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Lexiland: a Tablet-based Universal Screener for Reading Difficulties

in the School Context

Abstract

Massive and timely screening of the student population for early signs of reading difficulties is
needed to implement timely effective remediation of these difficulties. However, traditional
approaches are costly and hard to apply. Here we present Lexiland, a tablet-based reading
assessment tool for kindergarten and primary school children developed to be applied in
school settings with minimal personnel intervention. Following a story line, players help a
character of the game perform several tasks that measure different predictors of reading
outcomes. Most of the tasks that usually involve a verbal response were switched to receptive
tasks to demand a touch-screen response only. The tablet application was administered to a
sample of N=616 5-yo kindergarten children and to a sub-sample of these children twice during
the following two years (First and Second Grades). Applying logistic regression and cross-
validation, we selected a reduced subset of tasks that can predict with great sensitivity and
specificity, whether a five-year-old child will have reading difficulties by the end of first grade
(sensitivity, 90% and specificity 76%) and two years later (sensitivity 90%, specificity, 61%).
Importantly, Lexiland is a scalable tool to implement universal screening, given the increasing

availability of devices able to run android and iOS applications.
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A child facing difficulties with learning to read in first grade is much like the case of the tortoise
and the hare: they are just taking a bit more time than their peers, but will catch up eventually,
they just need more time. This same logic holds for second grade. In third grade, if he is still
struggling, then he is referred to a specialist who, in many cases, will make a Dyslexia
diagnosis. Only then will the child be directed towards a personalized remedial program. This
is the current protocol in many countries (Seidenberg, 2017, Chapter 11). While the reasoning
behind this sounds intuitive, it has dire consequences for children undergoing such difficulties.
Several studies show that children with reading difficulties face exclusion from the educational
system, limitations in their socioemotional development, and higher rates of depression and
anxiety (Arnold et al., 2005; Sprenger-Charolles et al., 2011). Moreover, poor readers
accumulate less reading experience than their peers, thus acquiring less vocabulary, in a
downwards spiral known as a “Mathew effect” where rich get richer and poor get poorer
(Stanovich, 1986). In Uruguay, a report from 2016 based on PISA scores, showed that only
53% of 15-year-olds attain minimal competences in reading, which is also a strong predictor
of dropout risk. Among children that do attain sufficient reading competence, 90% will finish
high school, while among children that do not attain sufficient reading competence, only 17%
will (Cardozo, 2016; INEEd, 2016).

An alternative to this wait-for-failure approach is prevention. In the past four decades, research
in cognitive science has found a set of skills that develop before reading instruction, referred
to as preliteracy skills, that are strong predictors of future reading difficulties. These preliteracy
skills include, prominently, phonological awareness (PA), letter knowledge (LK), and rapid
automatized naming (RAN), among others. Briefly, PA refers to the ability to identify and
manipulate the sound structure of the oral language and is usually measured in tasks that
require, for example, segmenting words into their constituent syllables or phonemes. LK is the
ability to map letter names or sounds to their corresponding written representations. The RAN
task measures naming speed and lexical access by presenting a grid of objects, colours,
letters, or numbers that the participant has to name as quickly and accurately as possible.

Numerous laboratory studies have shown the predictive value of preliteracy skills in estimating
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future reading outcomes (Boets et al., 2007; Lyytinen et al., 2006; Muter et al., 2004;
Schatschneider et al., 2004).

Thus, by assessing preliteracy skills in kindergarten, it is possible to identify children at risk of
developing reading difficulties early on, and thus profit from early intervention. In medicine,
the term screening refers to this approach, namely, testing for risk markers of a future
condition, typically in order to provide early intervention. Screening differs from diagnosis in
that the condition has not yet developed, and thus cannot be diagnosed. The goal of screening
is to identify individuals who are likely to develop a certain condition in the future and, when
possible, quantify the probability that they will develop the condition. Screening can target a
particular group of individuals—for example those with higher risk due to a genetic
predisposition—or it can be universal, that is, targeting all individuals in a certain population.
For example, universal screening for hearing loss is performed on every newborn in countries
as different as the United States, Uruguay, and Spain (Calonge, 2008; Ministerio de Salud,
2017). For universal screening to be effective, a set of criteria need to be met. In the following

section, we detail these criteria.

Desirable Features of a Universal Early Screener

A universal screener needs to be timely

Even though remedial interventions are more effective the earlier they begin, it is common
practice for diagnosis and referral to wait until children show evident signs of underperforming
compared to their peers, which generally occurs around third grade (Ozernov-Palchik & Gaab,
2016; Wanzek & Vaughn, 2007). At this point, children have struggled with reading for two or
three years and have accumulated less reading experience and developed a negative attitude
towards literacy overall (Stanovich, 1986). Thus, not only the optimal window of opportunity

has been lost, but also novel cascading negative effects need to be overcome.
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A universal screener needs to be feasible and cost-effective for large samples

While many research studies have shown the predictive validity of preliteracy skills as
longitudinal predictors of future reading success (Andrade et al., 2015; Catts et al., 2009;
Furnes & Samuelsson, 2010; Lonigan et al., 2000; Moll et al., 2014; Muter et al., 2004; Peng
et al., 2019; Puolakanaho et al., 2007; Thompson et al., 2015), extrapolating to universal
applications is not ftrivial. In a research context, preliteracy skills are usually assessed
individually by a trained researcher or research assistant, with sample sizes in the order of
tens to a few hundreds, and lately—but rarely—closer to one thousand (see for example
Ozernov-Palchik et al., 2017). However, if screening is to be applied to hundreds of thousands
of children, the individual approach is hard to sustain, especially in developing countries. The
cost-effectiveness of screening can be dramatically improved through digital screening, made
possible by recent technological developments. Digital screening has many potential
advantages. First, it allows the assessment tasks to be “gamified”, increasing children’s
motivation and engagement, and making it possible for collective self-assessment (Hautala et
al, 2020), thus eliminating the need for trained applicants . Second, responses can be
recorded and automatically processed, also without the need for trained staff. Third, data
collection is ongoing and continuously updated, such that local up-to-date norms can be
calculated. This last point is a long-standing issue for the more precise identification of risk
profiles, as norms vary by population and literacy stage. All these advantages combined can
significantly decrease the cost of early screening, making wide-spread implementation
possible. For this promise to be fulfilled the screener has to show validity and reliability values

at least comparable to those of traditional tests.

A universal screener needs to have high sensitivity and specificity
As in all screening and binary classification methods, the quality of the method is expressed
by two quantities, the sensitivity of the method refers to the proportion of positive cases (i.e.,

those belonging to a class) that the method classifies as positive and the specificity which is
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the proportion of negative cases that the method correctly identifies as not belonging to the
class. When creating tests, there is always a trade-off between sensitivity and specificity. For
example, a classifier trying to identify children at-risk of developing reading difficulties could
classify all children as at-risk, thus having 100% sensitivity, but 0% specificity, as it would
erroneously classify all children who are not at-risk as at-risk. Previous studies in reading have
obtained the best sensitivity and specificity when behavioural predictors are combined with
brain measures such as EEG or fMRI, reaching up to 90% sensitivity and 80% specificity
(Hoeft et al., 2011; Molfese, 2000). Unfortunately, brain measures greatly increase the cost of
screening, making it unfeasible for large populations. Another approach to improving
sensitivity and specificity has been to include response to intervention (RTI) in the screening
process (Vellutino et al., 2008). That is, including individual gains in preliteracy or literacy skills
during in group intervention to predict future reading gains. This approach yielded 95%
sensitivity and specificity levels in a sample of approximately 120 children when RTI measures
where included, and 68% sensitivity and 72% specificity when only initial screening scores
were included in a sample of approximately 400 children. Thus, when only single-assessment
behavioural measures are used, sensitivity and specificity are generally lower. For example,
in the Jyvaskyla Longitudinal Study of Dyslexia in Finnish, a 90% sensitivity was obtained with
65% specificity when LK, RAN, and familial risk of dyslexia were assessed at 5.5 years of age
in a sample of 200 children (Puolakanaho et al., 2007). Equivalent levels were obtained in a

study in English with 260 children (Thompson et al., 2015).

A universal screener needs to be unbiased

The sample used to build a prediction model of reading difficulties should be representative
of the larger population, so that its results can be generalized without bias. Many of the
aforementioned studies based their models on samples with a disproportionately high
percentage of children at high-risk of developing dyslexia, either because of genetic risk or
prior screening (Puolakanaho et al., 2007; Thompson et al., 2015; Vellutino et al., 2008).

Naturally, this is an appropriate approach in longitudinal studies focused on advancing our
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understanding of the cognitive underpinnings of reading difficulties, which was the aim of these
studies. However, this becomes a limitation when trying to generalize the findings to the larger

population.

Digital And Game Based Screeners of Future Reading Skills

There are currently many commercially available screening tools for reading difficulties. A
search in the Academic Screening Tools from the National Center on Intensive Intervention
(https://charts.intensiveintervention.org/ascreening), shows ten screening tools targeted at
elementary (K5) children: DIBELS, FastBridge, Imagine Learning ,i-Ready Diagnostic, i
STEEP, Lexia RAPID Assessment, MAP, mCLASS Reading 3D, PALS, and TPRI Early
Reading Assessment. However, its technical rigor is highly variable, with some of them
showing convincing evidence for their classification accuracy, some of them showing
unconvincing evidence, and some showing no evidence at all. Only few of them report its
validity and generalizability, and the ones that exist, are published in technical reports (Baker,
et al 2007), something that is also true of other popular tools like ISTATION (Basaraba, Sparks
& Ketterlin-Geller, 2018), or NWEA (NWEA, 2019). In addition, none of them fulfils the
requirements of scalability for universal use, since they are mostly based on one-on-one
assessments, and most frequently on paper format.

The use of digital devices like tablets, cellular phones, or computers to apply educational or
psychological assessments has been sought since the advent of digital technologies. It cannot
be said that this is a new field, but lately it has been maturing into a fully developed field
(Bennett, 2015, 2018; Neumann et al., 2019; Neumann & Neumann, 2019). In particular, for
the assessment of children’s abilities, game-based approaches seem to be particularly well
suited (Hautala et al, 2020). In the early days, most digital technologies were compared with
traditional paper and pencil methods, with mixed results with respect to the compatibility
between the new methods and the traditional ones (Bennett et al, 2008). The maturation of

the field brought the possibility of building new assessment tools based on cognitive principles
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and comparing the measurements of these tests directly to expected learning or psychological
outcomes.

When searching the academic literature for digital and game-based screeners of reading, we
found scarce evidence for pre-reading assessment tools. Rauschenberger and coworkers,
(2019), review screeners for readers and pre-readers. Most of the studies they found use small
sample sizes and do not attempt to predict reading outcomes longitudinally. Moreover, few
published studies attempt to predict reading behaviour from pre-reading measures. For
example, Drigas & Politi-Georgiousi (2019) review available game-based screeners for
dyslexia targeted to the preschool years, and enumerate seven available serious games for
screening dyslexia across different countries. However, while they were designed based on
the science of reading, similarly to commercially available ones, none of them were
experimentally validated through a longitudinal study that can effectively assess their
classification accuracy (see for example, Gaggi et al., 2012; Rauschenberger et al., 2020). A
few exceptions exist. Carson, Boustead and Gillon (2014) devised a game-based approach to
assess phonological awareness in classrooms, allowing them to predict from kindergarten (5
y.0.) to the end of first grade, the reading scores of children with great sensitivity and
specificity. When combined with first-grade mid-term re-evaluations they reached levels of
sensitivity above 94% and specificity of 90%. In a pilot study using a game-based approach,
Puolakanaho and Latvala (2017) could predict from 6.7 years of age (pre-school in Finland)
to the end of first grade, which children would be considered slow readers or fast readers,
achieving an impressive capacity to predict learning outcomes, with a sensitivity of 95.7% and
a specificity of 81.8%. Singleton, Thomas & Horne (2000), could predict 50% of variance in
reading at age 8 by assessing auditory verbal short-term memory and phonological awareness
at age 5. One possible objection to these studies is that they did not use any validation
procedure to estimate out-of-sample prediction capability and that they used a relatively small
sample size. Despite these criticisms, these studies clearly show the advantages of using
digital game-based tools for assessment. In this sense these tools make universal screening

a definite possibility.
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In sum, while great efforts have been made in specifying the desirable features of a universal
screener, and many studies have addressed a wide range of them, rarely have all these

requirements been met in a single study.

Early predictors of future reading outcomes: preliteracy skills

As briefly outlined in the first section of the Introduction, preliteracy skills (PA, LK and RAN,
among others) have shown high predictive value in estimating future reading outcomes. PA
has been consistently shown to be reduced in dyslexic readers (Melby-Lervag et al., 2012) as
well as in illiterates (Huettig & Pickering, 2019; Morais et al., 1987), which has led to assign
PA as a central skill for reading acquisition. What is the role of PA in reading acquisition? The
first step of reading acquisition encompasses the decoding stage. During decoding, children
take each letter in a written word, transform it into its corresponding sound, and blend these
sounds together, in order to access the words phonology and meaning. In order for this
process to be successful, children need to be aware of the fact that oral language, perceived
as a continuous acoustic stream, is composed of individual discrete units (phonemes) that are
combined to form words; and they need to be able to access these phonemes, in order to map
them to their corresponding grapheme/letter. These awareness and access are what we call
PA, thus, PA is central to the decoding process. A second element for decoding to be
successful is LK, since children need to know the letters (their shape, name and sound) in
order to map them to their corresponding phonemes (Foulin, 2005). The third preliteracy skill,
RAN, takes particular relevance in a following reading stage, that of automatizing decoding to
attain reading fluency (Norton & Wolf, 2012). Initially, decoding is slow and effortful, however,
it needs to be automatized so that cognitive resources can be redirected to higher levels of
reading, such as meaning construction. RAN reflects children’s naming speed and lexical
access (that is, accessing words’ morphology, phonology, semantics, and syntax) as well as
children’s abilities involved in shifting the visuo-attentional focus from one word to the next
when processing multi-word sequences. Apart from these, other constructs have also been

consistently linked to reading outcomes. These entail, broadly, oral language skills other than
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PA, such as grammatical knowledge and vocabulary. Although they are typically more relevant
in later stages of reading acquisition, especially during reading comprehension, they are also
indirectly linked to decoding through the preliteracy skills stated above (Dickinson et al., 2010).
Several previous studies have provided convincing evidence of the strong link between
preliteracy skills and reading acquisition (Boets et al., 2007; Lyytinen et al., 2006; Muter et al.,
2004; Schatschneider et al., 2004). For example, Hulme and colleagues (Hulme et al., 2015)
conducted a longitudinal study of typically developing children and children at risk of reading
difficulties (due to family risk), before and after school entry. In a sample of 246 children, they
evaluated PA, LK, RAN and other oral language skills such as articulation, sentence structure,
and vocabulary. After school entry, they evaluated word-level reading and reading
comprehension skills. Results showed that PA, grapheme-phoneme knowledge (which
involved LK and letter writing) and RAN at 4.5 years of age significantly predicted early word
reading, single-word reading and speeling at 5.5 years of age, which in turn predicted reading
comprehension at age 8. Many others have shown similar patterns in English and other
languages (Furnes & Samuelsson, 2010, 2011; Georgiou et al., 2008; Landerl et al., 2013;
Landerl & Wimmer, 2008; Lonigan et al., 2000; Lyytinen et al.,, 2006; although see
Zugarramurdi et al., 2021 for a discussion on the effects of orthography on prediction patterns).
However, they have mostly been conducted within laboratories, limiting its generalizability to

more ecological contexts.

The Present Study

Given the available evidence, we hypothesized that screening for reading difficulties by
measuring preliteracy skills digitally, with children playing in parallel, in the school setting, is
both feasible and cost-effective. These measures should be tested for internal consistency,
external validity, and, specially, for predictive validity. Thus, if we base the design of a
screening tool on the science of reading, we expect these criteria can be met by creating a
digital app. If this is the case, the tool can be used to easily predict which children will show

reading problems, and more importantly, it will allow us to intervene early on.
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In the present work, we developed a universal screener that is not only cost-effective, non-
biased, and comprehensive but also short enough and feasible for school settings. For this
purpose, we developed a game-like digital App, which we named Lexiland, targeted at children
attending K5, which can be self-administered in a school setting. Crucially during the
development of the app, we had to create minigames that measure the relevant reading
predictors, but requiring minimal or no intervention from applicators or raters. In order to
ensure the validity of the tool we need to test whether the measures so obtained are valid. In
order to assess this App’s predictive longitudinal validity, an initial sample of more than 600
children was followed for three years and assessed at three time-points: mid-term K5, end of
first grade, and end of second grade. Children were assessed on preliteracy and broader
cognitive skills and predicted as poor readers or typical readers based on their reading skills
at the end of first grade. We show that, even when used in parallel, in groups, in the school
setting, the Lexiland screener attained high classification accuracy for first and second grade

reading skills.

Methods

Participants

Sampling comprised 26 public schools in Montevideo, Uruguay. All schools were above the
fourth quintile in socioeconomic status (Q4 = 9 schools, Q5 = 17 schools), according to the
public school system rating (Administracion Nacional de Educacién Publica, ANEP). Schools
were either part-time or full-time. All children attending K5 level at Time 1 (821 children) were
invited to take part in the study. Only those whose parents signed the consent form finally took
part. Sample size at Time 1 included 616 (75%) children. At Time 2, 397 (64.4 %) out of the
original 616 children continued in the study. According to the data available in the public-
school system database, 76% of the children continued in G1 at the same school where they
had attended K5, 5% moved to private schools and 13 % switched between public schools.

The remaining 6 % could not be tracked (most of them due to a mismatch between their ID
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number in our database and the one in the educational system). At Time 2 one of the schools
dropped out of the study for scheduling reasons (2.5% of children), and the remaining
children’s parents did not sign the consent to continue with the study (11,5 %). At Time 3, all
children that had taken part at Time 1 or Time 2 and that were still attending any one of the
26 participating schools were invited to continue the study, except for 5 schools that could not
continue for scheduling reasons (92 children). At Time 3, 250 children continued in the study
(62.9 % of Time 2 sample, 40.5 % of Time 1 sample). We do not have access to the mobility
occurring between Time 1 and Time 2 thus we cannot describe the reasons for the dropout.
Time 1 data collection took place in the second trimester of the school year, between June
and August 2016; Time 2 and Time 3 data collection took place in the last trimester of the
school year, between October and December 2017 and 2018 (in Uruguay the academic year
starts in March and ends in December).

Children were assessed at their School, in groups of 4 to 5 children. Each child was assessed
in 4-5 sessions, approximately 20 minutes each in Time 1 and Time 2, and 1 session of 20
minutes at Time 3 (only reading measures were included at this timepoint). Two research

assistants monitored task performance and were available to clarify instructions on demand.

Task and Measures

Lexiland General Design

The Lexiland video game (Figure 1) was developed to assess preliteracy and general cognitive
skills, targeted at children in the last year of kindergarten (K5) and first grade (G1). The tasks
included assessments for: phonological awareness (PA), letter knowledge (LK), rapid
automatized naming (RAN), vocabulary (VOC), short-term memory (STM, verbal and non-
verbal), 1Q, and reading. We measure predictors and factors that allowed us to compare our
data to the other studies already cited. In order to increase children’s motivation and
engagement in autonomous play, tasks were embedded in a videogame-like ludic narrative,

with a main character and rewards for task completion. All tasks consisted of 2 to 3 example
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trials, 4 to 5 practice trials with feedback, followed by test trials without feedback. Effort was
made to avoid the need to obtain verbal responses, to automate data collection and
processing. Thus, verbal responses were replaced by multiple choice items when possible
(except for the Reading and RAN tasks). Instructions and auditory stimuli were pre-recorded
and presented via headphones. Response times and errors were recorded in all tasks. A
comprehensive description of each task is available below, additional information on the

Lexiland App design and tasks can be accessed in the supplementary material.

& o’ a{gc_ls'i;:
. - -
"LEXILAND
3 .a il ~—
- ; === =8 ]
1.login 2. create player 3. select player 4. create board
r e # y : #
¥ U ) | » @4 3 » @ = '.‘.' f :
: I 3 < 4 {
- A H 1 J e y
8. task inside 7. main board 6. game intro
= R
A } s 4 _Fanl ‘
e R 3 I ] a m . ]
9. repeat practice 10. test phase 11.reward 12. end screen

Figure 1. Lexiland® game flow. Screens 1 to 5 show the user interface for the adult user, Screens 6 to
12 show the user interface for children. Screens 8 to 10 are variable depending on the task being

administered, The example depicts the Onset Matching task.

Phonological Awareness (PA)

Phonological awareness was assessed through four tasks: segmentation, blending, onset
matching and rhyme. For each task, two separate subtasks at the syllable and phoneme levels

were presented (except for rhyming).



TABLET SCREENER FOR READING DIFFICULTIES 16

Segmentation. A word was presented aurally together with a picture of it, children were
asked to segment a word in either syllables or phonemes. In order to avoid verbal responses,
together with the picture of the word, illustrations of dices corresponding to numbers two to
four for syllables, and three to five for phonemes appeared on the screen. The answer was
given by tapping on the dice corresponding to the number of syllables or phonemes in the
word. Within each grain size, items ranged from two to four syllables, and three to five
phonemes. Within each length, approximately half of the items began with CV syllables, and
half with CCV syllables. The task consisted of 22 syllabic items and 28 phonemic items.

Blending. Children were asked to blend aurally presented syllabic or phonemic
segments into a word. The answer was given by selecting one out of four pictures presenting
the target word and three distractors (one semantically related, one phonologically related and
one unrelated). Within each grain size, items ranged from two to four syllables, and four to six
phonemes. Within each length, approximately half of the items began with CV syllables, and
half with CCV syllables. The task consisted of 18 syllabic items and 16 phonemic items.

Onset matching and rhyme. Children heard pairs of words (rhyme also included
pseudowords) and saw pictures for each of them (except for pseudowords). They had to
answer whether both words started with the same syllable or phoneme (isolation) or rhymed
(rhyme). The answer was given by tapping on a tick or a cross on the screen. For onset
matching, within each grain size, items ranged from two to three syllables, and four to six
phonemes. Within each length, approximately half of the items began with CV syllables, and
half with CCV syllables. For rhyme, all items had three syllables and a CV syllable structure.
The onset matching task consisted of 27 syllabic items and 32 phonemic items, the Rhyme

task consisted of 10 word and 10 pseudoword items.

Letter Knowledge (LK)

Letter knowledge was assessed separately for letter name and letter sound. In each subtasks

the name or sound of each letter was presented aurally, and children were asked to choose
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the correct visual letter among three options: the target, a visually similar distractor (Boles &

Clifford, 1989) and an unrelated distractor. There were 22 items of each type [for a total of 44].

Rapid Automatized Naming (RAN)

Children were presented with an array of 5 items repeated 6 times each and were asked to
name them as fast and as accurately as possible. Items were either objects (gato, jugo, mano,
silla, queso [cat, juice, hand, chair, cheese, respectively]), colours (azul, negro, rojo, verde,
blanco [blue, black, red, green, white]), numbers (4, 5, 7, 8, 9) or capital letters (F, M, N, S,
R). Notice that all items are disyllabic. Number of errors and total time were recorded. All
children were presented with the 4 subtasks. All subtasks were preceded by a familiarization
phase where they were asked to name each item separately to ensure that they knew its

name.

Vocabulary (VOC)

At Time 1, Receptive vocabulary was measured through the BEST test (De Bruin et al., 2017).
Given that the accuracy results at Time 1 suggested ceiling effects, at Time 2 the Peabody
Picture Vocabulary Test (Dunn et al., 2006) was used. The procedure was the same on the

tablet as it is on paper, except that the response was given by tapping on the screen.

Short-term Memory (STM)

Verbal Short-term Memory. Verbal short-term memory was assessed through an
adaptation of the task described in Martinez Perez, Majerus, & Poncelet (2012). Monosyllabic
words were presented aurally (sol, pan, tren, rey, flor, pez [sun, bread, train, king, flower, fish])
followed by images corresponding to the words heard. Children were asked to order the
images according to the order of aural presentation. The sequence ranged from 2 to 6 items.

Non-verbal Short-term Memory. Visuo-spatial short-term memory was assessed

through an adaptation of the Corsi Block Tapping task (Corsi, 1972). Blocks were replaced by
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pictures of pigs to make it more attractive for children. Sequences ranged from 2 to 8 elements.

Testing was interrupted if 3 errors were made on 4 consecutive trials of the same length.

Nonverbal IQ (1Q)

Nonverbal IQ was measured using the Matrix Reasoning subtest of the Spanish version of the

Wechsler Preschool and Primary Scale of Intelligence (Wechsler, 2001).

Reading

Decoding (Time 1 & 2). We measured phonological decoding (Decoding, from now on)
in two ways. At Time 1, a list of 15 frequent words and 15 pseudowords was presented in
paper; children were asked to read them aloud. At this point children were not expected to
read given the guidelines of the Education System in Uruguay for K5. The number of errors
was recorded. At Time 2 the reading assessment included two subtasks: i) decoding of a list
of 30 words and 30 pseudowords presented digitally, one word per screen; ii) word and
pseudoword decoding of the PROLEC-R battery (Cuetos et al., 2007), in paper, which consists
of 80 items.

Fluency (Time 2 & 3). Fluency was assessed via a two-minute reading test that
consisted of reading as fast and as accurately as possible a meaningless text of 278 words in
2 minutes (following Clark, Guediche, & Lallier, 2021). The text was presented in paper.
Number of words read, and number of errors were recorded.

Comprehension (Time 2 & 3). Reading comprehension was assessed through the
sentence comprehension subtask of the PROLEC-R battery (Cuetos et al., 2007). The task
consists of 17 items of increasing complexity. The first 3 items consist of reading and
performing an action (i.e., “tap on the table three times”, the following six items consist of
reading and completing a drawing (i.e., “draw three apples in the tree”) and the last 7 items
consist in reading and choosing one out of 4 pictures (i.e., “the horse is smaller than the
elephant”). Thus, the first 9 items were presented in paper, and the last 7 items were presented

digitally. Sentences were written in uppercase format.
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Data Analysis

All data analysis was performed using the R package (R Core Team, 2020)

Model Specification

Two logistic regression models were fit to the data in order to predict reader status. First, a full
model with all cognitive and demographic variables was computed. Second, a reduced model
was fit to reduce the number of predictor variables. Only variables with significant contributions
to discriminating reader status at the 0.05 level were retained.

The significance of model coefficients was tested under a Wald |l Chi Square test (i.e., the
contribution of each variable is tested above and beyond all other variables in the model), and
nested models were compared through likelihood ratio tests. Model fit was estimated through

Nagelkerke pseudo R? theoretical method built into the MuMin package (Barton, 2019).

Cross Validation

To test how well the fitted models will perform in a new sample of children, cross-validation
was performed on the reduced model. Cross validation improves the generalizability of the
model by training it with one sample and testing it on a new sample of unseen data. For G1
reading scores, the model was trained on a random sample of 70% of the data, and
classification accuracy was tested on the remaining 30%. This split yielded a sample size of
approximately 100 children in the test set, where approximately 16 children were expected to
belong to the poor readers’ group. A larger split (such as an 80/20 split) would reduce the
number of children expected to belong to the poor readers’ category and therefore increase
the chances of finding convergence issues during model fit. The procedure was repeated 1000
times in order to account for the random sampling in the cross-validation process. Next, in
order to test the stability of model predictions, the model built with G1 scores was used to

predict unseen G2 scores.
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Model performance was assessed using ROC curves, area under the curve (AUC), and the
specificity levels obtained for 90% and 80% sensitivity. ROC curves represent the ratio
between true positive rate (TPR or sensitivity) and false positive rate (FPR or 1 - specificity)
in any binary classification model, for different cut-off thresholds (Table 1). The default
threshold in a binary classification model is 0.5, meaning that if the predicted probability of a
single case (i.e., child) is above 0.5, it is labelled as positive (in this case, poor readers),
otherwise it is labelled as negative (in this case, typically-reading). The sensitivity and
specificity trade-off can be modified by changing the threshold cut-off in the binary
classification model. When classes or groups are balanced (that is, when it is equally likely to
belong to the at-risk or to the not at-risk class), a 0.5 threshold is appropriate. However, when
classes are unbalanced, as is the case with reader status, other thresholds might produce
better performance. Since the present data is unbalanced, we will focus the presentation of
results on the specificity levels obtained for 90% and 80% sensitivity (instead of presenting
them for 0.5 and/or 0.25 threshold cut-offs which is the common practice). Area under the
curve (AUC) value ranges from 0.5 to 1, where 0.5 indicates classification at chance level, and

values above 0.8 are generally deemed as acceptable (Catts et al., 2009).

Table 1. Types of errors and successes in a binary classification model

Condition positive (TP + FN) Condition negative (FP + TN)
Predicted positive True positive (TP) False positive (FP)
Predicted negative False negative (FN) True negative (TN)

TP TN

Sensitivity (TPR): —— Specificity (TNR): ———

TP, FP, FN, TN refers to the total number of children in the corresponding condition; TPR: true positive

rate; TNR: true negative rate
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Results

Reader status at the end of G1 was longitudinally predicted from the cognitive and
demographic variables measured in K5 using two logistic regression models (full and reduced,
see Methods section). Reader status was composed of two groups: typical readers (n = 324)
and poor readers (n = 64). The full model included all of the measured cognitive and
demographic variables, while the reduced model retained only the variables that significantly
contributed to the prediction of reader status with at least 95% confidence. Their performance
was assessed through model comparisons with likelihood ratio tests and goodness-of-fit
statistics (Akaike information criterion [AIC], Bayesian information criterion [BIC], and Log
likelihood). Furthermore, in order to assess the generalizability of the models, the reduced
model was refitted with cross-validation. Its relative performance was compared through

classification accuracy statistics (Area under the curve AUC, sensitivity, and specificity).

Reader Status

Reader status was defined as the arithmetic mean of the z scores for decoding, fluency, and
comprehension (correlations: decoding and fluency: r = 0.67, decoding and comprehension: r
= 0.83, fluency and comprehension = 0.67, all p values < 0.001). Distribution of decoding,
fluency, comprehension, and their composite scores are displayed in Figure 2. Tasks show a
bimodal distribution, with a subset of children showing no reading skills in either decoding,
fluency, or comprehension. In line with this, and in order to partition these results to create a
dichotomous variable for classification, the reading composite measure was transformed into
a discrete variable with two levels. Setting a threshold for classification is a non-trivial problem
that has been solved in many ways. In the reading literature, thresholds have been set at
various levels including reading composites scores below the 10" or 20" percentiles as well
as below 1 SD or 1.5 SD—which in a normal distribution represent the 16" and 7" percentiles,
respectively (Elbro, 1996; Maurer et al., 2009; Pennington et al., 2012; Puolakanaho et al.,

2007; Thompson et al., 2015). In trying to set a meaningful threshold for our sample, we
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decided on using the 16™ percentile (a -1 z score in a normal distribution, and -1.3 z score in
our bimodal distribution) since it reached a balance between strong theoretical and pragmatic
motivations. On the one hand, it yielded a poor readers group with virtually no reading skills
(see Table 2). On the other hand, it provided a large enough poor readers group for cross-
validation purposes. Thus, children with a reading composite score below the 16" percentile
(-1.3 z score) were categorized as poor readers (PR, n = 64), and those above that threshold

as typical readers (TR, n = 324).

decaoding (acc) comprehension (acc )

0.00 025 0.50 075 1.00 0.00 025 0.50 075 1.00

fluency (wpm) composite (z score)

Table 2 shows average reading scores by reader status. On average, TR correctly decoded
84% of the presented words, comprehended 71% of the presented sentences, and read 24
words per minute. On average, PR correctly decoded 5% of the presented words,

comprehended 2% of the presented sentences, and read two words per minute. This group’s
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average z scores on the composite reading measure were 1.6 SDs below the mean. Thus,
the PR group showed virtually no reading skills by the end of first grade.

Table 2. Descriptive statistics for reading measures for typical readers (TR) and poor readers (PR)

decoding (acc.)  comprehension fluency (wpm) composite (z) N
(acc.)
reading M S M S M S M S
status
TR 0.84 0.18 0.71 0.28 2438 15.00 0.30 0.64 324
PR 0.05 0.08 0.02 0.05 213 3.10 -1.59 0.15 64

Note: TR: typical readers, PR: poor readers, M: mean, S: standard deviation, acc: accuracy, wpm:

correct words per minute.

Predictor Variables in the Full and Reduced Models

The full model included all of the collected cognitive and demographic variables: Age, Gender,
SES, IQ, non-verbal and verbal STM, vocabulary, RAN, letter knowledge, and phonological
awareness. Among these, only SES, non-verbal STM, letter knowledge, and phonological
awareness were significant predictors of reader status above and beyond all other variables

in the model (Table 3). The Nagelkerke pseudo R2 for this model was 70%.

Table 3. Coefficients for the longitudinal prediction of reader status in G1 from K5 variables (full and reduced

models)

model Term estimate std.error statistic p.value conf.low conf.high

full (Intercept) -3.40 0.49 -6.98 0.000 -4.46 -2.53
Age 0.09 0.19 0.45 0.654 -0.29 0.46
Gender (Male) 0.47 0.41 1.14 0.254 -0.33 1.28
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SES (linear) -1.76 0.57 -3.07 0.002 -3.13 -0.78
SES (quadratic)  -0.87 0.50 -1.74 0.082 -1.90 0.10
Q -0.01 0.25 -0.06 0.953 -0.51 0.46
verbal STM -0.33 0.25 -1.36 0.173 -0.82 0.14
non-verbal STM -0.53 0.22 -2.40 0.016 -0.97 -0.10
vocabulary -0.17 0.20 -0.88 0.377 -0.55 0.22
RAN 0.32 0.25 1.32 0.188 -0.16 0.81
letter knowledge -0.84 0.31 -2.76 0.006 -1.48 -0.27
phonological -0.81 0.41 -1.97 0.049 -1.65 -0.04
awareness

red Intercept -3.20 0.42 -7.69 0.000 -4.11 -2.47
SES (linear) -1.76 0.57 -3.09 0.002 -3.13 -0.79
SES (quadratic) -0.83 0.49 -1.68 0.093 -1.86 0.12
non-verbal STM -0.61 0.20 -3.01 0.003 -1.02 -0.22
letter knowledge -1.02 0.29 -3.52 0.000 -1.64 -0.49
phonological -1.17 0.38 -3.11 0.002 -1.95 -0.47
awareness

Note: red: reduced. SES: socio-economic-status, STM: short-term memory, RAN: rapid automatized
naming. SES is an ordinal variable and thus includes a linear and a quadratic term. Bold rows show
significant coefficients at the 95% level.

With respect to the reduced model, which only included SES, non-verbal STM, letter

knowledge, and phonological awareness, it did not perform significantly worse than the full
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model (X?(6) = 4.78, p = 0.57). All predictor variables were significant at the 99% level. The
Nagelkerke pseudo R? for this model was 71%. Thus, even though it reduces the number of
variables that need to be measured—thus reducing assessment time—model fit is as good as
the one of the full model.

To gain insight and interpretability from the model outcomes, the predicted probabilities of
belonging to the PR group were estimated for different preliteracy skills profiles and SES
levels. The following test cases were analysed: children with performance at -1 SD in either
nvSTM, LK, PA, or all three, and for a child with average scores (0 z score). According to the
reduced model, a child with average preliteracy skills, irrespective of SES background, has a
5.8% risk of being in the PR group. When SES is taken into account, this risk goes up to 9.2%
for children from low SES homes and down to 0.0% for children from high SES homes (Figure
3). Low performance in any one of the preliteracy skills considered increases the risk by
approximately 0.1 points for low and middle SES homes and only about 0.02 points for high
SES homes. When performance is low in all of the preliteracy skills considered, the risk of
being in the PR group is approximately 12% for high, 57% for middle, and 62% for low SES

children.

0.6

o
=

profile

B avg

B lowST™
lowLK
lowPA
lowAll

Predicted probability of PR group

0.0 — ‘

High Middle Low
SES

Figure 3. Predicted probabilities of belonging to the poor readers group (PR) by preliteracy skills profile

and SES (reduced model).
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Cross Validation Performance for The Reduced Model

Finally, for the reduced model, cross-validation was performed to test its generalizability.
Complete performance for each model iteration is presented in the ROC curve in Figure 4.
The model shows high classification accuracy, with an AUC of 0.88 (min = 0.7, max = 0.97,
SD = 0.04, Cl.low = 0.88, Cl.high = 0.89) and 76% specificity (min = 0.27, max = 0.96, SD =

0.1, Cl.low = 0.75, Cl.high = 0.77) for 90% sensitivity.

1.00 D m—r—
QU

025

0.00 0.25 0.50 0.75 1.00
FPR (1 - specificity)

Figure 4. ROC curves for the reduced model. Grey dotted lines show 80% and 90% sensitivity (TPR)
levels, corresponding to between 70% and 85% specificity levels. FPR: false positive rate, TPR: true

positive rate

Stability Of Reader Status and Model Prediction

Two questions remain regarding the long-term trajectories of the children in the PR group.

First, how stable are poor readers’ trajectories. In other words, do poor readers in G1 still show
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reading difficulties in G2? Second, how does the classification model perform when instead of

predicting reader status in G1, it is used to predict reader status in G27?

Reader Status in G2

The proportion of children from the PR group in G1 that were still in the PR group one year
later was analysed. From the 388 participants in G1, 201 children continued in the study in G2
(51%). Reading difficulties in G2 were defined following the same criteria as in G1 and
contained the children in the bottom 16% of the distribution of the reading composite (the
threshold for this split was -0.4 SD). Out of the 64 children in the PR group in G1, 24 remained
in the sample in G2. Out of these 24, 21 (83.3%) were still in the poor readers in G2 (X4(1) =
90.537, p < 0.001). Thus, reading difficulties showed a stable trajectory in which children with

difficulties in G1 are highly likely to continue showing reading difficulties in G2.

Stability in Model Prediction

The reduced model described in Table 3 was used to predict reader status in G2. This model
was built using SES, non-verbal STM, letter knowledge, and phonological awareness as
predictor variables, and reader status in G1 as the outcome variable. Then, we asked whether
the parameters obtained from that model could successfully predict reader status in G2. That
is, we performed cross-validation with reader status in G2 as the test set. The model attained

61% specificity for 90% sensitivity and an AUC of 0.84.

Discussion

The results presented above show that it is possible to attain high classification accuracy from
an early digital screener, self-administered in school. By assessing only three cognitive skills
(non-verbal STM, letter knowledge, and phonological awareness), the screener correctly
identified nine out of ten (90% sensitivity) kindergarteners who developed reading difficulties
one year later—in G1—and nearly eight out of ten (76% specificity) who will go on to read as

expected. Moreover, it also identified children who showed reading difficulties two years
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later—in G2—with high accuracy (90% sensitivity and 60% specificity). Thus, there is no
reason for maintaining a wait-for-failure approach to reading difficulties, as this entails dire
consequences for the socio-emotional and professional life trajectories of children with reading
difficulties (Ozernov-Palchik & Gaab, 2016).

Notably, the model showed classification accuracy levels that are equivalent to those obtained
through one-on-one assessment by trained personnel (Puolakanaho et al., 2007; Thompson
etal., 2015) and it is in line with other studies that use digital media (Puolakanaho and Latvala,
2017, Hautala et al, 2020). Moreover, our analysis follows a robust validation procedure, which
ensures that the sensitivity and specificity obtained will generalize outside of our sample. This
is in itself an accomplishment for the Lexiland screener and provides excellent potential as a
universal screener. By using this screener with every child attending K5, it would be possible
to set in place timely remediation programmes, which are known to be increasingly effective
the earlier they begin (Wanzek & Vaughn, 2007). This approach’s potential within small groups
in schools, along with its short assessment time, is a highly valuable feature.

The ability to read is highly dependent on previous language knowledge which is highly
variable between children of different socio-cultural environments (Hart, & Risley, 2003). In
line with this observation, socio-economic status was a significant predictor variable in all our
models. Unfortunately, aiming for SES as a target for intervention is a much larger endeavour
than focusing on preliteracy skills. Adequate teaching of letters names and/or, together with
training in phonological awareness and short-term memory —which can also be supported by
digital Apps (Potier-Watkins & Dehaene, 2021 and Richardson & Lyytinen, 2014)— should
therefore be a primary concern of teachers and teachers’ educational programmes. Here,
again, evidence from cognitive science can inform educational practices (see, for example,

Sunde et al., 2019)

Educational Implications

The present results show that Lexiland can be used as a universal screener. We are currently

presenting these results to local authorities, while it is already being used in several studies in
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nearby countries (e. g., Argentina). Thus, we expect to be part of a National Policy for literacy.
Lexiland can be used individually by teachers interested in having a more accurate
assessment of children’s skills. While, of course, teachers regularly assess their students’
progress, evidence shows that the correlation between teachers’ assessments and
standardized measures of preliteracy and literacy skills is moderate, and that teachers tend to
overestimate their students’ skills (Cabell et al., 2009; Martin & Shapiro, 2011). Lexiland could
be used to identify at-risk children and monitor their progress throughout the school year.
Moreover, an overall assessment of the whole class can aid teachers in lesson planning, for

example, by targeting the letters that are not known by most of the class.

Limitations

The present study was composed of an unselected sample of children attending K5 in middle
and high SES public schools in Montevideo, Uruguay. Despite this being an advance with
respect to studies with selected samples of at-risk children, it is nonetheless not a
representative sample of the entire population, and thus its generalizability is limited to children
attending schools with similar demographic characteristics. It should be noted though, that the
sensitivity and specificity levels reported here are the result of cross-validation which, in and
of itself, is a thorough test of Lexiland’s model generalizability. Still, a future assessment
should focus on testing a new, shorter version of the battery—possibly assessing only letter
knowledge, phonological awareness, and non-verbal short-term memory—in a representative
sample of children with a broader range of SES statuses and from the entire country. It is
important to note that the population of Montevideo represents approximately half of the

country’s population, so such an adjustment in sample is realistically within reach.

Future Directions

The present study did not include family-risk status, a commonly used predictor of reading
difficulties, since the information obtained from families was incomplete and unreliable. While

it is possible that classification accuracy could improve by including this information, such as
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in Puolakanaho et al.’s study (2007), other studies show that family-risk status is no longer
relevant when preliteracy skills are included in the model (Thompson et al., 2015).
Nevertheless, this should be tested in future work.

Even though Lexiland shows very high classification accuracy, its performance could
potentially be improved by using other modelling techniques. Classification trees have shown
great promise in improving predictive outcomes (Matsuki et al., 2016; Petscher & Koon, 2020).
Moreover, classification trees are more amenable to non-experts such as parents and

educators.

Conclusions

To conclude, given the availability of digital devices like tablets, phones and computers, early
and timely identification of at-risk children is a feasible, inexpensive endeavour. Of particular
importance, Lexiland’s reduced version, which only entails three skills (phonological
awareness, letter knowledge, and memory) measured in receptive tasks, attains high
sensitivity and specificity, equivalent to the one as the general model. The fact that all tasks
are measured receptively, without the need for any personnel, greatly increases the scalability
of our tool, without sacrificing external and predictive validity.

It is well established that the earlier the identification, the more successful the intervention
(Wanzek & Vaughn, 2007). Thus, the combination of early identification with effective teaching
and remedial interventions (such as the program DALE, Diuk, 2019) can greatly improve the
reading capabilities of at-risk children. Lexiland is a scalable solution that can be administered

universally in varying conditions and settings.
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