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Abstract

Background: Early literacy and numeracy skills are developed during early childhood.

Among the many factors that influence the development of such skills, the literature

shows that the executive functions, especially the response inhibition (RI)—that is the

capability to block out or to tune out what can be considered irrelevant information

or action to the learning task—is one of the most essential functions. There are spe-

cific tests used to appraise these children's inhibition skills, but these tests are gener-

ally time-consuming, and demand specialized human resources.

Objectives: We present a computational approach to model children's RI behaviour

through the analysis of educational traces left in an educational app. This modelling

allows the automatic and instant identification of the RI level of children without the

need of a human-conducted test.

Methods: Our modelling is based on two definitions of RI found in the literature,

from which we derived a mathematical formalism of three variables we used to query

the traces dataset and isolate the RI behaviour of each student from the learning

traces generated in the app. The sample population is composed of children from

diverse socioeconomic backgrounds. The model is then assessed by comparing it to a

traditional human-conducted RI test suitable for kindergarten children, the Head-

Toes-Knees-Shoulder (HTKS) task.

Results and conclusions: The results show that our RI model can explain an impor-

tant part of the HTKS variance (up to 0.45 according to the adjusted R2) when taking

the HTKS results as a dependent variable for a multiple regression model. In practice,

our model can be integrated in a learning app and become a powerful tool for instant

preliminary identification of dysfunctional RI behaviour, especially in the early stages

of children's education. Once students are identified by our model as having a dys-

functional RI behaviour, teachers can rapidly act to help them. Besides, the proposed

model requires only very simple data to work, which means it can be easily integrated

into different learning apps.
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1 | INTRODUCTION

Research in the area of school readiness emphasizes that, during the

preschool years, children experience significant cognitive develop-

ment and early learning (Duncan et al., 2007). In this context, execu-

tive functions are major predictors of later school success (Fuhs

et al., 2014; Moffitt et al., 2011). Executive functions are a set of

effortful mental processes we use to pay attention and to stay

focused (Diamond, 2013). Interestingly, they have been shown to pro-

mote the acquisition of early numeracy and early literacy skills

(Schmitt et al., 2015), which are themselves major predictors of pre-

schoolers' later success.

In this article, we focus on the relationship between early numer-

acy and early literacy skills and their relationship with executive func-

tions. More precisely, we argue that early literacy and early numeracy

learning requires better assessment and real-time consideration of

executive functioning in general, especially response inhibition (RI).

We propose to adopt a learning analytics (LA) approach and design a

computational model capable to measure the executive functioning of

RI through the analysis of e-learning traces. To achieve this goal, we

propose and formalize three computational variables that are derived

from the analysis of the traces left by the students' interactions with

an educational app (shown in Figure 1) and are validated through an

executive functioning task.

Developing such a model could be useful by providing an instant

assessment of the students' RI skills, and therefore enhance the identifi-

cation process of students who are lacking these skills. Moreover, the

application of such computational models in psychology can help to

understand many aspects of human behaviour and cognition, such as

memory, perception, reasoning, decision making, and so on. (Farrell &

Lewandowsky, 2018). Some similar work from the literature in the

domain of LA focuses on modelling students' forgetting (Choffin

et al., 2019; Lalwani & Agrawal, 2019), while others like Rajendran et al.

(2018), Syed et al. (2020), Marchal, Castagnos & Boyer (2018), and

Ant�on-Méndez et al. (2019) use gaze data to respectively predict learn-

ing and working memory (WM). Similarly, the paper of Matayoshi et al.

(2019) models and predicts students' knowledge retention, while some

other works are related to different types of cognitive flexibility (CF)

(Moissa, Bonnin, Castagnos & Boyer, 2019; Naik & Kamat, 2019). As

will be shown in this article, our proposed model can for now help to

understand, although only to a certain extent, the relationship between

RI and early literacy and numeracy.

1.1 | Executive functioning

Best and Miller (2010) define executive functioning as the adaptive,

goal-oriented control of thoughts, behaviours, and emotions. Exec-

utive functioning is also defined as a high-level cognitive system

that integrates and controls low-level skills such as processing

speed and memory span (Demetriou et al., 2010). Miyake et al.

(2000) and Zink et al. (2021) distinguished three related but distinct

components of executive functioning: WM, CF, and RI. In the

remainder of this article, we will rely on this definition of executive

functioning as three different but related components. The WM

describes the ability to retain spatial or verbal information in one's

short-term memory and to simultaneously eliminate irrelevant

information and/or modify the information retained (Willoughby

et al., 2012). The CF includes maintaining focus and flexibly adapt-

ing to change goals or stimuli (Rueda et al., 2005). Finally, the RI

that refers to the ability to override a dominant or prepotent

response in favour of a more adapted one (Friedman &

Miyake, 2004).

RI mechanisms are distinguished according to the type of

motor or cognitive process. Motor RI refers to the ability to control

one's behaviour by restraining automatic or predominant motor

behaviours (e.g., control of motor impulsivity). The cognitive side of

RI refers to the control of the information one is processing

(e.g., suppression of automatic or irrelevant information during

ongoing cognitive processing). Across the preschool period, chil-

dren show improvements in the ability to suppress a motor

response such as a button press (Carver, Livesey, & Charles, 2001;

Simpson & Riggs, 2006) or verbal response (Espy et al., 2006), and

the ability to produce a response that conflicts with prepotent

tendencies.

Some recent studies show that the components of executive

functioning can be dissociated (Lonigan et al., 2016; Miller

et al., 2012) and predict different educational outcomes (McClelland

et al., 2014). The three components of executive functioning develop

in a significant and linear fashion during childhood. The preschool

years are considered an important period for the development of

executive functioning because of the rapid changes in the prefrontal

cortex between the ages of 2 and 5 (Zelazo & Müller, 2011). Several

authors suggest that RI and WM develop first, and then allow for the

development of CF (Best & Miller, 2010; Diamond et al., 2002; Garon

et al., 2008).

F IGURE 1 Screenshots of the app. The two first pictures correspond to activities of early literacy and the others to activities of early
numeracy.
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1.2 | Early literacy

Early Literacy is the acquisition of the skills, knowledge, and attitudes

that are the developmental precursors of conventional forms of read-

ing and writing (Whitehurst & Lonigan, 1998). The four most widely

studied aspects of early literacy are alphabet knowledge, phonological

awareness, vocabulary, and oral comprehension (Lonigan &

Shanahan, 2008). Alphabet knowledge refers to letters' names and

sounds, as well as recognizing the visual shape of the letters and their

sound values (Noel Foulin, 2005). Phonological awareness is the abil-

ity to detect and manipulate the sound structure of oral language

(Whitehurst & Lonigan, 2002). Vocabulary is the set of words in a lan-

guage that a person has or uses. Comprehension is the interpretation

of information contained within a text, the use of prior knowledge to

interpret this information, and the construction of a coherent repre-

sentation of the text by the reader (Kendeou et al., 2007). These

dimensions can be used to predict future skills (Catts et al., 2015;

Duncan et al., 2007).

1.3 | Early numeracy

Early mathematics skills cover several domains, including numeracy,

geometry, patterning, and problem solving (National Research

Council, 2009). Although each of these early skills is distinct, they

begin to develop during early childhood (Litkowski et al., 2020) and

interact with each other to build more advanced mathematics skills

(Purpura et al., 2013). Krajewski and Schneider (2009) argue that chil-

dren go through several phases to acquire increasingly cognitively

complex early numeracy skills. First, children learn to recognize small

sets without counting (subitizing), distinguish between small quantities

(set comparison), and retain the verbal counting sequence. Second,

children apply the counting sequence to fixed sets (one-to-one count-

ing) and make links between each of the number words and their

respective quantity (e.g. apply cardinal number knowledge). Third,

children combine number words and quantities into new number

words and quantities without using physical objects (e.g., story prob-

lems). Linking new knowledge to existing knowledge allows children

to develop a deeper understanding of mathematics.

1.4 | Response inhibition as a predictor of early
literacy and early numeracy

The literature shows that the development of executive functioning

allows children to be attentive, to persevere in particularly difficult

tasks, and above all to avoid distractions. All of these behaviours offer

more learning opportunities for children (McClelland et al., 2015). A

considerable amount of work has also found links between executive

functioning and children's performance in early literacy and early

numeracy (Blair & Razza, 2007; McClelland et al., 2014).

These links are usually stronger and more consistent between

executive functioning and early numeracy than between executive

functioning and early literacy (Allan et al., 2014). Especially, RI is a

good predictor of early numeracy even after statistically controlling

for important covariates such as the child's age, verbal and/or general

intelligence, and maternal education (Blair & Razza, 2007; Espy

et al., 2004). However, the association between RI and early literacy is

less clear. While some studies find that RI is an important predictor of

some aspects of early literacy (Cameron et al., 2012), other studies

find that RI and early literacy are not significantly related (Davidse

et al., 2011; Lan et al., 2011). Because of these links between execu-

tive functioning, early literacy, and early numeracy, and especially

because of the important predictive role of RI in early numeracy per-

formance, we propose in this article a method to model the

students' RI.

1.5 | Learning analytics

LA first appeared in the early 2010s (Johnson et al., 2012). Histori-

cally at the intersection of machine learning, statistics, human–

computer interaction, and learning science, they were already

erected as a full discipline in 2013 (Siemens, 2013). The general

objective is to exploit the large amount of learning traces left by

students through their interactions with online educational services

(intelligent tutoring systems, learning management systems,

MOOCs, and so on) to improve the quality of the teaching

(Keshavamurthy & Guruprasad, 2015). These systems have rapidly

gained popularity and are now used in nursery school and elemen-

tary school (Medeiros Machado et al., 2020; Ebner & Schön, 2013;

Martinez & LaLonde, 2020; Triana et al., 2015), high school

(Jones, 2019), university (Leitner et al., 2017), and even for lifelong

learning in companies (Domenjoz, 2017).

The applications are multiple and include visualization tools such

as student and teacher dashboards (Brun et al., 2019), early prediction

of at-risk students, intervention techniques to help them

(Wise, 2014), and automated recommendation of suitable educational

content (Karypis, 2017; Machado et al., 2021).

Year after year, many new objectives and a greater variety of

traces emerged, for example integration of skills to be achieved

(Lockyer et al., 2013), prediction of memorized items, and adaptation

to the speed of learning (Marchal, Castagnos, & Boyer, 2016), adapta-

tion to intellectual disabilities (Cano et al., 2018), use of gaze data

(Beuget, Castagnos, Luxemburger, & Boyer, 2019), evaluation of the

effort provided by students (Moissa, Bonnin, Castagnos, & Boyer,

2019; Chong et al., 2018), evaluation of the learning quality

(Bondareva et al., 2013).

Although large-scale proof of the effectiveness of LA tools and

the benefits they bring to learners is still lacking (Ifenthaler &

Yau, 2020; Viberg & Grönlund, 2021), first encouraging results do

exist. For instance, a between-group study of 482 students (241 stu-

dents per group), each of them taking seven Moodle courses, showed

a 15.11% (p < 0.001) gain in final grade in the group that received

feedback through LA compared with the control group (Lim et al.,

2021). In line with these works, our perspective is to provide teachers

858 MEDEIROS MACHADO ET AL.
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with an additional performance indicator (a measure of each student's

progress in RI), to facilitate the detection of students who are strug-

gling. In this article, we make the first step towards that goal by study-

ing to what extent such an indicator can be automatically obtained

from the traces left by the learners during their interactions with our

application.

1.6 | The current study

Given the role that RI plays in early literacy and early numeracy acqui-

sition, this article aims to analyse learning traces left by children dur-

ing early literacy and early numeracy activities. Our goal is to identify

the signs of RI present within these traces and to exploit them to pro-

vide some automated assessment of RI.

Traditional (non-automated) tests to measure RI include the

Stroop test and the Head-Toes-Knees-Shoulder (HTKS) task, which

will be presented in Section 2.3.1. However, they present some limita-

tions such as the need for a human specialist to supervise their execu-

tion and compute the results. For children at kindergarten, they also

have the drawback of being time-consuming and presenting results

with a short lifespan since the children's cognitive capabilities are con-

stantly evolving in this phase.

Being able to automatically assess RI would allow pinpointing in

real-time the children who may be facing difficulties in early literacy

and early numeracy because of a low level of RI. Such a mechanism

could help teachers to be alerted that a specific student is struggling

with early literacy or early numeracy acquisition, allowing them to

take specific actions to help the student.

The automatic identification of RI from simple students' traces is

not a simple task. There are two main challenges to provide such

automatic identification: (1) the need to properly process and isolate

the specific RI behaviour from the learning traces; and (2) the need to

validate the isolated RI behaviour. One of the ways to perform such

validation is to compare the automated assessments with traditional

RI test results. This article addresses both challenges and shows our

findings in explaining children's RI behaviour using learning traces. In

Section 2 the method to isolate the RI behaviour is presented, then

the results and the discussions of the comparison with a traditional RI

task are presented in Section 3. The conclusions and future directions

are presented in Section 4.

2 | METHOD

2.1 | The LINUMEN project

The goal of the LINUMEN project is to create and test an educational

tablet app (some screenshots shown in Figure 1) that aims at helping

kindergarten students develop their early literacy and early numeracy

skills. To ensure the resulting app was geared to the needs of French

kindergarten children and was compatible with use in France's kinder-

gartens (écoles maternelles), both researchers and education

professionals (teachers, educational advisers, national education

inspectors) were included in the design team.

The resulting educational tablet app “appLINOU” is one of only a

few French preschool educational apps developed by a university

team. It contains 20 activities covering a wide range of early literacy

and early numeracy skills (see Appendix 1 and 2). Each activity

increases in difficulty in five stages corresponding to children's abili-

ties during five periods of kindergarten, from the start of the second

year to the end of the third (final) year. Each stage of an activity

includes around 15 items of varying difficulty. A mascot named

LINOU introduces each activity by explaining its purpose (thereby

making the activity more meaningful to the child) and provides feed-

back during the exercises. When children answer an item correctly,

the mascot gives a positive and motivating feedback. When children

answer incorrectly, it encourages them to try again. If the second

answer is also incorrect, it provides guidance (scaffolding) on how to

find the right answer. If the third answer is still incorrect, it describes

the solution in detail (see Appendix 3).

The gestures required to complete the app's activities—dragging

and dropping and selecting images—are straightforward and suited to

children of kindergarten age. The app includes other functions to

enhance its educational impact. For example, rather than receiving

automatic feedback on their answers, children must click on a button

to check whether a response is correct. This function gives children

extra time to think about their answers. Another button allows chil-

dren to listen to the instructions again at any time.

2.2 | Participants

This study was conducted in the Lorraine Region located in northeast

France, which is home to approximately 2.4 million people. Participants

were 442 kindergarten students (221 girls and 221 boys), their mean age

(collected at the beginning of the experiment) was 4.43 years with a

standard deviation of 0.28. Only children with no known developmental

difficulties were selected to participate in this study. A particular atten-

tion was given to select schools from different geographic areas (urban

vs. rural), and different socioeconomic status (SES). The SES index of

each child's family is calculated by combining scores for five indicators:

father's level of education, mother's level of education, father's profes-

sion, mother's profession, and household income.

This information was collected by a questionnaire sent to parents.

Parents' reported highest education level yielded six categories: 1 =

less than high school (Mother = 7%, Father = 3%), 2 = vocational or

technical program (M = 7%, F = 12%), 3 = high school diploma

(M = 15%, F = 9%), 4 = Associate's Degree (M = 10%, F = 18%), 5 =

Master's Degree (M = 35%, F = 24%), and 6 = PhD (M = 26%,

F = 34%). The father's and mother's profession have been categorized

in six categories (1 = manual worker to 6 = executive manager)

according to the classification of the French National Institute for Sta-

tistics and Economic Studies (INSEE1). The parental monthly income

1http://www.insee.fr/
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was measured on a 6-point scale ranging from 1 = less than 1000 € to

6 = more than 4000€ per month. The mean family income was

2550€ (standard deviation ¼910€). The strong correlations between

these five indicators (which ranged from 0.53 to 0.78 and were all sig-

nificant at p<0.01) justified grouping them. The SES was then mea-

sured by the average of the five indicators. This average ranges from

1 to 55 (mean = 3.98, standard deviation = 1.17). The children were in

11 classes at three kindergartens which differed in terms of their stu-

dents' socioeconomic backgrounds. All classes were selected to partici-

pate in the experiment in each selected school. For this study, we

selected all children who had their parents' permission to participate in

the experiment. Students from the first school were mostly from disad-

vantaged backgrounds; students from the second school were mostly

from advantaged backgrounds; students from the third and final school

were from a variety of socioeconomic backgrounds.

2.3 | Measures

2.3.1 | Head-Toes-Knees-Shoulders

To compare the automated assessments with traditional RI test

results, we relied on a behavioural task: the HTKS (McClelland

et al., 2014). This task requires the children to provide a motor

response to a verbal command. In Part 1, two conflicting instructions

are presented to the child: Touch your toes and touch your head.

When the examiner says, ‘Touch your toes’, the child must touch his

or her head and vice versa. In Part 2, new conflicting instructions are

added to the first two instructions: Touch your shoulders and touch

your knees. In Part 3, there is a final rule switch: in this section, the

head is now associated with the knees and the feet with the shoul-

ders. The scoring system is the same for each of the three parts: two

points for a correct response, one point for a self-correct (child cor-

rects his or her response unprompted), and a score of 0 for an incor-

rect response. In our case, the maximum possible score for the

30 items was 60 points. Higher scores indicate higher levels of self-

regulation skills (Cronbach's a = 0.92).

2.3.2 | Response inhibition variables

As explained in the previous sections, we propose to look at students'

traces to identify the RI behaviour. More precisely, we propose three

new variables to model RI.

The reasoning used to define these variables is that, by using the

app, the students leave behind footprints of RI behaviour mixed in

their performance traces. Such footprints are subsets of traces iso-

lated from the students' performance dataset. Each subset is defined

by querying the dataset to find a specific combination of traces that

can be interpreted as the representation of a RI behaviour. To isolate

these footprints, we defined three RI variables. These variables were

first proposed in a preliminary short paper (Medeiros Machado et al.,

2020), and were then refined and assessed for this study. The three RI

variables are the following: The first represents students who insisted

on the same error consecutively (SERIALFAIL); the second represents

students who failed very fast (FASTFAIL); the third represents stu-

dents who committed the most common error of the activity

(COMMONFAIL). In the remainder of this article, we will use the fol-

lowing notation to formally define the RI variables. S¼ s1, s2, …, sjSj
� �

will denote the set of students, while A¼ a1, a2, …, ajAj
� �

will repre-

sent the collection of all proposed activities. The whole set of

responses that a student s has given to an activity a will be listed in

the sequence Rsa ¼ ⟨r1, r2, …, rjRsa j⟩. Each response of a specific activity

ri �Rsað Þ is then assigned to the set of wrong answers

Wa ¼ w1, w2, …, wjWa j
� �

, or to the set of correct answers

Ca ¼ c1, c2, …, cjca j
� �

. The time spent by the student to provide the

answer is also encoded within the responses r.

Using this notation, we have Rsa\Wa the set of wrong answers

given by student s on activity a and Rsa\Ca the set of correct answers

given by student s on activity a. We can notice that in our context,

this last set can be either a singleton corresponding to the correct

answer that the student gave or an empty set when the student gave

no correct answer.

Students who insisted in the same error (SERIALFAIL)

This variable is based on the definition of dysfunctional behaviour of

executive functioning given by Henry and Bettenay (2010). The

authors define that a dysfunctional executive functioning behaviour is

characterized by a person ‘trapped in “repetitive cycles” of a previ-

ously learned pattern’. To isolate this repetitive behaviour, we took

the errors registered by each child in the app and ordered them in

temporal sequences. To be considered a sign of a behavioural prob-

lem, the same error must happen multiple times in sequence.

A practical question to the definition of students who insisted in

the same error (SERIALFAIL) is how many times each specific error

must happen in sequence to be considered as a repetitive cycle of

previously learned pattern. In the case of our study, each student has

up to three chances to correctly answer a question, otherwise, the

appLINOU gives the correct answer, and the student does not gain

the points of the question.

This parameter is key to the definition of the SERIALFAIL vari-

able. To define and formalize it, it must be clear that repetitive errors

must appear in a timely sequence without any other registered

answers within a SERIALFAIL sequence. Taking as input a timestamp

ordered dataset, we can formally define the sequence of recorded

errors in each question as:

SEsa ¼ ri �Rsa\Wa j 8j� 1, 2, 3, …, kf g, ri ¼ rj
� �

SEsa depicts an error that a student s perpetrated several times in an

activity a. The reason why j starts in 1, is because we are interested in

the errors the students committed from their first answer to each

activity. The value k represents the parameter of how many times the

same wrong answer must appear to be considered as a dysfunctional

RI behaviour. Given this definition of SEsa, we define the SERIALFAIL

variable as follows:

860 MEDEIROS MACHADO ET AL.
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SERIALFAIL sð Þ¼ log
X
a

jSEsaj
 !

: ð1Þ

A concrete example of a student's behaviour targeted by this variable

is presented in the activity ‘The bee is foraging’. This activity demands

the student to slide a bee into a targeted flower, a set of flowers is

displayed in a queue, and they are described by their colour and posi-

tion in the queue. The student was requested to put the bee into the

first purple flower. However, when performing the activity, the stu-

dent misplaced the bee twice. For this variable, we are not interested

to know where the student put the bee, the important information is

that it was misplaced twice in a row.

Students who failed very fast (FASTFAIL)

This variable is derived from the definition of RI by Miyake et al.

(2000), that is ‘one's ability to deliberately inhibit dominant, automatic,

or prepotent responses when necessary’. We are especially interested

in measuring the student's ability to fast inhibit a prepotent wrong

answer. To do so, we look at the time the students took to wrongly

answer each question.

The key question to ask here is how much time represents a fast

failure that can represent an inability to suppress a wrong answer. Dif-

ferently from the first variable, this time threshold needs to be defined

first in the means of each question presented in the app. In other

words, we need to know how much time is demanded by each ques-

tion to be correctly answered. Second, we need to look at the stu-

dent's behaviour to find traces of dysfunctional behaviour, that is all

the time a specific student wrongly answered a question in less time

than the threshold specifically identified for this question. This thresh-

old is defined by taking the answer time distribution of each question.

Further details about this definition are given in Section 2.4.2. Once

the threshold is known, the student dysfunctional traces are isolated

and used to compute the students who failed very fast (FASTFAIL)

variable.

We can formally note AWa as the set of all wrong answers

provided by all the students for the exercise a, ordered by increas-

ing timestamp. A threshold ϕa is then used to determine if a fast fail-

ure has occurred in activity a. Once we get ϕa, the student's subset of

answers representing a very fast failure attempt is easily defined as:

VFsa ¼ ri �Rsa\Wa j time rið Þ≤ϕaf g

To exemplify this variable, we take the same activity used before

(‘The bee is foraging’), but instead of looking for how many times

the student misplaced the bee we are interested in how long it

takes the student to fail. If a student takes less than 8 s to slide the

bee into the wrong flower, we consider such an answer as a dysfunc-

tional RI behaviour. This threshold is different for each activity, and it

is learned by our algorithm by looking at the students' traces of each

specific activity.

Finally, we have:

FASTFAIL sð Þ¼ log
X
a

jVFsaj
 !

: ð2Þ

Students who committed the most common error (COMMONFAIL)

The final variable is also defined by taking the definition of RI of Henry

and Bettenay (2010) presented for SERIALFAIL. However, in the case

of students who committed the most common error (COMMONFAIL),

we are mostly interested in isolating the behaviour that represents

wrong ‘previously learned patterns’. To identify such wrong learned

patterns, we will use the community knowledge. That means such pat-

terns can be shared by a group of students and by the analysis of their

behaviour we will be able to identify and isolate them.

A concrete example to clarify this definition is taken from one of

the app activities. Imagine that one of the activities demands that the

student selects a regular pen, but instead, the student selects a pencil

(a very similar object). If most of the students make this same mistake

in this activity, then we identify a wrong learned pattern.

The key concept and question here is how many times the same

error should happen in an activity to be considered a COMMONFAIL.

Further details about how to find the optimal number of times each

wrong answer must appear to be isolated by COMMONFAIL are

given in Section 2.4.2.

To define COMMONFAIL formally, we first need to isolate the

most common error of each activity. Let mca be the most common

error of each activity a defined as mca ¼ argmax
r

P
δrr0 , where

r, r0 �AWaf g and δ is the Kronecker delta function. For each activity a

and each student s, we then define the set of responses that corre-

spond to the most common error as:

MCsa ¼ ri �Rsa j ri ¼mcaf g

Based on this definition, we have:

COMMONFAIL sð Þ¼ log
X
a

jMCsaj
 !

: ð3Þ

Besides these formal definitions, all three variables SERIALFAIL,

FASTFAIL, and COMMONFAIL are also represented graphically in

Figure 2, which shows a direct overview of the target behaviour each

of the proposed variables aims at isolating; SERIALFAIL showing the

repetitive cycles, FASTFAIL showing the inability of RI captured in a

fast failure, and COMMONFAIL showing the wrong previous learned

patterns.

2.4 | Procedure

2.4.1 | Data collection procedure

The data collected for this study was generated by the use of

appLINOU and was gathered after each kindergarten class finished
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their daily activities. Each class used the app at least once a week dur-

ing the period from February 2019 to May 2020 included. This period

covers the second and the third year of France's kindergartens. For

our experiment, we used only the data from the second year (called

‘moyenne section’). The second year is also separated into first and

second periods' which we will identify by the acronyms MS1 and

MS2, respectively. The data used in our experiments concerns MS1

and MS2 and it was collected from February 2019 to April 2019. To

ensure the quality of the gathered data, each teacher received specific

training to implement a strict protocol that guided the experiment.

To minimize the bias of the results between each school, all the

schools used the app at the same pace, that is the experiments started

and finished the same specific weeks in all schools. The students also

followed the same schedule to perform the activities. The teachers

were responsible to perform a synchronization of the data collected in

each tablet at the end of the day.

Because of the difficulty to implement the HTKS task with all

children involved in the experiment, we decided to measure stu-

dents' RI at only two distinct periods. The first was at the beginning

of the MS1 period and the second at the end of the MS2 period.

The goal was to target two distinct periods in time of the same

scholar year to assess how much explanation can the proposed RI

variables provide about children's RI behaviour at different periods

of time.

2.4.2 | Analytic procedure

Collected dataset

After performing the data preprocessing, the dataset was split into

two parts belonging to MS1 and MS2 periods respectively. The

identification of each period is also important to later associate

each student's respective result in the HTKS test for MS1 and MS2

and build the RI dataset. Each line of the collected dataset at the

end looks like the example presented in Table 1. The column ‘St.
ID’ represents the identification of the student in the app. ‘Act. ID’
is the identification of the question the student answered.

‘Answer’ stores binary information either Right if the student cor-

rectly answered the question or Wrong otherwise. ‘Correct %’ is

the percentage of the question the student got right; the student

needs to get 100% of correctness in a question to register a Right

code in the column ‘Answer’. ‘Time’ is the information of how

many seconds took the student to answer such a question. ‘Rec.
Answer’ is the record of the response the student gave to the ques-

tion. Finally, ‘Timestamp’ stores the date and time when the stu-

dent answered the question.

Parameters' optimization

As described in Section 2.3.2, each proposed RI variable requires the

definition of relevant values to their parameters. For SERIALFAIL, it is

important to determine how many times a student should repeat the

same error in sequence to consider him/her trapped in a ‘repetitive
cycle’ of a previously learned pattern. For FASTFAIL, the important

parameter is the time threshold to consider that the student commit-

ted a fast error in an activity. For COMMONFAIL, it is the number of

times an error should appear in an activity to be considered as being

common. The definition of such parameters is not an easy task

because they depend on the student's behaviour, the activities' char-

acteristics, and the characteristics of the group of students. Given the

importance of such parameters to the definition of the variables and

the correct identification of RI dysfunctional behaviour, we decided to

define their values by using an optimization function. This function

will look for the parameters' values that correspond to the most

acceptable approximation of reality. To optimize the RI variables, we

need to define a target function that will receive a set of parameters

as input and will give a result that will be analysed to be minimized or

maximized. In our case, the target function is a multiple linear regres-

sion, and the result to minimize or maximize is the ‘adjusted R2’ (sim-

ply called R2 in the rest of the text). The function takes the set of our

RI variables as independent variables and the HTKS scores as the

dependent one to be explained. The optimization process then con-

trols the changing of the RI parameters and analyses the impact of

such changes by looking at the R2. This process is known as

‘hyper-parameter optimization’. Once the best parameters are found,

we can retrieve the resulting R2 and the learning traces that reflect a

dysfunctional RI behaviour.

The range used for the variables' optimization is defined as

follows:

F IGURE 2 A visual
representation of the three
proposed RI variable SERIALFAIL,
FASTFAIL, COMMONFAIL

TABLE 1 Example of students' traces
extracted from appLINOU and used to
model the response inhibition variables

St. ID Act. ID Answer Correct % Time Rec. answer Timestamp

1 AB1 Right 100% 10 s 1 1 January 2019–0:00 AM

2 AB1 Wrong 25% 30 s 0 1 January 2019–10:01 AM
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• Number of consecutive errors in SERIALFAIL: [2, 3]

• Time threshold for each activity in FASTFAIL: [0.01, 0.5]

• Number of times an error must appear to be considered common

in COMMONFAIL: [10, 60]

The SERIALFAIL parameter is limited to up to three errors

because this is the limit of attempts a student can make in the

appLINOU. The FASTFAIL parameter range is given by the percent-

age of the traces belonging to each activity in the dataset when

such traces are ordered from the fastest errors to the slowest ones.

So, 0.01 represents the top 1% of the fastest errors in the subset of

traces belonging to a specific activity. The COMMONFAIL parame-

ter range is given by the number of times an error must appear in

an activity to be considered a common error. The parameter has an

upper limit of 60 because this is the maximum number of times we

observed the same incorrect answer in a specific activity of our

dataset.

The optimization is performed through two sequential algorithms

that use decision trees, and one algorithm of Bayesian optimization

using Gaussian processes. For the decision tree-based algorithms, the

surrogate models used are ‘Extra trees regression’ (et) and ‘Random
Forest regression’ (rf). The results of the hyperparameter optimization

are shown in Figure 3, where gp_minimize corresponds to the

Gaussian-based strategy and forest_minimize(‘rf’) and forest_minimize

(‘et’) corresponds to the tree-based strategies using random forests

and extra-trees models respectively. The y-axis presents the values

of �(R2).

Based on the results of the optimization process, we selected the

forest_minimize(‘rf’) algorithm to extract the best parameters for the RI

variables, as it was the only one able to minimize the function

(i.e., giving the maximum value of R2) for both MS1 and MS2 periods.

Response inhibition datasets

Once the best parameters for the RI variables are obtained, two new

RI datasets are built, which contain the students' id, the mean score in

the activities (from now on referred to as activities scores), the RI vari-

ables, and the HTKS results, grouping each student in a line of a data-

set belonging either to MS1 or to MS2 period. The data about

performances in early literacy and early numeracy activities were

combined to form the student's activities score, which is given by the

mean score in such activities. It is important to stress that the RI vari-

ables act as pre-filters to build these datasets. For instance, a student

who never presents two or more wrong consecutive answers in any

activity will not appear in the RI datasets. For this reason, the stu-

dents' sample size differs on the regression tests for both periods

(MS1 and MS2) when compared with the number of students who

used the app. The next sections of this article will present the results

and the discussion based on the analysis performed over the RI

datasets.

3 | RESULTS AND DISCUSSION

We first focus on the descriptive analysis of the students' traces, spe-

cifically the students' activities scores, their HTKS scores, and the RI

variables. Table 2 presents the statistics where ‘MS1’ refers to the

first period and ‘MS2’ refers to the second period. The ‘SCORE’ cor-
responds to the number of right and wrong answers for each activity.

For appLINOU, a wrong answer is registered as the number 2 and a

correct one as 5. There was a significant enhancement in students'

activities scores for the ‘MS2’ period.
The RI variables SERIALFAIL, FASTFAIL, and COMMONFAIL pre-

sented the same behaviour, where we can notice a significant

decrease in the students' RI dysfunctional behaviour from MS1 to

MS2 period. We can also notice that the students had better activities

scores and higher HTKS scores in MS2 than in MS1. Note that the

only variable for which we did not find any statistically significant dif-

ference is the HTKS result.

F IGURE 3 The RI hyperparameters optimization results for both
MS1 and MS2 periods. (a) Optimization for MS1 period.
(b) Optimization for MS2 period.
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Next, we examine the correlations between the activities scores

and the HTKS scores. Figure 4 shows the Spearman correlations for

both MS1 and MS2 periods isolated but also across both periods.

Recall that the first HTKS test was performed at the beginning of the

MS1 period while the second HTKS test was performed at the end of

the MS2 period, while the activities scores were collected throughout

each period. Our results show important correlations between the

HTKS and the activities scores, in all cases, we found a statistically sig-

nificant moderate correlation (p < 0.05). These results therefore cor-

roborate the correlation between HTKS and students' performance in

the context of a learning app.

To determine to which extent our proposed RI variables relate to

the HTKS scores, we first looked at their respective Spearman correla-

tions. The results are shown in Table 3 for MS1 and Table 4 for MS2.

Note that for MS1, 144 students were considered, while for MS2

40 students were entered in the analysis. The reason for this differ-

ence is that the students had a worse performance in MS1, which led

to a bigger sample of students that presented one of the target behav-

iours filtered from the data by the defined RI variables.

Overall, we can see that, as expected, all RI variables negatively

correlate with the HTKS scores. In MS1, all correlations were statisti-

cally significant (p < 0.05). More precisely, we found a moderate cor-

relation for SERIALFAIL (�0.49), a weak correlation for FASTFAIL

(�0.33), and a moderate correlation for COMMONFAIL (�0.55). In

MS2, besides FASTFAIL, for which we found no statistically significant

correlations, and which had a very weak correlation (�0.13), both

other variables were significantly correlated with the HTKS scores

(p < 0.05). We found a strong correlation for SERIALFAIL (�0.64) and

a moderate correlation for COMMONFAIL (�0.47).

The SERIALFAIL and COMMONFAIL variables are also strongly

correlated in MS1 (0.76) and provide similar correlations with the

HTKS scores. However, SERIALFAIL and COMMONFAIL are weakly

correlated in MS2, but SERIALFAIL is highly correlated with HTKS in

this period. In general, our proposed variables therefore seem quite

relevant indicators of students' RI, especially the SERIALFAIL variable.

To confirm the previous results, we also performed a hierarchical

regression. The goal is to assess the effectiveness of each proposed RI

variable (independent variables) in explaining the variance of the

HTKS scores (dependent variable). To do so, we used each RI variable

as input of a multiple linear regression model step-by-step while veri-

fying the impact of inserting these variables by looking at changes in

the R2.

At each step, a new variable is added and the changes in R2, the

regression coefficient βð Þ, the T-test value (t), as well as the p-value

are verified. The first variable inserted is SERIALFAIL, followed by

FASTFAIL, and finally COMMONFAIL, the order of input of the vari-

ables does not affect the final result. Table 5 shows the obtained

statistics.

TABLE 2 Descriptive statistics
between the variables from MS1 and
MS2 periods

Variable Level Mean N SD Welch's t DF p

SCORE MS1 3.67 144 0.40 �3.59 54.90 0.00

MS2 3.97 40 0.48

SERIALFAIL MS1 3.71 144 0.70 12.99 69.01 0.00

MS2 2.22 40 0.62

FASTFAIL MS1 1.83 144 0.88 9.02 81.00 0.00

MS2 0.67 40 0.66

COMMONFAIL MS1 3.90 144 0.44 38.32 57.66 0.00

MS2 0.57 40 0.49

HTKS MS1 21.09 144 16.62 �1.11 61.31 0.27

MS2 24.45 40 16.99

F IGURE 4 Spearman's correlations between the students'
activities scores and head-toes-knees-shoulder (HTKS) scores for
both periods.

TABLE 3 Spearman's correlation between the variables from MS1
period

Level Variable 1 2 3 4

MS1 1.SERIALFAIL 1

2.FASTFAIL 0.55** 1

3.COMMONFAIL 0.76** 0.55** 1

4.HTKS �0.49** �0.33** 0.55** 1

Note: N = 144, **p<0.01.

TABLE 4 Spearman's correlation between the variables from MS2
period

Level Variable 1 2 3 4

MS2 1.SERIALFAIL 1

2.FASTFAIL 0.48** 1

3.COMMONFAIL 0.36* 0.00 1

4.HTKS �0.64** �0.13 0.47** 1

Note: N = 40, *p<0.05; **p<0.01.
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The table is split into two parts: MS1 at the top and MS2 at the

bottom. The first important result is the confirmation of SERIALFAIL

as an important variable to explain the variance of HTKS. In MS1 it

was responsible for 0.25 and in MS2 for 0.41 of the R2. The addition

of the other variables was comparably less important to the model

explanation, except for the addition of COMMONFAIL in MS1 period

which contributed with an extra 0.5 for the R2 results. When compar-

ing the MS1 and MS2 results, the first difference is that the adjusted

R2 achieved higher values in MS2. This was not a surprise since chil-

dren still had very few interactions with the app when the HTKS was

measured for MS1 because it was the beginning of the year. Another

difference is that for MS2 period, the COMMONFAIL variable loses

its importance in the model. Overall, all these observations reinforce

the importance of SERIALFAIL in explaining HTKS in both periods.

These results therefore confirm the relevance of our variables, and

especially that of the SERIALFAIL variable, which provided a good

explanation power for both periods.

Despite presenting a good explanation power regarding the HTKS

scores, the proposed RI variables present some limitations that come

either from the context of this study or from the nature of the RI tests

themselves. The way we modelled RI reflects the numerous

discussions between the psychology and computer science teams of

this project, but it does not mean that such variables can be used as

ground truth for modelling RI. Instead, we advise using them as pre-

liminary indicators for dysfunctional RI behaviour, which means they

are not able to replace any of the existing RI tests, but they can for

instance be used to alert the teachers of a possible dysfunctional RI

behaviour. Once our variables have identified some students with a

possible dysfunctional behaviour, a RI test (e.g., the HTKS task) can be

performed only in the subset of the identified students, saving time

while giving the teacher the possibility to propose specific actions to

help the students.

To the best of our knowledge, there is no other study that tries to

model the complex RI behaviour from simple student traces and

assess it with real students. So, this is a novel study that not only pro-

poses to model RI from traces but also assesses the proposition within

an important target group, that is kindergarten children. As specified

in the introduction, the kindergarten age range is the most important

to the development of RI. Moreover, it is also during kindergarten that

children will acquire early literacy and early numeracy skills.

Concerning the RI test, the HTKS was selected to be used in this

study because it is well suited to kindergarten children and because it

is related to the inhibitory control (McClelland et al., 2014). There are

fewer tests available to children under 8 years old (Henry &

Bettenay, 2010), which makes the HTKS a valuable resource even if

the test is also related to other executive functions. An executive

functioning test is generally composed of many dimensions of evalua-

tion. In the case of HTKS, visuospatial and verbal abilities are being

assessed, which is not always true in the case of appLINOU. For

instance, the app cannot assess the motor reaction of the students by

using only the traces in the app while the HTKS task can. This makes

the task of modelling RI from traces even more challenging, and that

is why we suggest the use of our methodology to support the identifi-

cation of students who will then be followed by a more traditional

RI test.

4 | CONCLUSIONS

This article presented a novel approach to model RI based on learning

traces from a learning app and assessed the extent to which this

approach could be used to explain the results of a RI test applied to

kindergarten students in France. The assessment was performed in

two distinct periods of time while the students were using appLINOU.

The results showed a good explanation power of the proposed RI indi-

cators, especially that of SERIALFAIL, as shown by a hierarchical

regression analysis.

The theoretical contributions of this article concern the proposi-

tion of a methodology to isolate the RI behaviour of kindergarten stu-

dents from learning traces. Such methodology is sufficiently generic

to be used with another learning app that collects simple interaction

traces. In practical terms, the RI variables can be used to generate pre-

liminary indicators of RI. Such indicators can be integrated, for

instance, into a teacher dashboard to provide real-time measures of

TABLE 5 Hierarchical regression from response inhibition
variables to head-toes-knees-shoulder (HTKS) result

Variable β t p R2

(A) HTKS for MS1 period N¼144ð Þ
Model Step 1 0:25

SERIALFAIL �12:03 �7:03 0:00

Model Step 2 0:25

SERIALFAIL �10:91 �5:23 0:00

FASTFAIL �1:56 �0:94 0:34

Ffor R2 change ¼ 0:07

Model Step 3 0:30

SERIALFAIL �5:62 �2:20 0:02

FASTFAIL �0:04 �0:02 0:97

COMMONFAIL �13:45 �3:35 0:00

Ffor R2 change ¼ 10:50

(B) HTKS for MS2 Period N¼40ð Þ
Model Step 1 0:41

SERIALFAIL �17:88 �5:35 0:00

Model Step 2 0:42

SERIALFAIL �20:71 �5:35 0:00

FASTFAIL 5:04 1:40 0:16

Ffor R2 change ¼ 0:94

Model Step 3 0.45

SERIALFAIL �17:34 �4:04 0:00

FASTFAIL 3:55 0:98 0:33

COMMONFAIL �7:61 �1:65 0:10

Ffor R2 change ¼ 1:69
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RI. Such measures can alert the teacher about a student who is strug-

gling to learn due to a possible RI dysfunctional behaviour. The

teacher can then ask the student to be tested by a traditional RI test

like the HTKS.

In future works we intend to extend the data collection to other

periods of the kindergarten, and to split the analysis to compare not

only periods but also early literacy and early numeracy data. The chal-

lenge to such a split is to find a way to relate a traditional RI test with

a student's skill in early literacy or early numeracy. Other directions

also concern the adoption of multiple RI tests, and a comparison with

other datasets. We also intend to assess the generalization power of

our method by increasing our sample size.
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