefits in making search more accessible for
children and could improve children’s experience and success
while performing online searches using both commercial search
engines and those that natively include KidSpellλ, such as CAST.6
While designed and evaluated in search settings, the implications
could extend to other type-based applications such as word pro-
cessing software. Information Retrieval tasks that require textual
input, such as for generating query suggestions and search results,
could be further supported for child audiences. The advancements
made could also benefit other programs or tasks where typing is a
necessary interaction. The findings on spelling correction as well
as the contribution of a child-made spelling error dataset could
benefit other Natural Language Processing tasks where a child-
written text is involved. We make the spelling correction data and
algorithms used publicly available.7

7.1. Limitations and future work

While we made great progress on spelling errors made from
both hand-written essays and typed search queries, we did not
have as much success on typed spelling errors. Our focus was on
improving search and typed search queries proved to be the most
difficult to correct. In this instance, hand-written essay errors
are not a perfect proxy for the type of errors children can make
while making search queries. More training data (including query
misspellings) could help with improving the overall ranking and
handling of typing errors. Additionally, incorporating boundary
error detection could resolve some errors more commonly made
while typing. Since the focus of this work is on English-language
spelling using a Roman-alphabet character set which may im-
pact how users with a different native language may do things
differently.

Further work related to spelling error detection remains. For
example, some spelling errors in our dataset are meant to be pop-
culture terms (e.g., optimus prime or roblox). Since these words
are not in our static dictionary, it is not possible to correct them
with our current method. Additional examination on the effect
of image cues could be explored that limits images to those that
have concrete connections to words or curating the images that
are used. When it comes to a good spellchecking interface, work
remains to investigate how we can best teach children how to
spell rather than simply fix errors.

8. Selection and participation

The observation data of using the spelling suggestions on the
search tool with various modalities were gathered at informal
educational STEM events where children (n=191, ages 6–12) were
interacting with computers, robots, math, engineering, and other
STEM related items. Only observational data and interaction logs
were collected, children were not surveyed regarding their use
of the system. Our team had two stations one where children

6 http://cast.boisestate.edu/.
7 https://github.com/BSU-CAST/KidSpell.

http://cast.boisestate.edu/
https://github.com/BSU-CAST/KidSpell
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ould program robots and another where they could search for
TEM-related and local-area information.
With regards to the essay data collected from the university

iteracy program, parental consent and child assent was obtained
or anonymized data collection at the beginning of each semester.
either is required for participation in the literacy program;
child’s experience in the program does not vary depending
pon whether or not consent was provided. Writing samples and
elated data from students and families who did not provide
onsent were not included in this study.
The speech synthesis preliminary study was conducted with

0 children (ages 6–11) who were part of an intergenerational
esign team that meets twice a week after school. Those children
ere recruited via publicly posted flyers and localized social me-
ia platforms. The purpose of the investigations were explained
o participants and their parents. Parents signed consent forms
o allow their children to participate, and children assented to
articipate. Child design partners receive a technology gift at the
nd of the year (valued at up to $120 USD).
Both the intergenerational design team and STEM event obser-

ation and logging protocols were approved by the institutional
eview board.
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ppendix. Machine learning evaluations

As described in Section 4.2, we considered a number of ma-
hine learning models for leveraging proposed features and iden-
ifying more suitable spelling suggestions. Inspired but the re-
earch works reported in Fomin and Bondarenko (2018), Huang
t al. (2013), we considered logistic regression, a decision tree,
andom forest, and a multilayer perceptron (MLP), as well as
earning-to-rank models.
We conducted a number of empirical evaluations on the afore-

entioned models, which we trained and evaluated using the
hildrensMSP dataset described in Section 3. Fig. A.19 and
ig. A.20 capture the hit-rate and MRR for the machine learning
odels explored. These results further emphasize our decision to
se lambdaMART for KidSpellλ (as described in Section 4.2).
Each model was optimized to use the following hyperparam-

ters (unspecified parameters are the default values according to
he scikit-learn library version 0.23.2):

Decision Tree (DecTree):

Max Depth: 5
Criterion Function: entropy

Random Forest (RandForest):

Max Depth: 5
16
Fig. A.19. Hit-Rate for various k (number of suggestions) on spelling errors made
in typed search queries with a comparison between different machine learning
models.

Fig. A.20. MRR using top 5 suggestions for typed search queries with a
comparison between different machine learning models.

Number of Estimators: 50
Criterion Function: entropy

Multilayer Perceptron (MLP):

Hidden Layer Sizes: 150,100,50
Activation Function: tanh

Logistic Regression (LogReg):

Regularization: L2
C: 10
Solver: lbfgs
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