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Abstract  

Young children aged (3-7 years old) develop various domain-

specific mathematical abilities, including symbolic number comparison, 

non-symbolic dot comparison, and arithmetic. Further research is needed 

to understand the developmental pathways between these abilities, and 

how they interact across this age range. Touchscreen educational maths 

apps can provide engaging content to children, and also serve as a large 

data source which can be used to investigate domain-specific 

developmental pathways.  

This thesis demonstrates the novel use of back-end log data from 

the educational maths app, Funexpected, to investigate children's 

mathematical development. Chapter 3 reviewed developmental pathways 

via existing intervention literature. Chapters 4 and 5 investigated how 

dosage (amount of gameplay) impacted performance in non-symbolic 

(Chapter 4) and symbolic comparison (Chapter 5) abilities across children 

aged 3 to 7 years old. Chapter 6 then compared dosage responses for 

children who played both games, exploring potential differences between 

these abilities. Finally, Chapter 7 analysed app data to investigate 

pathways between comparison abilities and their influence on counting 

and arithmetic skills. 

 Results demonstrate that developmental pathways between 

different domain-specific abilities can be identified from the existing 

literature (Chapter 3) and further, the log data studies (Chapters 4 to 7) 

identified specific characteristics of how these developmental pathways 

are implemented within the educational maths app. The thesis findings 

highlight the importance of appropriate dosage to see improvements In 

domain-specific abilities such as non-symbolic magnitude comparison and 

symbolic number comparison. The order of games played in the app is 

also important, as results suggest children should spend  

 These results hold direct implications for the industry partner. They 

pinpoint areas where the app effectively enhances domain-specific 
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abilities and areas for improvement, such as encouraging higher dosage 

levels. Furthermore, the findings contribute theoretically to our 

understanding of developmental pathways in domain-specific skills. 

Impact statement  

From ages 3 to 7 years old, children develop key mathematical 

abilities such as number recognition, counting, and basic arithmetic. A 

substantial market of math apps targets this age group with engaging and 

playful content via touchscreens like phones or tablets. However, few 

studies have investigated the developmental pathways implemented in 

these apps, or how different app characteristics influence young children's 

learning and development. 

To address this gap in the literature, the present thesis utilised a 

collaborative partnership with a popular existing maths app company 

called Funexpected, in order to empirically investigate app specific 

features of mathematical development, while also testing existing theories 

of domain-specific mathematical development. This employed the use of 

Funexpectedôs big dataset of back-end data that is passively collected 

from the app while children play at their leisure. I first conducted a meta-

review to map out developmental pathways evidenced by previous 

literature. Using this theoretical mapping, the rest of the PhD focused on 

app specific features, and how they related to these domain-specific 

pathways. Key aspects of the app design were investigated. This included 

how much dosage children spent on the games, which games they played 

in which order, and the interconnected relationship between these aspects 

of app design, and development of the child. The thesis also investigated 

how key domain-specific abilities such as counting and arithmetic are 

taught and measured within the app.  

This research will directly benefit the industry partner Funexpected, 

by providing them evidence-based guidance on optimal dosage and 

optimal order of the games, and highlight areas of the app that require 

further refinement. This includes encouraging higher dosage on specific 
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games and encouraging children to play games in a specific order, to 

target theoretically driven developmental pathway. Most importantly, this 

will benefit the children who have access to Funexpected, by ensuring the 

educational touchscreen-based content they experience has been 

informed by theory and empirical research. This research benefits 

academia more widely by showcasing the use of big data from educational 

maths apps as a data source to understand development. The thesis 

demonstrates the many methodological advantages to using back-end 

app data, including measures from many cognitive abilities, across large 

numbers of children and numerous timepoints.  
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Chapter 1. Introduction and literature review 

Introduction 

Childhood mathematical abilities are predictive of future success at 

secondary school and college level (DavisȤKean et al., 2021) and are an 

important skill that is used in daily life (Paterson et al., 2006). Hence, 

there is great interest in ensuring that children acquire and develop 

relevant early mathematical abilities, with much existing literature on 

different types of mathematical training and interventions (Simms et al., 

2019).  

Interventions are implemented to alleviate future challenges children 

may face in mathematical abilities (Aunio et al., 2021). In order to ensure 

these interventions are effective, it is important that they are evidenced 

based (Powell, 2015) and developmentally appropriate for the target 

group of children. Mathematics comprises of many different cognitive 

abilities (Gilmore, 2023), some of which are also referred to as domain-

specific abilities, and studying the developmental pathways between 

these different abilities can inform both theories of mathematical 

development and intervention design.  

One method to study domain-specific development, and to also study 

intervention and training of these abilities, is via educational technologies 

such as touchscreen-based apps. Previous evidence suggest that 

educational touchscreen maths apps are able to support mathematical 

development, although specific characteristics of the app themselves 

require further investigation (Outhwaite et al., 2022). The data collected 

passively via these apps can be utilised to investigate domain-specific 

developmental pathways, and to understand existing theories of 

mathematical development. Accessing these large and rich datasets 

requires collaborating with industry partners like educational app 

companies. As such, this PhD project was jointly funded by UBEL DTP and 

Funexpected, an existing educational maths app company.  
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This thesis investigates developmental pathways in early domain-

specific mathematical abilities for children aged 3-7 years old. This thesis 

also demonstrates the utility of training data from an educational app in 

exploring these questions from a developmental perspective. 

Research questions 

This thesis will focus on two research questions. To understand the 

complex relationship between different domain-specific abilities in relation 

to developmental pathways for mathematics, research question 1 asks:  

1) What is the relationship between a childôs age and developmental 

pathways of domain-specific abilities within the domain of 

mathematics? 

1.1 Which domain-specific abilities do these developmental 

pathways comprise of, and how does this differ across the 

development of children aged 3 to 7 years old? 

1.2 How do different domain-specific abilities affect one 

another in terms of development? (e.g., do these abilities 

develop mutualistically alongside one another or 

hierarchically where one ability precedes the other?) 

The second research question will assess the use of maths apps on 

domain-specific development. Educational apps allow for novel methods 

of data collection via passive log data which can be used to addressed 

conceptual questions about domain-specific development.  

2) What effect do educational maths apps such as Funexpected have 

on domain-specific abilities (i.e., such as counting or basic 

arithmetic)? 

2.1 What specific characteristics of educational maths apps 

influence the training and development of domain-specific 

abilities in children aged 3 to 7 years old?  (i.e., is the 

dosage, implemented in educational apps appropriate for 

children of different ages, and are the games targeting 

different domain-specific abilities of appropriate difficulty?) 
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2.2 How does age of the child relate to childrenôs use of this 

educational maths app?  

Overview of thesis chapters 

Chapter 1 provides an introduction and literature review. The review 

considers existing research on domain-specific mathematical abilities in 

children. It identifies a gap in understanding developmental pathways, 

which this thesis aims to address. 

Chapter 2 provides an overview of the general methodological 

approach utilised in this thesis. The thesis utilises mutualism as the 

chosen theoretical framework, and this chapter also considers ethical and 

methodological considerations when working with an industry partner, 

and large datasets of secondary app data from children. 

The first empirical chapter, Chapter 3, documents the creation of a 

theoretical framework of developmental pathways of domain-specific 

abilities in mathematical development. The framework is titled Early 

Developmental Mathematical Pathways (EDMP).  

Following this, Chapters 4 to 7 utilised back-end log data from the 

educational maths app Funexpected. Chapter 4 utilises this log data to 

investigate how dosage (or time on task) of gameplay influences the 

training of non-symbolic magnitude comparison ability. This analysis of 

dosage and gameplay response also considered development of the child, 

by comparing response to dosage between 3-, 4-, 5-, 6- and 7-year-old 

children. 

Chapter 5 investigates gameplay dosage response, this time for 

symbolic number comparison. Again, an analysis of response to dosage 

was conducted between the ages of 3- to 7-years-old.  

Chapter 6 utilises a subset dataset from both Chapter 4 and Chapter 5 

of children who played both the non-symbolic and symbolic comparison 

games in the app. This study was conducted to compare dosage 

responses between these two domain-specific abilities in the same sample 
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of children, to assess if dosage responses differ between these two 

comparison abilities.  

Chapter 7 utilises gameplay data from the app to understand 

pathways between domain-specific abilities. Specifically, multi-session 

training of non-symbolic comparison and symbolic comparison abilities 

were investigated as predictors to the outcomes of counting abilities and 

arithmetic abilities. Development of the children is considered by 

comparing a sample of children with a mean age of 5 years, and another 

sample with a mean age of 7 years.  

Chapter 8 discusses the main research questions and corresponding 

findings from each empirical chapter (Chapters 3-7). Chapter 8 also 

revisits mutualism in light of the empirical findings and explores the 

practical implications of collaborating with educational math apps and 

utilising their data. 

Literature review  

Mathematical development and young children  

Mathematics is a multi-component domain comprised of different 

cognitive abilities (Gilmore, 2023). The domain of mathematics includes 

abilities relating to number, as well as geometry, and patterning (Milburn 

et al., 2019). This thesis will focus on early mathematical abilities 

involving the development of numerical competencies, such as number 

skills (Geary, 1994) and understanding the relationship between 

quantities (Park & Nelson, 2022).  

Mathematical abilities of children are a global concern. OECD research 

found a 15-point decrease in Programme for International Student 

Assessment (PISA) maths assessment scores for 15-year-old children 

across countries, and a decrease of this extent has not been observed in 

20 years of PISA scores (OECD, 2023). Further to this, research from the 

UNESCO Institute for Statistics (2017) suggests that 387 million children 

aged 6 to 11 years old do not meet required minimum proficiency in 

mathematics, which includes the ability to add and subtract numbers.  
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Mathematical abilities are highly predictive of achievement in other 

subjects. DavisȤKean et al. (2021) showed that children with lower 

mathematical competencies prior to the start of formal schooling 

demonstrated lower mathematical abilities at secondary school and 

college level. Further, Watts et al. (2014) showed that improvements in 

mathematics in the first year of schooling are a strong predictor of 

mathematics achievement at age 15. More specifically in the context of 

the early years, Geary et al. (2013) showed that early domain-specific 

abilities such as number line abilities and number sets understanding at 

age 6.8 years was predictive of mathematical abilities 6 years later. These 

studies highlight the longitudinal and predictive power of domain-specific 

abilities to future mathematical development and highlight the importance 

of understanding and intervening on early mathematical abilities. 

Cognitive abilities relating to mathematics are oftentimes divided 

between domain-specific and domain-general abilities, with domain-

specific referring to abilities that are uniquely related to, and predictive 

of, mathematical development (Passolunghi & Lanfranchi, 2012). These 

include, but are not limited to, cardinality, symbolic and non-symbolic 

comparison, counting, and number identification abilities (Nogues & 

Dorneles, 2021). In contrast, domain-general abilities, such as inhibitory 

control or working memory, are predictive across different domains, such 

as reading and mathematical abilities (Cirino et al., 2022). The division 

between abilities considered domain-specific and domain-general is not 

always clearly defined, as highlighted by De Smedt (2022). The 

distinction not only depends on the definition used, but also on the 

specific domain under investigation. For example, language  abilities are 

considered a domain-general predictor for mathematical abilities, but 

mathematical language, such as number names and quantitative 

language, are then considered domain-specific in the context of 

mathematical development (Turan & De Smedt, 2022).  

Although it is acknowledged that domain-general cognitive abilities 
play an important role in the development of mathematical abilities, the 
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present thesis focuses on developmental pathways of domain-specific 
abilities, including magnitude comparison abilities, number ordering, 

addition and subtraction, and counting (Nogues & Dorneles, 2021). 
Previous studies suggest that domain-specific abilities are important, and 

perhaps increasingly important, across development, whilst domain 
general abilities may only be relevant early in life. Geary et al. (2017) 

followed 167 participants over eight years and found that while domain-
general abilities like executive functions, reading skills, and overall IQ 

consistently supported math development, the importance of domain-
specific abilities such as prior mathematical knowledge, number 

knowledge, and basic arithmetic abilities increased at each grade level. 
Similarly, Passolunghi and Lanfranchi (2012) longitudinally followed 70 

children from age 5 years and 2 months to 6 years and 6 months. They 
found that while the predictive value of the included domain-general 

abilities - working memory and processing speed - diminished over time, 

domain-specific abilities ðincluding comparison abilities, seriation, and 
counting - continued to significantly predict mathematical development. 

These studies highlight the increasing importance of domain-specific 
abilities in mathematical development over time, making them an 

important target for intervention research. However, research on the 
interaction between these domain-specific abilities across development is 

needed.  

The need to further examine pathways between different domain-

specific abilities is supported by LeFevre et al. (2010). LeFevre et al. 

(2010) analysed association data from 182 children aged 4.5 to 7.5 years 

to understand developmental pathways of mathematics and identified 

three pathways: a linguistic pathway involving vocabulary skills, a spatial 

attention pathway including spatial working memory, and a quantitative 

pathway which comprised of subitizing abilities. They suggest further 

work is needed to understand this quantitative pathway by examining 

additional domain-specific abilities not covered in their study. These 

previous findings demonstrate a gap in the research regarding the precise 

relationship between domain-specific abilities, and how they relate to 

longitudinal development of childrenôs general mathematics. As such, this 

thesis has the rationale to consider exclusively the impact of, and 

relationships between, domain-specific abilities. Considering this, key 

theories in the development of mathematical cognition will be considered.  
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Gilmoreôs (2023) multi-level framework 

 The multi-level framework proposed by Gilmore (2023) provides a 

framework of mathematical cognition that decomposes multiple elements 

involved in mathematical cognition. This framework includes several 

components of different mathematical abilities, namely 1) proficiency with 

specific components of mathematics (e.g., number fact knowledge, 

algebraic thinking), and 2) basic mathematical processes (e.g., magnitude 

comparison, pattern recognition). These components sit alongside more 

general cognitive abilities (or domain-general abilities, such as working 

memory, spatial abilities, and language abilities). Overall mathematics 

achievement is at the top level of the framework. Gilmore (2023) states 

in this framework that the abilities that fall under either the óbasicô title or 

the óproficientô title will depend on the development of the child, and as 

such, these related cognitive abilities are presented in a three-level 

hierarchy, where lower-level abilities are recruited by the higher-level 

abilities. This framework was designed to identify areas in the existing 

literature where further work is needed, both empirically and 

theoretically. In particular, Gilmore (2023) highlights the needs to 

understand mechanism, over association, between these hierarchy tiers. 

Figure 1.1 shows an image of the multi-level framework from Gilmore 

(2023).  
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Figure 1.1 - the multi-level framework from Gilmore (2023) 

 

Figure 1.1. demonstrates that basic mathematical processes are 

within the first level of the hierarchy and are recruited by abilities in the 

next level of the hierarchy. However, further questions remain regarding 

the relationships between the different abilities with the óbasic 

mathematical processesô components. This includes how development in 

one ability relates to development in another. As such, further work is 

needed to understand the developmental pathways between the abilities 

within one level of the hierarchy. The multi-level framework places non-

symbolic comparison abilities and symbolic number comparison abilities 

as a basic mathematical process. The importance of non-symbolic 

domain-specific abilities will be considered, followed by symbolic abilities.  

Non-symbolic and symbolic domain-specific abilities 

Domain-specific abilities that are investigated in the early years can be 

divided into representations that are symbolic and non-symbolic. 

Typically, non-symbolic representations of numerosity are argued to be 

an unlearned and evolutionarily primitive ability, whereas symbolic 

representation of numerosity are taught between humans (Shusterman et 

al., 2016). The role of both of these representations of numerosity will be 

discussed, including their relevance to development, and their role in 

interventions.  
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Non-symbolic magnitude  

The approximate number system (ANS) refers to a system of noisy 

representation of approximate non-symbolic quantity, that is present from 

infancy through to adulthood (Feigenson et al., 2004). Oftentimes a non-

symbolic magnitude comparison task is used to measure the ANS (Price 

et al., 2012). Participants are shown two arrays of non-symbolic stimuli, 

often dots, and are asked to select which of the two options are more 

numerous (De Smedt et al., 2013). Variations can be made on this task to 

increase the difficulty by manipulating the ratio difference of dots between 

the two arrays, and a review by De Smedt et al. (2013) show that 

distinguishing between a ratio of 0.75 (such as 12 and 9 dots) is harder 

than a ratio of 0.50 (12 and 6 dots). To ensure that the ANS is used in 

this task, typically, the time of presentation of dot array stimuli is 

manipulated so that counting cannot take place (Starkey & Cooper Jr, 

1995). Research has shown that infants are able to compare non-

symbolic magnitudes before formal schooling, and before the introduction 

of symbolic number (Feigenson et al., 2004). As such, non-symbolic 

magnitude comparison abilities are considered to be a lower-level skill 

compared to the comparison of symbolic number (Goffin & Ansari, 2019).  

The accuracy of non-symbolic magnitude comparison abilities 

improve throughout the development of children aged 3 to 6 years old 

(Halberda & Feigenson, 2008). However, the relevance of non-symbolic 

magnitude comparison to future mathematical development remains an 

ongoing debate in the literature (Krajcsi et al., 2023). A meta-analysis by 

Schneider et al. (2017) found a correlation of r = .241 between non-

symbolic magnitude comparison abilities and general mathematical 

outcomes, when looking across a sample of 45 studies on both adults and 

children. It is important to note that age is a significant mediator in this 

relationship, with children under 6 demonstrating a stronger correlation (r 

= .305). This suggests the predictive utility of non-symbolic magnitude 

comparison abilities will differ depending on the developmental stage and 
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age of the child. Indeed, studies such as Gimbert et al. (2019) support 

this, as they found non-symbolic magnitude comparison significantly 

predicts mathematics achievement in 5-year-olds but not in 7-year-olds. 

However, more recently Coolen et al. (2023) conducted a cross-sectional 

study with children aged 3, 5, and 7 years old, and they found non-

symbolic magnitude comparison consistently contributes towards a 

measure of general mathematical abilities. The developmental 

appropriateness of non-symbolic magnitude comparison as a domain-

specific ability that predicts future mathematics should be considered, and 

these studies demonstrate that the role of non-symbolic magnitude 

comparison abilities need refinement and clarification within the context 

of development.  

The importance of non-symbolic comparison abilities has not been 

replicated across all literature. Hutchison et al. (2020) argue that the role 

of non-symbolic abilities may only be subject to the subitising range (non-

symbolic quantities between 1 to 4), and as this range of numbers is 

smaller and learnt early in education, a significant relationship cannot be 

found between mathematics and non-symbolic abilities in later schooling 

where maths abilities become more complex. Although relationships have 

been suggested between non-symbolic comparison and arithmetic, Finke 

et al. (2020) suggested that this relationship is mediated by symbolic 

abilities. A review by Krajcsi et al. (2023) suggests there is no 

relationship between changes in the acuity of non-symbolic magnitude 

comparison and childrenôs acquisition of symbolic number.  

Further to this, literature from intervention studies has begun to 

explore potential developmental pathways between non-symbolic 

magnitude to other domain-specific abilities (Maertens et al., 2016; Van 

Herwegen et al., 2018). Intervention literature may allow more insight 

into the relationship between these domain-specific abilities, as 

intervention studies allow for more possible causal understanding 

between abilities, beyond what correlation studies can achieve (Scerif et 
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al., 2023). Intervention studies can also demonstrate the malleability of 

domain-specific abilities to intervention effects, and also show how 

training in one domain-specific ability may affect others domain-specific 

abilities as outcome measures (Alcock et al., 2016).  

A review by De Smedt et al. (2013) demonstrates how some 

interventions are effective for children, while others are not, and 

highlights that many methodological concerns are present in the training 

literature that may confound the claim that non-symbolic interventions 

are effective. These include issues regarding the types of control groups 

utilised in these studies, as they highlight comparison to a business-as-

usual comparison group may not sufficiently control for the effects of 

development or repeated testing in understanding the effects of the non-

symbolic intervention (De Smedt et al., 2013). Further methodological 

issues in intervention literature are highlighted in a review by SzŤcs and 

Myers (2017). These include the brief amount of exposure that children 

experience in non-symbolic magnitude training, which may not be 

sufficient to garner significant intervention effects. Variances in stimuli, 

sample characteristics and methodology make it difficult to make 

meaningful comparisons of effectiveness across these intervention 

studies. These intervention characteristics also affect the ability to make 

inference for theory and practice from the findings, and this is important 

to consider in the context of developmental pathways between domain-

specific abilities.  

Subitizing 

Subitizing is another non-symbolic domain-specific ability which 

refers to the sudden recognition of quantity from non-symbolic stimuli. 

This recognition happens quickly, to an exact quantity (Kaufman et al., 

1949) and without the need to count individual items (Butterworth, 

2010). Previous evidence suggests that children from the ages of 2 years 

to 5 years are able to subitize quantities up to 5 dots accurately (Starkey 

& Cooper Jr, 1995).  
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There are two types of subitizing that depend on the spatial 

arrangement of the stimuli: perceptual and conceptual subitizing 

(Clements, 1999). Perceptual subitizing refers to the ability to enumerate 

quickly (Kaufman et al., 1949), and conceptual subitizing differs to this as 

the stimuli is presented in patterns, such as dots on a standard dice 

configuration, or dominos (Clements, 1999). Studies such as Kroesbergen 

et al. (2009) suggest that subitizing abilities at age 6 years old (SD = 

0.4) are a significant and unique predictor to future counting abilities. 

Although both subitizing and counting provide precise and exact 

information on quantities, subitizing and counting are different abilities, 

as counting slower is slower and allows for largest numerosities (Piazza et 

al., 2002). Further to this, although both subitizing and the ANS utilise 

non-symbolic representations of magnitude, again, these two differ. ANS 

is used with approximate large values, while subitizing is limited to 

smaller and exact quantities (Elgavi & Hamo, 2024). 

Symbolic number representation 

The symbolic representation of numerosity refers to the use of 

Arabic numerals (such as 1, 2, 200, etc) (Dehaene, 1992), and as 

children develop their mathematical abilities. Childrenôs understanding of 

the quantities associated with symbolic number can be investigated via 

the symbolic number comparison task. Much like the non-symbolic 

magnitude comparison task, children are presented with two Arabic 

numerals and asked which represent the larger quantity (Castro et al., 

2017). Children are required to understand the underlying representation 

of quantity that is assigned to the symbolic representation of the Arabic 

numeral, which is an ability beyond simply naming the number itself 

(Dehaene, 1992). Typically, this symbolic number comparison task is 

conducted with single digit numbers (e.g. 1 ï 9), although it has been 

used with 2-digit numbers, and more digits (Nuerk & Willmes, 2005). 

Considering the previously mentioned meta-analysis by Schneider et al. 

(2017), this review found a correlation of (r = .302) between symbolic 

comparison abilities and general measures of mathematics, which is 
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higher than the association found for non-symbolic abilities (r = .241). It 

is important to note, however, that no studies in this meta-analysis 

included children aged under 6-years-olds, and only included children 

aged 6-9 years old, and adults.    

Counting abilities 

Counting abilities are a predominant skill that children focus on 

prior to schooling (LeFevre et al., 2006). By Key Stage 1 in the UK, which 

equates to roughly age 5 to 6 years old, children are expected to add and 

subtract one-digit and two-digit numbers to 20 (National Curriculum in 

England: Mathematics Programmes of Study, 2022). A number of 

prerequisite domain-specific abilities are highlighted in relation to 

counting, and these are referred to as the principes of counting by 

Gelman and Gallistel (1986). The principles of counting entail five stages, 

corresponding to five different domain-specific abilities that form 

developmental pathways to counting. Firstly, children must grasp the 

concept of stable order and understand that the list of number words 

have a permanent order. Next, children learn that each object can only be 

counted once using one-to-one correspondence, and that items are 

uniquely paired with a number word in reference to them. Next, children 

learn abstraction, which is the understanding that any array of items can 

be counted. This is followed by order irrelevance, the understanding that 

the order in which objects are counted does not influence the counting 

procedure. The final stage in this developmental process is children 

acquiring the cardinality principle, which indicates that the last number 

word in a counting sequence represents the total number of items in a 

set, and thus, children are able to count. 

In order to measure a childôs cardinal number understanding, the give-

n task, devised by Wynn (1990) is typically utilised. This task typically 

involves asking the child to give the researcher a number of objects that 

corresponds to a number word, for example, ñcan you give me four 

pebbles?ò (Wege et al., 2022). The give-n task also measures the subset-
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knower level of the child (also referred to as n-knowers), where children 

are not cardinality-principle knowers, but are able to perform the give-

task to a specific value, for example, children can classed as one-

knowers, or two knowers etc. (Cheung et al., 2022). Although it was 

previously suggested that after becoming a four-knower, children are 

cardinality-principle knowers, however more recent literature suggests 

that instead children may demonstrate up to nine-knowing, without being 

a cardinality principle knower (Krajcsi & Fintor, 2023).  

A systematic review by Wege et al. (2022) provides an overview of 

research using the give-n task over the last thirty years and highlights 

variations across the literature in the administration and scoring of the 

give-n task. Variations of the task include whether a narrative story 

accompanies the instruction, whether, and what kind of follow up 

questions follow each question in the task, and what numbers are asked 

for during the task. These variations in task administration are important 

to consider as they lead to differing classification of children as either 

subset knowers or cardinality-principal knowers, and this may explain 

why the predictive findings of being a cardinality principal knower are 

variable in the literature. Variations in the classification of being a 

carnality principle knower are important to consider, as cardinality-

knowing is suggested to predict future performance in arithmetic (Geary 

& vanMarle, 2018). This highlights the importance of counting and 

cardinality as a foundational building block for more complex 

mathematical abilities. 

Arithmetic abilities  

Arithmetic abilities include using numbers in operations, such as 

addition, subtraction, multiplication and division (Butterworth, 2005). In 

the UK, children aged 5 to 6 years old are expected to understand and 

complete mathematical statements that use the addition (+), subtraction 

(ī) and equals (=) signs and should also be able to complete simple 

addition and subtraction using objects and pictorial representations 
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(National Curriculum in England: Mathematics Programmes of Study, 

2022). Arithmetic is an important ability for mathematical development, 

and arithmetic demands increase as children progress through their 

schooling years (Xu et al., 2021). 

The developmental pathways to arithmetic have been highlighed by 

Butterworth (2005), who provides milestones for arithmetic development. 

For example, by 3 years 6 months most children are able to add and 

subtract by 1 using objects, and by age 4 they can use finger counting to 

further develop their addition abilities (see also Starkey & Gelman, 2020). 

These abilities are precursors to the development of arithmetic skills. It is 

further proposed that by the age of 7 years old, children are able to 

retrieve some arithmetic facts from memory (Butterworth, 2010).  

Theoretical frameworks relating to non-symbolic and symbolic 

comparison: The refinement account, the mapping account, and 

the access deficit theory  

It is suggested that two systems, a symbolic, and a non-symbolic 

ones, are both important predictors for future mathematical development 

(Lau et al., 2021). Different theories and frameworks have been devised 

to explain the relationship between non-symbolic comparison abilities and 

symbolic comparison abilities.  

The refinement account and the mapping account 

The refinement account proposes that symbolic number 

understanding develops independently of the ANS (Lau et al., 2021). In 

other words, symbolic abilities emerge first and subsequently influence 

the refinement of non-symbolic representations. As such, the refinement 

account suggests that the ANS and symbolic systems of numerosity are 

relatively distinct. The Refinement account is in opposite of the Mapping 

account, and the Mapping account asserts that the ANS is foundational for 

the development of symbolic number (Feigenson et al., 2004). As such, is 

it suggested that an understanding of symbolic number ómapsô onto 
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representations of non-symbolic quantity. The importance of both of these 

accounts will be further considered in the empirical study in Chapter 3.  

Both the Mapping account and Refinement Account were 

investigated by Lau et al. (2021), by using cross-lagged panel models to 

analyse data from 622 children (average age 5.1 years, SD = 3.5 

months). This study used cross lag panel modelling to compare the 

refinement account and mapping account. Although both models 

demonstrated suitable fit, the refinement account model was the better fit 

to the data, thus suggesting the refinement account is the better 

explanation for the relationship between non-symbolic and symbolic 

comparison. Further support for the refinement account and this 

directionality between symbolic and non-symbolic abilities comes from 

Matejko and Ansari (2016) with a sample of  31 children aged 6.35 years 

old who were. These findings support a directional relationship from 

symbolic magnitude to non-symbolic magnitude comparison abilities.  

Access deficit hypothesis 

The access deficit hypothesis, first proposed by Rousselle and Noel 

(2007), argues that symbolic comparison abilities are underpinned by a 

non-symbolic understanding of magnitude, and that lacking access to a 

non-symbolic understanding of magnitude leads to increased response 

time and decreased accuracy in the comparison of symbolic numerals. It 

argued that children who struggle with mathematics do not have an 

imprecise representation of quantity and numerosity, but instead have a 

delayed activation of the corresponding information between non-

symbolic magnitude and the symbolic representation of Arabic numerals 

(Sasanguie et al., 2013). This in turn leads to difficulties in mathematics 

more generally. As such, Rousselle and Noel (2007) suggest that children 

struggling with mathematics may struggle with symbolic comparison, but 

not with non-symbolic comparison.  

Rousselle and Noel (2007) conducted a study with 90 children aged 

7.25 to 7.5 years old, and showed that children with mathematical 
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difficulties demonstrated slower and less accurate symbolic comparison 

abilities when compared to children without mathematical difficulties. 

These group differences were not found for non-symbolic magnitude 

comparison, and thus the study suggests that mathematical difficulties 

are due to the childôs lack of access to quantity information associated 

with the symbolic number. Similar results were found with younger 

children, aged 6 years and 8 months by De Smedt and Gilmore (2011), 

where children with mathematical learning difficulties and low achievers 

did not demonstrate difficulties in accessing magnitude from underlying 

non-symbolic magnitude representations, but did struggle with symbolic 

representations. 

These are key theories and frameworks that have been proposed to 

explain the directional relationship between non-symbolic magnitude 

comparison abilities and other domain-specific abilities, including symbolic 

presentations of mathematical abilities. These will be considered 

throughout the empirical chapters of the thesis. 

Developmental pathways of domain-specific abilities in 

mathematics  

An understanding of the developmental inter-relations between 

different domain specific abilities is needed, and crucially from a 

developmentally sensitive perspective. A developmental approach 

requires attention to changes over time in children's mathematical 

abilities (Szucs & Mammarella, 2024) and as such, developmental 

research requires a focus on the evolving nature of their mathematical 

task performance, and this is beyond simply including children as 

participants in the study (KarmiloffȤSmith, 1997). As children grow older, 

the demands of the mathematics they face will increase in difficulty 

(Szucs & Mammarella, 2024), and as such, the relationships between 

domain-specific abilities will also continue to change over time. In 

particular, further work is needed to understand the reciprocal 

interactions between domain-specific mathematical abilities (De Smedt, 



33 

 

2022), and that further work should investigate pathways, or 

relationships between, domain-specific abilities in order to more generally 

understand mathematical development of children (LeFevre et al., 2010). 

Considering this, an approach to understand the trajectories of 

development, or more specifically, the developmental pathways of 

relevant domain-specific abilities, is needed to understand the changing 

nature of mathematics as children develop (Alcock et al., 2016). To 

understand this, further work is required regarding how growth in one 

ability may influence another, as well as possible bidirectional 

relationships between abilities.  

Educational maths apps  

Children now have access to touchscreen tablets and smartphones 

at home and in school, and survey data from Marsh et al. (2020) indicates 

that 94% of UK children aged 3-11 have access to a tablet and 84% to a 

smartphone, with reported screen time of up to one and a half hours on 

either device. Touchscreen phones and tablets enable tactile engagement 

by children and offer a lightweight and portable platform for children's 

educational content (Kalati & Kim, 2022; Kucirkova, 2014; Plowman et 

al., 2012). Touchscreen devices also eliminate the need for extra input 

devices such as a mouse or keyboard, which require certain levels of 

dexterity (Kucirkova, 2014). Yadav and Chakraborty (2021) suggest that 

by the age of 2-years-old, children can achieve goal directed tapping on a 

screen, and between four-to-six-year-old children are able to perform 

gestures on the touchscreen.  

Previous studies highlight the amount of time children spend using 

handheld touchscreen devices. Madigan et al.'s (2022) systematic review 

and meta-analysis of 46 studies suggest children aged 5 to 18 years of 

age spend approximately 44 minutes per day on handheld devices. 

Alongside this, survey data from Ribner et al. (2021) suggests children 

aged 3-7 years spend approximately 20 minutes per day on educational 
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apps. These studies demonstrate that children spend a considerable 

amount of time per day using these types of devices.  

Previous studies suggest that educational maths apps can improve 

mathematical outcomes of children, here, educational maths apps are 

defined as interactive software on a touch-screen device, such as a tablet 

or smartphone, which are designed with the primary aim of supporting 

the learning and development of mathematical abilities (Outhwaite et al., 

2022). Although many apps are classed as óeducationalô across different 

app stores (Callaghan & Reich, 2018), previous studies have considered 

how educational, or developmentally appropriate, these apps are to their 

targeted age group. This aspect of app design is important to consider 

when evaluating their effectiveness in supporting and improving 

mathematical development of young children.  

A study by Callaghan and Reich (2018) investigated the design of 

educational apps for preschoolers. They examined the top 20 apps for 

both math and literacy targeted at children under 5 from the Apple Store, 

Amazon Appstore, and Google Play Store. Callaghan and Reich (2018) 

suggest that while many educational apps exist, the study found that few 

incorporate principles from developmental psychology into their design. 

The review suggests that these preschool apps utilize a variety of 

teaching methods, but many of these methods are not optimal for how 

research shows young children learn. A framework by Hirsh-Pasek et al. 

(2015) framework emphasizes the importance of high-quality content in 

educational apps and highlights four "pillars" of learning as essential 

characteristics: and these are app that are designed to promote active, 

engaged, meaningful, and socially interactive learning. Hirsh-Pasek et al. 

(2015) underscores the concern that many apps labeled 'educational' lack 

developmentally appropriate features. 

Previous reviews have investigated the effect of educational maths 

apps on outcomes for children. A systematic review and meta-analysis by 

Xie et al. (2018) found an overall effect of touchscreen learning benefits 
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of d = 0.46 for children aged 0 to 5 years old, however there were many 

moderating factors to consider, including age, and the environment the 

training took place in. the topic targeted by the app was also a significant 

moderator, with STEM topics such as mathematics yielding larger effects.  

More specifically to mathematical content a review by Kalati and 

Kim (2022) on math apps found 22 out of 24 studies reported positive 

effects for children aged 2-8. Again, moderators such as interactivity and 

age-appropriateness of the app significantly influenced the effect of the 

app on mathematical outcomes.  

A review and content analysis by Outhwaite et al. (2023) also 

suggest that maths app are able to improve outcomes for children,. From 

this review, 21 studies found positive benefits for mathematical outcomes 

from the use of educational maths apps, when compared to a range of 

different control groups. These studies demonstrate that educational apps 

can improve mathematical abilities in young children, however, 

consideration should be taken about the specific characteristics of the app 

that will affect if they are effective, and how affective.   

This literature review has provided an overview of existing research on 

directionality of and mechanisms of the relationships between different 

domain-specific abilities in mathematical development. More specifically, 

the role of non-symbolic magnitude and symbolic number abilities has 

been considered, and what role they play in development of general 

mathematics. The investigation of developmental pathways is situated in 

the context of children using technology to access maths training and 

intervention.  
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Chapter 2. General Methodology 

This general methodology chapter will discuss some of the 

methodological approaches and choices that relate to all empirical 

chapters in this thesis. First, this chapter will discuss the mutualism 

theoretical framework, which forms the foundation for investigating 

domain-specific mathematical abilities in this thesis. Next, due to the 

unique collaborative relationship with Funexpected that formed this PhD 

project, this general methodology chapter will discuss the theoretical and 

methodological benefits of working with an educational maths app 

company, the big data that is produced by them, and the unique aspect of 

working with an industry partner. As such, this chapter will address the 

principles of big data techniques, and how they can be utilised in the 

context of investigating developmental cognition and mathematics.  

Theoretical framework  

Mutualism  

The theoretical framework that underpins this thesis is mutualism. 

Mutualism proposes cognitive development is a dynamic interaction 

between cognitive abilities that are mutually beneficially to each of the 

cognitive abilities involved (Kan et al., 2019; Mareva & Holmes, 2021). 

More specifically, mutualism sees the co-occurring development of 

abilities as a key mechanism for cognitive development, as the successful 

development of one skill will causally underpin or facilitate the 

development of another (Kan et al., 2019; Mareva & Holmes, 2021; van 

der Maas et al., 2006). Under the assumption that cognitive abilities 

develop as part of a dynamic system, this interaction of the development 

between abilities is mutually beneficial to all the cognitive abilities 

involved (Ou et al., 2019). 

 The mutualistic perspective is also described as time-sensitive, as the 

mutualistic relationship between cognitive abilities is dependent upon the 

age of the child, and therefore highlights the importance of development 

and age to cognitive development (Zhang & Peng, 2023).These time-
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sensitive differences are divided into qualitative differences and 

quantitative differences (Kievit, 2020). Qualitative differences pertain to 

the idea that certain cognitive abilities are crucial to development at some 

ages, and this importance will decrease as development continues (Kievit, 

2020). Considering this mutualistic perspective, it can be argued that 

developing non-symbolic magnitude comparison abilities during younger 

years is important, and this ability become less important as children 

continue to develop (Xenidou-Dervou et al., 2017), showing how time-

sensitive the development of this domain-specific ability is.  

The quantitative time-sensitive relationship refers to the strength of 

the mutualistic reciprocal relationship between cognitive abilities (Kievit, 

2020). The mutualistic perspective argues that the strength of the 

relationship and age of the child differ and thus are important to consider 

in terms of targeting developmentally appropriate interventions that will 

be maximally efficacious depending on the coupling effects between the 

emerging associations between cognitive abilities (Kievit, 2020). A study 

by Bakker et al. (2022) found quantitative differences in a the 

associations between a number of domain-specific abilities across a five 

year study with 410 children, starting at age 58 months. Domain-specific 

abilities that were assessed in this study included number ordering, non-

symbolic comparison, symbolic comparison, number recognition and 

arithmetic. The study found that the strength of the association differed 

between these abilities depending on the time point of the study, rather 

than relationships being either absent or present at different ages.  

In the context of the present study, a mutualistic approach to 

understanding the development of domain-specific abilities of 

mathematics would suggest that the simultaneous development of a 

single specific mathematical ability over time will influence the growth of 

other domain-specific abilities, as well as mathematical development 

overall. A mutualistic perspective enables exploring bidirectional 

relationships among various domain-specific mathematical abilities. This 
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approach contrasts with studies that have examined these abilities in 

isolation. The current approach aligns with the suggestion that 

relationships are reciprocal (De Smedt, 2022) and should not be treated 

as separate constructs (Cahoon et al., 2021). As an example to 

demonstrate how possible mutualistic relationships can be investigated in 

domain-specific abilities, previous work shows non-symbolic and symbolic 

abilities relate to general mathematical abilities (Matejko & Ansari, 2016), 

and that subitizing also improves general mathematical abilities (¥zdem & 

Olkun, 2019). In this instance, work has also investigated the possible 

mutualistic relationships between subitizing abilities, non-symbolic 

abilities, and symbolic abilities (Hutchison et al., 2020). However, as of 

yet, little work has considered the development of domain-specific 

abilities in the context of this potential mutualistic relationship.  

Mutualism suggests prioritising research into causal relationships 

underlying cognitive development to inform the focus of  future 

interventions (Ou et al., 2019). As such, mutualism would propose that 

efforts to support childrenôs mathematical development may need to 

target varying cognitive abilities across children due to the differing 

interactions of development that can take place in a sample of children 

(Aristodemou et al., 2023). This mutualistic perspective may also explain 

why children respond to interventions in varying ways, despite the 

intervention having been administered consistently within a sample of 

children.  

Previous research has investigated the mutualistic relationship 

between domain-general cognitive abilities and their influence on general 

mathematical development. A review by De Smedt (2022) highlights the 

mutualistic relationship between developing mathematical abilities and 

domain-general abilities, including but not limited to, working memory 

(Miller-Cotto & Byrnes, 2020), cognitive flexibility (Zhang et al., 2023),  

and executive functions more generally (Peng & Kievit, 2020). Although 

the primary focus of the present thesis is on domain-specific maths 
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abilities, the domain-general literature is still acknowledged as relevant in 

understanding mathematical development from a mutualistic perspective, 

although there is limited exploration of potential mutualistic relationships 

between domain-specific abilities of mathematics. Previous studies, such 

as Coolen et al. (2021) have explored the mutualistic relationship 

between domain-specific and domain-general abilities in mathematical 

development. They conducted their research with 174 children aged 3-4 

years, assessing domain-general measures like executive function, 

inhibitory control, and visuo-spatial working memory, alongside domain-

specific abilities including cardinality, non-symbolic magnitude 

comparison, and number naming. They suggest a concurrent and 

longitudinal correlation between executive function and the included 

domain-specific abilities. 

As can be seen, comparatively, more work has considered the 

mutualistic perspective to mathematical development in the context of 

domain-general cognitive factors. One study that does consider the 

mutualistic perspective from a domain-specific perspective is Ou et al. 

(2019) who investigated counting abilities and addition abilities in a 

sample of 2,485 children aged 6-10 years old (M = 7.23 years) over a 

period of 20 days and found, in support of the mutualism statistical 

model, that improvement in addition skill could positively influence the 

development in the counting domain, and vice versa, demonstrating the 

reciprocal relationship between domain-specific abilities. Further to this, 

Ou et al. (2019) state that a limitation of their work is that only two 

domain-specific abilities were considered in their analysis, although the 

concept of mutualism could be applied to multiple domain-specific 

abilities. This critique was important to consider in the present thesis 

where Chapter 6 and Chapter 7 aimed to assess multiple domain-specific 

abilities. As such, the present thesis aimed to fill this theoretical gap in 

the literature.  
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The present thesis  

The developmental perspective of mutualism is important to the 

present thesis as the development of domain-specific abilities will be 

considered over the age range of 3-7 years old. Considering the 

opportunity to investigate a mutualism perspective of domain-specific 

abilities, this theoretical framework underpinned the design of each 

empirical chapter in the present thesis.  

 Chapter 3 demonstrates the construction of a new theoretical 

framework of domain-specific mathematical development titled Early 

Developmental Mathematical Pathways. This chapter used a meta-review 

of existing intervention studies, so that a wide range of domain-specific 

abilities relevant to mathematics were included. The aim of the study was 

to understand domain-specific developmental pathways that have been 

investigated in previous intervention studies. It was hypothesized that, 

via the plotting of existing intervention data, that mutualistic, and 

mutually beneficial developmental trends would be highlighted. This 

research project included a broad range of domain-specific abilities, as 

suggested by Ou et al.'s (2019) suggestion for a mutualistic approach to 

mathematics research. 

As highlighted in the Literature Review (Chapter 1), non-symbolic 

and symbolic abilities are foundational to mathematical development. As 

such, Chapter 6 investigates the development of, and possible interaction 

between, non-symbolic magnitude comparison and symbolic magnitude 

comparison abilities. A subset of the sample was used for exploratory 

analysis to understand possible relationships between these two domain-

specific abilities and how children respond to app-based training targeting 

these skill areas. This allowed investigation of possible co-occurring or 

mutually beneficial intervention outcomes from both of these abilities, as 

well as relationships between these abilities. Further to this, the role of 

age and development was examined in line with mutualism to understand 
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how mutually beneficial relationships between these two domain-specific 

abilities may differ by age of the child.  

Finally, Chapter 7 builds on this evidence by examining the 

development of non-symbolic and symbolic magnitude comparison 

abilities in the context of counting and arithmetic as outcome measures. 

Again, in line with mutualism, non-symbolic and symbolic comparison 

abilities were considered together to understand how training both these 

abilities alongside one another, may explain the variance in the outcome 

measures of counting and arithmetic. To further explore a potential 

mutualistic relationship, the role of counting as a predictor to arithmetic 

will also be considered. This will be considered across the age range of 3-

7 years to see how these relationships change over development.  

It can be seen from the outline of these studies that the mutualistic 

perspective underpins the methodological design and research questions 

under investigation. Further to this, Chapter 5 to 7 utilise data from the 

backend of an educational maths app, and as such, the role of big data in 

investigating development will be considered.  

Big data in developmental research  

Educational apps passively collect app log data during gameplay, 

and this is regarded as óbig dataô. These app log datasets offer a big 

dataset which can be used to investigate children's mathematical 

development. Log data provides many benefits to developmental research 

from both a data collection perspective and from a statistical analysis 

perspective, and these applications for developmental research will be 

considered. 

Big data refers to large and complex datasets that may require 

advanced data analysis techniques due to their size (Jin et al., 2015). The 

characteristics of big data are beyond just large samples sizes of the 

dataset (Adjerid & Kelley, 2018), and instead are characterised by the 'V's 

of big data, including volume (large quantities), velocity (real-time 

creation and capture), and veracity (potential noise and errors) (Kitchin & 
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McArdle, 2016). Data velocity is the speed of data creation and collection 

(Kaisler et al., 2013), while veracity concerns potential data uncertainty 

due to inconsistencies, incompleteness, or accuracy issues in the dataset 

(Reimer & Madigan, 2019). Of note, big dataôs ability to collect granular 

detail longitudinally enables the investigation of subtle developmental 

changes over time (DavisȤKean & Jager, 2017).  

Typical data collection for young children often utilises one-on-one 

assessments within the school or home, and this process is often 

expensive, time-consuming, and limits participant characteristics and 

numbers (Bignardi et al., 2021). Utilizing log data from educational apps 

eliminates the need for participants and their families to visit a physical 

location, such as labs or universities, thereby expanding participant reach 

and sample diversity (Miller, 2012; Shields et al., 2021). Educational apps 

are also able to integrate data collection into the daily life of young 

children and their families, capitalizing on the remote and unobtrusive 

nature of smartphone use (Debeer et al., 2021; Miller, 2012). Considering 

this, log data collection does not require, and therefore is not influenced 

by, the presence of a researcher (Dumais et al., 2014). Thus, the use of 

log data not only increases dataset size and collection speed but also 

allows for real-time collection of fine-grained information (Hulse et al., 

2019), including longitudinal measures and eliminates the need for 

manual scoring (Bignardi et al., 2021; Debeer et al., 2021). 

Castellani and Rajaram (2022) argue that utilising big data affects 

the whole process of research, in particular, data acquisition, and 

statistical modeling. Datasets that follow the principles of big data may 

also allow for the investigation of mathematical development from a 

mutualistic perspective, as big data can track co-occurring development 

of different cognitive abilities across time. 

Using log data from educational maths app for research  

Previous researchers have also recommended that future research 

should make use of innovative methods of data collection such as the use 
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of log data or in-app data on learner behaviour (Outhwaite et al., 2022). 

Some of the key benefits  that log data analysis has over more traditional 

methods will be considered here, including data collection and statistical 

consideration, as well as the associated ethical implications. 

Utilizing log data from educational math apps eliminates the need 

for participants and their families to visit a physical location, such as labs 

or universities, thereby expanding participant reach and sample diversity 

(Miller, 2012; Shields et al., 2021). Further to this, the use of log data not 

only increases dataset size and collection speed but also allows for real-

time collection of fine-grained information (Hulse et al., 2019), including 

longitudinal measures of reaction time and, eliminates the need for 

manual scoring (Bignardi et al., 2021; Debeer et al., 2021). Educational 

math apps are able to integrate data collection into the daily life of young 

children and their families, capitalizing on the remote and unobtrusive 

nature of smartphone use (Debeer et al., 2021; Miller, 2012). Considering 

this, log data collection does not require, and therefore is not influenced 

by, the presence of a researcher (Dumais et al., 2014). Previous studies 

have also recommended that future research should make use of 

innovative methods of data collection such as the use of log data or in-

app data on learner behaviour. Outhwaite et al. (2022) found that from 

33 experimental studies on the efficacy of educational maths apps, only 4 

of these studies utilised log data from the app in their analysis. Although 

using log data has a number of key benefits  and challenges over more 

traditional methods, there are some data collection and statistical 

considerations, as well as the associated ethical implications that need to 

be considered. 

Technical considerations of using big data 

Previous studies have demonstrated the use of big data from games to 

understand skill acquisition and trajectories of skill development over time 

(Stafford & Vaci, 2022). Data can be used to trace the development of 

skills from novice to expert levels (Stafford & Vaci, 2022). The use of new 
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methods will allow for further understanding of the óblack boxô of data that 

occurs between the pre-tests and post-tests typically utilised in training 

studies (Peddycord-Liu et al., 2018), and thereby can be used to 

understand the variability of cognitive development across children (Judd 

et al., 2023). The utilisation of big data allows for the flexibility in 

choosing more complex modelling techniques, which in turn allows for the 

more flexibility in understanding forms and shapes of developmental 

trajectories, these include models such as longitudinal mixed effects 

models, generalised additive models, and latent growth curve models 

(Kievit et al., 2022; McCormick et al., 2021).  

The previously mentioned flexibility in modeling choices is 

particularly important in the context of app big data. Covert home data 

collection offers convenience but trades off researcher control in 

implementing gameplay training and data collection. As an example, data 

collected from educational apps in this context do not follow a typical pre-

test and post-test data collection schedule that is typically employed in 

traditional intervention research. Instead the data collection process takes 

places continuously, with potentially irregular time intervals between 

events, and with variable number of datapoints across different maths 

measures. This in turn leads to an increase in datapoints, from the typical 

hundreds of datapoints in a traditional dataset to potentially thousands or 

tens of thousands within big datasets. This complexity in data collection 

also translates to complexity in data modelling and analysis.  

A further consideration is that of the technical expertise needed for 

the modelling of big data. It has been suggested that analysis on 

secondary data are typically more than complex than analysis on typical 

experimental designs (Kievit et al., 2022), and that the skills necessary 

for the utilisation of big data is currently more in line with computer 

science training and disciplines than it is with psychological disciplines 

such as developmental psychology (Adjerid & Kelley, 2018). Although 

these extra considerations are present for the use of big data, these types 
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of data sources allow for a measure of mathematical cognition that 

otherwise could not be achieved easily in high levels of detail, across 

many children, and across multiple timepoints. As such, utilising this type 

of data allows for the potential to understand mathematical development 

with a in a more granular approach. Considering the methodological and 

statistical benefits that are afforded from big data from apps for children, 

the present study utilised these types of datasets in two of the three 

empirical chapters.  

Ethical considerations for big data and children  

 Prior research by UNICEF (Berman & Albright, 2017) has explored 

ethical considerations of collecting and utilising big data from children. 

They argue that the shift to using big data in research requires applying 

the ethical principles that are typically maintained in traditional methods 

of data collection to this new context of online big data collection. The 

present thesis used the BPS Code of Human Research Ethics as an ethical 

framework when conducting these studies with young children (Oates et 

al., 2021), and this framework was applied to the novel context of 

collecting and analysing log gameplay data from young children via the 

remote measures within educational maths apps.  

Obtaining consent from children when using remote app-based data 

collection involves distinct ethical procedures compared to traditional 

developmental research. Parental or caregiver consent is collected during 

the onboarding process onto the app. In regard to child consent, the use 

of a remote app to collect anonymised data means that children are not 

aware their data may be included in a research study.  

As the app usage was not part of a formalised study beforehand, the 

conventional approach to capturing consent from children, typical in non-

app research, was not applicable. Children's choice to engage with the 

app, alongside the on-going process of playing at their own pace and their 

choice of frequency, is considered as their consent. This aligns with the 

concept of child-level consent, as highlighted by Oates et al. (2021), 
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emphasizing the child's ability to freely and voluntarily agree to play the 

app's games. Moreover, the advantage of collecting app log data lies in its 

remote and unintrusive nature of collection, meaning children are 

unaffected by the presence of a researcher (Dumais et al., 2014). This 

eliminates any potential pressure on the child to participate in app 

gameplay. In acknowledging power dynamics between children and adults 

(Oates et al., 2021), this approach allows children the freedom to consent 

to research participation without external influence. 

Recommendations from Oswald (2020) and Webber (2020) highlight 

that especially in the context of collaboration between the private sector 

and research, issues relating to data sharing and anonymisation should be 

clearly communicated and understood by individuals who are providing 

and using the data, as onus is on both company and researcher for an 

ethical approach the privacy and security of the child and family. As such, 

the terms of use for Funexpected explicitly state that data will be shared 

with third parties, with includes data sharing for research purposes. 

Alongside this, Funexpected state they do not knowingly collect any 

personally identifiable information about children through the app 

(Funexpected, 2023) and as such, no identifiable information was 

available to the researchers. Anonymised details are collected, including 

country, device model, operating system version, and language settings, 

and this information is also outlined in the Funexpected privacy policy 

(Funexpected, 2023). This is in line with recommendations from Berman 

and Albright (2017), that children's big data should be anonymized, so 

that re-identification is not possible. Likewise, through appropriate data 

storage methods, such as password protection and encryption, and data 

sharing via university mandated services, will also ensure the anonymity 

of the child is preserved in these studies. 

The use of touchscreen-based technology may also provide limitations 

to the characteristics of the sample who use them. Any existing 

inequalities in the environment relating to access to technologies, 
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smartphones, internet access or technological literacy will also then be 

reflected in the dataset of the research (Eynon, 2013; Shields et al., 

2021). It is important to acknowledge this methodological concern of the 

present dataset, as the data used in these studies likewise reflect a 

population of children that have access to touch-screen devices and an 

internet connect.   

Berman and Albright (2017) further highlight that although these 

ethical challenges should be considered, there are still considerable 

benefit that can be gained from the use of big data for children, and in 

particular these benefits are pronounced in the context of educational 

outcomes. Holloway (2019) highlight that the use of big data to 

personalise learning platforms and provide intervention for educational 

outcomes is an area where children will benefit from the collection and 

analysis of big data. 

Previous studies using app log data  

Previous literature has employed log data from educational apps to 

study mathematical development. A systematic review by Outhwaite et al. 

(2022) identified four such studies in their review of educational math 

apps: Broda et al. (2018), Hasanah et al. (2017), Judd and Klingberg 

(2021), and Pitchford et al. (2018). Subsequent to the review,, additional 

studies have reinforced the value of app log data for research, with some 

of these examples discussed here. Lee et al. (2022) studied a 

predominantly 11ï12-year-old sample using log data from an algebra app 

to create profiles based on their progression through the game, such as 

fast-progressors and slow-steady-progressors. Similarly, Gulz and Haake 

(2021) also used log data from a sample of 3ï6-year-old children to 

understand adaptive difficulty of gameplay levels by analysing correct and 

incorrect responses to determine if children encountered difficulties at 

specific levels. A number of different abilities were measured via this 

study, including subitizing, counting and ordering abilities. Although these 

previous studies highlight the use of log data for understanding 
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mathematical development, these studies also highlight many uses of log 

data that have not been investigated. Notably, there is considerably less 

literature utilising log to explore potential interrelationships between 

multiple domain-specific abilities. One such example does include work by 

Ou et al. (2019) who used log data from a sample of 6-10-year-old 

children to understand mutualistic development of counting and addition 

abilities. Considering the unique appropriateness of log data to measure 

outcomes from many abilities across many timepoints, the present thesis 

aims to utilise log data to understand the relationship between these 

abilities, as well as development within each ability.  

Furthermore, previous log data studies have rarely measured 

developing mathematical abilities longitudinally. Again, considering the 

nature of log data, and big data more generally, the data that is 

generated from these types of studies mean they are well suited to the 

longitudinal collection of mathematical abilities. These gaps in prior 

research informed this thesis, which extends these methods using big 

data from a commercially available math app. Because of the app's 

commercial nature, the current dataset is larger and covers a longer 

timeframe than prior log data studies. Another advantage of using log 

data from a commercially available educational math app is that it was 

collected from children in a naturalistic setting, as opposed to a controlled 

lab environment (Barr & Kirkorian, 2023). As such, considering the 

context of previous log data studies, the present thesis will build upon and 

address some of the gaps highlighted from previous studies. Of note, the 

use of a commercial app means that several research focuses can be 

targeted, including, understanding the development of multiple domain-

specific abilities from a mutualistic perspective, across many more 

children, and over a longer period of time.  

Theory and big data 

In contrast to theory driven approaches, where researchers 

formulate clear hypotheses and consequently methods that allow to 
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answer theoretically driven questions, data collection via digital platforms 

will generally collect data indiscriminately and without the prior 

consideration of research questions or hypotheses (Adjerid & Kelley, 

2018), and therefore enables both hypothesis-free analysis and 

hypothesis-driven analysis (Wass & Jones, 2023). Considering this, 

differing approaches to the utility of theory and hypotheses should be 

considered when using these unique datasets, and the approach of 

implementing a theory before data approach to the present thesis will be 

discussed.   

Other disciplines have moved from the typical top-down ótheory drivenô 

approach to hypothesis testing, to instead the new ódata drivenô or a 

bottom-up, unstructured, approach without predefined questions (Oswald, 

2020; Qiu et al., 2017). Those who operate in a ódata before theoryô or 

ódata drivenô framework may argue that analysis of the data will highlight 

the important variables to consider, as opposed to testing a hypothesis 

where the variables have already been chosen (Wass & Jones, 2023). 

However, Qiu et al. (2017) argue the theory driven approach to 

psychology is particularly important as it allows for more mechanistic 

explanations of data, as opposed to a data driven approach which is more 

a description of what has taken place from the data. A further factor to 

consider is that of researcher biases potentially leading to questionable 

practices in secondary data analysis (Baldwin et al., 2022). Accessing 

datasets before forming hypotheses can also shape the theoretical 

questions addressed in the research (Eynon, 2013). 

Pre-registering research proposals and data analysis plans prior to 

accessing the secondary data source serves as a method to address these 

issues and provides a timestamped record for reporting hypotheses 

compared to data access (Kievit et al., 2022). This process also allows the 

research project to specify which variables, participants characteristics 

and analysis techniques will be used from the big secondary data 

(Oswald, 2020). Kievit et al. (2022) noted that many journals condense 
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methods sections, making it challenging to access comprehensive analysis 

and model building details. To address this, it is suggested that 

researchers to share their R scripts in events were sharing the raw data is 

not available (Kievit et al., 2022; Oswald, 2020). Although pre-

registration is important in most contexts and with most research 

methodologies, it is highlighted here that pre-register is important for the 

use of big secondary datasets to ensure the analysis is still relevant to the 

research questions and hypothesis. In adherence to these principles, all 

three empirical studies in this thesis were pre-registered on the Open 

Science Framework before data access or analysis.  

Collaboration with industry ï Funexpected LTD   

 A unique aspect to consider of the present PhD thesis is the 

collaborative work with Funexpected, an educational maths app for 

children aged 3-7-years old. 

Funexpected are an educational maths app company. The company 

was founded in 2019, and the primary aim of the app from conception 

was applying scientific literature to the process of app design for 

mathematical learning. Second to this, Funexpected also aim to make 

mathematics óloveableô for young children who may feel anxious towards 

engaging in mathematical activities. Access to the app is based on a 

monthly subscription service, which costs ten USA dollars per month. The 

partnership between Funexpected and the present research team is 

highlighted as a unique aspect of the PhD project, which provides unique 

benefits in terms of stakeholder inclusion, data accessibility, and the 

evaluative relationship between private industry and academic 

stakeholders.  

Venture capital-backed startup companies are now developing 

psychology-related, big data-oriented applications at a rapid pace 

(Oswald, 2020). This is a notable change from the past, when such 

applications were primarily developed by academic researchers to be used 

within the context of their research projects. Non-academic stakeholders 
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are now collecting, owning and analysing their own datasets (Williamson, 

2017). The shift in data ownership from academic to commercial entities 

highlights the need for collaboration between app designers, researchers, 

and non-academic stakeholders (Dore et al., 2018; Williamson, 2017). 

This collaboration can be formative ï such as creating evidence-based 

products - or evaluative ï like assessing the effectiveness of commercial 

products (Dore et al., 2018) and providing actionable feedback on game 

design to support learning (Peddycord-Liu et al., 2018). 

The increasing pace at which commercial educational apps are 

released, alongside their growing size and complexity, provides new 

challenges for the evaluation and assessment of these educational apps 

and what mechanisms are present within the apps that improve childrenôs 

outcomes (Peddycord-Liu et al., 2018). As such, timely and thorough 

evaluation of commercially available educational maths apps may not be 

appropriate via traditional methods such as randomized controlled trials 

(Peddycord-Liu et al., 2018), and instead novel methods such as the use 

of log data from the backend of the app are needed to evaluate their 

effectiveness (Outhwaite et al., 2022). Considering this, the collaboration 

between different stakeholders, including researchers and private app 

companies, is needed to meet these goals of evaluating educational 

maths apps (Colliver et al., 2019). This demonstrates the use of log data 

for understanding of the mechanism of change that takes place between 

the measure of pre-test to the measure of post-test.  

Given the relevance of big data and log data in developmental 

psychology and mathematical cognition research, and educational maths 

apps as an appropriate data source, the present thesis is within the 

context of a collaborative partnership with Funexpected, who are an 

established educational app company. This collaboration allows for the 

exploration of methodological and theoretical advantages associated with 

research utilising children's educational math app data, but also positions 
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the research within a practical and applied context, aiming to contribute 

valuable insights to both academia and the app development industry. 

Characteristics of Funexpected 

Funexpected as an app comprises of different activities the child can 

select, and these games targets many different abilities relating to 

mathematics, both domain-general and domain-specific.  

 As of April 2024, there are 33 games within the app that target 

different abilities. Regarding the research questions in this thesis, the 

current research project examined a subset of these games. The selection 

of games for research and analysis was guided by two main factors. 

Firstly, the study primarily concentrated on domain-specific abilities, 

resulting in the exclusion of games designed for domain-general skills. 

Secondly, the suitability of games for inclusion in the study was also 

determined by the nature and structure of the log data, as some games 

did not collect sufficient gameplay behaviour from the child, while others 

provided more detailed log data. For example, some games were able to 

provide a percentage score of gameplay behaviour, and the changing 

difficulty level that children progressed through, whilst other games 

simply measured childrenôs behaviour on a binary correct or incorrect 

scale. Games that provided sufficient gameplay data were included in the 

present empirical studies, and this resulted in four different activities that 

were investigated in the empirical chapters (see Table 2.1).  

Not only do these games focus on different domain-specific abilities, 

but they also utilise different features within their gameplay. In order to 

understand the characteristics of the different games that are within 

Funexpected, the games used in the empirical chapters have been 

analysed using the content analysis framework of educational maths apps 

from Outhwaite et al. (2023) which is a three-step content analysis 

framework for the purpose of analysing the educational value of maths 

apps for children. This framework provides descriptions and grouping of 

different characteristics found within educational maths apps, and these 
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comprise of characteristics including feedback, levelling, social interaction, 

task instruction and meaningful learning and problem solving (Table 2.1).  
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Table 2.1 ï An overview of Funexpected games and game features following framework from Outhwaite et al. (2022) 

Screenshot from the app 

Domain-

specific 

ability 

Feedback Leveling 
Social 

interaction 

Task 

instruction 

Meaningful 

learning and 

problem 

solving 

 

Symbolic 

number 

comparison 

Corrective 

feedback ï 

demonstrates 

which of the 

two quantities 

is larger with 

animation. 

 

Motivational 

feedback via 

the alien ï a 

correct answer 

will move the 

alien forward, 

and backward 

when incorrect. 

A combination of 

first,  

programmatic, 

static, and then 

programmatic 

dynamic leveling. 

 

Static as the child 

can select ñeasy, 

medium or hardò 

prior to the game 

starting. However, 

following this, the 

game is also 

dynamic as the 

difficulty of the 

game will adapt to 

Little social 

interaction 

with in-

game 

characters, 

or between 

child and 

caregiver. 

Provide 

explicit 

instruction, 

the app 

asks, ñwhich 

is bigger?ò 

both verbally 

and written. 

Practicing 

basic 

mathematical 

skills in 

isolation. 

 

 

Non-

symbolic 

magnitude 

comparison 
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the childôs 

performance. 

 

 

 

Counting and 

cardinality 

Corrective 

feedback, as 

the genie will 

show which 

answer is 

correct if an 

incorrect choice 

is made three 

times. 

 

Motivational 

feedback via 

the genie, the 

genie will 

provide a 

motivational 

phrase, or give 

a thumbs up, 

Programmatic 

static, as difficultiy 

of the quiz is  

based on age of 

the child and prior 

performance. 

Little social 

interaction 

with in-

game 

characters, 

or between 

child and 

caregiver. 

Provide 

explicit 

instruction, 

where the 

question is 

read aloud 

by the genie 

and written 

on the 

screen. 

Practicing 

basic 

mathematical 

skills in 

isolation. 

 

 

 

Basic 

arithmetic 

(addition and 

subtraction) 
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when the 

correct 

response is 

selected. 
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The present general methodology chapter demonstrates the 

changing landscape of educational technology, and more specifically 

educational maths apps that children now have access to. Alongside this, 

the chapter also focused on the theoretical, methodological, and statistical 

benefit to using back-end log data to investigate the development of 

mathematical cognition. The chapter provides justification for the 

theoretical choices of the resulting empirical chapters in this thesis via the 

use of mutualism as a theoretical framework.  
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Chapter 3. Early Developmental Pathways of Mathematics: 

The mapping of developmental pathways in the early years 

via meta-review of domain-specific intervention studies 

Introduction 

The domain of mathematics is considered a multi-componential 

construct (Gilmore, 2023). Definitions of mathematics vary depending on 

the discipline, but in developmental cognition, mathematical research 

often defines it as the development of numerical competencies and 

number skills (Geary, 1994). 

Considering the longlasting influence that mathematics has on 

future outcomes (DavisȤKean et al., 2021), an understanding of the 

different abilities that underpin mathematical development is needed in 

order to ensure children are achieving a developmentally approrpiate level 

of mathematical abilities. Likewise, an understanding of developmental 

pathways of mathematics may allow for evidence-based choices  or a 

mechanistic understanding of abilities in order to target intervention or 

training to support children (Shawn Green et al., 2019). 

Developmental pathways, in this context, are defined as the 

interactional relationship between different domain-specific abilities, in 

relation to the changing age of the child. More specifically, developmental 

pathways refer to the interacting relationships between two or more 

different domain-specific ability in mathematics. Within the domain of 

mathematical development, a domain-specific ability refers to abilities 

that are predictive of only mathematical abilities, such as quantity 

comparison and number recognition (Passolunghi & Lanfranchi, 2012). 

Other domain-specific abilities include, but are not limited to, cardinality, 

symbolic and non-symbolic comparison and number identification abilities 

(Nogues & Dorneles, 2021). In contrast, domain-general abilities, such as 

inhibitory control or working memory, are predictive across many 

different domains, such as reading and mathematical abilities (Cirino et 
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al., 2022) and thus will not be considered in this chapter.  Although 

domain-general and domain-specific abilities are both important to the 

general development of mathematical abilities (Costa et al., 2018), 

further research is required to understand the precise roles of domain-

specific abilities in the development of overall mathematics. In particular, 

further work is needed to understand the reciprocal interactions between 

domain-specific mathematical abilities (De Smedt, 2022), and this is of 

particular importance as these domain-specific abilities are oftentimes 

studied in isolation from one another (Cahoon et al., 2021), but will 

develop alongside one another. As little previous work has considered a 

range of domain-specific abilities alongside one another in relation to 

more general mathematical development, the preset study aims to 

understand how the relationships between domain-specific abilities 

change with age across early development. 

The importance of development 

Although previous studies have investigated the predictive utility of 

different domain-specific abilities to mathematical development (for a 

review see; Nogues & Dorneles, 2021), oftentimes these studies focus on 

single abilities and study them in isolation from others (Cahoon et al., 

2021). However, it is suggested there are reciprocal interactions between 

domain-specific mathematical abilities (De Smedt, 2022) and as such, 

there are remaining questions regarding the relationship between these 

abilities, and how these change over development. A comprehensive 

mapping of these relationships in the early years of mathematical 

development by using existing literature is a first step to examine 

relationships between domain-specific abilities, as this will elucidate and 

organise the many interconnected developmental variables within the 

context of mathematics (Szucs & Mammarella, 2024).  

The development of a child is an important factor to consider in 

understanding the predictive relationship between domain-specific 

abilities. As an example, Gimbert et al. (2019) found non-symbolic 
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magnitude processing is a significant predictor of arithmetic skills in 5-

year-old children, but not in 7-year-old children. This suggests the 

developmental pathways to arithmetic may differ from the ages of 5 to 7-

years-old, and therefore raises further questions about developmental 

pathways that occur between the ages of 3 to 7 years old. Consequently, 

the age of the child under investigation will be an important factor to 

consider in the present study.  

Previous theories of developmental pathways in mathematics  

There are several frameworks that have been proposed about the 

development of mathematical abilities. Whilst some of the frameworks 

discuss the overall relationships between general areas of maths and lack 

detail of the inter-relations between domain-specific abilities (Gilmore, 

2023), others have focused on a sub-set of domain-specific abilities and 

the interlinkage between them, such as the Pathways to Mathematics 

model (LeFevre et al., 2010) and the Mapping Account (Lau et al., 2021). 

In sum, there is currently no framework that considers all of the different 

domain-specific abilities together, and how they change across 

development.  

Multi-level framework (Gilmore, 2023). 

Gilmoreôs (2023) multi-level framework provides an overview of 

mathematics and the many components that are related to its 

development, and this framework was created with the purpose of guiding 

future questions in the field of research (see Figure 3.1).  
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Figure 3.1 - the multi-level framework from Gilmore (2023) 

 

This framework approaches mathematics from a more general 

perspective, and includes both cognitive factors, such as general cognitive 

skills (or also referred to as domain-general abilities), and non-cognitive 

variables such as environmental home factors. Focusing on the cognitive 

factors that are maths specific in this framework, Gilmore (2023) divides 

these factors into basic mathematical processes (e.g., magnitude 

comparison and spatial-numerical processing) and specific components of 

mathematics (e.g., counting sequence knowledge and algebraic abilities). 

This framework provides directional association between these two ólevelsô 

of maths specific abilities in relation to more general mathematical 

development.  

The framework suggests a developmental pathway from more basic 

skills to more proficient ones, and then more proficient skills to general 

maths measures (which as Gilmore highlights, is a collation of other skills 

comprised together). More precisely, Gilmore (2023) suggests that basic 

mathematical processes (such as magnitude comparison) have a 

directional and mechanistic relationship to a higher level of mathematical 

abilities, such as arithmetic. In regard to the role of development in the 

changing relationship between components of mathematical abilities, 
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Gilmore (2023) further states that the abilities within each of these multi-

component level will differ depending on the age of the child. As an 

example, Gilmore argues that at later stages of development, arithmetic 

will be an appropriate choice to include in the framework, although this 

may not be appropriate for younger children, where instead arithmetic 

should be replaced with something similar, such as addition. Although 

Gilmore (2023) does provide a model of the relationship between different 

ólevelsô of domain-specific abilities in relation overall more general 

mathematical development, further development of this framework would 

also consider how relationships between domain-specific abilities differ 

across development and provide a visual representation of development 

in the framework, which is currently missing from Gilmore (2023).  

Pathways to Mathematics model (LeFevre et al., 2010). 

A further study to consider regarding developmental pathways is 

the pathways model proposed by LeFevre et al. (2010). This pathway 

model was created using association data from a sample of 182 children, 

who ranged in age from 4.5 to 7.5 years. Following a battery of both 

domain-general and domain-specific tasks, and the use of multiple linear 

regression, this led to the creation of their developmental pathway 

framework, which included three pathways: a linguistic, a quantitative, 

and a spatial attention pathway. This model was later updated to include 

a patterning pathway as well (Di Lonardo Burr et al., 2022), and it is 

argued that these pathways all contribute independently to general 

mathematical development of children. The linguistic pathways comprised 

of the abilities of vocabulary and elision, which were related to 

mathematical outcomes such as number naming. The spatial attention 

pathway was measured by the corsi working memory measure, and this 

related to mathematical outcomes such as number naming and 

processing of numerical magnitude. The quantitative pathways comprised 

of subitising abilities, and this was related to arithmetic outcomes. Finally, 
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the later addition of the fourth pathway, which is patterning, shows that 

tasks of pictorial patterning relate to arithmetic fluency.   

It is important to note the data used to construct this model was 

concurrent data and was not collected over a longitudinal period of time. 

Further to this, LeFevre et al. (2010) argue that there is a need to further 

focus on specific components of mathematical development, particularly 

exploring the role of quantitative mathematical abilities and the 

interconnected relationships between of subitising, non-symbolic 

comparison, and exact number abilities. 

Mapping between symbolic and non-symbolic abilities. 

There are currently a number of models that examine the 

developmental pathways and interactions between non-symbolic and 

symbolic abilities. The refinement account (Lau et al, 2021) details the 

developmental pathways between non-symbolic magnitude abilities and 

symbolic number abilities in young children. More specifically, this theory 

suggests that symbolic abilities demonstrate a significant unidirectional 

relationship to non-symbolic magnitude comparison abilities. It is 

suggested that acquiring symbolic numerical magnitude representation 

allows children to understand that non-symbolic sets of objects can be 

labelled with abstract symbolics, such as numbers (Goffin & Ansari, 

2019). In support of this, similar findings regarding directionality have 

been found by Lyons et al. (2018) with a sample of 539 children aged 

5.17 years old, and Mou et al. (2022) with 216 children aged 3.86 year 

old, who support that symbolic number comparison facilitates growth in 

non-symbolic comparison.   

The inverse of the Refinement account is named the Mapping 

account (Lau et al, 2021), which suggests that non-symbolic magnitude 

comparison abilities may have a unidirectional relationship to symbolic 

number abilities. Although both models were tested by (Lau et al., 2021), 
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they found better model fit for the Refinement account with their sample 

of 622 children, who were aged 5.1 years at time 1.  

Further to this, the access deficit theory, first proposed by Rousselle 

and Noel (2007), argues that symbolic comparison abilities are 

underpinned by non-symbolic understanding of magnitude, and that 

lacking access to a non-symbolic understanding of magnitude leads to 

increased response time and decreased accuracy in the comparison of 

symbolic numerals (Rousselle & Noel, 2007). Olsson et al. (2016) 

suggests that children facing challenges in mathematics may exhibit 

difficulties in accessing magnitude information from numerical symbols, 

rather than in processing numerosities. This lack of access to non-

symbolic understanding is particularly important for children who may 

struggle with mathematics, or disorders related to mathematics. Previous 

studies have supported a developmental trajectory from non-symbolic to 

symbolic, for example, Libertus et al. (2013) found non-symbolic 

comparison did predict outcomes such as arithmetic (with counters and 

objects) with a sample of children aged 3 to 7 years old who were 

followed over a 2 year period. Similarly, Elliott et al. (2018) found a 

bidirectional relationship between non-symbolic comparison abilities and 

the TEMA-3 in a sample of children aged 3-5-years-old over an 18 month 

period.  

This overview of literature relating to the relationship between non-

symbolic comparison and symbolic comparison abilities demonstrate how 

differing theories posit about the directionality between these two 

abilities. Although individual studies are utilised to support each account 

in turn, currently an overview of literature as a whole has not been 

conducted to compare and contrast these different theories of 

directionality against one another.  
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Current issues related to developmental pathways 

Evidence for the previoulsy discussed developmental pathways have 

utilised correlational and association designs. These include the pathway 

model by LeFevre et al. (2010), and the evidence in support of the 

refinement account is also association data (Lau et al., 2021; Lyons et al., 

2018). Association data is an appropriate step to investigate the possible 

(or lack therefore) bidirectional relationships between these domain-

specific abilities. Although correlational studies are able to investigate 

potential mechanistic relationships between domain-specific abilities, it is 

suggested that evidence from alternative methodologies, such as 

intervention studies, may also allow for an investigation of mechanistic 

relationships between abilities. Intervention studies are oftentimes 

designed to investigate a proposed theoretical mechanism that explains 

change in a behaviour (Shawn Green et al., 2019; Simms et al., 2019; 

Davis-Kean & Jager, 2017), which in the current instance, would be an 

improved mathematical ability. For these reasons, interventions studies 

will be considered as a source of data to understand the direction and 

interplay of domain specific abilities on mathematical abilities.  

An overview of previous studies investigating developmental pathways 

shows there is little attention paid to relationships that can be found 

across many domain-specific abilities. Oftentimes abilities are not 

considered alongside others, and instead single domain-specific abilities 

are studied in isolation. It is important to understand the relationships 

across a varying array of domain-specific abilities to understand how this 

will relate to overall mathematical development of young children (ages 

3-7 years). Furthermore, a greater understanding of the role of 

development is needed, with a particular focus on how the relationships 

between domain-specific abilities may change over time as the child 

continues to develop. 
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Alongside the previously mentioned issues regarding existing 

developmental pathways of mathematics in the early years, there is also 

a lack of visual representations to explain these pathways. It is argued by 

Moore and George (2015) that the developmental sciences would benefit 

from visualisation frameworks, allowing for the benefits of theoretical 

clarity when comparing and contrasting different developmental 

pathways. As such, Johnson et al. (2021) also suggests that acyclic 

graphing will allow for a more detailed understanding of counterfactuals 

within the context of domain-specific development. This has the benefit of 

both mapping pathways with considerable empirical evidence, and also 

pathways with weaker, or no, empirical evidence to support them. As 

such, a visual mapping of developmental pathways can allow the field of 

mathematical cognition to refine current understanding of developmental 

pathways, and also guide where future questions should be asked. 

The present study will use a visual framework that visualises changing 

relationships over development to investigate developmental pathways of 

domain-specific abilities in mathematics using outcomes from empirical 

intervention studies. This study will function as a proof-of concept of 

visually plotting developmental pathways, in order to obtain a better 

understanding of the multi-directional relationships between different 

domain specific abilities. As data from existing intervention studies will be 

collated together to plot the relationships between abilities, a meta-review 

will be utilised to synthesise and locate existing review articles of 

interventions for mathematics for children in the early years.  

 

Research questions  

 The present study has the following research questions:  

1. Pathways: What pathways will be constructed when plotting 

significant and nonsignificant outcomes from domain-specific 
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interventions for typically developing children aged 3-7 years 

old?  

2. Interventions/domain-specific abilities: What 

interventions have been conducted that target domain-specific 

abilities of mathematical development for typically developing 

children aged 3-7 years?  

3. Development: How do the relationships between domain-

specific abilities change across development?  

Methods  

In line with Open Science Framework, and to ensure transparency 

of the methodology, the protocol for this meta-review and developmental 

framework was pre-registered with the OSF registries 

(https://osf.io/n4dys/). 

The methodology of this study followed three phases.  

Phase 1 consisted of the meta-review - this included the 

systematic search and selection of suitable existing review articles that 

focus on interventions of mathematical abilities in children. 

A meta-review was conducted to capture the breadth of intervention 

studies that have been conducted on early years mathematics. A meta-

review is a systematic review of existing review articles (Sarrami-

Foroushani et al., 2015). A meta-review was chosen over a standard 

systematic review as there are many existing review articles in the field of 

developmental mathematical cognition and it could therefore capture the 

breadth of existing reviews, and thereby a breadth of intervention 

studies. Moreover, previous scoping searches demonstrate that many 

domain-specific intervention studies may not use the language of 

ódomain-specificô in their titles and publications ï although they are 

indeed investigating domain-specific abilities, and therefore would not be 

identified via typical systematic review methods. Alongside this, several 

https://osf.io/n4dys/
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reviews in mathematical cognition have recently been conducted that 

somewhat overlap with the aims of the present study. This includes 

previous reviews of more general interventions for mathematics (e.g., 

Simms et al., 2019; and Nelson & McMaster, 2019). Likewise, recent 

previous reviews have been conducted that focus on particular domain-

specific abilities (see Schneider et al., 2018, for a meta-review on number 

line abilities, and Schneider et al., 2017, for a meta-analysis on symbolic 

and non-symbolic comparison abilities). As the aim of the present meta-

review was to collate a wide reach of previous intervention studies, the 

chosen methodology of a meta-review was the most appropriate choice to 

collate the relevant information.  

Within Phase 1, the initial database search took place, followed by 

screening in line with PRISMA guidelines and double coding to ensure 

inter-rater consistency (Cohenôs kappa) is sufficient. Phase 2 consisted of 

collating the complete reference list from the selected review articles. 

These were then screened for relevant intervention studies that target 

domain-specific mathematical abilities in children aged 3 to 7-years old 

and relevant data was extracted. Phase 3 consisted of plotting the 

extracted data onto the visual theoretical framework.  

Search strategy 

Phase 1  

Pre-prints and protocol registries were checked for reviews of a 

similar nature. This included Prospero, OSF and Cochrane databases. At 

the time of searching, no similar meta-reviews were found.  

The following search string was used: (Child* OR Nursery OR 

Kindergarten* OR Pre-school* OR Preschool* OR Toddler OR Primary OR 

Elementary OR ñEarly yearsò OR ñYoung childrenò) AND (Training OR 

Program* OR Treatment OR Intervention*) AND (Math* OR Number OR 

Numeracy OR Numerical OR Arithmetic OR Counting) AND (Review OR 

ñMeta-analysisò OR ñMeta analysisò). 
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The search was conducted the 28th of April 2022 across seven 

electronic databases. These were PsycInfo, Web of Science Core 

Collection, Pubmed, SCOPUS, ERIC, ProQuest, and the first 500 

references from Google Scholar. Search results were then compiled into 

Eppi-Reviewer Web (Beta).  

Inclusion and exclusion criteria. 

Population 

Review articles were included if they focused on children aged 3-7 

years old, and the children included must be typically developing. Reviews 

that focused on children of a particular SEND population were included at 

this stage of the review process, as oftentimes these studies utilise a 

typically developing control group.  

Interventions 

Review articles needed to investigate intervention or training 

studies that are within the domain of mathematical development.  

Outcome 

The review article needed to focus on mathematics as the focus of 

the review.  

Study type 

At this stage of the review process, the only type of article included 

were review articles, including but not limited to, systematic reviews and 

meta-analyses. 

Other criteria 

The included review articles were required to be peer-reviewed and 

available in the English language. Only review articles published between 

2000 ï 2022 were included.  
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Phase 2  

Once relevant review articles were selected, the references from 

these reviews were collated together. This created a list of intervention 

studies that were then screened for appropriateness to be included in the 

final plotting of the visual theoretical framework.  

Inclusion and exclusion criteria. 

Population 

Participants of the study must include typically developing children 

within a condition that receives an intervention. The mean age of the 

sample must fall between 3-7 years old, both at pre-test and post-test. If 

a study investigates SEND populations and included a control group of 

typically developing children who also received the intervention, the 

control group was included in the present study.  

Intervention  

To be eligible for inclusion, intervention studies needed to train at 

least one domain-specific ability, and use a mathematical outcome.  If 

studies included training for more than one domain-specific ability, 

studies needed to provide sufficient information to disaggregate individual 

trained abilities and the associated impact on individual outcomes. For 

example, if studies included training that targeted counting and symbolic 

comparison skills, these elements of the training needed to be individually 

associated with outcomes.  

Control group 

The intervention study must utilise a type of control group, although 

no restriction was placed on the type of control group utilised. This could 

include business as usual, waiting list control, or other control group 

choices. Intervention studies without a control group were excluded. 

Studies were included if the intervention groupôs post-intervention 

measure was better than the control groupôs post-intervention measure to 

a statistically significant level.  
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Outcome measure 

At pre-test, a measure of domain-specific ability was required, and 

this could include both standardised and researcher-made measures. At 

post-test, the study must utilise either a domain-specific measure, or a 

general measure of mathematical abilities. Further, only studies that 

conducted parametric analysis with the pre-test and post-test measures 

were included. Any studies that conducted non-parametric testing were 

excluded, as analysis was effect sizes was planned, and therefore, studies 

must report effect size of the intervention condition or provide sufficient 

information so that an effect size can be calculated (M and SD). The 

appropriateness of the sample size for parametric testing was then 

considered at the quality analysis stage, using criteria from Kmet (2004).  

Study type  

The study must be an intervention study where a pre-test and post-

test measure are used. No further restriction was placed on the type of 

intervention or training study, and as such, both randomised and 

nonrandomized intervention designs were included. The study must also 

utilize inferential statistics to investigate intervention effects. If the 

sample size of the study is too low to conduct inferential statistical 

testing, the study will be excluded. Once appropriate intervention studies 

were identified, relevant data was extracted.  

Phase 3 

Classification of domain-specific skills.  

Prior to the theoretical framework being constructed, outcome 

measures and intervention training were re-coded in terms of relevant 

domain-specific abilities. This was conducted to ensure consistency across 

the data in definitions of domain-specific ability, as well as consistency in 

the type of tasks used to measure said ability. Table 3.1 summarises the 

definitions used for the domain-specific mathematical abilities included in 

this visual model. These codes were initially developed using a top-down 

approach that used codes outlined in Purpura (2013) and Fuchs et al. 



72 

 

(2018). However, to ensure that the framework was exhaustive and 

captured all relevant domain-specific skills, a bottom-up approach was 

used to identify additional codes. Training and outcome tasks used by the 

original authors were extracted by the first author and re-coded in line 

with the domain-specific mathematical skill categories in this new 

framework. 10% of the training and outcome tasks were also coded by 

the second author to ensure reliability and consistency, with agreeable 

Cohenôs kappa of .888, p <.001.  

Table 3.1 ï names and definitions of domain-specific abilities included in the visual framework 

Code  Definition 

Terms from 

included 

intervention 

studies 

Example task 

Symbolic 

arithmetic 

 The use of 

arithmetical 

operations 

(such as 

addition, 

subtraction, 

multiplication 

and division) 

on sets of 

numerosities 

(Butterworth, 

2005). 

 

Specifically in 

relation to 

arithmetic 

with symbolic 

Arabic digits, 

and requires 

Addition; 

Basic 

arithmetic 

Children are 

given a list of 

symbolic 

addition 

operations, for 

example, 6 + 

3 = ? 

(Maertens et 

al., 2016) 



73 

 

an exact, not 

approximate 

response. 

Non-

symbolic 

arithmetic 

 See definition 

for ósymbolic 

arithmeticô, 

although 

these 

examples 

utilise non-

symbolic 

presentation 

of numerosity 

(dots or 

pictures). 

 

Responses 

could be 

either 

approximate 

or exact 

quantities. 

Non-

symbolic 

addition; 

Non-

symbolic 

Approximate 

arithmetic 

See example 

task of 

ósymbolic 

arithmeticô, 

however the 

presentation 

of Arabic 

numerals is 

replaced with 

dots or 

pictures. 

 

ñOn each trial, 

children 

viewed an 

animation of 

addition or 

subtraction 

with two 

arrays 

containing 

discrete 

objects (e.g., 

paintbrushes, 

palm trees). 

Children were 

asked to help 

choose the 

right answer.ò 
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(Park et al., 

2016) 

Mathematical 

language 

 Language 

that is specific 

to the context 

of 

mathematics, 

examples 

including 

ñmore, less, 

near, and farò 

(Purpura et 

al., 2016). 

Quantitative 

language; 

Comparative 

language; 

Spatial 

language 

Children are 

assessed on 

their ability to 

formulate 

definitions for 

words, with 

prompts that 

do not require 

an  

understanding 

of exact 

quantities, 

e.g., pictures 

of glasses of 

water with 

ómoreô or ólessô 

water 

(Purpura & 

Logan, 2015). 

Number line 

abilities 

 The use of a 

number line 

with linearly 

arranged, 

consecutive 

numbers, 

such as the 

board game 

óchutes and 

laddersô 

Symbolic 

number line 

abilities; 

non-symbolic 

number line 

abilities 

The number 

line board 

game included 

equally sized 

squares in a 

horizontal 

array. 

The 

participant 

would spin a 

spinner and 

move their 
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Ш(Ramani & 

Siegler, 

2011). 

token the 

number of 

spaces 

indicated on 

the spinner. 

Children may 

be instructed 

to verbally say 

the numbers 

on the board 

as they move 

their token 

(Ramani & 

Siegler, 

2011). 

Cardinality 

and counting 

 The discovery 

that the last 

word in a 

count 

represents its 

cardinal value 

(i.e., the 

cardinal word 

principle) 

(Mix et al., 

2012). 

 

Cardinality; 

Counting; 

Object 

counting 

Children are 

given a pile of 

objects and 

asked to 

produce 

various set 

sizes (e.g., 

Give me six 

pigs) (Mix et 

al., 2012). 

Numerical 

knowledge 

 Knowledge 

about 

numbers or 

numerosity 

that does not 

indicate the 

Transcoding; 

Number 

recognition; 

Mathematical 

language 

(numbers 1 - 

ñCards with 

numerals 1 ï 

10 were 

randomly 

ordered. The 

experimenter 
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child has 

acquired the 

cardinality 

principle. 

10); Numeral 

identification, 

Ordinality 

held up 

a card and 

asked the 

child to 

identify the 

numeralò 

(Ramani & 

Siegler, 

2008). 

Symbolic 

comparison 

 A measure of 

childrenôs 

understanding 

of symbolic 

numbers and 

their 

corresponding 

quantities  

(Castro et al., 

2017). 

Symbolic 

number 

comparison 

abilities 

ñChildren were 

which of two 

Arabic 

numbers 

presented 

simultaneously 

on the screen, 

was the 

largerò 

(Honore & 

Noel, 2016). 

Non-

symbolic 

magnitude 

comparison 

 A measure of 

childôs ability 

to 

discriminate 

one quantity 

from another 

(Libertus et 

al., 2020) 

when 

presented 

with dots (or 

pictures). 

Non-

symbolic 

magnitude 

comparison 

Children were 

presented two 

arrays of 

dots/pictures 

side by side. 

Children then 

had to decide 

which array 

contained 

more (Libertus 

et al., 2020). 
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Effect size calculations.  

 Effect size calculations were conducted to understand the 

magnitude or size of the effect of the intervention on the outcome 

measure beyond the significance (p-value) of the intervention effect.  

Some deviations to the effect size analysis planned in the pre-

registration took place. Firstly, effect size calculations were conducted for 

the domain-specific abilities that contributed the most developmental 

pathways to the framework, as opposed to all domain-specific abilities, as 

first proposed in the pre-registration. This was due to the variations in the 

reporting of descriptive statistics in the main texts of the included 

interventions, which meant effect sizes could not be calculated for all 

domain-specific abilities. The other deviation from the pre-registration 

that took place is that effect sizes from nonsignificant intervention 

findings were not included in the effect size analysis. Again, this is due to 

the inconsistent reporting of appropriate descriptive statistics for 

nonsignificant intervention findings across the included studies, and 

therefore, in the interest of consistency for comparison between effect 

sizes, within group effect size calculations continued with only significant 

intervention effects. 

Within group effect size were calculated, where possible considering 

the constraints of data reporting in the included intervention studies. In 

the first instance, descriptive data were extracted from the journal 

articles, and these were used to calculate the Cohenôs d effect size for 

each developmental pathway. Following this, the Cohenôs d effect size 

was then converted to Hedgeôs g effect size. This conversion took place as 

it is suggested that Hedgeôs g allows for accurate measure of effect size 

(Marfo & Okyere, 2019) compared to Cohenôs d where there are multiple 

samples that are small and are pooled together (Turner & Bernard, 2006). 

This is of importance for effect size calculations of the included 

developmental pathways, as participant sample size averaged at 48 

participants, (SD = 30.63, range = 18 ï 132 children).  
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Risk of bias analysis.  

In order to assess the risk of bias of the included intervention 

studies in this review, the ROBINS-I (2016) (Risk of Bias In Non-

randomised Studies - of Interventions) tool was used (Sterne et al., 

2016). This tool was chosen as it is appropriate to use with interventions 

that may or may not have been randomised. Each study was assessed for 

their respective risk of bias, which results in a score on a scale of 1 ï 4, 

with 1 being low risk of bias, and 4 being critical risk of bias. All included 

studies were scored with 1 ï low risk of bias, and as such, all studies 

were included in the final analysis.  

Results  

Phase 1 results  

Phase 1 entailed the searches for the meta-review. The PRISMA 

diagram in Figure 3.2 that shows the flow of studies and the reason for 

their exclusion.  
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Figure 3.2 ï PRISMA flow diagram of Phase 1 the meta-review to locate existing review articles. 

 

A total of 190 reviews were identified using the inclusions and 

exclusion criteria. These were double coded by a trained research 

assistant ï with agreeable Cohenôs kappa of .712, p <.001. This 

demonstrated a high level of agreement between both coders. Any 

discrepancies were consolidated by both reviewers before Phase 2 

continued. 

Following this, all the references and citations within each of these 

review articles were compiled. The full reference list was taken from the 

review ï this included any references included in the introduction or 

discussion of the paper. This was done to ensure consistency across all 

the review articles, as some specified the studies in their review section, 
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while others did not. This also ensured that a wide scope of potential 

studies was included in the review and that any intervention studies that 

were mentioned in the introduction or discussion also made it to Phase 2 

of data analysis.  

Once all the references were collated, they were converted using 

bib2tex and imported to Zotero for data cleaning. Following this, the 

reference list was then exported to a new review within eppi-reviewer-

web. In total, 16,627 individual references were collated. These were 

taken forward to Phase 2. 

Phase 2 results   

Phase 2 of the study involved the screening of relevant individual 

intervention studies that were identified from the review articles in Phase 

1. See Figure 3.3 for the full PRISMA flow of Phase 2. 
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Figure 3.3 - PRISMA flow diagram of Phase 2: review to locate individual intervention studies 

 

Phase 2 took the 16,627 references that were extracted. These 

were then screened using the inclusion and exclusion criteria. 10% of 

these references were double coded by the same research assistant, with 

agreeable Cohenôs Kappa of .568, p = 0.13. This is considered moderate 

agreement (McHugh, 2012). Further analysis of the inter-rater reliability 

demonstrated some discrepancies regarding reporting of age of the 

sample in the interventions. Upon consolidation of the exclusion criteria, 

only interventions that reported age of the child in months or years (e.g., 

4.5 years, or 6 years and 3 months) were included, and interventions that 

reported age via grade level were excluded (e.g., Grade 1).  These 

studies were excluded as they did not provide sufficiently precise data 

regarding the age of the child, as grade level can reflect a wide age range 
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across 12 months. For example, children in Grade 1 can refer to both a 

child aged 6 years 6 months and a child aged 7 years 2 months. As EDMP 

plotted age data on the scale of months, studies that reported grade 

levels were not included. This resulted in 38 interventions that were 

extracted for relevant information (see Appendix C and Appendix D). 

Again, 10% of interventions were blindly double extracted by the same 

research assistant, with an agreeable Cohenôs kappa of .927. 

The final selection of 38 intervention studies contained 2,033 

individual participants, aged between 43 ï 83 months. Mean dosage for 

those that reported it was 168 minutes (2.8 hours). However, it should be 

noted that dosage ranged widely from 10 minutes through to 600 minutes 

(Wang et al., 2021 and Baroody et al., 2013 respectively). The domain-

specific abilities included across these 38 interventions were considered 

and further consolidated into domain-specific classification group, 

following the methods previously described in (page 17.) Examples of the 

recoded domain-specific classifications can be found in Table 3.2. This 

data was taken forward to Phase 3 where the visual theoretical framework 

was constructed.  

Quality assessment of intervention studies.  

The quality of the included intervention studies was assessed using 

the criteria for quantitative studies by Kmet et al. (2004). This quality 

assessment comprises of a list of 14 criteria, with a possible score ranging 

from 0 ï 2 for each criterion, with a maximum possible score of 28. This 

total score is then divided by 28. This means the score of quality can 

range from 0 ï 1.  Following guidelines from French et al. (2020), quality 

scores between 0 ï 0.44 were classed as low, 0.45 ï 0.69 as moderate, 

and 0.70 ï 1.00 as high. 

Of the included intervention studies, the quality score ranged from 

0.61 ï 1 (M = 0.79, SD = 0.20). On average, the studies included were 

classed as high quality, and a standard deviation of 0.2 demonstrates 
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there was little variance within the sample. Studies individually ranged 

from moderate to high quality. A subset of the intervention studies was 

double coded on the same quality assessment criteria, and Cohenôs kappa 

was used to assess inter-rater reliability. The ñCohenKappaò function for 

the R package ñDesctoolsò was used to calculate this, and from this 

analysis, a Cohenôs kappa of 0.48 was found. This is considered 

ñmoderateò agreement between the two raters. For this reason, all of the 

included studies remained in the theoretical framework. The quality 

assessment score was also used to compared significant developmental 

pathways to nonsignificant developmental pathways via t-test, and this is 

discussed further in Phase 3 results.  

Phase 3 results  

Overall results.  

In total, 120 pathways were identified from 32 eligible intervention 

studies. Of these, 74 pathways were statistically significant, and 46 were 

nonsignificant.  

Of the 74 significant pathways, 51 described associations between 

domain-specific abilities (e.g., a number line estimation intervention at 57 

months associated with a symbolic comparison outcome at 60 months). 

These pathways were plotted across age to the visual framework (see 

Figure 3.4). The remaining 23 significant pathways described associations 

within domain-specific abilities (e.g., a number line estimation 

intervention at 48 months associated with a number line estimation 

outcome measure at 49 months) and were not included in this synthesis 

and visual framework. These pathways were excluded as the primary 

focus of the study was to investigate developmental pathways between 

domain-specific abilities, as opposed to intervention effects within the 

same domain-specific ability. Further to this, removing within domain-

specific ability pathways allowed for more clarity in the visual plotting of 

between-ability pathways. For the 46 nonsignificant pathways, 28 

described associations between domain-specific abilities (see Table 3.2) 
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and were also plotted across age to the visual framework (see Figure 

3.4). The remaining 18 nonsignificant pathways described associations 

within domain-specific abilities and were not included in this synthesis and 

visual framework. 

Table 3.2 ï domain-specific grouping and corresponding quantity of pathways 

Domain-specific 

classification 

Previous domain-specific 

abilities from raw data 

Number 

of 

significant 

pathways 

Number of 

nonsignificant 

pathways 

Symbolic 

arithmetic 

Addition; Basic arithmetic 3 1 

Non-symbolic 

arithmetic 

Non-symbolic addition; non-

symbolic approximate arithmetic 

3 5 

Mathematical 

language 

Quantitative language; 

comparative language; spatial 

language 

4 1 

Number line 

abilities 

Symbolic number line abilities; 

non-symbolic number line 

abilities 

25 4 

Cardinality and 

counting 

Cardinality; counting; object 

counting 

2 0 

Numerical 

knowledge 

Transcoding; number 

recognition; mathematical 

language (numbers 1 - 10); 

numeral identification, ordinality 

2 1 

Symbolic number 

comparison 

Symbolic number comparison 

abilities 

3 11 

Non-symbolic 

magnitude 

comparison 

Non-symbolic comparison 9 5 
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Visual plotting of the developmental pathways 

 Both significant and nonsignificant developmental pathways were 

plotted to the visual framework. As can be seen from Figure 3.4, the 

theoretical framework maps the different developmental pathways 

between domain-specific abilities, across age of the child on the x-axis. 

The y-axis plots the different domain-specific abilities, with more basic 

concepts on the bottom (such as non-symbolic magnitude comparison), 

and more complex abilities at the top (such as symbolic arithmetic) (see 

Gilmore 2023 for a justification on the basic and complex mathematical 

abilities).  
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Figure 3.4 ï visual plotting of EDMP  

 

Many observations can be made from the visual representation of 

the developmental pathways, and the results will discuss the 

developmental pathways that comprise of the most numerous studies, as 

these pathways have a more robust evidence base to consider. Effect size 

analysis was also conducted on these developmental pathways. 

Non-symbolic magnitude comparison.  

Non-symbolic magnitude comparison training between 43-83 

months was significantly associated with five outcomes across nine 

pathways, including general maths at 43 and 75 months (Libertus et al., 
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2020; Van Herwegen et al., 2018), cardinality and counting at 65 months 

(Maertens et al., 2016), symbolic arithmetic at 65 and 68 months 

(Desoete et al., 2013; Maertens et al., 2016), and symbolic magnitude 

comparison and non-symbolic arithmetic at 83 months (Obersteiner et al., 

2013).   

See Appendix A for a table of outcome measures from the non-

symbolic comparison developmental pathways, and their corresponding 

quantities of significant or nonsignificant pathways.  

Four studies sufficiently reported information to calculate within-

group effect sizes (i.e., pre-test to post-test for the intervention group 

only) for eight of the non-symbolic magnitude comparison pathways. 

Effect sizes (Hedgeôs g) ranged from 0.15- 1.78, with an average effect 

size of 0.87. Table 3.3 summarises these effect sizes across these eight 

pathways.  

Table 3.3 - Effect sizes for non-symbolic comparison interventions and association with outcome 

measures  

Author Sample 

size 

Hedge's g  Outcome measure 

Desoete and Praet 

(2013) 

132 0.49 Symbolic arithmetic 

Libertus et al. (2020) 33 0.15 Composite maths measure 

Maertens et al. 

(2016) 

47 0.48 Symbolic arithmetic 

Maertens et al. 

(2016) 

47 0.50 Cardinality and counting 

Van Herwegen et al. 

(2018) 

19 0.93 Non-symbolic magnitude 

comparison 

Van Herwegen et al. 

(2018) 

19 0.98 Composite maths measure 
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Van Herwegen et al. 

(2018) 

19 1.78 Non-symbolic magnitude 

comparison 

Van Herwegen et al. 

(2018) 

19 1.68 Composite maths measure 

 

In addition, five nonsignificant pathways were observed between 

non-symbolic magnitude comparison training at 65-83 months and four 

outcome measures, including number line abilities at 65 months 

(Maertens et al., 2016), perceptual and conceptual subitising and general 

maths at 83 months (Obersteiner et al., 2013).  

Considering both significant pathways and nonsignificant pathways, 

the overall quality of this evidence was rated as high (M = 0.82, SD = 

0.06) using criteria for quantitative studies from (Kmet et al., 2004). A 

comparison of the quality assessment scores between significant non-

symbolic magnitude comparison developmental pathways with 

nonsignificant ones was conducted. The results were nonsignificant, t(8) 

= -0.25, p = 0.81, suggesting there was no significant difference in the 

quality score when comparing significant to nonsignificant non-symbolic 

magnitude comparison pathways. Figure 3.5 shows the visual plotting of 

all the included non-symbolic comparison developmental pathways.  
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Figure 3.5 ï visual plotting of EDMP for non-symbolic magnitudes comparison developmental 

pathways 

 

Number line abilities.  

Number line abilities training between 44-66 months was 

significantly associated with five outcomes across 25 pathways, including 

non-symbolic arithmetic at 44 months (Cankaya et al., 2014), cardinality 

and counting at 44- 55 months (Cankaya et al., 2014; Ramani et al., 

2012; Whyte & Bull, 2008), numerical knowledge at 44-57 months 

(Cankaya et al., 2014; Ramani & Siegler, 2008; Ramani & Siegler, 2011; 

Ramani et al., 2012; Siegler & Ramani, 2009; Whyte & Bull, 2008), 

symbolic comparison from 45 to 57 months (Ramani & Siegler, 2008; 

Ramani et al., 2012; Siegler & Ramani, 2009; Whyte & Bull, 2008) and 
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symbolic arithmetic at 55 and 66 months (Maertens et al., 2016; Siegler 

& Ramani, 2009). 

See Appendix B for a table of outcome measures from the number 

line developmental pathways, and their corresponding quantities of 

significant or nonsignificant pathways. Seven studies sufficiently reported 

information to calculate within-group effect sizes for 25 of the non-

symbolic magnitude comparison pathways. Effect sizes (Hedgeôs g) 

ranged from 0.23 ï 1.8 with an average effect size of 0.63. Table 3.4 

summarises these effect sizes across these 25 pathways.  

Table 3.4 - Effect sizes for number line abilities interventions and association with outcome 

measures 

Author 
Sample 

size 
Hedge's g Outcome measure 

Cankaya et al. (2014) 38 0.26 Non-symbolic arithmetic 

Cankaya et al. (2014) 38 0.44 Numerical knowledge 

Cankaya et al. (2014) 38 0.56 Symbolic magnitude 

comparison 

Cankaya et al. (2014) 38 1.13 Numerical knowledge 

Maertens et al. (2016) 41 -1.15 a Number line abilities 

Maertens et al. (2016) 41 -1.15 a Number line abilities 

Maertens et al. (2016) 41 0.53 Symbolic arithmetic 

Ramani (2008) 68 0.46 Number line abilities 

Ramani (2008) 68 0.56 Cardinality and counting 

Ramani (2008) 68 0.62 Numerical knowledge 

Ramani (2008) 68 0.75 Symbolic arithmetic 

Ramani (2008) 68 0.78 Symbolic magnitude 

comparison 
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Ramani (2011) 30 0.23 Numerical knowledge 

Ramani (2011) 30 0.27 Number line abilities 

Ramani (2012) 105 0.28 Symbolic magnitude 

comparison 

Ramani (2012) 62 0.34 Numerical knowledge 

Ramani (2012) 105 0.35 Numerical knowledge 

Ramani (2012) 62 0.45 Numerical knowledge 

Ramani (2012) 105 0.48 Number line abilities 

Ramani (2012) 62 0.68 Number line abilities 

Siegler and Ramani 

(2008) 

18 0.75 Number line abilities 

Siegler and Ramani 

(2009) 

18 0.45 Symbolic magnitude 

comparison 

Siegler and Ramani 

(2009) 

18 0.49 Symbolic magnitude 

comparison 

Siegler and Ramani 

(2009) 

18 0.98 Number line abilities 

a effect sizes were converted to positive values in analysis to reflect that 

decreasing errors was a positive outcome of the intervention 

In addition, four nonsignificant pathways were observed between 

number line abilities between 48 ï 66 months. Outcomes included 

symbolic comparison and arithmetic at 48 months (Ramani & Siegler, 

2011), numerical knowledge at 55 months (Siegler & Ramani, 2009), and 

cardinality and counting at 66 months (Maertens et al., 2016).  

Considering both significant pathways and nonsignificant pathways, 

the overall quality of this evidence was rated high (M = 0.78, SD =0.05) 

using criteria for quantitative studies from (Kmet et al., 2004). A 

comparison of the quality assessment scores between significant number 
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line developmental pathways with nonsignificant ones was conducted. The 

results were nonsignificant, t(5.67) = -2.37, p = 0.057, suggesting there 

was no significant difference in the quality score when comparing 

significant to nonsignificant number line pathways. Figure 3.6 shows the 

visual plotting of all the included number line abilities developmental 

pathways. 

Figure 3.6 - visual plotting of EDMP for number line abilities developmental pathways 

 

Symbolic comparison abilities. 

Symbolic magnitude comparison training between 70 - 83 months 

was significantly associated with three outcomes across three pathways, 

including number line abilities and cardinality and counting at 70 months 
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(Fischer et al., 2011), and conceptual subitizing at 83 months 

(Obersteiner et al., 2013). 

In addition, 11 nonsignificant pathways were observed for symbolic 

comparison abilities between the ages of 68 ï 83 months. Outcomes 

included symbolic arithmetic at 68 and 69 months (Honore & Noel, 2016; 

Praet & Desoete, 2014), number line at 69 months and 70 months 

(Fischer et al., 2011; Honore & Noel, 2016), cardinality and counting at 

72 months (Ramani et al., 2020), and finally, perceptual subitizing, non-

symbolic magnitude comparison, approximate calculations and general 

maths measure at 83 months (Obersteiner et al., 2013). 

Considering both significant pathways and nonsignificant pathways, 

the overall quality of this evidence was rated high (M = 0.78, SD = 0.09). 

A comparison of the quality assessment scores between significant 

symbolic comparison developmental pathways with nonsignificant ones 

was conducted. The results were nonsignificant, t(3.48) = -1.12, p = 

0.33), suggesting there was no significant difference in the quality score 

when comparing significant to nonsignificant symbolic comparison 

pathways. Figure 3.7 shows the visual plotting of all the included symbolic 

comparison developmental pathways. 
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Figure 3.7 - visual plotting of EDMP for symbolic number comparison developmental pathways 

 

 

Remaining developmental pathways plotted to EDMP.  

Although number line abilities and magnitude comparison abilities 

contributed the highest number of developmental pathways to the visual 

plotting of EDMP, other domain-specific abilities were also included in the 

visual plotting (as can be seen in Figure 3.4). These domain-specific 

abilities were captured infrequently, both as the target of interventions, 

and also as an outcome measure. As such, few conclusions can be drawn 

from these domain-specific developmental pathways that appear 

infrequently in EDMP; however, they are mentioned here to highlight as 

an area where further investigation of pathways can target.  
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These include four significant maths language developmental 

pathways for children aged 50 ï 56 months. Outcomes included 

composite measures (such as the PENS-B) at 50 and 56 months (Purpura, 

2017; Purpura, 2021), and to numerical knowledge at 50 months. Further 

to this, maths language also had one nonsignificant pathway to numerical 

knowledge at 50 months (Purpura, 2021).  

Two developmental pathways were identified for cardinality and 

counting training, both with symbolic arithmetic as the outcome measure 

for children aged 71 months (Shamir, 2013). No nonsignificant 

developmental pathways were identified for cardinality and counting 

training.  

Three developmental pathways were identified for non-symbolic 

arithmetic for children aged 58 to 69 months. Outcomes included a 

composite maths measure at 58 months (Park, 2016), and number line 

abilities and symbolic arithmetic at 69 months (Honore, 2016). Four 

nonsignificant pathways were also included for non-symbolic arithmetic, 

including numerical Knowledge at 56 months (Szkudlarek, 2018), and two 

nonsignificant pathways to cardinality and counting, and also to number 

line abilities at 77 months (Khanum, 2016). 

Likewise, there were also three developmental pathways for 

symbolic arithmetic, 71 ï 83 months, with outcome measures including 

composite measures at 82 months (Pires, 2019), numerical knowledge at 

71 months (Shamir, 2012) and non-symbolic arithmetic at 83 months 

(Van der Ven, 2017). There was also one nonsignificant pathway to non-

symbolic addition at 83 months (Van der Ven, 2017). 

Two significant developmental pathways were identified for 

numerical knowledge for children aged 79 months, both with the outcome 

of symbolic comparison (Rªsªnen, 2009). There was also one 

nonsignificant pathway to cardinality and counting at 56 months 

(Szkudlarek, 2018). 
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Discussion 

The present study demonstrates the construction of a theoretical 

framework through the visual plotting of intervention data that was 

identified using a meta-review methodology. The resulting theoretical 

framework ï titled Early Developmental Mathematical Pathways (EDMP) ï 

has plotted directional relationships between domain-specific abilities for 

children aged 3 to 7 years old.  

This approach to plotting domain-specific developmental pathways 

in EDMP will now be used in the context of existing theories in 

mathematical cognition and development, to see if pathways plotted here 

support or refute pathways proposed in other theories. First, each of the 

three research questions will be addressed, and further to this, 

developmental pathways related to number line abilities, non-symbolic 

magnitude comparison and symbolic magnitude comparison will be 

discussed in the context of existing theoretical frameworks. These 

theoretical frameworks have been selected due to their relevance to the 

present findings. This includes the muti-level framework that provides a 

general overview of different components related to mathematics 

(Gilmore, 2023), the refinement and mapping account that relates to 

symbolic and non-symbolic magnitude comparison abilities (Lau et al., 

2021), and the principles of counting (Gelman & Gallistel, 1986), which 

highlights the development of domain-specific abilities related to acquiring 

the cardinality principle.  

Additionally, EDMP can also be used to identify areas where future 

research can further investigate mathematical developmental pathways. 

As previously mentioned, Johnson et al. (2021) suggests that 

developmental psychological research would benefit from exploring visual 

notations of acyclic graphs in order to identify known developmental 

pathways from existing literature, and to inform future research for 

understanding missing pathways between abilities. As such, the visual 

plotting of EDMP can investigate existing theoretical frameworks, and also 
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prompt further investigation of less frequently explored developmental 

pathways.  

The study investigated what interventions have been conducted that 

target domain-specific abilities of mathematical development for typically 

developing children aged 3-7 years. Findings from EDMP identified that 

number line training was the most targeted domain-specific ability for 

typically developing children aged 3-7 years old. Following this, non-

symbolic magnitude comparison, and symbolic comparison where the 

most frequently occurring domain-specific intervention, in that order. It is 

important to consider however, that many of the number line 

interventions were conducted by the same research group, and this 

contributes to their large quantity of developmental pathways in EDMP. 

This ensures consistency in the methodology used for the number line 

training, although this high quantity of intervention studies does not 

indicate number line training is a widely studied domain-specific ability, 

instead that it has been thoroughly investigated from specific research 

groups. Other included developmental pathways would benefit from a 

higher number of interventions to contribute to the evidence base.  

Further to this, EDMP highlights that interventions that met the 

criteria for this study did not focus on either of these two categories, 

either early foundational skills such as early numerical abilities (one-to-

one correspondence, transcoding), or on the other end, more complex 

abilities such as arithmetic (with either a symbolic or non-symbolic 

representation). Instead, interventions were focused on what could be 

classed as intermediate abilities, such as a number line and symbolic 

comparison. Consider the limited evidence of abilities preceding arithmetic 

in EDMP, Dowker (2023) also supports that that further work is needed to 

understand preceding abilities to arithmetic, including abilities such as 

subitizing and approximate magnitude comparison. Dowker (2023)  

further states that arithmetic is not a unitary construct and is instead 

constructed via many domain-specific components, such as the 
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relationships between counting principles, number fact retrieval and an 

understanding of calculation procedures, and the main aspects of the 

relationships between these abilities relating to arithmetic this was not 

reflected in EDMP.  

The third and final research question of the study asked how 

relationships between domain-specific abilities changing across 

development. Contrary to expectations based on prior research, such as 

Gimbert et al. (2019) and Matejko and Ansari (2016) which suggested 

early importance of abilities such as non-symbolic magnitude comparison, 

EDMP instead finds a broader age distribution, from 3 to 7 years, for non-

symbolic comparison training. Additionally, while subitizing has been 

proposed as a developmental precursor to counting (Clements, 1999), 

and is particularly developmentally appropriate for children aged 3 to 4 

(Hannula et al., 2007), instead subiziting was included as an outcome 

measure for older children in the framework (from 6 to 7 years). As such, 

EDMP highlights discrepancies in the developmental appropriateness of 

which domain-abilities abilities are being assessed at what ages. This 

discrepancy highlights the need for further intervention research that 

assesses the developmental appropriateness of these domain-specific 

abilities across different age groups, ensuring that interventions align with 

the developmental stages of typically developing children. 

Although EDMP highlights trends and gaps in intervention literature 

and causal relationships in developmental pathways. inferences can be 

made from the more populous plotting of some domain-specific abilities, 

including those relating to number line abilities and magnitude 

comparison abilities. These findings will be considered in the context of 

existing theories and theories frameworks within the field of mathematical 

cognition.  
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Number line abilities 

EDMP found that number line abilities were the most populous type 

of domain-specific developmental pathway that has been identified. 

Alongside this, the number line abilities developmental pathways were 

related to the greatest variety of outcome abilities, including arithmetic, 

symbolic and non-symbolic magnitude comparison abilities, and counting. 

The positive effects of number line training were found as young as 45 

months through to children aged 69 months. More number line 

developmental pathways resulted in significant outcomes than 

nonsignificant outcomes. Previous literature similarly suggests that 

training number line abilities enhances children's linear representations of 

numbers, subsequently influencing more advanced mathematical skills 

(Laski &  Siegler, 2007) like counting and arithmetic arithmetic. 

Additionally, the direction of the developmental pathways in EDMP 

demonstrate that more number line developmental pathways influence 

fundamental domain-specific abilities such as numerical knowledge and 

symbolic number comparison, with fewer pathways leading upward to 

more complex abilities. These findings are discussed in the context of 

Gilmoreôs (2023) multi-level framework and the direction of the 

developmental pathways presented in her framework. Number line 

training encompasses skills such as number recognition, ordinality, and a 

cardinal understanding of numerosity. From this, EDMP suggests that 

number line abilities may present as an intermediary stage between, what 

Gilmore (2023) refers to as, óbasic mathematical processesô and 

óproficiency of specific components of mathematicsô. This is perhaps 

because number line training allows children to refine more basic number 

skills before moving onto more complex abilities, such as arithmetic, 

which require a more symbolic understanding of numerosity.  

Gilmore (2023) proposed a unidirectional relationship from óbasic 

mathematical processesô to óproficient with specific competent of 

mathematicsô such as number line knowledge. EDMP likewise 
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demonstrates some evidence of basic processing skills such as symbolic 

comparison training improving number line abilities. However, this 

evidence is mixed, as there is also evidence showing a nonsignificant 

relationship. In contrast to Gilmore (2023), the current evidence suggests 

number line abilities training significantly improves basic mathematical 

processes, including symbolic magnitude comparison, non-symbolic 

magnitude comparison, and numerical knowledge. This evidence suggests 

that in some cases, there may be bidirectionality between some basic 

mathematics processes and proficiency with specific components of 

mathematics.  

In the multi-level framework, while bidirectional arrows exist, there 

are no direct links between basic and proficient mathematical abilities. 

However, based on EDMP findings, it is suggested that this arrow would 

be bidirectional, as training basic abilities supports proficient ones, and 

training proficient abilities strengthens basic ones. Evidence from EDMP 

suggests that the training of proficient domain-specific abilities strengthen 

existing and earlier domain-specific abilities. Considering this, the findings 

about number line abilities from EDMP more so aligns with the mutualistic 

perspective of cognitive development, where the development of two 

abilities is mutually beneficial to each ability (Kievit, 2020).  

The visual representation of EDMP suggests consistent support for 

the beneficial impact of number line developmental pathways on 

fundamental domain-specific abilities, like symbolic number comparison 

and number knowledge. However, these pathways are expected, as 

symbolic number comparison is considered a prerequisite for completing a 

number line task, as children are required to understand the exact 

quantity related to the Arabic number for accurate comparisons prior to 

manipulating a number line. Consequently, EDMP suggests the need for 

additional evidence to explore how number line developmental pathways 

may affect more complex abilities such as arithmetic. 
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Magnitude comparison abilities  

EDMP identified developmental pathways for non-symbolic 

magnitude comparison abilities for children aged between 43 to 83 

months. This domain-specific ability also had more developmental 

pathways resulting in significant outcomes than nonsignificant outcomes. 

Of note, EDMP demonstrates that non-symbolic magnitude comparison 

developmental pathways did result in significant effects on symbolic 

outcome measures, this includes both symbolic number comparison 

(Obersteiner et al., 2013), and symbolic arithmetic (Desoete & Praet, 

2013). These findings will be considered in the context of the Refinement 

Account and the Mapping Account (Lau et al., 2021), and the access 

deficit hypothesis (Rousselle & Noel, 2007). 

The Refinement Account, as investigated by Lau et al. (2021), 

proposed developmental pathways in the direction of  symbolic number 

comparison abilities onto non-symbolic magnitude comparison abilities. 

The alternative account, the Mapping Account, suggests the inverse 

developmental pathway, of non-symbolic onto symbolic abilities. Analysis 

by Lau et al. (2021) comparing these two accounts found support for the 

Refinement account, and not the Mapping Account.  The evidence in EDMP 

finds of more evidence of a directional intervention effect of non-symbolic 

training onto symbolic outcome measures. These results contrast results 

found in Lau et al. (2021). These differing findings may relate to the type 

of evidence used, although association data supported the Refinement 

account (Lau et al., 2021), intervention data in EDMP instead more 

strongly supports the Mapping account The empirical evidence used in the 

construction of the refinement theory was longitudinal association data, 

where children aged 62 months were measured over a two-year period 

using cross-lagged path models. Compared to this, the data used to 

construct EDMP is intervention data, and this may explain some of the 

varying outcomes presented in these two theoretical positions.   
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The use of intervention data in EDMP is an important aspect to 

consider, as it suggested that intervention data, over association or 

correlational data, can be used to further understand causality (Scerif et 

al., 2023), and more likely to reveal causal and directional relationships 

between domain-specific abilities (Shawn Green et al., 2019). While not 

all intervention studies can identify causal mechanisms due to theoretical 

and methodological constraints, the inclusion of a control group 

strengthens the inference of a causal mechanism compared to correlation 

data (Shawn Green et al., 2019), and as such, all studies included in 

EDMP utilised a control group to determine the effectiveness of the 

intervention. This does not imply that the refinement account is 

inaccurate; rather, there is also a body of intervention literature that 

supports the alternative account, of the mapping account. Goffin and 

Ansari (2019) suggest that questions remain regarding bidirectionality 

between symbolic and non-symbolic abilities, and they suggest further 

intervention studies are needed to test the causal relationship between 

basic symbolic number comparison abilities and non-symbolic numerical 

magnitude skills, despite the consistent correlation interventions.  

The findings in EDMP regarding non-symbolic comparison and 

symbolic comparison abilities will also be considered in the context of 

theoretical frameworks such as Rousselle and Noel (2007) and the Access 

deficit hypothesis. This suggests that children who struggle with 

mathematics may not demonstrate difficulty in processing numerosity 

(non-symbolically), although may demonstrate difficulties in accessing 

numerical meaning from symbolic number. Although this hypothesis 

pertains to children who struggle with maths, considering this, it is 

suggested from EDMP that intervening in non-symbolic magnitude 

comparison abilities may lead to developmental pathways that strengthen 

access to an underlying process of comparing non-symbolic numerosity, 

which may mutualistically serve as a benefit to symbolic number as well.  
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Recent literature suggests that non-symbolic comparison should not be 

considered the óleading factorô in the acquisition of symbolic number 

understanding (Krajcsi et al., 2023). EDMP suggests that, although not 

related to the acquisition of symbolic abilities, instead that significant 

directional developmental pathways are present from non-symbolic 

magnitude comparison abilities to more complex areas of mathematics, 

such as arithmetic, as well as more general mathematical measures, such 

as the TEMA-3. EDMP instead suggests that non-symbolic magnitude 

abilities serve as an underlying domain-specific ability that is related to 

many different areas of mathematical development and is not exclusively 

related to the acquisition of number and symbolic quantity, and this too is 

supported by Coolen et al. (2023). This suggests that the debate 

regarding non-symbolic comparison and the acquisition of symbolic 

number is misguided, as instead non-symbolic comparison abilities may 

instead relate to developmental pathways with outcomes that are more 

complex than the acquisition of symbolic number.  

It is important to consider how developmentally appropriate these 

abilities are and at what age they are being investigated. As suggested by 

Goffin and Ansari (2019), the importance of different numerical 

magnitude abilities changes across development, and that abilities such 

as non-symbolic magnitude comparison function of an early building block 

to support further mathematical development (Van Herwegen & Donlan, 

2018). Therefore, the plotting of developmental pathways across age is 

needed to understand at what age abilities are can be most effectively 

targeted in order to maximise possible gains (Goffin & Ansari, 2019). The 

present visual model of developmental pathways demonstrates that it is 

premature to discount the importance of non-symbolic magnitude abilities 

to general mathematical development in the early years (Van Herwegen & 

Donlan, 2018). EDMP highlights the importance of investigation domain-

specific abilities within the context of the other abilities that are related to 

mathematics, as opposed to investigating relationships between two 
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abilities in isolation. From this, non-symbolic abilities are related to many 

other abilities as outcome measures, and their importance does not lie 

solely on their contribution to early symbolic number acquisition (Krajcsi, 

Fedele, et al., 2023).  

Critiques of previous non-symbolic comparison intervention literature 

has highlighted methodological issues, such as brief time on task 

(dosage), underpowered sample sizes age (SzŤcs & Myers, 2017) and 

unaccounted for variance in the presentation of dot stimuli across studies 

(De Smedt et al., 2013). As such it is  suggested that there is little 

conclusive evidence that non-symbolic comparison training can improve 

symbolic mathematics for children aged between 4-9 years of age (SzŤcs 

& Myers, 2017). Likewise, De Smedt et al. (2013) highlights that many of 

the inconsistencies in non-symbolic literature may be due to variations in 

age of the participants, stimuli used, and chosen mathematical outcome. 

Although the studies included in EDMP will also demonstrate variances in 

the exact application of non-symbolic magnitude training, neither the 

quality assessment not the risk of bias assessment suggest the studies 

included in the present theoretical framework systematically differ from 

the wider existing literature.  

Areas of missing evidence ï the principles of counting  

The visual representation of EDMP highlights certain developmental 

pathways suggested by existing evidence, but also reveals areas where 

developmental pathways require further investigation. These areas are 

developmental pathways relating to early domain-specific abilities 

preceding the acquisition of cardinality, which generally aligns with 

developmental pathways for the youngest children included, between the 

ages of 3 to 4 years old.  

EDMP demonstrates a lack of evidence for the youngest ages within 

the framework, as no developmental pathways for were plotted for 

younger 3-year-olds (36 to 44 months).This is of particular importance to 

consider in the context of early domain-specific abilities that precede 
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children acquiring the cardinality principle, including the principles of 

counting (Gelman & Gallistel, 1986). Few developmental pathways 

considered the development of domain-specific abilities such as 

transcoding, one-to-one correspondence, and stable order principle. 

These abilities have been highlighted as important domain-specific 

abilities that are required to develop before counting (Dehaene, 1992; 

Gelman & Gallistel, 1986). This lack of evidence for these early 

developmental pathways is concerning as previous evidence demonstrates 

that variations in mathematical abilities are present prior to the start of 

formal schooling (James-Brabham et al., 2023; Silver et al., 2023) and as 

such, an understanding of these early developmental pathways and how 

they contribute to mathematical development would support the study of 

longitudinal success in mathematical development, both within preschool 

and then further into education.  

As demonstrated by Geary et al. (2018), the age of acquiring 

cardinality has consequences for subsequent mathematical development. 

Following children from 3 years 10 months to 6 years 9 months, they 

found that the age of acquiring cardinality strongly predicts later number-

system knowledge. This highlights the importance of development in 

understanding developmental pathways, as simply acquiring the domain-

specific abilities is insufficient; the age of acquisition is also important as 

it predicts future outcomes and influences school readiness. In alignment 

with EDMP findings, further exploration of developmental pathways 

related to early key domain-specific abilities, especially for younger 

children, should be expanded in the literature. 

MacDonald and Murphy (2019) have previously highlighted in there 

review that mathematical development literature is scares for children 

under the age of 4 years old. This area of missing evidence may be driven 

by the difficulty in assessing children of this age in mathematical abilities. 

Researchers have previously highlighted that there are few instruments to 

assess mathematics abilities in children as young as three to four years of 
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age, and these instruments are also limited in the scope of content they 

assess (Clements et al., 2008; Purpura et al., 2019). For instance, the 

PENS-B, developed by Purpura et al. (2019) as a brief screener for 

preschool children, underwent testing and standardization on a sample 

that included only ten 3-year-olds, all of whom were aged between 3.50 

and 3.99 years. Again, children aged 3 years to 3.50 years were missing 

from EDMP. This highlights the challenges and limitations in current 

assessment tools for measuring mathematical abilities in this age group, 

and as such, may also hinder the inclusion of children of this age in EDMP. 

Limitations of the present study  

While the meta-review identified various intervention studies, it is 

possible that some appropriate intervention studies were missed if not 

referenced in existing reviews. For instance, a cardinality intervention by 

Bermejo et al. (2004) would have met the inclusion criteria, but was not 

cited in any reviews and, consequently, not included in the final model. 

However, the aim of the methodology of this project was not to create an 

exhaustive list of all domain-specific interventions but to capture a wide 

breadth of literature relating to a variety of domain-specific interventions 

for young children. Despite the missing reviews from the present study, 

the present methodology was able to capture 190 relevant reviews, and 

thereby a breadth of appropriate interventions to be included in the 

theoretical framework. The chosen methodology did serve its primary 

purpose of identifying and collating a breadth of literature in relation to 

interventions of mathematical abilities for young children. However, as 

the first version of EDMP has now been created, future domain-specific 

intervention data can be compiled and added in iterations to the 

framework in the future. In this sense, updated versions of the framework 

will be able to reflect future findings in the literature.  

More generally, an issue identified during the data extraction phase 

was the variance in reporting participant demographics in intervention 

studies, and this has implications for EDMP and its function of mapping 
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existing literature of developmental pathways. Precise reporting of 

participant age was needed from intervention studies for inclusion in the 

theoretical framework. Studies that described participants as only 

'kindergarten children' without specifying age were excluded, as 

kindergarten age can vary by up to 12 months, and its definition varies 

across different countries' education systems. Of the 309 intervention 

studies taken to full text screening, 117 were excluded due to insufficient 

detail in reporting age data. Due to the fact the present study plotted age 

of the child at the level of months, many of these studies could not be 

included in the present framework. Inadequate reporting of age of the 

child means it is possible that intervention studies that were excluded due 

to poor reporting were appropriate to be mapped to EDMP and therefore 

contribute to the mapping of developmental pathways. 

These issues in the reporting standards in mathematical cognition 

have previously been highlighted. In regards to participants, Outhwaite et 

al. (2022) highlights how reporting participant characteristics allows the 

study to be appropriately evaluated, which will facilitate future syntheses 

in review articles. Regarding interventions, Appelbaum et al. (2018) 

recommend clear reporting of intervention characteristics, such as 

materials and stimuli. They also stress detailing how the intervention 

differs from standard practice, and how the intervention is tailored for the 

developmental stage. In terms of outcome measures, a review of 

outcome measures in the literature by Park and Nelson (2022) led to a 

rubric for reporting, this includes an explanation of which cognitive 

mechanism is under investigation, and ensuring the reliability of the 

outcome measure. Improved reporting standards can broaden the scope 

of studies that can be included in the future of the theoretical framework. 

While the number of interventions considered during the review process 

was extensive, the limited inclusion suggests challenges in reporting 

practices within the field. Utilizing established guidelines can enhance 

transparency in intervention research. 
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Further to this, reporting issues also impeded on the effect size 

calculations that were conducted for the review, and thus affects the 

inference that can be made from the resulting theoretical framework. 

Analysis of the effect sizes was used to understand intervention effects 

beyond significance testing of the intervention, and to understand the 

magnitude of the difference the intervention had on the children between 

pre-intervention and post-intervention timepoints. Due to the lack of 

descriptive data in the included intervention studies, only 33 of 73 

significant developmental pathways could be included in effect size 

analysis. Further to this, no nonsignificant effects could be included in the 

effect size calculations. This again is reflective of the lack of consistency 

and transparency in reporting of mathematical cognition intervention.  
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The effect size calculations in this study should be interpreted 

with caution. Using multiple outcome measures from the same 

sample may lead to inflated effect sizes due to non-independence 

of the samples (Cheung, 2019). Additionally, non-significant effect 

sizes were excluded due to inconsistencies in the reporting of the 

intervention studies, which likely caused an overestimation of the 

effect sizes by only including significant improvements. Despite 

these limitations, the effect size analysis provides an initial 

understanding of the effects across various domain-specific 

interventions.It is important to note that all included 

interventions in EDMP received risk of bias ratings and quality 

assessment scores that were acceptable, and all interventions fell 

in either the high or moderate categories. As such, this suggests 

confidence in the quality of the literature currently in the 

theoretical framework. However, the strictness and specificity of 

the criteria that is used in Kmet (2004) for quality assessment 

and ROBIN-s (Sterne et al., 2016) for risk of bias should be 

considered, as well as their appropriateness to be used in this 

study. For example, neither of these assessments consider the 

theoretical mechanism that is investigated in the intervention 

study, or how developmentally appropriate the intervention 

design is to the target age of children. Specifically, questions 

regarding intervention methodology, the type of measures used to 

measure mathematical abilities, and the clarity in reporting 

characteristics of the sample are not included in either 

assessment. As such, future research should consider 

implementing additional items to quality assessment tools that 

are that are specific to the context of the study, as also 

recommend by Aromataris and Munn (2020). This may allow for a 

more accurate classification of intervention studies that can be 

considered low, moderate or high quality.  Future directions  
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Moving forward, future iterations of the theoretical framework will 

draw on current literature to refine support for these proposed 

developmental pathways and also to address areas where evidence is 

lacking. Future iterations of EDMP will include literature that has been 

published since the original search took place, such as Williams et al.'s 

(2022) review on the heterogeneity of mathematical interventions, and 

Wege et al.'s (2022) review of the give-n task, both of which would fit the 

study criteria. Further into the future, EDMP will be kept current with 

upcoming intervention research via an online form which has been 

created for researchers to contribute their research 

(https://forms.office.com/e/V4ctC0NMGp). 

Alongside the use of further intervention testing to validate the 

proposed theoretical framework, the use of longitudinal methods is 

particularly important, and to this end interventions should aim to follow 

children across multiple timepoints. Only two studies in the present 

theoretical framework utilised multiple timepoint measurements (Purpura 

et al., 2021; Van Herwegen et al., 2018), with post-tests ranging from 8 

weeks to 6 months.  

Many of the journal articles that were screened for the meta-review 

comprised of association studies, correlation studies, and cross-sectional 

studies. This is reflected in the number of studies (n = 2190) that were 

excluded from the intervention review despite the fact they investigated 

the relationship between two domain-specific abilities. As they were not 

intervention studies and therefore could not demonstrate a mechanistic 

argument they were not included in the final model. However, these 

sources of evidence can still contribute to EDMP. Considering this, the 

next step in the mapping of theoretical pathways of mathematical 

development is to now consider other methodologies which have 

investigated the relationship between domain specific abilities within 

mathematics. Given this, the present methodology will be replicated with 

longitudinal studies and has been preregistered on OSF 
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(https://osf.io/2eg6w/). This second screening of the literature will allow 

for the comparison of pathways between intervention literature and 

predictive longitudinal liteature. Likewise, the inclusion of longituidnal 

literature may also remediate the exisitng issue of some domain-specific 

abilities missing from the first iteration of EDMP. Following this, other 

methods of investigating domain-specific abilities should also be 

considered and applied to EDMP. This includes neuropsychological 

findings, case studies, and cross-sectional data. This would also allow for 

a comparison across methodologies to see whether findings corroborate 

one another depending on the methodology that is utilised in the study. 

As part of the meta-review criteria of the present study, only data 

from typically developing children was extracted and included in the 

present model. This was an intentional choice in methodology as 

pathways of mathematical development for SEN children will differ from 

typically developing pathways. Considering this, the next stage in EDMP is 

to investigate pathways of SEN children. Previous reviews have 

investigated mathematical development and mathematical interventions 

for SEN children, this includes a review by Van Herwegen & Simms (2020) 

on the mathematical development of Williams Syndrome, a review by 

Monei & Pedro (2017) on interventions for dyscalculia, and also Lemons et 

al. (2015) who conducted a review on mathematical interventions for 

children with Downs Syndrome. 

Mapping theoretical pathways in mathematical development for 

children with SEN will allow for understanding of differences, strengths, 

and difficulties in mathematics. Creating EDMP iterations for different 

groups of SEN children will also allow for the investigation of alternative 

pathways that children may use if they experience a deficit in some 

domain-specific abilities. This will provide further evidence for the 

mapping of atypical mathematical development and can also be used to 

inform future intervention design and implementation.  
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Conclusion  

The visual plotting of EDMP demonstrates that with the currently 

available intervention evidence, developmental pathways cannot be 

plotted that follow the development of early and basic abilities for 

younger children (3-years-old) through to the development of more 

complex abilities, such as arithmetic in older children (7-years-old). To 

exemplify this, although EDMP suggests number line interventions impact 

outcomes for 5-year-olds, developmental pathways preceding number line 

abilities before age 5 are unclear. As such, further research is needed to 

identify the developmental pathways of prerequisites for engaging in 

number line tasks. EDMP highlights that the identified developmental 

pathways exist in isolation from other pathways, and therefore a cohesive 

network of developmental pathways across the many domain-specific 

abilities included in mathematical development cannot be plotted. EDMP 

highlights that the literature of mathematical cognition does indeed 

consider these domain-specific abilities in isolation of others, as opposed 

to part of a large system related to mathematical cognition. However, 

findings for specific pathways, such as those for number line abilities and 

non-symbolic comparison abilities demonstrate the beginnings of a 

formation of developmental pathways that consider a wider range of 

domain-specific abilities as outcome measures.  

The present study has demonstrated the construction of a new 

theoretical framework that visually demonstrate developmental pathways 

between domain-specific abilities, for children between the ages of 3 to 7 

years old. Using data from existing intervention studies, the present 

theoretical framework is the first iteration of capturing possible 

mechanistic and directional relationships between domain-specific abilities 

and highlights the complexity of developmental pathways that encompass 

the developmental of the mathematical domain.  

It is expected that existing theoretical frameworks guide intervention 

characteristics (Borsboom et al., 2021) and EDMP demonstrates how 
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variations in intervention characteristics can reciprocally understanding of 

theory and mechanism. The translation between theory to classroom or 

day to day practice can be addressed through intervention, where 

addressing methodological flaw in existing intervention literature will 

strength the possible implications of the theory in the field (Ferrero et al., 

2021). As such, it is expected that EDMP will likewise be used to inform 

future theories in mathematical development.  

EDMP demonstrates the importance of considering development in 

the context of mathematical development of children in the early years. 

Across the age range of 3 to 7 years old, EDMP demonstrates the 

importance of different domain-specific abilities at different age ranges. 

Further to this, EDMP has supported the importance of considering 

domain-specific abilities in a network, or in a mutualistic perspective, to 

ensure that individual effects are not overcompensate when in isolation 

from other effects. This highlights the importance of considering abilities 

together, as Szucs and Mammarella (2024) state, testing a few constructs 

with high statistical power will likely result in the detection of significant 

correlations, and this results in fragmented findings across domain-

specific abilities that do not adequately reflect the underlying complexity 

of mathematical development. Instead, they propose that the field should 

move towards organising principles of interconnected developmental 

factors. As such, EDMP has demonstrated the first iteration of an 

organising network of developmental pathways within the domain of 

mathematics.  

The construction of EDMP demonstrates the mapping of 

developmental pathways between domain-specific abilities in the early 

years of mathematical development. EDMP highlights how theoretical 

inference can be made from intervention findings when these findings are 

compared across development, and considered alongside one another, as 

part of a larger network relating to general mathematical development. 

Additionally, EDMP is able to highlight areas where there is sparse 
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research on developmental pathways, and this has implications for the 

design of future intervention research.  

The first iteration highlights the most populous areas of research - 

such as number line abilities and non-symbolic magnitude comparison. 

The first iteration of EDMP offers a comprehensive overview of 

developmental pathways that is otherwise absent in the field. EDMP 

addresses gaps, including changing pathways across age, specific missing 

abilities, while also validating existing proposed relationships.  
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Chapter 4. Dosage of non-symbolic and symbolic comparison 

games for children aged 3-7-years-old: Evidence from log 

data from an educational maths app 

Introduction  

Previous evidence supports the positive impact of educational math 

apps on mathematical development, but the factors contributing to this 

impact warrant further investigation (Outhwaite et al., 2022). For 

example, the dosage, or amount children play educational maths apps 

varies considerably (See Outhwaite et al., 2022). Yet, it is currently 

unclear what dosage children are required to play these games to see 

improvement in the targeted mathematical skill. A review of 24 maths 

app interventions by Kim et al. (2021) did not find the variable of dosage 

to be a significant mediator for outcomes. This is unexpected as it is 

anticipated that as dosage increases, so would gains in mathematical 

abilities (Powell et al., 2022). Kim et al. (2021) suggest this nonsignificant 

finding may be due to issues in the measurement of the amount of time 

children spent on the apps, and they suggest utilising data from the 

technology itself to provide more accurate estimates of the amount of 

time children spend on the apps. Similarly, Outhwaite et al. (2022) also 

did not find a significant relationship between intervention dosage and 

mathematical outcomes. However, Outhwaite et al. (2022) highlight the 

variability across studies as mean dosage time across the studies was 797 

minutes, or 13 hours but dosage varied from 24 minutes to 5,400 

minutes. Alongside this, it can be argued that typical reporting of dosage 

in intervention papers is not precise enough to capture the relationship 

between dosage and mathematical outcomes, and oftentimes 

interventions report averages of dosage, such as 20-30 minutes per day 

for a week. Considering these issues, more research is required about the  

amount of time children spend on maths tasks and improvements on 

performance. 
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The current study addresses this existing gap in the literature by 

utilising gameplay data that is measured directly from the app itself to 

understand the relationship between dosage, and improvement in key 

domain-specific abilities. The domain-specific abilities under investigation 

are non-symbolic magnitude comparison abilities and symbolic number 

comparison abilities. The present study will analyse gameplay data from 

two games targeting these abilities to see what dosage is required before 

children are able to demonstrate zero errors in the game. Further, the 

present study will investigate how the required dosage changes over 

development, by considering a sample of children across the ages of 3 to 

7 years old.  

The term dosage typically refers to the frequency (Kuhn & Marvin, 

2016) or more generally the óamountô of treatment (Bagnato et al., 2011) 

the participant is exposed to (Domitrovich et al., 2010). Dosage is an 

important aspect of intervention design in order to understand how much 

intervention is needed before beneficial outcomes can be seen (Wasik et 

al., 2013) . Although dosage is regarded as an important aspect of 

intervention fidelity, Codding et al. (2016) state that dosage of 

interventions is an understudied aspect of intervention effectiveness and 

is usually not reported in a way that allows complete replication. 

In addition to a lack of appropriate reporting of dosage, most 

studies show wide variations in intervention dosage. Few studies have 

compared the effects of different dosage amounts in the training of either 

symbolic or non-symbolic comparison abilities, and as such, there is 

currently little evidence to consider when deciding on appropriate dosage 

in intervention design. 

Within the training of symbolic magnitude comparison, dosages 

vary between 87.5 minutes and 600 minutes (Passolunghi & Costa, 2016; 

Siegler & Ramani, 2009) with these studies all reaching significant 

differences post-intervention. Dietrich et al. (2015) also highlight that, 

when measuring dosage via sessions, training can vary from 50 to 600 
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sessions (see also; Fuhs and McNeil, 2013). In order to investigate 

appropriate dosage, examples are needed where children were 

administered the same task, but played the game for varying amounts of 

time, so that variance in dosage can be investigated in the context of 

improvement on the domain-specific ability. The utilisation of educational 

maths apps provides an example where a large number of children are 

administered the same domain-specific game but spend varying amounts 

of time on the task. As such, the role of educational maths apps in the 

investigation of dosage will be considered.  

Educational maths apps provide a convenient method to deliver 

mathematical content to many children (Outhwaite et al., 2022), while 

also providing a unique and accurate method of data collection for 

researchers. Log data is generated by apps as a by-product of their 

functionality (Kroehne & Goldhammer, 2018), and in the context of 

educational maths apps, log data can include and is not limited to, 

individual clicks on a screen, errors made in gameplay, and the choice of 

games children click on (Hulse et al., 2019). As such, log data from 

educational maths apps provide a dataset that can be used to investigate 

the relationship between dosage and mathematical abilities. Educational 

math apps are also able to measure longitudinal data regarding childrenôs 

app usage and their progress within individual games, spanning various 

age groups. Educational maths apps are therefore able to provide a large-

scale longitudinal dataset that provides detail regarding a childôs use of 

the app (or dosage) and their improvement within specific games. Log 

data from the educational maths app Funexpected will be utilised in the 

present study, in particular, the included non-symbolic dot comparison 

game and the symbolic number comparison game will be analysed here.  

Non-symbolic and symbolic magnitude comparison abilities across 

development 

Non-symbolic comparison abilities and symbolic comparison abilities 

are regarded as two domain-specific abilities that are important for 

general mathematical development (Goffin & Ansari, 2019). Both of these 



118 

 

abilities are found to be predictive of general mathematical development 

(Schneider et al., 2017). As such, these abilities are oftentimes targeted 

via interventions and training design. Evidence from EDMP (Chapter 3) 

shows that both non-symbolic and symbolic comparison abilities were 

studied extensively, when compared to other domain-specific 

interventions.  

Previous research has demonstrated varying effects of non-symbolic 

magnitude comparison training. A meta-analysis of 11 studies showed an 

overall nonsignificant effect of non-symbolic magnitude training on 

symbolic mathematical outcome measures (Qiu et al., 2021). However, it 

is important to note that age of the participant was a significant 

moderator in this meta-analysis, showing that children aged 6 years and 

under had a stronger relationship between non-symbolic abilities and 

symbolic abilities, when compared to older children (6 years and above), 

and adults (18 years and over). As such, the findings from Qiu et al. 

(2021) suggests that age of the child is an important factor to consider 

when investgiating the training of non-symbolic magnitude abilites. When 

considering age of the child and development as important factors, there 

is evidence from training studies of significant improvements in non-

symbolic magnitude comparison abilities with children with a mean age of 

3.75 years (Van Herwegen et al., 2017). There are also training studies 

which show transfer to other domain-specific mathematical abilities such 

as arithmetic with 6-year-old children (Hyde et al., 2014), and general 

mathematical outcomes, such as TEMA-3 (with children aged 4.87 years) 

(Park et al., 2016). As can be seen from the ages of these training 

studies, all these children were 6-year-olds and under. Considering these 

findings, it is important to consider age of the child in the context of 

possible intervention effects of non-symbolic magnitude comparison 

abilities. Age is therefore another factor, alongside dosage, that should be 

considered in the context of training non-symbolic comparison. Both of 

these factors will be considered in the present study.  
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 Interventions have also targeted symbolic number comparison 

abilities, with some reporting significant effects, and some reporting null 

effects. Examples of significant interventions include Obersteiner et al. 

(2013), who found significant effects with a dosage of 10 sessions of 30 

minutes each aged 6.1 years. Nonsignificant interventions include Praet 

and Desoete (2014), with a dosage of 9 sessions of 25 minutes each, with 

children aged 5.6 years old. Although there are many characteristics that 

differ between these intervention studies, dosage is a factor to be 

considered. Again, these studies suggest an inconsistency between 

dosage and outcomes from symbolic comparison abilities.  

As previously mentioned, dosages across the previous literature 

have varied considerably (Dietrich et al., 2015). Little theoretical 

explanation has been provided regarding the dosage choices in these 

studies, as oftentimes dosage considerations are more so made from a 

the practical perspective of service providers (e.g. teachers or parents) in 

regards to frequency, as opposed to considering dosage from a 

perspective that enhancing the outcomes of the intervention (Kuhn & 

Marvin, 2016). While both symbolic and non-symbolic abilities are linked 

to mathematical development, their potential for training and intervention 

can be further explored by investigating how dosage affects relationships 

to outcomes.  

Considering the gaps in the previous research regarding optimal 

dosage for the training of non-symbolic and symbolic comparison abilities, 

the three studies presented here aim to examine the optimal app-based 

intervention dosage across development for these two abilities. Further to 

this, the present studies also aimed to understand if, and how, optimal 

dosage varies across development (or age of the child), and how dosage 

differs when children engage with the non-symbolic magnitude 

comparison game compared to the symbolic magnitude comparison 

game.  
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Study 1 examined the dosage required for children aged 3 to 7 

years old to achieve zero errors in a non-symbolic magnitude comparison 

game. Study 2 examined the same response to dosage, this time with a 

symbolic magnitude comparison game. These studies follow similar 

methods and procedure. Study 3 utilized data from a sub-sample of 

children that had played both the non-symbolic and symbolic comparison 

games so that dosage to reach zero errors could be directly compared. 

Together these three studies targeted the following research questions: 

Research questions 

Research Question 1 ï Non-symbolic magnitude comparison 

gameplay 

What dosage (i.e., number of sessions of gameplay) do children 

require to reach the event of achieving 0 errors in non-symbolic 

comparison gameplay? How does this dosage differ by age of the child 

when considering children aged between 3-7-years? 

Research Question 2 ï Symbolic magnitude comparison gameplay 

What dosage (number of sessions of gameplay) do children require 

in order to reach the event of achieving zero errors in symbolic 

comparison gameplay? How does this dosage differ by age of the child 

when considering children aged between 3-7-years? 

Research Question 3 ï Comparison between abilities 

How does dosage to reach zero errors differ when comparing non-

symbolic magnitude comparison training to symbolic magnitude 

comparison training?   

Hypotheses 

Across these three questions, it is predicted that as dosage 

increases (as measured by number of sessions) there will be a decrease 

in the probability that children will make errors.  

It is predicted that age will be a significant factor in the relationship 

between dosage and the probability errors. Further, as age of the child 
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increases (between the ages of 3-7-years), the dosage needed to reach 

zero errors will decrease. 

For research question 3, it is predicted that the dosage needed to 

see a decrease in errors will differ between the non-symbolic magnitude 

comparison game and the symbolic magnitude comparison game, such 

that the symbolic magnitude comparison game will require a higher 

dosage. Further to this, it is it is expected that as age of the child 

increases (between the ages of 3-7-years), the dosage needed to reach 

zero errors will decrease ï that older children will require lower dosage, 

and this is expected for both abilities.  

Methods  

Participants.   

The sample from this study were children who had played the non-

symbolic comparison game in the Funexpected app. To be included in the 

study children needed to be aged between 3 to 7 years old and had 

completed a minimum of two sessions in the non-symbolic comparison 

game. Mean age of the sample was 4.71 years (SD = 1.12 years). Table 

4.1 provides the number of participants in each age group. Table 4.1 

shows the sample after the removal of outliers, and thus shows the 

sample that was used in inferential testing. 

Table 4.1 ï Age distribution of the non-symbolic gameplay dataset across ages 3-7 years  

 
3-year-

olds 

4-year-

olds 

5-year-

olds 

6-year-

olds 

7-year-

olds 

N 320 383 712 253 123 

Percentage of 

the total 

sample (%) 

17.87% 21.38% 39.75% 14.13% 6.87% 

 

Further to this, Table 4.1.1 shows how the sample was distributed 

across different countries. The first ten values in the table show the 
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locations with the highest frequency, following which, the next six values 

include the remaining participants aggregated by continents.  

Table 4.2.1 ï Location distribution of the children in the non-symbolic gameplay dataset  

Location Frequency 
Percentage of total 

sample 

China 763 42.60% 

Russia 568 31.71% 

United States 54 3.02% 

Taiwan 34 1.90% 

Ukraine 29 1.62% 

Hong Kong 25 1.40% 

Netherlands 25 1.40% 

South Korea 24 1.34% 

United Kingdom 22 1.23% 

Spain 21 1.17% 

The rest of North America 35 1.95% 

The rest of Europe 98 5.47% 

The rest of Asia 62 3.46% 

The rest of Australia 8 0.45% 

The rest of South America 19 1.06% 

The rest of Africa 4 0.22% 

 

Table 4.1.1 shows that the majority of the sample (42.60%) were located 

in China. This means that children from China form the largest group of 

children from a single location.  

Outlier removal  

The non-symbolic gameplay dataset was assessed for outliers prior to 

analysis taking place. Box and whiskers plots were created to remove 

outliers in the first instance. Following this, the Rosner test of extreme 

outliers was used to statistically test for remaining outliers in the sample, 

and this was classed as anything that was outside 2 standard deviations 
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from the mean of the total sample. This was conducted in R using the 

EnvStats package. Following the descriptive analysis of the secondary 

data, some amendments were made to the criteria for removing outliers. 

These changes were necessary to ensure that extreme outliers were 

excluded from the dataset. Some criteria deviate from the pre-

registration, as the pre-registration was written before access to the 

secondary dataset was granted, and thus, the specific structure of the 

data could not be considered at that time. There were three parameters 

for outlier testing. First, the number of sessions per child was assessed. 

Children outside of 2 SD of the mean were removed from the dataset. 

Next, the datasets were assessed for either ceiling or floor effect, and so 

any children who either achieved 100% across all sessions, or 0% across 

all sessions were removed from the datasets.  

Finally, the summative time children spent across the whole of the 

Funexpected app was examined, and again, children outside of 2 SD of 

the mean were removed from the dataset. This was to address children 

who had potentially spent an exceptional amount of time in the app 

across games targeting other domain-specific skills. Finally, total time 

children spent on the Funexpected app was analysed, and children whose 

total app usage time was more than 2 standard deviations away from the 

mean were excluded from the sample. This was to ensure children were 

within a standard range of gameplay across all of the included activities in 

the app, and to eliminate data from children who may have spent an 

unusually high amount of time on the app. Table 4.2 shows the number of 

children who were removed from the non-symbolic gameplay dataset.  

Table 4.3 ï Removal of outliers from the sample of non-symbolic gameplay data 

 Number of participants 

removed 

Sessions per child of the non-symbolic 

comparison game (over 2 SD) 

30 
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Ceiling (100% across all sessions) or floor 

(0% on all sessions) 

89 

Summative time (seconds) spent across 

whole app (over 2 SD) 

0 

 

Once the dataset was removed of outliers, this final dataset was 

used in analysis.  

Measures. 

Funexpected app 

The Funexpected app comprises of 28 different games that target a 

range of different abilities related to mathematics. This study focuses on 

the non-symbolic magnitude comparison game. This game has three 

difficulty levels, with increasing difficulty level corresponding to an 

increase in the quantity of dots presented to the child. Table 4.3 shows 

screenshots of the game at each of the three difficulty levels, and how the 

quantity of dots differs by level. Of note, some of the quantities of dots 

presented in this game fall within the subitizing range (Starkey & Cooper 

Jr, 1995). 

 

Table 4.4 ï Comparison of the three levels of the non-symbolic magnitude comparison game 

  Min. 

number 

of dots 

Max. 

number of 

dots 

Size 

differences 

of dots? 

Level 1 

 

1 5 No 
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Level 2 

 

2 9 Yes 

Level 3 

 

5 13 Yes 

 

Children are given explicit instructions prior to the game starting 

and these instructions are not repeated during the game. The non-

symbolic comparison game verbally and visually says ñclick where you see 

more dotsò. The children have an indefinite amount of time to make a 

selection. However, children are encouraged to choose quickly via an 

animation of a spaceship moving through space, which will slow down the 

longer they take to decide. Each gameplay session comprises of 5 or 6 

individual trials (or individual dot comparisons to make).  

The game uses both explanatory and motivational feedback 

(Outhwaite et al., 2022). Incorrect choices trigger a visual explanation of 

the dot arrays, showing which of the two dot arrays is larger, while 

correct responses propel an alien's spaceship forward. As the game 

provides explanation of incorrect response, the data used here is using 

longitudinal training, as opposed to longitudinal association data, and as 

such, this dataset is able to measure the improvement of non-symbolic 

magnitude comparison abilities over time.  

Data from this game will be analysed per session, which is an 

average of 5 to 6 trials. This is due to the nature of the secondary data 

that was extracted from Funexpected, as data was not measured for each 

individual trial, and was instead measured at the session level.   
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Procedure. 

Ethical approval for this study was granted on 17th of August 2021 

from UCL IOE. A data cleaning and data analysis plan was pre-registered 

to the open science framework on the 6th of April 2022 

(https://osf.io/yb43h/). This was pre-registered prior to access to the 

secondary dataset. Following this, data was extracted from the 

Funexpected dataset. The data used in the present study was collected 

passively from the app across 11 months, starting on January 1st, 2021, 

through to November 14th, 2021. After data extraction and descriptive 

analysis took place, adjustments were made to the analysis plan to better 

align with the structure of the data. Although the pre-registration 

proposed analysis of individual trials, instead the analysis investigated 

gameplay sessions, which comprise of 5 to 6 individual trials. As the pre-

registration was written prior to acquiring access to the dataset, the 

specific structure of the gameplay data was unknown, and therefore 

adjustments were made to the analysis plan. Alongside this, the number 

of minutes children spent playing was pre-registered as a variable of 

interest, however this was not included in the present study.  

As the game doesn't have a time limit, a child's lack of response 

could be recorded as a long period of inactivity (several minutes). 

However, this inactivity may instead actually be caused by home-based 

factors, like being distracted away from the touch-screen device. 

Gameplay sessions were considered a more accurate measure of 

childrenôs gameplay performance, as sessions reflect active choices made 

by the child, whereas time (minutes) could be confounded by these 

home-based distractions. Therefore, minutes of gameplay were not 

included as a predictor in the analysis.  

Further, the pre-registration outlined the use of traditional 

generalised additive modelling, whereas the current study employed a 

more specific method of this method, which is called piece-wise additive 

https://osf.io/yb43h/
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mixed modelling (PAMM), for analysis. This change in analysis choice will 

be further discussed below. 

Generalised additive modeling  

Generalised additive modeling (GAMs) are a non-parametric 

extension of linear regression models that were first proposed by Hastie 

and Tibshirani (1987). GAMs are commonly used for the analysis and 

visualization of large datasets that may not have linear relationships, and 

as such are able to model relationships with complex, non-gaussian, big 

datasets (L·pez-Moreno & Nogu®s-Bravo, 2005; Wood et al., 2015). 

Considering this, GAMs were chosen for the present analysis where the 

use of childrenôs gameplay from the backend of an app means the log 

data is firstly, very big, and secondly, includes non-gaussian distributions. 

GAMs are able to plot potential non-linear relationships in big data 

by computationally creating smoothness splines from the data (L·pez-

Moreno & Nogu®s-Bravo, 2005; Wood et al., 2015). The smoothness 

splines are achieved via a method of overfitting and penalizing the model 

fit, until a suitable compromise is met at each interval of the time 

variable. The method ensures that a compromise is met in terms of 

wiggliness of the model, so that it is neither undersmoothing (does not 

provide a general over view) or oversmoothing (masking potential 

wiggliness in the data) (Baayen & Linke, 2020). In this sense, GAMs are 

able to produce plots of estimates of the trend between factors that are 

less variable than the trend itself (Liu, 2008). 

Previous research has suggested that GAMs are particularly suitable 

in the context of training studies as they are able to investigate how 

intervention or training effects may vary amongst different groups of 

children (Cho et al., 2023). Due to the nonlinear function of GAMs, the 

models are able to fit around the data as optimally as possible, meaning 

they are more sensitive to the changing relationships between variables 

(McCormick et al., 2021). They are also computationally efficient in 

handling datasets with thousands of observations (Wood et al., 2015) 
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which is crucial for the present study, given the large size of the 

secondary datasets. Although GAMs allow for these complexities with a 

large dataset, it does not, however, provide a parametric output. Instead 

GAMs are described as semi-parametric additive regression model (Beck 

& Jackman, 1998) as they rely on visual representations to demonstrate 

the nature of the relationship between variables. Beck and Jackman 

(1998) further state that GAMs are able to strike a reasonable balance 

between the flexibility of nonparametric testing with the ability to 

interpret the results with some familiarity of the general linear model. For 

these reasons, GAMs were still chosen as the statistical modeling choice 

for the present study.  

The type of GAM that was conducted for the present study was a 

piece-wise exponential additive mixed model (PAMM). This method of 

GAMs allows for analysis of time-to-event data, where the time taken 

before an event occurs can be plotted in a nonlinear fashion. They are 

oftentimes used as an alternative to the more commonly used linear 

models of Cox proportional hazards models (Bender et al., 2018). In this 

instance, the time variable under investigation is the number of sessions 

the children play the app-based games. The PAMM will allow for the 

nonlinear plotting on the time variable (number of sessions) to the event 

of the dataset ï in this instance, the event under investigation is when 

the child achieves zero errors in gameplay. PAMM differ from traditional 

linear hazard modelling as PAMMs are able to model relative hazard 

across each timepoint (Bender et al., 2018). As traditional linear modeling 

allows for random slopes and intercepts, in PAMM, the factor smoothing 

will allow for nonlinear trends that differ not only between groups, but 

also between each interval of the time variable (Winter & Wieling, 2016). 

Therefore, although typical linear models will assume the probability (or 

hazard) of an event occurring are constant across all of the sessions (time 

variable), a PAMM is able to assume the hazard rate at a piecewise 

constant at each of the time intervals.   
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Model creation and checking 

Prior to model fitting of the datasets, PAMM specific data cleaning took 

place. In order to fit a PAMM with a nonlinear function, the data must 

undergo transformation in order to be restructured in a way specific to 

these types of models (Bender et al., 2018). This data transformation 

took place for the non-symbolic gameplay data using the óas_pedô 

function in the R package ópaamtoolsô.  

Regarding the distribution of the data, the poisson family function was 

used in the model due to the discrete binary outcome measure of either 0 

or 1, where 0 indicates the event did not take place, and 1 where it did. 

The link function in these models was the log link, due to the poisson 

distribution of the event outcome (Ravindra et al., 2019). Age of the child 

was included in the model as an interaction effect in both the non-

symbolic and symbolic models. The categorical variable of age (grouped 

by year, 3-7-years-old) was converted to a factor and added to the PAMM 

as an interaction.  

Following the creation of the GAM for the non-symbolic gameplay 

dataset, model checking took place to ensure the GAM was fitted to the 

data appropriately. The function gam.check was used, and the k-index 

output was consulted regarding model fit. Iterations of the model were 

tested until the k-index was as close to 1 as possible, and also yielded a 

nonsignificant result (Wood & Wood, 2015).  

Post-hoc analysis ï cox proportional hazard models  

Following the results from the primary PAMM analysis, further post-

hoc analysis took place with subsets of the data. Analysing subsets of the 

data reduced participant numbers and data dimensionality, making 

complex methods like GAMs less suitable. Consequently, Cox proportional 

hazard models were selected for time-to-event data analysis. 

 

Cox proportional hazard models allow for the analysis of longitudinal 

data with a dichotomous event outcome (i.e. reaching zero errors or not) 
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and time-related factors influencing outcome probability (Annesi et al., 

1989). This is a statistical method based on multiple linear regression 

which is used to investigation the relationship between the probability 

(hazard) of an event taking in relation to a time variable, with covariates 

present (Bradburn et al., 2003). In this instance, the time variable for the 

model is the number of gameplay sessions, the event in the statical model 

is the event where children achieve zero errors, and the covariate is the 

age of the child. Of note, and in comparison, to GAMs, cox proportional 

hazard models are a linear model.   

Considering these characteristics of cox proportional hazard models, 

they are an appropriate data analysis choice for the subset analysis of the 

present study, as they are still able to investigate the relationship 

between the time variable of gameplay sessions with the event of the 

child scoring zero errors.  

 Table 4.4 summarises the software and corresponding R packages 

that were used for the present study.  

Table 4.5 ï Software used in the present study with version code and study function 

Software/package Version  Purpose/function 

Microsoft Excel 16.0.16827.20166 Basic data cleaning 

R studio 4.3.1 

 

Data cleaning, descriptive 

statistics and statistical 

modelling 

R packages 

Envstats 2.8.1 

 

Outlier testing using Rosnerôs 

test for multiple outliers 

(Rosner) 

mgcv 1.8-42 

 

Functions to build GAM (gam, 

gam.check, summary, plot) 
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pammtools 

 

0.5.92 

 

Function to build piece-wise 

additive mixed model GAM 

(dependencies on mgcv) 

gratia 0.8.1 

 

Creation of graphs specific to 

GAM (dependencies on mgcv) 

Survival 3.5-5 

 

Creation of cox proportional 

hazard models for post-hoc 

texting 

survminer 0.4.9 

 

Creation of plots for cox 

proportional hazard models 

(dependencies on Survival) 

ggplot2 3.4.2 

 

Creation and editing of graphs 

(general/descriptive) 

sjPlot 2.8.14 

 

Creation and editing of graphs 

(general/descriptive) 

 

Data transformation 

Following extraction for the Funexpected database, data 

transformation took place on the gameplay scores from the non-symbolic 

comparison game. As previously mentioned, there are three difficulty 

levels to the non-symbolic comparison game, and children are able to 

progress across these levels.  

In the first instance, the score per session was calculated as a 

percentage on a scale of 0 ï 100. Due to the three difficulty levels, the 

scale was mutated to 0 ï 300, where scores between 0 ï 100 reflect 

gameplay within level 1, 101 ï 200 is gameplay at level 2 and scores 201 

ï 300 reflect children playing at level 3. As an example, a score of 150 

would reflect 50% on level 2, and a score of 230 would reflect 30% at 

level 3.  
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Table 4.5 provides a figure with an example of the mutated scoring 

across the three difficulty levels of the non-symbolic magnitude 

comparison game. 

Table 4.6 ï example of data mutation of non-symbolic magnitude comparison gameplay score  

Level Screenshot Mutated score 

Level 1 

 

0 ï 100 

Level 2 

 

101 ï 200 

Level 3 

 

201 ï 300 

 

This mutation was implemented to better reflect childrenôs 

gameplay behavior, where a scale ranging from 0 to 300 demonstrates 

the progression across levels. For instance, if a child performs well at 

level 1, they advance to the more challenging level 2. Consequently, a 

score on a 0 to 300 scale also accounts for variations such as some 

children playing all three levels, some playing within two levels, and some 

playing solely within one level. Further, mutating the data this way 
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circumvented possible 0-1 overinflation in the data, which would thus 

interfere with model fitting in the GAM. 

GAM creation 

In order to understand the relationship between number of 

gameplay sessions (time variable) to the probability of the event (child 

achieves zero errors on the non-symbolic game), a PAMM was conducted 

to further explore this relationship and see how it relates to dosage of 

gameplay. This model utilised survival as a binary score of either 0 ï 1, 

where children who achieved the event of scoring 0 errors (or a score of 

300) had an event of 1, or an event of 0 where this event had not taken 

place. To investigate possible differences across age groups, age was 

added as a factor to the GAM.  

Results 

Results are presented first for the primary analysis of the study, 

which is the full GAM and includes gameplay across all three difficulty 

levels for all children aged 3 to 7 years old. This analysis investigated 

dosage needed to achieve zero errors on the most difficult level of the 

non-symbolic comparison game, and how this differs across the included 

age groups.  

Following this, results for the post-hoc analysis are presented. Post-

hoc analysis was conducted on each of the three difficulty levels of the 

game, in order to understand dosage needed to achieve zero within each 

of the difficulty levels. As the number of dots presenting to the children 

differs across each level, it was expected that dosage needed for zero 

errors would also differ.  

Descriptive statistics.  

Descriptive statistics reported here are for the primary analysis, 

prior to the formation of the GAM. This includes descriptives statistics of 

the number of sessions played per age group, and the gameplay score 

(on a scale of 0 ï 300) per age group.  
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The number of sessions per child ranged from 1 ï 64 sessions (M = 

12.62, SD = 9.98). In order to be included in the study, children required 

a minimum of two gameplay sessions. Table 4.6 shows the mean number 

of sessions for each of the included age groups.  

Table 4.7 ï Mean, standard deviation, and range for number of sessions played in the non-

symbolic comparison game by age group  

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

M 13.68 14.72 11.64 9.88 11.11 

SD 10.50 11.41 9.03 7.92 8.31 

Range 1 - 61 1 - 64 1 - 55 1 - 55 1 - 46 

 

As can be seen from Table 4.6, the number of sessions across the 

age groups range from 1 to 64, and as such, the GAM analysed gameplay 

behaviour within 60 sessions. Although the maximum number of sessions 

was 64 sessions (as shown in the range of 4-year-olds in Table 4.6), as 

no children achieved the event of zero errors between session 61 ï 64, 

analysis was contained within 60 sessions. 

Further to this, Table 4.7 shows the descriptive statistics for 

gameplay score by age. Children were able to achieve a score on a scale 

of 0 to 300. 

Table 4.8 - Mean, standard deviation, and range for gameplay scores in the non-symbolic 

comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

M 172.26 172.73 169.39 172.8 197.44 

SD 67.08 69.16 67.39 55.02 80.46 
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Range 

50.00 - 297.5 

 

38.88 - 295 

 

52.10 - 292.98 

 

75 - 273.33 

 

93.10 - 292.35 

 

 

Table 4.8 shows the number of children who had óno eventô (did not 

achieve zero errors) to those who achieve the óeventô (achieved zero 

errors), by age of the child. This was used as the binary outcome in the 

GAM.  

Table 4.9 ï The number of children per age group who had the event of scoring zero errors on the 

non-symbolic comparison game 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

No 

event 

85.6% 

(n = 274) 

 

77.5% 

(n = 297) 

 

72.3% 

(n = 515) 

 

27.7% 

(n = 70) 

 

25.2% 

(n = 31) 

 

Event 
14.4% 

(n = 46) 

22.5% 

(n = 86) 

27.7% 

(n = 197) 

72.3% 

(n = 183) 

74.8% 

(n = 92) 

 

The descriptive statistics in Table 4.8 show that the majority of 3-, 

4-, and 5-year-olds did not achieve the event of zero errors on the 

hardest level of the non-symbolic magnitude comparison game. However, 

the majority of the 6-year-olds and 7-year-olds were able to achieve this 

event.  

These variables were then considered via inferential testing with the 

GAM.   

Inferential statistics.  

The model was created with number of sessions as the predictor 

and survival as the outcome, with age as a group interaction. In this 

model, k was selected as 5. This choice of k, and the model fit, were 

assessed using the gam.check function in mgcv. Model checking 

confirmed that the k-index was sufficient for this model, and that the 
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model was neither oversmoothing nor undersmoothing the wiggliness of 

the relationship (k-index = 0.90, p-value = 0.68). Likewise, there was 

little differences between kô and edf (9.00 and 5.11 respectively), which 

again supports appropriate model fitting to the data. 

The creation of the non-symbolic gameplay model demonstrated a 

significant relationship between sessions (dosage) and score in the non-

symbolic magnitude comparison game (chi.sq = 225, p < 0.01). Likewise, 

the model shows this relationship is nonlinear, with an edf of 5.11 

(utilising a reference edf of 6.19). With regards to edf, an edf of 1 is 

considered a completely linear model, and edf that are further from 1 

represent more nonlinearity. 

Further to this, the model demonstrated that the combination of the 

variables age, and number of sessions, explained 12.8% of the deviance 

in the dataset. The model also demonstrated a significant age interaction. 

This demonstrates that the relationship between sessions to zero errors 

and non-symbolic gameplay scores had a significant interaction with age. 

Table 9 shows the model output and how they differ by age group, with 

3-year-olds used as the model intercept. Appendix F shows the R output 

of the model.  

Table 4.10 ï Model characteristics of the non-symbolic GAM age interaction  

Age Estimate Standard 

error 

z value p value 

Intercept -5.23 0.15 -34.45 p < .001 

Age 4 0.35 0.18 1.89 p = 0.058 

Age 5 0.98 0.16 5.98 p < .001 

Age 6 2.27 0.17 13.66 p < .001 

Age 7 2.03 0.18 11.17 p < .001 
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Table 4.9 shows that, with the exception of comparing 3-year-olds 

to 4-year-olds, each level of the age factor significantly differed from the 

3-year-olds. This suggests that the relationship between dosage and the 

probability of achieving zero errors on the non-symbolic game differs 

between age groups. In order to further investigate how dosage differed 

across the age groups, graphical representations of the model for each 

age group were constructed. Figure 4.1 demonstrates all of the age 

interactions alongside one another, with each colour representing a 

different age group.  

Figure 4.1 ï graphical plotting of the non-symbolic magnitude comparison PAMM with each age 

interaction  

 

Figure 4.1 demonstrates that at 60 sessions, the likelihood of 

different the age groups reaching zero errors at the highest level 

increases.  
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It can be seen that a 3-year-old child has a mean probability of 2% 

of achieving zero errors on the hardest level of the non-symbolic 

comparison game (level 3). The plot also demonstrates variance of 

probability at the 60-trial mark, showing that some 3-year-olds will have 

a higher probability (7%), and likewise some 3-year-olds have 1% 

probability of achieving zero errors at 60 sessions. Similarly, the 4-year-

olds had an 3% probability of scoring zero errors on the hardest level of 

non-symbolic comparison when completing 60 sessions. Again, like the 3-

year-olds, there is variance on the probability ranging from 1 ï 10%.  

Considering the 5-year-olds, Figure 4.1 demonstrates that, on 

average, these children have a 6% probability of achieving zero errors on 

the hardest level of the non-symbolic magnitude comparison game at 60 

sessions. This probability ranges from 2% to 18%.  

The 6-year-old data suggests that these children have a 21% 

probability of achieving zero errors on the hardest level of the non-

symbolic magnitude comparison game at 60 sessions. This probability 

ranges from 7% to 67%.  

Finally, the 7-year-old data suggests that, on average, these 

children have a 16% probability of achieving zero errors on the hardest 

level of the non-symbolic magnitude comparison game at 60 sessions. 

This probability ranges from 5% to 53%.  

 Findings from the GAM demonstrate the probability of achieving 

zero errors at 60 sessions at the hardest level of the non-symbolic 

comparison game across all age ranges.  In order to further examine the 

dosage needed to achieve zero errors within each gameplay level ï which 

differ in difficulty by varying the number of dots presented to the child, 

three post-hoc models were conducted using cox proportional hazard 

models.  
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Post-hoc analysis of gameplay level ï Cox proportional 

models.  

In order to understand the relationship between sessions (dosage) 

and score within the different difficulties levels of the game, post-hoc 

analysis was conducted. Due to the reduced size of the dataset to conduct 

this post-hoc analysis, Cox proportional hazard models were chosen.  

Non-symbolic magnitude comparison - Level 1 ï Cox proportional 

hazard model 

Level 1 of the non-symbolic magnitude comparison game is the 

easiest of the three gameplay levels. In Level 1, dots are shown to the 

children between quantities of 1 ï 5 dots, and all dot sizes are consistent. 

Therefore, to understand the dosage needed to achieve zero errors 

specifically in this easy level of difficulty, a cox proportional hazard model 

was conducted.  

Some of the children did progress beyond level 1 and did complete 

sessions in level 2 and 3. For the purposes of the present post-hoc 

analysis, these children, alongside those who did not progress beyond 

level 1, were included in this analysis. This allowed examination of the 

dosage needed to reach zero errors across the different ages within Level 

1. Of the original sample of 1,791 children, 1,142 of these children were 

included in this post-hoc analysis. The remaining children did not have 

gameplay within level 1.  

Table 4.10 the distribution of participants across the age groups, 

and also provides descriptive statistics for the numbers of sessions these 

children played in level 1.  

Table 4.11 - Mean, standard deviation, and range for number of sessions played in level 1 of the 

non-symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

N 294 360 348 97 43 
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M 

sessions 
1.49 1.92 3.42 3.65 5.02 

SD 1.52 1.55 3.22 2.67 2.93 

Range 

of 

sessions 

1 - 15 1 - 10 1 - 19 1 - 16 1 - 11 

 

 As can be seen from Table 4.11, children across all age groups 

played few sessions within level 1 of the game. Further to this, descriptive 

statistics for the gameplay score achieved by children in level 1 were also 

calculated. As only gameplay from level 1 was included, in this instance, 

possible scores ranged from 0 ï 100.  

Table 4.12 - Mean, standard deviation, and range for gameplay scores in level 1 of the non-

symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

M 98.55 99.38 98.68 99.74 100.00 

SD 7.45 4.33 6.27 2.54 0.00 

Range 25 ï 100  50 ï 100  50 ï 100  75 ï 100  100 

 

The data in Table 4.11 shows that, across all the age groups, the 

children performed near 100 on level 1 of the non-symbolic comparison 

game. Further, all of the included 7-year-olds achieved the top score of 

100.  

Further, descriptive statistics for the number of children who had 

achieved the event of zero errors on level 1 of the game was also 

calculated. This would also be used as the outcome measure of the cox 

proportional hazard model. Of these 1,142 children in this sample, 1,104 
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of them completed the event of achieving zero errors on level 1 of the 

non-symbolic comparison game. Table 4.12 shows the number of children 

who achieved the event of zero errors across the age groups.  

Table 4.13 ï Number of children per age group who achieved the event of zero errors and number 

of those who did not 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

No 

event 

4.4%  

(n = 13) 

2.3% 

(n = 8) 

4.6% 

(n = 16) 

1% 

(n = 1) 

0% 

(n = 0) 

Event 
95.6% 

(n = 281) 

97.7% 

(n = 352) 

95.4% 

(n = 332) 

99% 

(n = 96) 

100% 

(n = 43) 

 

Cox proportional hazard model  

The cox proportional hazard model was constructed with Level 1 

non-symbolic comparison data with sessions as the time variable, zero 

errors as the event, and age of the child as covariate. Table 4.13 shows 

the model output.  

Table 4.14 ï Model characterstics of age interaction in the the post-hoc cox propotional hazard 

model for Level 1 of the non-symbolic magntiude comaprison gameplay  

Age coef Exp(coef) Se(coef) z p 

4 -0.30 0.74 0.08 -3.70 <.001 

5 -0.95 0.39 0.08 -11.26 <.001 

6 -0.99 0.37 0.12 -8.27 <.001 

7 -1.30 0.27 0.17 -7.83 <.001 

Note: coef = coefficient of the curve; exp = exponential, se = standard error  

  

The output of the cox proportional model shows the likelihood ratio 

test (183.1 on 4 df, p < .001) is significant, meaning that a relationship 

has been found between the variables of session count and probability of 

the event of scoring 100 on the game are statistically significant. 
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Likewise, the Wald test is also significant in this model, meaning that at 

the covariate of age of the child contributed to the model - Wald test = 

182.1 on 4 df, p <.001. Finally, the Score (logrank) test = 191.6 on 4 df, 

p <.001ï was also statistically significant, and this means that significant 

differences can be identified in the survival time when comparing between 

the age groups in the model. Although this tells us there is a significant 

difference present in the factor of age ï further analysis was conducted to 

see how this relationship differed between the age groups.  

As the age interaction was significant at every level of the age 

factor, this suggests each age group demonstrated a different relationship 

between trial and event probability. In order to understand how dosage 

differs by age of the child, the dosage response was plotted for each age 

group, and can be found in Figure 4.2. This shows how the dosage at 

which children reach the probability of zero errors is met, and how this 

varies by age of the child.  
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Figure 4.2 ï graphical plotting of the cox proportional hazard model for Level 1 of the non-

symbolic magnitude comparison game split by each age group (3 ï 7 years)   

 

In line with this, Table 4.14 also demonstrates the probability of a 

child scoring zero errors, with the corresponding number of sessions, by 
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age of the child. Although the age interaction was significant at every 

level, Table 4.14 shows little variance in the number of trials needed to 

reach 100% probability of zero errors.  

Table 4.15 ï dosage needed to achieve zero errors by age of the child in Level 1 of the non-

symbolic magnitude comparison game  

Age Number of sessions 
Probability of achieving 

zero errors 

3-year-olds 15 sessions  100% 

4-year-olds 10 sessions 100% 

5-year-olds 16 sessions 100% 

6-year-olds 16 sessions 100% 

7-year-olds 11 sessions 100% 

 

Non-symbolic magnitude comparison - Level 2 ï Cox proportional 

hazard model 

Much like the methods for the Level 1 model, a cox proportional 

hazard model was conducted for this subset analysis that included any 

gameplay sessions from Level 2 of the non-symbolic comparison game.  

Level 2 of the non-symbolic magnitude comparison game is harder 

than level 1 as the number of dots presented to the children increases 2-9 

dots, and now the dot size does vary (See Table 1 for screenshots of the 

game). For this reason, this post-hoc analysis was conducted to see how 

dosage responses may differ as the difficulty of the comparison game 

increases.  

Again, this included gameplay from children within Level 2, 

regardless of their behaviour in Levels 1 or 3. This dataset included 993 

children. Table 4.15 shows the age distribution of the level 2 non-

symbolic comparison subset, and descriptive statistics on the number of 

sessions children played.  
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Table 4.16 - Mean, standard deviation, and range for number of sessions played in level 2 of the 

non-symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

N 108 162 590 81 52 

M 

sessions 
5.71 4.09 2.05 3.32 3.50 

SD 7.86 6.15 3.42 4.23 3.64 

Range  1 - 44 1 - 39 1 ï 38 1 - 22 1 - 18 

 

 Table 4.15 shows that 3-year-olds spent the highest number of 

sessions playing level 2 of the non-symbolic magnitude comparison game. 

Further, the range in number of sessions per age group demonstrates 

more variance than was found in level 1. Alongside descriptives of 

number of sessions, Table 4.16 shows how gameplay score differed 

across the ages in the sample. In this instance, gameplay score was on a 

scale of 0 to 100, to aid in the ease of interpreting model outputs.  

Table 4.17 - Mean, standard deviation, and range for gameplay scores in level 2 of the non-

symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

M 92.22 96.24 97.38 97.00 96.98 

SD 12.71 11.65 8.58 8.95 11.78 

Range 28.57 ï 100  14.29 ï 100  28.57 ï 100  42.86 ï 100  28.57 ï 100  

 

Table 4.16 shows that, across all age groups, the sample performed 

well on level 2 of the comparison task, with all average scores above 90. 
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Finally, Table 4.17 shows the number of children who demonstrated the 

event (of achieving zero errors on level 2 of the non-symbolic comparison 

game), and the number of children who did not, across all the ages in the 

sample.  

Table 4.18 - Number of children per age group who achieved the event of zero errors and number 

of those who did not 

 3-year-

olds 

4-year-

olds 

5-year-

olds 

6-year-

olds 

7-year-olds 

No event 36.1% 

(n = 39) 

14.8% 

(n = 24) 

11.2% 

(n = 66) 

13.6% 

(n = 11) 

9.6% 

(n = 5) 

Event 63.9% 

(n = 69) 

85.2% 

(n = 138) 

88.8% 

(n = 524) 

86.4% 

(n = 70) 

90.4% 

(n = 47) 

 

 Table 4.17 shows that, across all of the age groups, the majority of 

the sample were able to achieve the event of zero errors on level 2. In 

order to further understand the relationship between the three variables 

of number of sessions, age of the child, and probability of event, a post-

hoc cox proportional model was conducted.  

Cox proportional model 

The output of the cox proportional model shows the likelihood ratio 

test (85.01 on 4 df, p = <.001) is significant, meaning that a relationship 

has been found between the variables of session count and survival of the 

event of scoring 100 on the game are statistically significant. 

Likewise, the Wald test is also significant in this model, meaning 

that the covariate of age of the child contributed to the model (Wald test 

= 77.68 on 4 df, p< .001). Finally, the Score (logrank) test = 80.96 on 4 

df, p<.001, was also statistically significant, and this means that 

significant differences can be identified in the number of sessions needed 

towards the event when comparing between the age groups in the model. 

Although this tells us there is a significant difference present in the factor 
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of age ï further analysis was conducted to see how this relationship 

differed between the age groups.  

As can be seen from Table 4.18, the age interaction was significant 

at every level of the age factor in this model, meaning that each age 

group demonstrated a different relationship between trial and event 

probability. Figure 4.3 provides a graphical representation of the survival 

curves for each of the age groups.  

Table 4.19 - Model characterstics of the age interaction in the post-hoc cox propotional hazard 

model for Level 2 of the non-symbolic magntiude comaprison gameplay 

Age Coef Exp(coef) Se(coef) z p 

4 0.45 1.57 0.15 3.05 p < 0.00 

5 0.94 2.57 0.13 7.30 p < 0.00 

6 0.48 1.62 0.17 2.83 p < 0.00 

7 0.42 1.52 0.19 2.22 p = 0.03 
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Figure 4.3 - graphical plots of the cox proportional hazard model for Level 2 of the non-symbolic 

magnitude comparison game split by each age group (3 ï 7 years)   
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In line with this, Table 4.19 also shows the probability of a child 

scoring zero errors, with the corresponding number of sessions, by age of 

the child.  

Table 4.20 ï dosage needed to achieve zero errors by age of the child in Level 2 of the non-
symbolic magnitude comparison game 

Age Number of sessions 
Probability of 

achieving zero errors 

3-year-olds 44  70% 

4-year-olds 38 90% 

5-year-olds 38 95% 

6-year-olds 22 90% 

7-year-olds 18 90% 

 

Non-symbolic magnitude comparison - Level 3 ï Cox proportional 

hazard model 

 Level 3 of the non-symbolic magnitude comparison game is the 

hardest level of the game available to children. Here, dot quantities can 

range from 5 ï 13 dots, and dot size varies (see Table 4.5 for screenshots 

of this gameplay difficulty).   

Again, much like level 1 and 2, a cox proportional hazard model was 

conducted for this subset analysis that included any gameplay sessions 

from Level 3 of the non-symbolic comparison game. Again, this included 

gameplay from children within level 3, regardless of their behaviour in 

levels 2 or 1. The sample size was 938 children. Table 4.20 shows the 

distribution of the sample across age, and also shows descriptive statistics 

on the number of sessions children spent on level 3.  
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Table 4.21 - Mean, standard deviation, and range for number of sessions played in level 3 of the 

non-symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

N 104 159 325 234 116 

M 7.45 8.47 4.79 1.83 2.48 

SD 8.58 10.95 6.06 2.73 4.79 

Range 1 - 44 1 - 52 1 - 35 1 - 22 1 - 31 

 

Table 4.21 shows how gameplay score differed across the ages in 

the sample. Again, in this instance, gameplay score calculated on a scale 

of 0 to 100, to aid in the ease of interpreting model outputs.  

Table 4.22 - Mean, standard deviation, and range for gameplay scores in level 3 of the non-

symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

M 87.95 92.80 93.20 96.84 97.16 

SD 14.50 9.60 11.15 7.60 6.95 

Range 30.00 ï 100 60.00 ï 100 37.50 ï 100 40.00 ï 100 60.00 ï 100 

 

Further to this, Table 4.22 shows the number of children who had 

the event (of achieving zero errors on level 3 of the non-symbolic 

comparison game), and the number of children who did not, across all the 

ages in the sample.  
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Table 4.23 - Number of children per age group who achieved the event of zero errors and number 

of those who did not 

 3-year-

olds 

4-year-

olds 

5-year-

olds 

6-year-

olds 

7-year-olds 

      

No event 57.7% 

(n = 60) 

46.5% 

(n = 74) 

40.0% 

(n = 130) 

20.9% 

(n = 49) 

18.1% 

(n = 21) 

Event 42.3% 

(n = 44) 

53.5% 

(n = 85) 

60.0% 

(n = 195) 

79.1% 

(n = 185) 

81.9% 

(n = 95) 

 

Cox proportional model 

 The output of the cox proportional model shows the likelihood 

ratio test (132.5 on 4 df, p = <.001) is significant, meaning that a 

relationship has been found between the variables of trial count and 

survival of the event of scoring 100 on the game are statistically 

significant.  

 Likewise, the Wald test is also significant in this model, meaning 

that the covariate of age of the child contributed to the model - Wald test 

= 133.5 on 4 df, p < .001. Finally, the Score (logrank) test = 143.8 on 4 

df, p <.001 ï was also statistically significant, and this means that 

significant differences can be identified in the survival time when 

comparing between the age groups in the model. Although this tells us 

there is a significant difference present in the factor of age ï further 

analysis was conducted to see how this relationship differed between the 

age groups.  

 Although age did significantly contribute to the model, significant 

differences were not found at every level of the age variable. 3- and 4-

year-olds did not significantly differ from one another. Significant 

differences were found for each of the remaining age groups (from 5-, 6-, 

and 7-year-olds). This means that these age groups demonstrate a 



152 

 

different relationship between trial and event probability. The 

characteristics of the age interaction from the cox proportional hazard 

model are shown in Table 4.23.  

 

Table 4.24 - Model characterstics of age interaction in the post-hoc cox propotional hazard model 

for Level 2 of the non-symbolic magntiude comaprison gameplay 

Age coef Exp(coef) Se(coef) z p 

4 0.26 1.29 0.19 1.38 p = 0.17 

5 0.50 1.65 0.17 3.00  p < 0.00 

6 1.31 3.70 0.17 7.71 p < 0.00 

7 1.30 3.67 0.18 7.08 p < 0.00 

 

 Figure 4.4 shows the graphical plots for the cox proportional 

hazard models for Level 3 of the non-symbolic magnitude comparison 

game.  
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Figure 4.4 - Graphical plots for Level 3 of the non-symbolic magnitude comparison gameplay 
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In line with this, Table 4.24 also demonstrates the probability of a 

child scoring zero errors, with the corresponding number of sessions, by 

age of the child.  

Table 4.25 ï dosage properties by age of the child for Level 3 of the non-symbolic magnitude 

comparison game 

Age Number of sessions  Probability of 

achieving zero errors 

3-year-olds 44 45% 

4-year-olds 52 55% 

5-year-olds 34  65% 

6-year-olds 22  82% 

7-year-olds 32 90% 

 

 

Discussion 

Study 1 examined the dosage that is needed for children to achieve 

zero errors on a non-symbolic magnitude comparison game. This study 

also examined how dosage differs by age of the child, between 3-7-years 

of age, and how dosage may differ by difficulty level of the game (which 

changes the quantity of dots presented to the children). Findings from 

Study 1 suggest a significant relationship between dosage and 

improvement in the non-symbolic magnitude comparison game, where an 

increase in dosage will lead to an increase change in achieving zero errors 

on the game. To answer Research Question 1, and when considering the 

whole sample of children under investigation, at 60 sessions, children 

have a 9% probability of achieving zero errors at the non-symbolic 

magnitude comparison game at the hardest level ï where the dots can 

range from 5 ï 13 dots. 

Further to this, the study also found that dosage to achieve zero 

errors on the non-symbolic magnitude comparison does significantly differ 
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by age of the child. Analysis of the age interaction suggests that 3-year-

old and 4-year-old children did not significantly differ from each other, 

and therefore similar dosage recommendations can be made to both age 

groups. At 60 sessions (the highest number of sessions from this 

naturalistic dataset) both of these samples were, on average, at a 2.5% 

probability of scoring zero errors at the hardest level.  

For all other included age groups (5, 6, 7-year-olds), there were 

significant differences in dosage requirements, with 5-year-olds achieving 

an average of 6% probability at 60 sessions. 6- and 7-year-olds had the 

highest average probability of scoring zero errors at 60 sessions, which 

was 21% and 16% respectively. The significant age interaction in the 

model suggests adjusting dosage by child age. However, the wide 

standard errors indicate considerable variance within each age category, 

showing substantial heterogeneity in children's gameplay performance 

across 60 sessions.  

Post-hoc analysis was conducted to understand dosage needed 

within each of the three difficulty levels of the game, where the number of 

dots presented increase. The first post-hoc analysis utilised cox 

proportional hazard models to analyse Level 1 of the gameplay data, 

which is the first and easiest level of the game, where the dot quantity 

will range from 1 to 5 dots. At this difficulty level, the majority of children, 

regardless of age, where able to achieve the event of zero errors. In 

terms of dosage, all children were able to reach zero errors within 16 

sessions. This relationship between dosage and improvement had a 

significant age interaction, showing each of the age groups (between 3 to 

7 years) demonstrated a differing relationship between increasing dosage 

and improvement. Although considering this, sessions to reach zero errors 

did not vary widely, and with mean sessions across the 3- to 7-year-olds 

ranging from 10 to 16 sessions. Considering this, it is suggested that, at a 

mean level, and across the ages of 3 to 7 years, children should be able 
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to achieve zero errors on a non-symbolic magnitude comparison game 

within 16 sessions, at this difficulty level of 1 to 5 dots.   

Although the model found a significant age interaction, this should 

be considered with caution. Although children who performed at ceiling 

across all their included sessions were excluded from analysis, descriptive 

analysis shows that a large proportion of children achieved the event of 

zero errors in a low number of sessions, and this suggests level 1 of the 

game is too easy for them. As such, it is possible the age interaction may 

actually refer to variations in other aspects of development not directly 

measured by the non-symbolic magnitude comparison task. This could 

include possible cognitive factors such as visuospatial working memory 

(Chew et al., 2016) or inhibitory control (Fuhs & McNeil, 2013), as 

evidence suggests these abilities contribute towards a childôs performance 

on non-symbolic magnitude comparison. These were not accounted for in 

the present study, and missing information regarding individual 

differences in broader domain-general abilities may explain this variance 

across age. However, the present study does still demonstrate the 

relationship between dosage and gameplay outcomes and shows that 

increasing dosage does account for variance in childrenôs responses to 

app-based training. 

Following this, analysis took place for the level 2 data ï where dots 

are presented in quantities between 2 to 9, and so selecting the larger 

magnitude is now harder for the children. At this level of gameplay 

difficulty, again, majority of the children were able to achieve the event of 

scoring zero errors. Again, age had a significant interaction with this 

model, again suggesting the relationship between increasing dosage and 

improvement on this level of the game differed by each age group. 3-

year-olds required the highest dosage of 44 sessions, and 7-year-olds 

with the lowest at 18 sessions, to reach the event of zero errors.  

Finally, post-hoc analysis for the most difficult level (Level 3) 

showed that as a group none of the included age groups were able to 
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reach a 100% probability of achieving zero errors. However, as expected, 

the 3-year-olds achieved the lowest probability, of 45% within 44 

sessions, and 7-year-olds the highest probability, with 90% within 32 

sessions. It is also important to note that this analysis considered each 

age group at the mean level, yet some children, within each age group, 

where able to reach the event of zero errors at this most difficult level. 

For example, 42% of the 3-year-old children were able to achieve this 

event, although the majority 58% did not. This is reflected in the dosage 

recommendations, which will be suitable at the mean level. The 

importance of heterogeneity and individual differences further explored in 

the General Discussion.     

Previous literature highlights many methodological flaws that exist 

within the non-symbolic magnitude comparison training literature (De 

Smedt et al., 2013; Qiu et al., 2021; SzŤcs & Myers, 2017). This study 

highlights the potential impact of varying dosage across different age 

groups as a factor contributing to the inconsistent findings in non-

symbolic magnitude training reported in the literature. Further, findings 

from the present study can guide future research targeting non-symbolic 

magnitude training programs across children of different ages.  
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Chapter 5. Analysis of dosage in an app-based symbolic 

number comparison game 

Introduction 

 Study 2 examined log data from the symbolic magnitude 

comparison game to investigate the dosage that is required for children to 

achieve zero errors.  

Methods   

Methods for Study 2 similarly follow the methods for Study 1.  

Participants 

Much like Study 1, Study 2 utilised data from children who used the 

Funexpected app. See the Methods of Study 1 for more information on 

the app and the method of data extraction.  

Children who had completed a minimum of 2 sessions on the 

symbolic magnitude comparison game were included in the present study. 

This study utilised data from 556 children. These children ranged in age 

from 3-7-years old, with a mean age of 5.17 years (SD = 1.13 years). 

Table 5.1 shows the age distribution of the children in the sample.  

Table 5.1 ï Summary of age in the symbolic comparison game  

Age 3 years 4 years 5 years 6 years 7 years 

N 44 87 235 108 83 

Percentage of the 

total sample (%) 
7.91% 15.65% 42.27% 19.42% 14.93% 

 

As can be seen from Table 5.1, most of the sample fell into the 5-

year-old category, with 235 children out of 556 belonging to this age 

category.  

Further to this, Table 5.1.1 shows the sample by the country the 

child was located in during gameplay. The first twelve values in the table 
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show the individual countries with the highest percentage of the total 

population. Following this, remaining countries were aggerated by 

continent for ease of interpretation.   

Table 5.2.1 ï Summary of countries children were located in during the symbolic comparison 

gameplay 

Location Frequency Percentage of the sample 

China 211 37.95% 

Russia 198 35.61% 

USA 18 3.24% 

South Korea 12 2.16% 

Netherlands 11 1.98% 

Taiwan 11 1.98% 

Germany 9 1.62% 

Hong Kong 7 1.26% 

Spain 7 1.26% 

Ukraine 7 1.26% 

United Kingdom 7 1.26% 

Turkey 6 1.08% 

Rest of Asia 17 3.06% 

Rest of Europe 20 3.60% 

Rest of North America 10 1.80% 

Rest of South America 1 0.18% 

Rest of Oceania 4 0.72% 

 

Outlier removal.  

The symbolic magnitude comparison gameplay dataset was 

assessed for outliers. This process followed the same procedure as Study 
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1. Table 5.2 shows the number of outliers that were removed from the 

symbolic magnitude comparison gameplay data and which outlier 

parameter they correspond to.  

Table 5.3 - Removal of outliers from the sample of the symbolic gameplay data 

 Number of participants removed 

Sessions per child on the symbolic 

comparison game (over 2 SD) 
30 

Ceiling (100% on all sessions) or floor 

(0% on all sessions) 
30 

Summative time (seconds) spent across 

whole app (over 2 SD) 
4 

 

Measures  

This study used the symbolic magnitude comparison game within 

the Funexpected app. See Study 1 for more information regarding the 

Funexpected app. Table 5.3 shows screenshots from the symbolic 

magnitude comparison game. Instructions were provided verbally and via 

written text: ñwhich is biggerò? Explanatory feedback, motivational 

feedback, and programmatic (static and dynamic) leveling all match those 

reported in Study 1. 

 Like Study 1, the symbolic magnitude comparison game has three 

levels of difficulty. Further details of this comparison game can be found 

in the Materials of Chapter 4. Table 5.3 provides an overview of each of 

the three difficulty levels, and how the stimuli of Arabic numerals differ 

across levels.  
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Table 5.4 ï Comparison of the three levels of the symbolic magnitude comparison game 

  

Min. number 

Max. 

numb

er 

1-digit or 2-

digit numbers 

Level 1 

 

1 9 
1-digit 

numbers only 

Level 2 

 

1 20 

Mixture of 1-

digit and 2-

digit 

numbers 

Level 3 

 

10 40 
2-digit 

numbers only 

 

Procedure 

See Study 1 for more details regarding data extraction, OSF pre-

registration, ethical approval, and model building choices.  

Likewise, the Study 2 dataset underwent data transformation that 

follows the procedure of Study 1. 

Study 2 also utilised GAMs, more specifically PAMM for the primary 

analysis of the study. Similarly, cox proportional hazard models were also 

used for the post-hoc analysis. More information of these modeling 

choices can be found in the Methods of Study 1.  

Results 

Much like Study 1, here results are first presented for the primary 

analysis of Study 2, which is the GAM, which includes data from all 

children (3-7 years), across all three difficulty levels. Following this, post-
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hoc analysis is then presented, which analyses each of the three difficulty 

level as three separate cox proportional hazard models.  

Descriptive statistics  

Descriptive statistics reported here are for the primary analysis, 

prior to the formation of the GAM. This includes descriptives statistics of 

the number of sessions played per age group, and the gameplay score 

(on a scale of 0 ï 300) per age group.  

Children played between 2 ï 60 sessions of the symbolic magnitude 

comparison game, with mean number of sessions being 12.71 (SD = 

9.78). Table 5.4 shows how the number of sessions differed across the 

included age groups.  

Table 5.5 - Mean, standard deviation, and range for number of sessions played in the symbolic 

comparison game by age group 

 3 years 4 years 5 years 6 years 7 years 

M 8.74 11.42 11.84 15.47 16.48 

SD 7.28 9.87 10.84 14.81 11.74 

Range 1 - 36 1 - 38 1 - 57 1 - 60 1 - 49 

 

Table 5.4 shows that, as the age group increases, so does the mean 

number of sessions they have played in this game. Furthermore, the 

range in number of sessions by age group also demonstrates variance, 

with three-year-olds playing up to 36 sessions, whereas 6-year-olds 

played up to 60 sessions.  

Table 5.5 shows the means and standard deviations in overall score 

by each age group. This is for the mutated gameplay score with a range 

of 0 ï 300.  
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Table 5.6 ï Descriptives statistics of gameplay scores on symbolic comparison by age of the child 

Age 3 years 4 years 5 years 6 years 7 years 

M score 116.39 129.36 153.17 135.63 195.42 

SD 77.25 75.03 73.39 73.90 43.94 

Range 25 ï 300  25 ï 300  25 ï 300  25 ï 300  50 ï 300  

 

Table 5.6 shows the distribution of age and the corresponding 

number of children who had óno eventô (did not achieve zero errors) to 

those who achieve the óeventô (achieved zero errors).  

Table 5.7 - The number of children per age group who had the event of scoring zero errors on the 

symbolic comparison game 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

No 

event 

90.7% 

(n = 39) 

75% 

(n = 66) 

70.9% 

(n = 166) 

65.1% 

(n = 71) 

73.5% 

(n = 61) 

Event 
9.3% 

(n = 4) 

25% 

(n = 22) 

29.1% 

(n = 68) 

34.9% 

(n = 38) 

26.5% 

(n = 22) 

 

Table 4.6 shows that, across all include age groups, the majority of 

the children did not achieve the event of zero errors on the third level, 

which is the hardest level, of the symbolic comparison game.  

GAM creation 

The symbolic comparison gameplay GAM was constructed using the 

model specifications previously mentioned in Study 1 with the non-

symbolic gameplay modeling. Again, this model was constructed to 

understand the relationship between number of gameplay sessions (time 

variable) to the probability of the event (child achieves zero errors on the 

symbolic game), and how this may differ by age of the child. The 
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symbolic gameplay GAM was created with sessions and survival as the 

outcome, with age as a group interaction, and was constructed using k of 

2.  

Model checked using the gam.check function demonstrated 

sufficient model fitting with k = 2, and the gam.check function 

demonstrated a k-index = 0.87, with a  p-value = 0.15, which is not 

significant, and therefore has appropriate model fitting. Likewise, the kô 

and edf were similar (2.0 and 1.9, respectively). These results therefore 

show that the GAM for the symbolic comparison gameplay data was 

accurately capturing the trends in the data by neither undersmoothing nor 

oversmoothing the trends in the data.  

Symbolic GAM output 

 The creation of the symbolic gameplay model demonstrated a 

significant relationship between sessions (dosage) and the probability of 

scoring zero in the symbolic magnitude comparison game (chi.sq = 124.9, 

p < 0.00 ). Likewise, the model demonstrated an edf of 1.90 (with a 

reference edf of 2.0).  

Further to this, the model demonstrated that sessions and age 

explained 16.6% of the deviance in the dataset. This means that the 

variables of sessions and age explained 16.6% of the variation present in 

the symbolic gameplay scores.  

 The age interaction of the symbolic GAM was significant 

relationship, meaning that age of the child did have an interaction effect 

in the model. Table 5.7 shows the model output by each level of the age 

category.  
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Table 5.8 - Model characteristics of the symbolic GAM age interaction  

Age Estimate Standard error z value p value 

Intercept -5.29 0.51 -10.34 p < .001 

4 0.96 0.54 1.77 p = 0.08 

5 1.13 0.51 2.20 p = 0.03 

6 1.31 0.53 2.50 p = 0.01 

7 0.92 0.54 1.69 p = 0.09 

 

The modeling of the symbolic data demonstrated a significant age 

interaction. The model output in Table 5.7 shows significant group 

differences were found for the 3-year-olds (estimate = -5.29, standard 

error = 0.51, z value = -10.34, p < .001), for 5-year-olds (estimate = 

1.13, standard error = 0.51, z value = 2.20, p = 0.027) and for 6-year-

old (estimate = 1.31, standard error = 0.53, z value = 2.50, p = 0.013). 

This suggests these age groups demonstrate trends between dosage and 

gameplay score that are significant different to the intercept of the model. 

No significant group differences were found for 4-years and 7-year-old 

children, suggesting their trend between dosage and gameplay score did 

not significant differ from one another. See Appendix K for the R output of 

the full model output.  

The resulting GAM graphical outputs were analysed to understand 

how the dosage pattern may differ across the age groups (Figure 5.1).  
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Figure 5.1 ï graphical representation of the GAM for the symbolic magnitude comparison 

gameplay 

 

Of note, this symbolic magnitude comparison GAM demonstrates a 

downward trajectory between dosage and the probability of scoring 0 

errors at the hardest level of the symbolic comparison game. As this was 

not in line with the hypothesis of the present study, this downward 

trajectory warranted further investigation via the use of post-hoc analysis. 

For this reason, post-hoc analysis was performed on subsets of the 

symbolic magnitude comparison gameplay data, with separate models 

conducted for each individual difficulty level of the symbolic gameplay. 

Post-hoc analysis of gameplay level ï Cox proportional models  

In order to understand relationship between age and dosage more 

closely, and to understand the possible influence of comparing 1-digit 

numbers to a mixture of 2-digit numbers, post-hoc analysis was 

conducted.  
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As this dataset was smaller, and thus had fewer dimensions to the 

dataset, a GAM would not be appropriate to construct for post-hoc 

analysis, and so for this reason linear cox proportional hazard models 

were conducted with the subset of the symbolic dataset. 

Symbolic magnitude comparison ï Level 1 ï Cox proportional 

hazard model.  

The subset dataset was created comprising of gameplay of from 

Level 1 (single digit comparison). It is important to note these children 

may have continued to Level 2 and 3 following their performance on Level 

1, but only their Level 1 data was included here. This sample had 407 

children, and the age distribution of the subset sample is shown in Table 

32, alongside the number of sessions they played on level 1 of the 

symbolic comparison game.  

Table 5.9 - Mean, standard deviation, and range for number of sessions played in level 1 of the 

symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

N 41 80 182 82 22 

M 3.10 5.25 7.57 5.27 13.50 

SD 3.50 4.60 7.65 5.48 7.90 

Range 1 - 18 1 - 22 1 - 57 1 ï 25 1 - 33 

 

Further to this, Table 5.9 shows the descriptive statistics of the 

sample gameplay score on level 1 of the symbolic comparison game. 

Here, possible scores could range from 0 to 100.  
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Table 5.10 - Mean, standard deviation, and range for gameplay scores in level 1 of the symbolic 

comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

M 92.07 99.06 97.25 100.00 94.32 

SD 17.17 4.78 12.01 0.00 13.21 

Range 50 - 100 75 - 100 25 - 100 100 50 - 100 

 

The descriptive statistics of the gameplay scores show that, across 

all included ages, the children performed very well on level 1 of the 

symbolic comparison game. This too is supported by Table 5.10, which 

shows the number of children who achieved the event of zero errors on 

level 1 of the symbolic comparison game, by age of the child.  

Table 5.11 - The number of children per age group who had the event of scoring zero errors on 

level 1 of the symbolic comparison game  

Age 

(years) 
3 4 5 6 7 

No event 
18% 

(n = 8) 

3.8% 

(n = 3) 

6% 

(n = 11) 

0% 

(n = 0) 

18.2% 

(n = 4) 

Event 
82% 

(n = 33) 

96.2% 

(n = 77) 

94% 

(n = 171) 

100% 

(n = 82) 

81.8% 

(n = 18) 

 

Cox proportional hazard model  

The cox proportional hazard was conducted with number of sessions 

as the predictor on the survival event. The event in question was scoring 

zero errors on the single digit comparison.  
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Table 5.12 ï Model characterstics of the post-hoc cox propotional hazard model for Level 1 of the 

symbolic magntiude comaprison gameplay 

Age Coef Exp(coef) Se(coef) z p 

4 -0.34 0.71 0.21 -1.62 p = 0.11 

5 -0.74 0.48 0.19 -3.82 p < 0.00 

6 -0.31 0.74 0.21 -1.48 p = 0.14 

7 -1.47 0.23 0.30 -4.95 p < .001 

 

The output of the cox proportional model demonstrates the 

likelihood ratio test was significant (40.82 on 4 df, p = <.001), meaning 

the relationship between the variables of session count and the probability 

of achieve the event of zero errors were statistically significant.  

Likewise, the Wald test is also significant in this model, meaning 

that the covariate of age of the child contributed to the model - Wald test 

= 37.36 on 4 df, p<.001. Finally, the Score (logrank) test = 39.48 on 4 df, 

p< .001ï was also statistically significant, and this means that significant 

differences can be identified in the survival time when comparing between 

the age groups in the model. Although this tells us there is a significant 

difference present in the factor of age ï further analysis was conducted to 

see how this relationship differed between the age groups. Table x also 

shows the age interaction from the model, showing that significant 

differences were found only for age groups 5-year and 7-year-old 

children, when compared to the constant in the model of 3-year-old 

children.  

Figure 5.2 shows the graphically plotting of this cox proportional 

hazard model to show how dosage response differs by age of the child for 

Level 1 of the symbolic magnitude comparison game.  
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Figure 5.2 - Graphical plots for Level 1 of the symbolic magnitude comparison gameplay 

 

In line with this, Table 5.12 also shows how the probability of 

achieving zero errors with corresponding dosage, by age of the child.  
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Table 5.13 ï dosage information for Level 1 of the symbolic magnitude comparison game by age of 

the child  

Age 

Level 1 of the symbolic 

magnitude comparison 

game 

Probability of 

achieving zero errors 

3-year-olds 18  100% 

4-year-olds 22 100% 

5-year-olds 32 100% 

6-year-olds 25 100% 

7-year-olds 33 90% 

 

Symbolic magnitude comparison ï Level 2 ï Cox proportional 

hazard model.  

To understand gameplay data from level 2 of the symbolic 

comparison gameplay, the same method of analysis was repeated from 

Level 1. Of note, level 2 of gameplay requires the children to compare a 

mixture of both single-digit numbers to 2-digit numbers. 359 children 

played level 2 of the symbolic comparison game.  

Table 5.14 - Mean, standard deviation, and range for number of sessions played in level 2 of the 

symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

N 11 46 177 45 80 

M 4.55 4.07 4.05 4.82 3.76 

SD 5.41 3.61 3.90 3.68 4.17 

Range 1 - 17 1 - 15 1 - 23 1 - 14 1 - 19 
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Table 5.13 shows that, on average, all the included age groups 

played level 2 for 3 ï 5 sessions. Further to this, Table 5.14 shows the 

descriptive statistics for gameplay score. The gameplay scores here are 

reported on a scale of 0 to 100, in order to aid with model output 

interpretation.  

Table 5.15 - Mean, standard deviation, and range for gameplay scores in level 2 of the symbolic 

comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

M 96.10 95.65 96.13 98.41 98.10 

SD 9.24 12.37 11.24 5.47 8.86 

Range 71.43 - 100 28.57 ï 100  28.57 ï 100  71.43 ï 100  33.33 ï 100  

 

Again, it is shown that, across the included age groups, the children 

performed well on this level of the game, with average scores close to 

100, which was ceiling. Further to this, Table 5.15 shows the number of 

children who achieved the event of zero errors on level 2 of the symbolic 

comparison game. 

Table 5.16 - Number of children per age group who achieved the event of zero errors and number 

of those who did not 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

No 

event 

18.2% 

(n = 2) 

17.4% 

(n = 8) 

14.1% 

( n = 25) 

8.9% 

(n = 4) 

6.2% 

(n = 5) 

Event 
81.8% 

(n = 9) 

82.6% 

(n = 38) 

85.9% 

(n = 152) 

91.1% 

(n = 41) 

93.8% 

(n = 75) 
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Cox proportional hazard model  

The cox proportional hazard model demonstrated a nonsignificant 

finding. The output of the cox proportional model shows the likelihood 

ratio test (3.01 on 4 df, p = 0.6) is nonsignificant, meaning that no 

statistically significant relationship could be identified for trial count and 

survival of the event of scoring 100 on the game on symbolic level 2. 

Likewise, the Wald test was also nonsignificant in the model (Wald test = 

3.08 on 4 df, p = 0.5), meaning that the covariate of age of the child did 

not contribute to the model. 

As such, the findings from this cox proportional model did not find 

any statistically significant relationship between dosage on the symbolic 

Level 2 game and gameplay outcomes. The model output is shown in 

Table 5.16.  

Table 5.17 - Model characterstics of the post-hoc cox propotional hazard model for Level 2 of the 

symbolic magntiude comaprison gameplay 

Age Coef Exp(coef) Se(coef) z p 

4 0.12 1.13 0.37 0.34 p = 0.737 

5 0.14 1.15 0.34 0.41 p = 0.680 

6 0.05 1.06 0.37 0.15 p = 0.885 

7 0.34 1.40 0.35 0.95 p = 0.340 

 

Symbolic magnitude comparison ï Level 3 ï Cox proportional 

hazard model.  

The same post-hoc analysis using cox proportional hazard models 

was conducted for data from Level 3. Level 3 of gameplay requires the 

children to compare only 2-digit numbers between each other. The 

sample in this analysis included all children who played level 3, regardless 

of their sessions in level 1 or level 2. This resulted in a sample of 234 

children, and the age distribution of the sample can be found in Table 

5.17, alongside the number of sessions played.  
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Table 5.18 - Mean, standard deviation, and range for number of sessions played in level 3 of the 

symbolic comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

N 10 26 110 51 27 

M 2.80 4.92 4.45 2.73 5.48 

SD 1.40 5.90 4.93 1.92 5.41 

Range 1 - 6 1 - 25 1 - 32 1 - 10 1 - 23 

 

  Further to this, Table 5.18 shows mean gameplay scores by age of 

the child for level 3 of the symbolic comparison game.  

Table 5.19 - Mean, standard deviation, and range for gameplay scores in level 3 of the symbolic 

comparison game by age group 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

M 74.67 87.50 87.06 93.03 91.98 

SD 28.34 21.16 20.42 15.22 19.42 

Range 16.67 ï 100  20.00 ï 100  20.00 ï 100  33.33 ï 100  33.33 ï 100  

 

Finally, Table 5.19 shows the number of events (of achieving zero 

errors) by age of the child. The table shows that 60% of the 3-year-old 

sample did not achieve the event of zero errors on level 3. However, for 

all other age groups, a largest percentage of children did achieve the 

event (of zero errors) than those who did not.  
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Table 5.20 - Number of children per age group who achieved the event of zero errors and number 

of those who did not 

 3-year-olds 4-year-olds 5-year-olds 6-year-olds 7-year-olds 

No 

event 

60% 

(n = 6) 

15.4% 

(n = 14) 

38.2% 

(n = 42) 

25.5% 

(n = 13) 

18.5% 

(n = 5) 

Event 
40% 

(n = 4) 

84.6% 

(n = 22) 

61.8% 

(n = 68) 

74.5% 

(n = 38) 

81.5% 

(n = 22) 

 

Cox proportional hazard model  

Again, much like the findings from the symbolic level 2 model, the 

cox proportional hazard model demonstrated a nonsignificant finding. The 

likelihood ratio test (7.7 on 4 df, p= 0.1) was not significant, meaning 

that no relationship could been found between the variables of dosage 

(trial count) and the probability of scoring 100 at Level 3 of symbolic 

gameplay.  

Likewise, no significant relationship was found in the model when 

including age in the model, as the Wald test was also nonsignificant (8.25 

on 4 df, p= 0.08). These findings suggests that an increase in dosage is 

not associated with an increase in performance in this level of symbolic 

comparison gameplay. The model output can be found in Table 5.20. 

Table 5.21 - Model characterstics of the post-hoc cox propotional hazard model for Level 3 of the 

symbolic magntiude comaprison gameplay 

Age Coef Exp(coef) Se(coef) z p 

4 0.17 1.19 0.55 0.32 p = 0.750 

5 0.23 1.26 0.52 0.45 p = 0.650 

6 0.77 2.15 0.53 1.46 p = 0.145 

7 0.33 1.39 0.55 0.60 p = 0.546 

 

   



176 

 

Discussion 

The generalised additive model suggested a significant relationship: 

as dosage increased, errors in the symbolic comparison game decreased. 

This finding supports the study's hypothesis. However, post-hoc analysis 

demonstrates this significant relationship was observed within Level 1 of 

the game, but not in level 2 or 3. This reflects the downward trajectory 

that was observed in the visual plotting of the GAM. Alongside this, a 

significant age interaction was found in the GAM, demonstrating that, 

depending on age of the child, the relationship between dosage and 

improvement in symbolic abilities will differ by age of the child. This 

downward trend was found in the full GAM where all gameplay levels were 

included in the model.  

Post-hoc analysis was conducted to understand this further. Via the 

use of cox proportional hazard modeling, modelling of individual level of 

the gameplay was conducted. From the post-hoc analysis it was found 

that a significant relationship between dosage and gameplay 

improvement was present in Level 1 of the gameplay data only, and no 

significant relationship could be found for Level 2 or 3 of gameplay 

behaviour. This suggests the positive significant relationship between 

dosage and improvement is only present for single digit number 

comparison and is not significant for 2-digit number comparisons (Levels 

2 or 3). This explains the downward trend of the full GAM, as the 

significant relationship was no longer present as children progress 

through Level 1 into Level 2 or 3.  

Post-hoc analysis was conducted of Level 1 of the gameplay data, 

which is the easiest level of the game, and only single-digit number 

comparison takes place. At this level, a majority of children, within each 

age group, where able to achieve the event of zero errors. This includes 

the 3-year-old children, where 80% of the sample achieved zero errors. 

Results from the cox proportional hazard model suggest that a dosage of 

18 ï 33 sessions is sufficient for children to achieve zero errors on this 

game. Although age of the child did have a significant interaction in this 
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model, unique dosage responses were only found for the 5-year-olds and 

7-year-olds. This suggests that dosage recommendations for 3- and 4- 

years old need not significantly differ from one another, and that 18-22 

sessions are sufficient for children of this age to learn single-digit number 

comparison.   

The post-hoc analysis for Level 1 suggests that 3-year-olds required 

fewer gameplay sessions (18 sessions) than 7-year-olds (33 sessions) to 

achieve zero errors on single-digit symbolic comparison. The 

representativeness of this sample of children should be considered, as 

these findings likely reflect that the 3-year-olds might be high achievers, 

while the 7-year-olds might be low achievers, as comparing single-digit 

numbers is typically a skill developed earlier (Sasanguie et al., 2013). 

Further to this, this sample of children may represent children from 

parents who are motivated to invest in educational math apps. The role of 

parental motivation is further considered in Chapter 8. Considering these 

unique aspects of the sample under investigation here, these results 

should be considered within the context of the educational maths app 

itself, and the characteristics of the children playing these games.  

Alongside this, these findings have implications for dosages used in 

the training of number comparison, of both single- and double-digit 

numbers, and has implications for theories related to the processing and 

comparing of 2-digit numbers, and implications for app design and 

gameplay.  

Two-digit number comparison 

The present study did not find a relationship between increasing 

dosage with decreasing errors on the comparison of 2-digit numbers. It is 

important to note this does not suggest that the children in the sample 

were unable to successfully compare 2-digit numbers, but instead that 

increasing the number of sessions did not increase the probability of 

children consistently answering these comparison questions correctly. 

Considering previous work predominantly focuses on the comparison of 
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single digit symbolic number and how this relates to future mathematical 

development (Schneider et al., 2017), the present study demonstrates 

some key differences in the processing and comparison of 1-digit to 2-

digit numbers. These findings also suggest that training of these abilities 

should differ.  

Findings from the present study are in line with previous literature 

on the processing of 2-digit number, and the importance of understanding 

place value and base-ten for childrenôs mathematical development. As 

exemplified by Fuson (1990), understanding place value of 2-digit 

numbers requires more skills than that of single-digit understanding, 

including the differences in numerical words and the visual representation 

of positional information in numbers. Likewise, the process of 

understanding 2-digit number means understanding the place-value 

system of the Arabic number system (Mann et al., 2011).  

Although the symbolic magnitude comparison game did provide 

some explanatory feedback to childrenôs incorrect responses, it is 

suggested from the present study that there was not sufficient scaffolding 

for children to increase their abilities in the comparison of 2-digit 

numbers. Cheung and Ansari (2021) found in their study of 4ï7-year-old 

children, that the 6-year-old children were able to utilise place-value 

understanding to compare multi-digit numbers. They also found a 

relationship between childrenôs knowledge of spoken numerals and their 

ability to perform multi-digit comparison. Considering these previous 

findings, the present study did not find a significant age interaction for 

either the 6-year-old or 7-year-old group of children in the post-hoc 

analysis, and this may relate to the prior knowledge that children have 

already obtained prior to doing the task. It can be assumed that the prior 

knowledge needed to achieve consistently accurate 2-digit comparison 

has not been acquired by the majority of the children included in this 

analysis.  
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Theories relating to 2-digit processing, such as the decomposition 

model (Nuerk & Willmes, 2005), may explain the nonsignificant findings 

of the study. The decomposition model suggests that the magnitude of 

each digit in a 2-digit number are represented separately by children 

when they are processing these numbers (Nuerk & Willmes, 2005). As 

such, children are now required to understand that the ó2ô in 25 now 

refers to the quantity of ó20ô. Within the app, the progression from level 1, 

with single digit numbers, to level 2, where two digiti numbers are 

introduced, does not provide sufficient teaching or guidance on the nature 

of place value, or the decomposition of digits within a two-digit number. 

As such, children who already understand how to decompose two-digit 

numbers do not benefit from extra sessions on the game, and children 

who have not acquired this decomposition understand do not acquire it 

via extra sessions on the game.   

These findings contribute to the literature on 2-digit number 

processing, by highlighting the differential impact that increasing dosage 

has on the comparison of single-digit versus two-digit numbers. Much of 

the previous literature on childrenôs understanding of two-digit numbers 

utilises observations and correlational methods (see; Yuan et al. (2019) 

and Moeller et al. (2011)). However, the present study investigated the 

training, or teaching, of two-digit symbolic number comparison. Further, 

the present study investigated the nuance of this teaching by 

demonstrating how the variables of age of the child and dosage relate to 

childôs ability ï or lack thereof ï to compare 2-digit numbers.   

Implications 

Previous reviews of educational maths apps show that drill and 

practice approaches can be a successful method (Outhwaite et al., 2022) 

in teaching children domain-specific abilities. Repeated engagement of the 

same domain-specific ability will lead to an increase in performance, a 

decrease in the variability of responses, and automation of the task being 

practiced (Judd et al., 2023). Alongside this, the findings from Study 2 
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suggest that although drill and practice may be a sufficient method to 

improve the performance of single-digit number comparison, perhaps 

more scaffolding or explicit teaching is required to transition children from 

the comparison of single digits to the comparison of double digits. As 

such, Lehtinen et al. (2017) suggests that drill and practice methods are 

good for the automating of basic skills but not appropriate where 

adaptations are required, such as the introduction of 2-digit numbers. 

This has implications for app design, and for more general intervention 

and gameplay design.  

 It is important to see how educational maths app can be teach and 

refine this ability as it will have implications for future mathematical 

development. From the current findings, it can be suggested that 

increasing dosage alone will not allow 2-digit comparison to be acquired, 

and that more explicit instruction of the teaching of 2-digit may be 

required. Again, in line with recommendations from Outhwaite et al. 

(2022), the use of explicit instruction is important for the teaching of 

these domain-specific abilities. Considering the findings from this study, it 

is suggested that increasing dosage alone will not allow for the refinement 

of the skills needed for 2-digit number comparison, suggesting that 

dosage does be considered within the context of the domain-specific 

ability targeted, and not just the age of the child.  

 The findings from this study suggest a significant age interaction for 

the modeling of single-digit symbolic number comparison. This suggests 

that dosage should differ for children across the ages of 3-7-years-old. 

This has repercussions for interventions, where many interventions will 

prescribe the same dosage recommendation to children across age ranges 

(for example, Tobia et al., 2021, administered the same dosage to their 

sample of preschoolers, although mean age of 4.76 years, the age ranged 

from 4.18 - 5.37.) The present study suggests that dosage should differ 

between 4-year and 5 ïyear old children. Evidence from the current 

modelling suggests that allocating the same dosage across these samples 
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may not be sufficient due to the variance in development of symbolic 

comparison abilities across the same number of sessions. 
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Chapter 6. Comparing dosage between non-symbolic and 

symbolic comparison abilities within a subset of participants 

Introduction 

Study 1 examined dosage patterns for non-symbolic magnitude 

comparison, and Study 2 on symbolic magnitude comparison. Although 

both games are found within the same app, Study 1 and Study 2 varied in 

sample size and in the distribution of age within the sample. Further, only 

a subset of children from these samples played both games. Considering 

this, conclusions that can be drawn about the dosage differences between 

these domain-specific abilities are limited. To remediate this, Study 3 

utilised a subset of participants from both datasets who had played both 

the non-symbolic magnitude comparison game and the symbolic 

magnitude comparison game. This subset allows for direct comparison of 

dosage between domain-specific abilities, as they are acquired within the 

same child. 

Study 3 will investigate children who played level 1 of the symbolic 

comparison game, and level 1 of the non-symbolic comparison game. This 

choice was made considering the findings of Study 2, where no 

relationship was found between dosage and improvement in the level 2 

and 3 symbolic comparison game, where comparison of 2-digit number 

takes place. As such, the analysis in Study 3 will solely focus on Level 1, 

involving 1-digit comparisons.  

This study will investigate the following research question: How 

does dosage differ when comparing non-symbolic magnitude comparison 

training to symbolic magnitude comparison training? It is predicted that 

the dosage needed to see a decrease in errors will differ between the non-

symbolic magnitude comparison game and the symbolic magnitude 

comparison game, such that the symbolic magnitude comparison game 

will require a higher dosage. Further to this, it is it is expected that as age 

of the child increases (between the ages of 3-7-years), the dosage 
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needed to reach zero errors will decrease ï that older children will require 

lower dosage, and this is expected for both abilities.  

Methods 

Measures 

 See Study 1 for an overview of the non-symbolic magnitude 

comparison game, and Study 2 for an overview of the symbolic 

magnitude comparison game, both of which were found inside the 

Funexpected app. Due to the free roam nature of the app, children were 

not directed to play the games in a particular order.  

Participants  

 Participants for this study were a subset of children from Study 1 

and Study 2 who had played both the non-symbolic comparison and the 

symbolic comparison game available within Funexpected.  

To be included in this study, children required gameplay from both 

level 1 of the symbolic comparison game, and level 1 of the non-symbolic 

game. This resulted in 152 children, with a mean age of 4.69 years (SD = 

1.03), ranging from 3 to 7 years of age. Table 6.1 shows the distribution 

of age across the included age groups.  

Table 6.1 ï age distribution of the subset sample  

Age 3 years 4 years 5 years 6 years 7 years 

N 24 41 63 18 6 

Percentage of the 

total sample (%) 
15.79% 26.97% 41.45% 11.84% 3.95% 

 

 As can be seen from Table 6.1, the number of children in this 

sample is lower than the samples from Study 1 or Study 2, and the 

sample is not equally distributed across the included age groups. In 

particular, the sample consists of 6 children in the 7-year-old category, 

which is only 3.95% of the sample. Implications of the sample size and 
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age distribution in the context of statistical power of the model will be 

further discussed in the Results section and the discussion. 

Further to this, Table 6.1.1. shows how the sample was distributed 

across global locations. The first ten values in the table show the 

individual countries with the highest frequency, and after this, remaining 

countries are aggerated by continent.  

Table 6.2.1 ï Summary of countries children were located in during gameplay 

Location Frequency Percentage of the total sample 

Russia 60 39.47% 

China 50 32.89% 

United States 9 5.92% 

Spain 4 2.63% 

South Korea 4 2.63% 

United Kingdom 3 1.97% 

Belgium 2 1.32% 

Japan 2 1.32% 

Turkey 2 1.32% 

Australia 2 1.32% 

The rest of North America 3 1.97% 

The rest of Asia 5 3.30% 

The rest of Europe 6 3.94% 

 

 As can be seen from Table 6.1.1, the majority of the sample were 

located in Russia (39.47% of the total sample).  

Procedure  

 First, the samples from Study 1 and Study 2 were filtered to include 

those who played level 1 on both games. The datasets were then linked. 

As both the non-symbolic dataset and the symbolic datasets underwent 

data cleaning for Study 1 and Study 2 respectively, data cleaning was not 

repeated for Study 3.  
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The present study utilised cox proportional hazard models. A model 

was built for the non-symbolic data, and another for the symbolic data, 

and results from these models were then compared. See Study 1 for more 

information on the use of cox proportional hazard models with the present 

dataset.  

Results 

Descriptive statistics  

Descriptive statistics were conducted for the number of sessions 

children completed in both games. For the symbolic comparison game, 

the whole sample played a mean of 4.13 sessions (SD = 4.72, range = 2 

ï 25). For the non-symbolic comparison game, the whole sample played a 

mean of 4.61 sessions (SD = 1.02, range = 2 ï 24) (see Table 6.2).
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Table 6.3 ï descriptive statistics of the number of sessions children spent on both the non-symbolic and the symbolic comparison game, by age of the 

child 

 Non-symbolic comparison sessions Symbolic comparison sessions 

 3 years 4 years 5 years 6 years 7 years 3 years 4 years 5 years 6 years 7 years 

M (SD) 
2.50 

(3.34) 

1.83 

(1.67) 

3.59 

(4.39) 

3.44 

(3.48) 

4.83 

(6.88) 

3.50 

(3.29) 

3.95 

(4.44) 

4.17 

(5.22) 

4.00 

(4.09) 

7.14 

(6.91) 

Range 1 - 16 1 ï 8 1 - 25 1 - 11 1 ï 18 1 - 13 1 - 19 1 - 24 1 ï 15 1 - 21 
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As can be seen from Table 6.2, children across the age group spent 

few gameplay sessions playing either the non-symbolic game or the 

symbolic game. Of note, while the average session count for 4-year-olds 

in the non-symbolic game was 1.83 sessions, some children in this age 

group played for as many as 8 sessions. Further to this, Table 6.3 

provides descriptives statistics for the gameplay scores on both the non-

symbolic and the symbolic comparison game. Again, this is split by age of 

the child.   
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Table 6.4 - descriptive statistics of the gameplay score from the non-symbolic and the symbolic comparison game, by age of the child 

 

 Non-symbolic comparison sessions Symbolic comparison sessions 

 3 years 4 years 5 years 6 years 7 years 3 years 4 years 5 years 6 years 7 years 

M (SD) 100 100 
98.81 

(9.5) 
100 100 

90.91 

(21.19) 

97.37 

(12.72) 

98.05 

(11.18) 

100.00 

(0) 

96.43 

(9.45) 

Range 100 100 25 ï 100 100 100 25 - 100 25 ï 100 25 ï 100 100 75 ï 100 
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Further to this, Table 6.4 shows the children grouped by those had 

the event (of achieving zero errors) on the respective game, and the 

number that did not have the event (of achieving zero errors).  

Table 6.5 ï Number of children who achieved the event of zero errors across both the non-

symbolic comparison and symbolic comparison game 

 Non-symbolic gameplay Symbolic gameplay 

Number of events (of 

zero errors) 
143 151 

% 94.08% 99.34% 

Number of no events 9 1 

% 5.92% 0.66% 

 

 It can be seen from Table 6.4 that the majority of the sample 

achieved the event on the non-symbolic comparison game and the 

symbolic comparison game. Of note, the single child that did not achieve 

the event in the symbolic comparison dataset did achieve the event in the 

non-symbolic comparison dataset. As such, there are no children in the 

present dataset who did not achieve the event of zero errors on both 

games.  

Recommendations for power and sample size in cox proportional 

hazard models oftentimes refer to guidance from (Hsieh & Lavori, 2000), 

which would suggest the models in Study 3 are sufficiently powered. 

Further to this, the more conservative recommendations from (Ogundimu 

et al., 2016) were considered for Study 3, and Ogundimu et al. (2016) 

suggest 20 participants per variable in the model should be considered. 

This number should be increased if the number of participants who 

achieve the event are low. As the number of events (of zero errors) is 

high for both the non-symbolic dataset and the symbolic dataset (see 

Table 6.4), it is suggested a minimum of 60 children is needed to power 

these models. With a sample size of 152 children, the cox proportional 
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hazard models in Study 3 are considered sufficiently powered. However, 

caution will be taken with the possible age interaction in these models, 

due to individual age groups having a lower number of children.  

 Considering this, these descriptive statistics were taken to 

inferential testing, where two cox proportional hazard models were 

conducted.  

Non-symbolic magnitude comparison cox proportional hazard 

model   

A cox proportional hazard model was conducted for this subset of 

the non-symbolic comparison gameplay from level 1. The output of the 

cox proportional model shows the likelihood ratio test (9.28 on 4 df, p = 

0.05) is nonsignificant, meaning that no statistically significant 

relationship has been found between the variables of trial count and 

survival of the event of scoring 100 on the non-symbolic comparison 

game. See Appendix O for the R model output of the non-symbolic cox 

proportional hazard model for the subset analysis. Age of the child was 

also included in the model to investigate possible age interactions, 

although as previously mentioned, these will be considered with caution 

due to the low number of children in some age groups. The Wald test was 

also nonsignificant in this model, suggesting age of the child did not 

contribute to the model (Wald test = 9.62 on 4 df, p = 0.05).  

Finally, the Score (logrank) test was also nonsignificant (logrank = 

9.84 on 4 df, p<.005), indicating that no significant differences can be 

identified in the sessions needed to reach zero errors when comparing 

between the age groups in the model. Findings regarding the age variable 

in this model were unsurprising considering the varying sample size of 

each age group included in this model. Table 6.5 shows the model output.  
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Table 6.6 ï Model output of the non-symbolic comparison gameplay data for the subset analysis 

Age coef Exp(coef) Se(coef) z p 

4 0.2402 1.2716 0.2591 0.927 0.354 

5 -0.3411 0.7110 0.2415 -1.412 0.158 

6 -0.3011 0.7400 0.3147 -0.957 0.339 

7 -0.5389 0.5834 0.4675 -1.153 0.249 

 

Symbolic magnitude comparison cox proportional hazard model   

 Much like the model created for the non-symbolic gameplay, the 

same cox proportional hazard model was repeated for the symbolic 

comparison gameplay, which included only data from level 1 of gameplay 

(1-digit comparison).   

The output of the cox proportional model shows the likelihood ratio 

test (2.6 on 4 df, p = 0.6) is nonsignificant, meaning that no relationship 

can be found between the variables of session count and the probability of 

the event of scoring 100 on the symbolic comparison game at level 1.  

 Likewise, the Wald test is also nonsignificant in this model, meaning 

that the covariate of age of the child did not contribute to the model at a 

statistically significant level (Wald test = 2.2 on 4 df, p = 0.7). Finally, the 

Score (logrank) test was also not statistically significant (logrank = 2.26 

on 4 df, p = 0.7), and this means that no differences can be identified the 

number of sessions need to reach zero errors when comparing between 

the age groups in the model. Therefore, this model suggests that no 

relationship can be found between the variables of number of sessions, or 

age of the child, in relation to the outcome measure of the level 1 

symbolic comparison game of 1-digit comparison. Table 6.6 shows the 

model output.  
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Table 6.7 ï Model output of the symbolic comparison gameplay data for the subset analysis 

Age coef Exp(coef) Se(coef) Z p 

4 0.09 1.10 0.29 0.32 0.751 

5 0.07 1.07 0.27 0.24 0.807 

6 0.13 1.13 0.32 0.39 0.695 

7 -0.52 0.59 0.48 -1.10 0.270 

 

Comparison of models  

 Considering the nonsignificant finding from both the symbolic 

comparison model and the non-symbolic comparison model, quantitative 

model comparisons of the two cox proportional hazard models could not 

be conducted. The descriptive statistics and the null modelling via cox 

proportional hazard models suggest some characteristics of the 

subsample investigated here. First, average scores on both the symbolic 

comparison task and non-symbolic comparison task were negatively 

skewed, and this suggests the children performed highly, on average, on 

these games.  

Discussion 

 The primary aim of Study 3 was to make comparisons of the dosage 

needed to achieve zero errors between non-symbolic comparison and 

symbolic comparison abilities. This was conducted with a subsample of 

children who had played level 1 of the symbolic comparison game (1-digit 

number comparison) and level 1 of the non-symbolic comparison game 

(dot quantity ranging from 1 to 5 dot). Both cox proportional hazard 

models conducted were nonsignificant, suggesting no relationship was 

present in this subsample between increasing dosage and the probability 

of achieving zero errors. However, these findings will be discussed in the 

context of the descriptive statistics of the sample, and from this, 

implications for app design will be discussed.  

The descriptive statistics from this subsample of children who 

played level 1 on both games demonstrated that their number of sessions 
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was low, their number of events of scoring 100% was high, and their 

average scores were close to 100%. As such, the sample, across all 

included age ranges, where close to ceiling on these level 1 measures. It 

can be inferred from Study 3 that, across the age ranges of 3 to 7 years 

old, children require little training dosage on comparison abilities, when 

the stimuli involve 1-digit symbolic number, or non-symbolic dots in the 

range of 1 ï 5. This suggests level 1 of both games was easy for the 

children in this sample, and considering this, it is unsurprising both cox 

proportional hazard models were nonsignificant. As Study 2 found no 

relationship between increasing dosage and improvement on 2-digit 

symbolic number comparison (level 2 and level 3), analysis between level 

2 of the respective games in Study 3 would not be meaningful. As such, 

analysis of gameplay in Study 3 focused on level 1 of both games only.  

The sample size and age distribution should also be considered in 

the context of the findings from Study 3. As the present dataset is 

comprised of a subset from both Study 1 and Study 2, Study 3ôs sample 

is comparable smaller, although suggestions from Hsieh and Lavori 

(2000) and Ogundimu et al. (2016) indicate that the subset models are 

adequately powered when considering the entire sample. Still, they may 

lack sufficient power when examining age interactions. The age 

distribution within the sample shows there are few children within each 

age group, for example, there are only 24 children in the 3-year-old 

group, and only 6 children in the 7-year-old group. However, considering 

this, the age interaction was maintained in the model in order to 

investigate potential age differences for the age groups that had a larger 

number of children, particularly 63 children in the 5-year-old group, and 

the 41 children in the 4-year-old group. Although the variable of age was 

not significant in the model, findings from Study 3 should be considered 

on the whole sample level, and not by the varying age groups. 

Considering this, the majority of the sample were 5-year-olds (63 

children). Due to the nature of collaboration with an industry partner, 
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these secondary datasets will continue to grow over time, and as such, 

the sample size will also continue to increase, and this future work will 

allow for a more nuance and precise analysis on the interacting factor of 

age in this study.  

This study offers theoretical insights into the amount of training required 

to enhance both non-symbolic and symbolic comparison abilities. When 

examining concepts such as the Approximate Number System (ANS) or 

the refinement account (Lau et al., 2021), Chapter 6 suggests that it is 

important to consider not only the domain-specific abilities being 

investigated, but also the number of sessions needed to observe changes 

in these abilities and the difficulty level of the tasks involved. 

Standardizing the number of sessions used in research could help 

reconcile different perspectives on mathematical development. 

General discussion 

 Findings from Study 1, 2 and 3 will be considered together, and this 

will also include the implications of the findings for app design, 

intervention design, and existing theories regarding the development of 

domain-specific abilities of mathematics.  

Non-symbolic magnitude comparison 

The first research question asked what dosage, as measured by 

number of sessions of gameplay, do children need in order to achieve 

zero errors on the non-symbolic comparison game. When considering all 

three difficulty levels together, analysis found 60 sessions (the maximum 

dosage children demonstrated in this sample) was sufficient for some 

children to achieve zero errors on the hardest level (with 5 to 13 dots). 

Variance was found at this 60 sessions benchmark, and this includes both 

variance between the age groups (3 to 7 years), and also within each age 

group. For example, even the oldest children in the sample, the 7-year-

olds, demonstrated a variance of 5% to 53% probability of achieving zero 

errors on this hardest level at 60 sessions.  

Further to this, post-hoc analysis from Study 1 was able to assess 

dosage within each of the difficulty levels. As expected, these post-hoc 

analysis found that more dosage was required to reach zero errors as the 
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game increased in difficulty. As such, the present study is able to suggest 

benchmarks for the dosage needed to see improvement at three different 

quantities of dot comparison, and further suggest how this dosage should 

differ by age of the child. This has implications for wider non-symbolic 

magnitude training and intervention literature.  

A review on methodological issues in the measures of the ANS by 

Dietrich et al. (2015) demonstrates that studies vary considerably in the 

number of trials used to measure non-symbolic magnitude comparison, 

with studies varying between 50 to 600 trials. They highlight further work 

is needed to understand a sufficient number of trials to measure non-

symbolic magnitude comparison. Of note, the review by Dietrich et al. 

(2015) considers measuring non-symbolic dot comparison to use as a 

predictor in research, whereas the present study considers dosage needed 

when using non-symbolic dot comparison as a training stimuli. The 

inclusion of the element of training here adds further nuance, as this 

dosage may differ to what is needed to measure the ability, as opposed to 

training the ability. However, to our knowledge, no studies have 

investigated the varying dosages in the context of training non-symbolic 

comparison abilities, to see how it may influence outcomes. As such, the 

findings from this study can be used as benchmarks or recommendations 

for what dosage is needed to see improvements that are developmentally 

appropriate, and also appropriate to the difficulty of the dot comparison 

taking place.  

 Further, a review by SzŤcs and Myers (2017) highlights further 

methodological concerns which may address the inconsistent results 

across the literature in the training of non-symbolic magnitude. They 

highlight the issue of brief exposure to the task. Findings from the present 

study address this concern by showing that indeed, variance in dosage 

may be a potential reason that non-symbolic training has demonstrated 

inconsistency in the literature. This present study further adds that age of 
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the child is an important aspect to consider in the context of dosage for 

non-symbolic comparison task, as the present study shows children of 

different ages require different dosages. Many training studies will recruit 

children across multiple age groups and prescribe the same dosage to the 

whole sample, whereas the present findings demonstrate that dosage will 

vary across age ranges. To illustrate this, examples include Libertus et al. 

(2020) who administered 16 sessions, lasting approximately 15 minutes 

each, to a sample of children who ranged in age from 4 years and 11 

months to 7 years, and 11 months. However, evidence from the current 

studies suggest the probability of improving from the same dosage can 

range from, on average, 6% for 5-year-olds, to 16% for 7-year-olds 

(when considering the dosage amount of 60 sessions). The current study 

therefore suggests that providing the same dosage to all participants 

might be one of the reasons non-symbolic training studies do not 

consistently yield significant effects. 

The present study highlights that indeed, dosage is an important 

aspect to consider in the training of non-symbolic magnitude comparison, 

but considering dosage alone is not sufficient, as this is also dependent on 

the age of the child, and the nature of the stimuli. Considering this 

complexity, the present study is able to provide guidance on dosage, by 

age of the child, on three varying difficulty levels.  

Symbolic magnitude comparison  

Study 2 aimed to answer Research Question 2 and investigated the 

dosage needed to improve symbolic magnitude comparison abilities. 

Interestingly, analysis via GAM found a significant relationship between 

increasing dosage and improvement on the symbolic comparison task, 

although this was limited to comparison of 1-digit numbers. This 

relationship between dosage and improvement was nonsignificant when 

2-digit numbers were included in the comparison task. Study 2 suggests 

that a dosage of up to 33 sessions of single-digit comparison is sufficient 

for children aged 3-7 years old to achieve zero errors on this task.  
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Study 2 highlights that no relationship was found between 

increasing dosage and the decreasing error in the comparison of 2-digit 

numbers. This suggests that the drill and practice app design that was 

sufficient for 1-digit comparison may not be sufficient for the training of 

2-digit comparison, and that further scaffolding is needed to transition 

from 1-digit to 2-digit symbolic number comparison.  

The 2-digit comparison findings are important to consider as 

previous evidence demonstrates that the relationship between symbolic 

comparison and general mathematical competencies also applies to the 

comparison of 2-digit numbers (Brankaer et al., 2017). It is suggested to 

include comparisons of two-digit numbers alongside single-digit 

comparisons, as this allows for the measurement variance in childrenôs 

developing symbolic comparison abilities across age (Brankaer et al., 

2017). As such, understanding an app-based method to train children on 

2-digit comparison is important. Implications regarding app design will be 

later discussed.  

Comparing dosage between domain-specific abilities 

Finally, Study 3 utilised a subset of children who played both the non-

symbolic comparison game from Study 1 and the symbolic comparison 

game from Study 2. This study aimed to compare dosage between the 

non-symbolic comparison and symbolic comparison game. Both of these 

cox proportional hazard models were nonsignificant, suggesting no 

relationship was found between increasing dosage and decreasing errors 

in either the symbolic comparison or non-symbolic comparison datasets. 

The descriptive statistics suggests that children, across all age groups, 

performed at ceiling on level 1 on both games, and therefore dosage had 

little impact on improving those scores. Level 1 of the non-symbolic 

comparison game presented dots ranging between 1 to 5 dots, and the 

symbolic game presented single digits between 1 to 9. The stimuli that is 

presented to children via educational maths apps should be considered, to 

ensure they are appropriately training the domain-specific ability being 



198 

 

targeted. Some of the dot quantities presented in the non-symbolic 

comparison game fall within the subitizing range, and therefore it is 

unclear whether children utilised an approximate or exact comparison 

ability in this game. This too is highlighted by Holloway and Ansari 

(2009), who also support that numerosities outside the subitising range 

should be used to measure, or train, non-symbolic approximate 

magnitude. This is to ensure that an approximate estimation ability is 

used, as opposed to a precise and exact understanding of numerosity that 

is involved in the subitizing process (Clements et al., 2019). Observations 

of the stimuli used in the app will be further discussed in the context of 

academic and industry partner collaborations.  

Heterogeneity in dosage responses  

 An important factor to consider from both Study 1 and Study 2 is 

the aspect of heterogeneity from the children. As expected, and in line 

with RQ2, age was a significant factor to consider in childrenôs response to 

increasing dosage. However, even within one age group, the study 

demonstrated substantial heterogeneity in response to dosage, and this 

was found for both non-symbolic and symbolic comparison.  

 Traditionally, analysis of training typically uses mean scores to 

empirically investigate performance in cognitive abilities. However, the 

growing size of data in the context of cognitive development means that 

more emphasis can be placed on the variability of responses to tasks 

(Judd et al., 2023). As such, Bryan et al. (2021) have highlighted that 

reporting of intervention effects should exercise some nuance, as 

oftentimes there is heterogeneity in how different children will respond to 

the same training. They further argue that, typically, interventions are 

regarded highly if they are able to demonstrate broad and universal 

training effects on children. However, this is oftentimes not the case, and 

instead interventions should be conceptualised and presented as working 

for a particular group under particular conditions. This considers  both the 

characterises of intervention and the interplay of individual differences. To 
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further this, and as shown by the present study, response to dosage is 

also heterogenous, as some dosages only work for some children.  

This shows that, even when children are all presented with the 

same educational maths app that provides both explanatory feedback and 

levelling (Outhwaite et al., 2022) that children will vary in the dosage 

needed to see equivalent improvements. These findings have important 

implications for intervention design and intervention literature. Findings 

from the present study instead suggest that dosage recommendations 

should not only be made by age group, but also consider the individual 

differences within those age ranges. 

Utility of educational maths app in research  

This study was, to our knowledge, the first to use log data from the 

backend of an educational maths app to understand dosage, and the first 

to investigate particular how dosage varies within a naturalistic 

environment across a large sample. The previously stated benefits of log 

data have been exercised within the present study, the use of log data 

meant that detailed data was collated from a large sample across 11 

months of gameplay behaviour. This study contributes to the growing 

literature of log data studies that can be utilised to understand, behaviour 

within educational maths apps, and also to understand wider theoretical 

questions about mathematical cognition development. 

Previous studies such as Kim et al. (2021) argue that previously used 

measures of dosage are inaccurate, as they do not utilise measures from 

within the app, and these issues in the accuracy in measuring dosage may 

explain the inconsistent findings in app intervention effects. The use of log 

data in these studies provides a more accurate and sensitive measure on 

the dosage children spent within games when compared to retrospectively 

reported dosage. This increase in the accuracy of the measure means that 

inference can then be made about the dosage itself, as opposed to the 

accuracy of the measure of dosage.  
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The use of existing log data from a commercially available app can 

provide a wealth of data that would be both costly and time consuming to 

collect as a primary source, Although the use of log data has provided 

many methodological benefits and has proven to be a useful methodology 

for future research, there are potential caveats to consider.  

Analysis with a dataset of this nature involves a tradeoff between the 

ease of data collection against methodological choices made by the app. 

For example, the non-symbolic comparison task considered here presents 

dot quantities within the subitizing range (Holloway & Ansari, 2009), and 

there is no measure of the weber fraction available, which may also 

influence the measure of comparison (Dietrich et al., 2015). Further, in 

this instance, age of the child was measured as a categorical variable, as 

opposed to a continuous variable, which limits the accuracy of inferences 

made about development and age of the child. Despite the limitations 

mentioned, the ongoing collaboration between industry partner 

Funexpected and the current academic research team allows to address 

many of these issues for future research. For instance, following 

collaboration between the present research team and the Funexpected 

team, the request for a continuous measure of age, rather than a 

categorical one, was implemented between this chapter and Chapter 5. 

Further to this, the dataset will continue to passively grow in size as more 

children continue to use the app, and this will therefore provide more data 

to allow for future analysis.  

Although the present study was able to investigate how increasing 

dosage affects outcomes on domain-specific mathematical abilities, a 

further question can be asked regarding maximizing the effects of existing 

dosage. Although not in the context of developmental psychology, 

previous research on skill acquisition has questioned how best to 

maximize gains from practice, in order to learn most efficiently more 

quickly (Stafford & Vaci, 2022), as opposed to simply increasing time 

spent on the task to see improvements. As such, it is important for future 
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studies to consider dosage beyond just the measure of time spent on the 

task, but to also consider factors such as childrenôs engagement in the 

task too, as this will allow affect the effectiveness of training (Devlin et 

al., 2022). Although the present study was not able to capture more 

factors affecting individual differences of the children, this study is the 

first step in utilising log data from an app to understand how children 

differentially respond to dosage.  

Further to this, the space in between gameplay sessions may be an 

important factor to consider. Although not in the context of mathematical 

development, studies such as demonstrate that skill improvement within 

games is affected by the spacing between gameplay sessions. As 

measured by gameplay time over 25 days, Stafford et al. (2017) found 

players whose gameplay was spread across this time period yielded better 

effects than those whose gameplay was in a more concentrated time 

period. The dataset for Study 1, 2 and 3 was measured over a period of 

11 months, as such, the variance in how dosage was spread across these 

11 months was not measured and should be considered in the future 

when a larger dataset is available.  

Conclusion 

 The present study was able to provide comprehensive analysis from 

a sample of log data from an educational maths app, and this data was 

used to understand response to dosage for two key domain-specific 

abilities, non-symbolic magnitude, and symbolic magnitude comparison 

abilities across various age ranges. As such, the present study provides 

evidence-based dosage recommendations that differ by age of the child 

and by the complexity of the domain-specific task. This study also 

demonstrates that educational maths apps are able to successfully 

increase childrenôs abilities on these two abilities, and that 

recommendations for gameplay can be made to ensure children are 

maximising their progress.   
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Chapter 7. Understanding developmental pathways to 

counting and arithmetic abilities implemented in an 

educational maths app for children aged 5 to 7 years old: the 

importance of measurement and dosage 

Introduction 

Overview  

The developmental pathways plotted in Chapter 3 (EDMP) suggest 

non-symbolic magnitude comparison and symbolic number comparison 

abilities relate to other domain-specific outcomes, including counting 

abilities and arithmetic abilities. However, few studies in EDMP included 

counting or arithmetic abilities as outcomes, and this is surprising 

considering the importance of both counting and arithmetic to future 

mathematical development (Geary et al., 2013; Stock et al., 2009). As 

previous association studies suggest a relationship between predictors 

such as non-symbolic comparison and symbolic comparison abilities to 

outcomes such as counting and arithmetic (Lonnemann et al., 2018; 

Lyons et al., 2014), an investigation of a potential mechanistic 

relationship between these predictors and outcomes should be further 

considered.   

The present study will investigate the training of symbolic comparison 

abilities alongside the training of non-symbolic comparison abilities, as 

opposed to comparing the effects of training these abilities separately. 

Previous intervention studies such as Van Herwegen et al. (2018), Honore 

and Noel (2016) and Tobia et al. (2021) have compared the effects of 

training one comparison ability to the other. However, a mutualistic 

perspective argues that further work is needed to understand the additive 

effect of training of both abilities together, as Mutualism suggests that the 

development of two cognitive abilities together is mutually beneficial to 

both (Kievit, 2020). It is suggested that training both these comparison 

abilities together may therefore lead to training effects on outcomes such 

as counting abilities and arithmetic abilities. In addition,  investigating the 
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training of both abilities within the same child allows for direct 

comparisons of training effects within the child, as opposed to between 

children.  

The influence of non-symbolic and symbolic comparison abilities   

Previous association studies have highlighted the predictive 

relationship between both non-symbolic and symbolic comparison abilities 

to other mathematical outcomes (for a meta-analysis see Schneider et al. 

(2017) and a systematic review see Nogues and Dorneles, 2021). 

Intervention evidence also suggests that training comparison abilities in 

the format of either symbolic comparison (numbers) or non-symbolic 

comparison (dots or pictures) results in improvements to other domain-

specific abilities. An intervention study by Van Herwegen et al. (2018) 

administered two different intervention programmes to a sample of low 

achieving children aged 43 months (SD = 4 months). The study divided 

thirty-eight children into two intervention groups, who received either 

non-symbolic training or symbolic training. Both groups showed 

improvement compared to controls. Van Herwegen et al. (2018) found 

that non-symbolic training resulted in improvements on both non-

symbolic outcome measures as well as symbolic outcome measures, 

suggesting a cross format training outcome. This too was found for the 

outcomes of the symbolic training, suggesting that training has cross 

format benefits.  

Similar intervention studies have been conducted that compare non-

symbolic training to symbolic training, such as Honore and Noel (2016) 

with a sample of 56 children with a mean age of 5 years and 9 months. 

Although this study found both training conditions effective compared to 

the control, they suggest symbolic training was more effective in 

improving improved more on the arithmetic outcome measure than the 

non-symbolic sample. This  suggests that symbolic training is more 

influential to a symbolic outcome measure, and this differs to the cross-

format benefits found in Van Herwegen et al. (2018). This format specific 
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training effect is also found by Tobia et al. (2021) in their training study 

with 89 children aged 4.76 years who were classed as at risk of 

mathematical difficulties. This study also compared the effects of a 

symbolic comparison training program to a non-symbolic program, and 

found format specific effects (i.e., symbolic training influenced symbolic 

outcomes, and non-symbolic training to non-symbolic outcomes).  These 

intervention studies compared the effects of training non-symbolic 

abilities to symbolic abilities. Mutualism argues that the mutual 

development of cognitive abilities alongside one another is beneficial for 

both in turn, as opposed to the development of two abilities separately 

(Mareva & Holmes, 2021), and this is important as these domain-specific 

abilities of mathematical development do not develop in isolation of one 

another. As such, further work is needed to understand the additive 

predictive utility that training symbolic and non-symbolic abilities 

alongside one another may provide to relevant domain-specific outcome 

measures. 

Dosage of training non-symbolic and symbolic comparison 

abilities  

Chapter 4 and Chapter 5 of the thesis investigated training dosage 

needed to see improvements in non-symbolic dot comparison abilities and 

symbolic number comparison abilities, and found that dosage was 

dependent on the age of the child, and dependent on the characteristics 

of the comparison taking place (i.e., the number of dots, and the number 

of digits in the symbolic number). Chapter 4 and 5 investigated dosage to 

see improvements within a particular domain-specific ability. The present 

chapter will extend upon this by considering the dosage needed to see 

improvements across domain-specific abilities, or also considered as 

transfer effect. Ribner and Libertus (2021) argue that previous studies 

investigating the transfer effects between domain-specific abilities have 

found inconsistent results and substantial heterogeneity regarding the 

efficacy of transfer from one skill to another. They further state that many 
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previous studies utilising intervention methods to investigate the transfer 

of training one ability to outcomes on another are also marred by 

underpowered intervention studies. Considering this, the present study 

will aim to address these methodological issues such as power to 

understand the dosage needed to see transfer between domain-specific 

abilities.  

Developmental pathways to counting and arithmetic as 

outcomes. 

The multi-level framework from Gilmore (2023) suggests that basic 

abilities such as comparison abilities relate to the development of 

proficiency with specific components of mathematics, such as counting 

abilities and arithmetic abilities. The ability to count is acquired after a 

number of prerequisite principles of counting are mastered, as explained 

by Gelman and Gallistel (1986), and discussed in Chapter 1. The final 

stage of the principles of counting is the acquisition of the cardinality 

principle (Krajcsi & Fintor, 2023; Wynn, 1990). Cardinality is the 

understanding that, when counting, the last number word used indicates 

the number of objects in the set (Merkley & Ansari, 2016). As children 

begin to understand that references to óoneô means one in quantity, 

children will understand each number refers to a quantity unique to that 

number (Wagner & Johnson, 2011).  

Previous associations studies have found a relationship between 

symbolic comparison and counting, such as Geary and vanMarle (2018), 

who found that the symbolic comparison abilities of 179 children aged 3 

years 10 months improved after acquiring the cardinality principle. 

Similarly, Moore et al. (2016) found that measures of cardinality at age 3 

years 9 months predict symbolic comparison abilities 2 years later. 

Comparatively fewer studies have investigated the potential directional 

and mechanistic relationships from symbolic comparison abilities to 

counting abilities, and the characteristics of the relationship between 

these abilities.  
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Concurrent correlation studies demonstrate a relationship between of 

non-symbolic abilities and cardinality-principal knowing, such as 

Shusterman et al. (2016) with a sample of 42 children aged 50 months. A 

longitudinal study by vanMarle et al. (2018), compared the contribution of 

the object tracking system (OTS) to the approximate number system 

(ANS) to future counting abilities. The sample of 198 children were 3 

years 10 months of age at T1, and the study found that the ANS, not the 

OTS was predictive of counting at both T1 and T2, 4 months later. 

Performance on the ANS task also contributed to whether children 

became a cardinality-principal knower in the future. There are similarities 

between vanMarle et al. (2018) and the present proposed study. Where 

vanMarle et al. (2018) compared the predictive relationship of the ANS to 

the OTS, the present study will compare the predictive relationship of 

non-symbolic (ANS) to symbolic abilities in relation to a counting outcome 

measure.  

Association studies finding inconsistent results regarding non-symbolic 

comparison and arithmetic. Vanbinst et al. (2015) conducted a one-year 

longitudinal study with sixty-seven children aged 6 years and 2 months 

(SD = 3 months) and showed both symbolic and non-symbolic 

comparison remain better predictive of future arithmetic achievement 

when compared to domain-general abilities such as verbal working 

memory, visual-spatial short-term memory and processing speed. 

However, studies such as Gobel et al. (2014) with a sample of 165 

children aged 6 years and 3 months who were followed for 11 months, 

and Bartelet et al. (2014) with a sample of 209 kindergarten children 

aged 71 months (5.9 years) instead found symbolic measures, as 

opposed to non-symbolic measures, longitudinally contributed to 

arithmetic outcome measures. 

However, the predictive utility of domain-specific abilities underlying 

arithmetic development are still debated in the literature (Malone et al., 

2021). The literature that has focused on intervention studies does 
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demonstrate a relationship between the training of non-symbolic 

comparison abilities on arithmetic abilities, and this suggests a possible 

mechanistic relationship between non-symbolic abilities and arithmetic. 

An intervention study by Honore and Noel (2016) shows a sample of fifty-

six children aged 5 years 9 months receiving symbolic training improved 

on arithmetic more than their sample of children receiving the non-

symbolic intervention. However, both groups made significant 

improvements compared to the control group.  

Exploring the mechanistic relationship between magnitude comparison 

abilities and arithmetic outcomes from a mutualistic cognitive 

development view suggests these abilitiesô development may mutually 

enhance each other (van der Maas et al., 2006). This approach 

investigates training these abilities together to understand their combined 

and additive effects of training both of these domain-specific abilities 

together. Further, due to the varying ages of children who play the app, 

age and development are also important factors to consider. It is possible 

that the contribution of non-symbolic magnitude abilities to arithmetic 

changes across development, as Gimbert et al. (2019) suggested that 

non-symbolic abilities contribute little, if at all, for older children, 

particularly those aged around 7-years-old and that older children, as 

they are more reliant on symbolic abilities at that point in development. 

Due to the variance in the ages of the children who play the Funexpected 

app, this will also consider age, and how the age of the child and 

development affects these potential additive benefits of both comparison 

abilities together, as opposed to two opposing abilities that are compared 

to one another.  

The present study  

 The present study will investigate developmental pathways between 

comparison abilities (both symbolic and non-symbolic) to outcomes such 

as counting and arithmetic. Further analysis of these developmental 

pathways will also contribute to the ongoing debate regarding the 



208 

 

importance of symbolic number comparison and non-symbolic magnitude 

comparison abilities in relation to more complex domain-specific outcome 

measures such as counting and arithmetic.  

As such the present study will investigate the predictive utility of 

training both symbolic and non-symbolic abilities together in relation to 

counting as an outcome, and arithmetic as an outcome. The specific 

characteristics of these proposed developmental pathways will also be 

investigated, this includes development of the child (how this predictive 

relationship differs across age), and characteristics of the training needed 

to see intervention changes (such as dosage of the comparison abilities).  

The present study utilised log data from an educational maths app 

called Funexpected in order to understand the predictive contribution of 

change scores resulting from the training of both symbolic comparison 

abilities and non-symbolic comparison abilities to outcome measures of 

counting abilities and arithmetic abilities.  

Research questions 

The following research questions will be asked in this study for both 

the counting outcome and the arithmetic outcome:  

1) Predictors: Are the domain-specific abilities of symbolic number 

comparison and non-symbolic magnitude comparison abilities 

predictive to the outcome of counting/arithmetic? Is one of 

the predictor variables more predictive than the other, or are 

they both equally predictive of the counting and the 

arithmetic outcome measure?  

2) Training: How will the predictive relationship between 

comparison abilities (symbolic and non-symbolic) to counting 

and arithmetic outcomes differ when considering either, average 

scores, or change scores (response to intervention scores)?  

3) Dosage: How does dosage (or number of sessions) (of the 

predictor variables of symbolic magnitude comparison and non-

symbolic magnitude comparison) contribute towards the 
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predictive relationship to the counting outcome measure? Does 

dosage have a different relationship with the outcome measure 

depending on age of the child? 

4) Age: When comparing 5-year-olds to 7-year-olds, does the 

predictive relationship between comparison abilities (symbolic 

and non-symbolic) and counting/arithmetic vary by age of the 

child? 

Hypotheses 

The hypotheses for each of the research questions are presented 

here, first relating to the counting outcome measure, and second to the 

arithmetic outcome measure.  

Hypotheses for the counting outcome measure. 

1) Predictors: Based on intervention results from studies such as 

(Van Herwegen et al., 2018) it was predicted that both symbolic 

number comparison change score and non-symbolic magnitude 

comparison change score will be significant and predictive of the 

counting quiz. Although, as Tobia et al. (2021) and Honore and 

Noel (2016) show, it is predicted that symbolic change score will 

contribute more.  

2) Training: Change scores for both of the comparison abilities 

(symbolic and non-symbolic) will contribute more to the 

predictive relationship to model than the average scores of the 

corresponding abilities.  

3) Dosage: A null relationship is hypothesised between dosage and 

improvement on the outcome measures, considering the results 

from Chapter 4 and Chapter 5. 

4) Age: Both comparison abilities will be significant for the level 5 

sample and the level 7 sample. However, non-symbolic abilities 

will decrease in predictive utility as the children get older. This is 

based on findings from Gimbert et al. (2019). 
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Hypotheses for the arithmetic outcome measure. 

1) Predictors: Both symbolic number comparison change score 

and non-symbolic magnitude comparison change score will be 

significant and predictive of the arithmetic quiz, although 

symbolic change score will contribute more. This is based on 

findings from Honore and Noel (2016). 

2) Training: Change scores for both of the comparison abilities 

(symbolic and non-symbolic) will contribute more to the model 

than the average scores of the corresponding abilities. This is 

based on findings from Van Herwegen et al. (2018) and Tobia et 

al. (2021). 

3) Dosage: A null relationship is hypothesised between dosage and 

improvement on the outcome measures, considering the results 

from Chapters 4 to 6. 

4) Age: Both comparison abilities will be significant for both 5-year-

olds and 7-year-olds, but non-symbolic abilities will decrease in 

predictive utility as the children get older. This is based on 

findings from (Gimbert et al., 2019). 

Methods 

Participants 

 Participants for this study were the users of the educational 

mathematics app Funexpected. The sample of the present study 

comprised of children who met all the criteria in terms of gameplay 

behaviour. Children were required to complete a minimum of two 

gameplay sessions on the non-symbolic comparison game and a minimum 

of two gameplay sessions on the symbolic comparison game. Children 

were also required to complete both the counting and arithmetic quiz that 

are provided within the app. Further, children were required play these 

games in a specific order, the non-symbolic and symbolic gameplay was 

required to take place prior to the outcome measures of counting and 

arithmetic. This was to ensure the study was investigation directionality 
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from the comparison abilities, and how it influences the outcomes of 

counting and arithmetic.  

The level 5 counting and arithmetic quiz was designed by 

Funexpected for children aged 5-years-old, and  the level 7 quiz is 

targeted at 7-year-old children. As such, two samples of children were 

included in this study. The children who completed the level 5 content, 

and thus comprised of the level 5 sample were 146 children, with a mean 

age of 5.46 years old (SD = 0.3). Children in this sample ranged in age 

from 4.68 - 6.28 years. The level 7 sample comprised of 189 children, 

with a mean age of 7.21 years old (SD = 0.50). Children in this sample 

ranged in age from 6.13 to 8.12 years. Children played the games 

between the 12th of July 2020 through to the 24th of April 2022.  

Procedure  

The secondary data was collected from Funexpected. Within the 

game, the symbolic comparison game and non-symbolic comparison 

game were available to children in a free roam format, meaning children 

were able to play these games at any frequency they chose. On the other 

hand, the quizzes are presented to children in a pre-defined order, first 

the counting quiz and then the arithmetic quiz. The arithmetic quiz is not 

available to children until the counting quiz is complete. The app provides 

instruction to the children both verbally and in written form within each 

individual game to guide them on gameplay expectations. This will be 

further discussed in the materials section.   

Ethical approval for this study was obtained from the UCL IOE ethics 

committee on 26th July 2023.  

The present study was first pre-registered on 31/07/2023. This was 

uploaded prior to access to the secondary dataset and prior to any data 

extraction. Following data extraction and analysis of the descriptive 

statistics, it became apparent that modifications were required to the pre-

registration and data analysis plan to ensure the research questions are 

being answered appropriately with the available data. An updated pre-
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registration was uploaded to OSF on 28/02/2024 (https://osf.io/2qtce/). 

Following this, inferential analysis was conducted.  

Materials  

Funexpected. 

The predictor variables and the outcome measures for the present 

study were collected within the educational mathematics app 

Funexpected.  

Outcome measures ï counting quiz and arithmetic quiz.  

 The present study has two outcome measures, firstly a counting 

quiz, and secondly an arithmetic quiz.  

 The counting quiz is administered to the children via the app and 

comprises of six different questions. Each question requires the children 

to count the amount the quantity of a non-symbolic stimuli presented on 

the screen (e.g., count how many windows the house has, or, how many 

horns does this monster have?).  

Table 7.1 shows an example counting question from the level 5 quiz 

(Figure 7.1) and the level 7 quiz (Figure 7.2). Level 5 has been designed 

for 5-year-old children, and Level 7 for 7-year-old children. Although both 

questions require the child to count the number of mushrooms shown to 

them, the level 7 quiz requires the children to count a higher quantity of 

mushrooms. In the example in Figure 7.1 and 7.2, the children are asked 

ñhow many mushrooms are there?ò The app verbally asks the question 

aloud, and children are able to hear the question again by pressing the 

speaker icon. When the correct answer is selected, children move onto 

the next question. When the incorrect answer is selected the genie will 

shake his head to indicate the child has made the wrong choice. If the 

incorrect choice is given three times, the correct answer will be shown, 

and the quiz will progress to the next question.  

 

 

 

https://osf.io/2qtce/
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Table 7.1 - Example questions from the counting quiz, from level 5 and level 7 

Counting and cardinality outcome measure  

 Difficulty level 5 Difficulty level 7 

Example 

question  

Figure 7.1 ï screenshot of a level 5 counting quiz 

question 

 

Figure 7.2 - screenshot of a level 7 counting 

quiz question 

 

 

The children are given six questions and have three chances to 

answer correctly. As such, each child will receive a score that ranges from 

0 ï 18. On this scale, a smaller score indicates a better result, as it 

indicates children used fewer of their attempts to answer the questions 

correctly, but for the purposes of interpretability, this will be reverse 

coded, where a larger score will indicate better performance. This score 

will be used as their measure of counting ability.  

Arithmetic outcome measure.  

 Children were also administered an arithmetic quiz via the app. This 

quiz only takes place after the counting quiz is completed. Like the 

counting quiz, children are asked six questions, and given three attempts 

to answer correctly. Table 7.2 shows some example questions from the 

arithmetic quiz, and how they differ as difficulty level increases with the 

age of the child. The arithmetic questions require the children to complete 

basic addition and subtract sums, such as 5 cakes being eaten by 3 

monsters (5 ï 3 = ?), and children are able to respond from a choice of 

symbolic numbers.  
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Table 7.2 - Example questions from the arithmetic quiz, one for level 5 and one for level 7 

Arithmetic outcome measure  

 Difficulty level 5 Difficulty level 7 

Example 

question  

 

Figure 7.3 - screenshot of a level 5 

arithmetic quiz question 

 

 

Figure 7.4 - screenshot of a level 7 arithmetic 

quiz question 

 

 

Like the counting quiz, the children are asked six arithmetic 

questions, and have three chances to answer correctly. As such, each 

child will receive a score that ranges from 0 ï 18. This score will be used 

as their measure of arithmetic ability. This was also reverse coded so that 

larger scores indicate better performance.  

Predictor variables.  

The predictor variables of the present study were collected from the 

symbolic comparison game and the non-symbolic comparison game from 

the app Funexpected. The non-symbolic comparison games has been 

previously described in Chapter 4, and the symbolic comparison game in 

Chapter 5. Further details of this comparison game can be found in the 

Materials of Chapter 4. 

Each game had three difficulty levels, and Figure 7.5 shows how 

each level of the comparison games differ. Level 1 of the symbolic 

comparison game comprised of single-digit numbers only, level 2 includes 

a mixture of single digit and 2-digit numbers, and finally in level 3 the 

children compare 2-digit numbers against each other. Level 1 of the non-

symbolic comparison game showed dot quantities ranging between 1 ï 5, 
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in level 2 they range between 2 ï 9 dots, and in level 3 between 5 ï 13 

dots.  

Figure 7.5 ï screenshots of both comparison games across three difficulty levels with 

corresponding scores  

 

Figure 7.5 also shows how the scores were calculated for each of 

the comparison games. Much like Chapters 4 and 5, possible scores 

ranged from 0 to 300 (i.e., should a child play Level 1, they are able to 

score between 0 ï 100, and if they play Level 2 they are able to score 

between 101 ï 200, and so forth.  

This gameplay data was then used to calculate two of the predictors 

for the present study. The first is a change score for each game, which 

indicates on average, how much improvement children made on the 

game. Secondly, an average score was calculated, which indicates what 

level of gameplay the children perform at, on average. This resulted in 

four predictor variables per child: 

1) Non-symbolic change score  

2) Non-symbolic average score 

3) Symbolic change score 

4) Symbolic average score 

ÉǃůĤŸũŔĦШŰƨůĤĲƖ
ĦŸůƓċƖŔƚŸŰ

ΜрΝΜΜ

ΝΜΝрΞΜΜ

ΞΜΝтΟΜΜ

 ŸŰрƚǃůĤŸũŔĦШŰƨůĤĲƖ
ĦŸůƓċƖŔƚŸŰ

xĲƻĲũШΝ

xĲƻĲũШΞ

xĲƻĲũШΟ
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To illustrate how the average score and change score are 

calculated, example data is provided in Table 7.3. Here, a child has 

completed five sessions of a comparison game. Their scores range from 

75 ï 185.71, and the sum of their scores equally to 560.71. This is 

divided by the five gameplay sessions, resulting in an average score of 

112.14. Average score can range from 0 to 300.  

Change score is calculated via the average numerical change 

between gameplay sessions per child, and demonstrates, on average, 

how much improvement they have achieved across their gameplay 

training sessions. Table 7.3 provides an example of how the change 

scores were calculated, where the third column shows a child achieved a 

change score of 25 between session 1 and session 2. In this instance, the 

change score column is totalled (25 + 85.71 = 110.71), and then divided 

by the total number of gameplay sessions the child played (110.71 / 5 

sessions). The example in Table 7.3 results in a change score of 22.14 for 

this example child.  

Table 7.3 ï an example of calculations used for predictor variables  

Sesson Scores Change score 

1 75.00  

2 100.00 25.00 

3 100.00 0.00 

4 100.00 0.00 

5 185.71 85.71 
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The possible scale of the change score is between -300 to 300. 

Negative numbers indicate children have not made progress, and instead 

have made errors that decrease their score from their first session. 

A further variable considered from both comparison games is the 

number of gameplay sessions of each game. The free roam nature of the 

symbolic comparison game and non-symbolic comparison game mean 

children can play these two games at their chosen frequency, and as 

such, there is variance in the number of gameplay sessions. To  address 

Research Question 3 and understand the relationship between dosage and 

improvement on the comparison games in the context of this study, the 

present study examined how the number of gameplay sessions influenced 

change scores in symbolic and non-symbolic comparison games. If 

session count does have a significant relationship with change score, the 

present study also included session count as a potential mediator of the 

relationship between change score and outcomes on counting and 

arithmetic.  

Data cleaning for outliers 

 The dataset was cleaned for outliers prior to statistical analysis. 

Outliers were determined using the Rosner test of extreme outliers 

(Rosner, 1975). This is a statistical test for calculating multiple outliers 

from a sample who fall outside of 2 standard deviations of the mean of 

the sample. Further, each of the predictor and mediator variables were 

also assessed for children performing at floor (0% across every single 

session) or who performing at ceiling (100% across every single session).  

30 children were excluded from the Level 5 sample, and 39 children 

excluded from the Level 7 sample. Table 7.4 shows the number of 

children excluded from each dataset and their reason for exclusion. 

Table 7.4 ï number of children excluded from the Level 5 and Level 7 samples and the reason for 

exclusion 

Variable Level 5 sample Level 7 sample 
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Non-symbolic session 8 highest 19 highest  

Non-symbolic change 

score 
4 highest 1 highest 

Symbolic session 10 highest 15 highest 

Symbolic change score 4 highest 2 highest 

Symbolic average score 4 highest 1 highest and 1 lowest 

 

Statistical modeling. 

 Multiple linear regression models were chosen for this study as they 

allow for the analysis of possible significant relationships between multiple 

predictors and an outcome (Morrissey & Ruxton, 2018). The regression 

models used to answer RQ1 and RQ2 are shown in Table 7.5. In this 

instance, the predictor variables from the symbolic comparison and non-

symbolic comparison games were regressed onto, first, the outcome of 

counting quiz score, and then secondly to the arithmetic quiz score. As 

the outcome measure differs between the level 5 and level 7 quizzes, 

separate analysis will be conducted for each level. As there are two 

different outcome measures, and two different levels, this will result in 

four different regression models. 

Change score and average score for each comparison game were 

included in the regression models. The average score that the children 

achieved on both comparison games was also included in the model as a 

predictor, to account for the gameplay level the children achieved in both 

games. Although the change score demonstrates how much change 

occurs, the average score demonstrates at what level the children were 

typically performing.  

Table 7.5 - Regression models for RQ1 and RQ2 

Sample Predictors Mediators Outcome 
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Level 5 children  

- Non-symbolic 

comparison average 

score 

- Symbolic comparison 

average score 

- Non-symbolic change 

score  

- Symbolic change 

score   

- Age of the child  

- Non-symbolic 

comparison session 

count  

- Symbolic 

comparison session 

count 

Counting 

Level 5 children  

- Non-symbolic 

comparison average 

score 

- Symbolic comparison 

average score 

- Non-symbolic change 

score  

- Symbolic change 

score   

- Age of the child  

- Counting score 

- Non-symbolic 

comparison session 

count  

- Symbolic 

comparison session 

count 

Arithmetic 

Level 7 children  

- Non-symbolic 

comparison average 

score 

- Symbolic comparison 

average score 

- Non-symbolic change 

score  

- Symbolic change 

score   

- Age of the child  

- Non-symbolic 

comparison session 

count  

- Symbolic 

comparison session 

count 

Counting 

Level 7 children  

- Non-symbolic 

comparison average 

score 

- Symbolic comparison 

average score 

- Non-symbolic change 

score  

- Non-symbolic 

comparison session 

count  

- Symbolic 

comparison session 

count 

Arithmetic 
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- Symbolic change 

score   

- Age of the child  

- Counting score 

 

In order to answer RQ3 and understand how variance in dosage on 

the game affected training outcomes, regression models were used to 

understand the predictive relationship between the number of gameplay 

sessions and change score. Table 7.6 shows the regression models 

proposed for RQ3.  

Table 7.6 ï Regression models for RQ3 

Sample Predictor Outcome 

Level 5 children  
Non-symbolic comparison session 

count  
Non-symbolic change score  

Level 5 children  Symbolic comparison session count  Symbolic change score  

Level 7 children  
Non-symbolic comparison session 

count  
Non-symbolic change score  

Level 7 children  Symbolic comparison session count  Symbolic change score  

 

Power analysis 

Power analysis was conducted with the final sample size to ensure 

the regression models were adequately powered. Prior recommendations 

for multiple regression suggest that at least 10 data points are required 

per variable in the dataset to avoid overfitting (Casson & Farmer, 2014). 

However, further analysis was conducted using the ópwr.f2.testô function 

in the ópwrô package for RStudio (Champely et al., 2018). This power 

analysis was conducted using values for u and v in the formula, with u 

being the number of predictors in the model, and v being sample size, 
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minus number of predictors, minus 1. The f2 statistic was set at 0.8, and 

significant level at 0.05.  

After the removal of outliers, the Level 5 dataset had n = 146. 

Statistical significance was set at p < 0.05, effect size at 0.8, u at 7 and v 

at 138. The regression model was considered to be powered to 100%.  

For the level 7 dataset, with n = 189, statistical significance at p < 

0.05, f statistic at 0.8, v at 178 and u at 9, the power of the regression 

model was also calculated at 100%.  

Results 

Participants 

 The Level 5 sample consisted of 146 children. The mean age of this 

sample was 5.46 years old (SD = 0.3) and ranged in age from 4.68 - 6.28 

years. Figure 7.6 shows a histogram of the distribution of age in the 

sample.  

Figure 7.6 ï Age of the Level 5 sample  
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Figure 7.6 shows an even distribution of children across the 

included age range and shows a normal distribution across the 

included age range.   

Further to this, the locations of the children in the Level 5 sample 

are reported in Table 7.6.1. Due to an error in the collection of some of 

the location data, 5.48% of the sample are classed as missing location 

data.  

Table 7.6.1 ï Summary of countries the Level 5 sample were located in during gameplay 

Country Frequency 
Percentage of the total 

sample 

China 56 38.36% 

Russia 48 32.88% 

Missing information 8 5.48% 

Taiwan 5 3.42% 

Hong Kong 4 2.74% 

Germany 3 2.05% 

South Korea 3 2.05% 

Spain 2 1.37% 

New Zealand 2 1.37% 

United Arab Emirates 2 1.37% 

Remaining locations with 

a single participant 
13 8.90% 

 

Table 7.6.1 shows that the majority of the sample were in China 

(38.36% of the total sample). 

 The Level 7 sample consisted of 189 children. The mean age of this 

sample was 7.21 years old (SD = 0.50), ranging from 6.13 to 8.12 years. 

Figure 7.7 shows a histogram of the distribution of age in the sample and 

shows again shows a normal distribution of children across the included 

age range.  
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Figure 7.7 ï age of the level 7 sample  

 

The locations of the children in the Level 7 sample are reported in 

Table 7.6.2. The first ten values show the countries with the highest 

percentage of the total population. Again, an error in the dataset meant 

that 1.06% of the sample did not have location data. Following this, the 

remaining countries were aggregated by continent, for ease of 

interpretation.  

Table 7.6.2 ï Summary of countries the Level 7 sample were located in during gameplay 

Location Frequency 
Percentage of the total 

sample 

Russia 52 27.51% 

China 48 25.40% 

Netherlands 14 7.41% 

South Korea 9 4.76% 

United States 9 4.76% 

Poland 6 3.17% 
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Taiwan 5 2.65% 

Germany 5 2.65% 

Sweden 3 1.59% 

Hong Kong 3 1.59% 

Missing information 2 1.06% 

The rest of South America 3 1.58% 

The rest of Asia 12 6.35% 

The rest of Europe 14 7.41% 

The rest of North America 3 1.58% 

The rest of Oceania 1 0.53% 

 

Descriptive statistics 

Predictor variables.  

Non-symbolic average score 

 Non-symbolic average score could range from 0 to 300. The level 5 

non-symbolic average score was 124.28 (SD = 33.12). This indicates 

that, on average, children played the non-symbolic comparison game at 

the second difficulty level, where dot quantity ranges from 2 ï 9. Average 

scores for individual children ranged from 25.00 - 254.55 across the 

sample, and the distribution of average scores across the sample of 

children can be seen in the histogram in Figure 7.8.  
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Figure 7.8 ï Average scores from the non-symbolic magnitude comparison game for the Level 5 

sample 

 

 Figure 7.8 also demonstrates that a large proportion of the children 

achieved an average score of 100 on this game, which is the highest 

score on level 1, where dot quantities varied between 1 to 5. Figure 7.8 

also shows that fewer children achieved average scores above 100, 

showing few children achieved average scores within the harder levels of 

the game (values between 101 to 200 demonstrate performance in level 

2, and between 201 ï 300 for level 3).  

The average score from the level 7 sample was 202.75 (SD = 

22.12). This indicates that, on average, children played the non-symbolic 

comparison game at the third level of difficulty, where dot quantity ranges 

from 5 to 13. Average scores for individual children ranged from 139.29 - 

263.33 across the level 7 sample, and the distribution of average scores 

across the sample of children can be seen in the histogram in Figure 7.9.  
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Figure 7.9 - Change scores from the non-symbolic magnitude comparison game for the Level 7 

sample 

 

 Figure 7.9 shows the level 7 sample predominately achieved 

average scores within Level 3 of the game (between values of 201 ï 300). 

No children in this sample achieved average scores within level 1 of the 

game (between 0 to 100).  

Non-symbolic change score 

 Descriptive statistics of the change score were also calculated to 

understand on average, how much children changed in gameplay score as 

they played this game. The level 5 sample demonstrated non-symbolic 

change score of M = 9.08, SD = 8.49. Scores ranged from 0 to 38. Of 

note, 35 out of 146 children (24%) in the sample achieved a change score 

of zero. Figure 7.10 shows the distribution of change scores from the level 

5 sample and demonstrates that change scores were positively skewed, 

with most children at the lower end of the distribution. Few children 

achieved a change score of values above 30.  
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Figure 7.10 ï Change scores from the non-symbolic magnitude comparison game for the Level 5 

sample 

 

The level 7 sample demonstrated mean non-symbolic change score 

of 8.68 (SD = 10.21), with scores ranging from 0 to 40. 81 children in the 

sample (out of 165), achieved a change score of 0. This is 49% of the 

sample. Figure 7.11 shows the distribution of change scores from the 

level 7 sample. 
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Figure 7.11 - Change scores from the symbolic magnitude comparison game for the Level 7 

sample 

 

 Figure 7.11 demonstrates the level 7 change scores are also 

positively skewed, with most children demonstrating change scores on the 

lower end of the distribution.  

Symbolic average score 

 The level 5 sample demonstrated average scores on the symbolic 

comparison game of M = 109.21, SD = 44.19. This indicates that, on 

average, children played the symbolic comparison game at the second 

difficulty level, where 2-digit numbers were introduced, and children had 

to compare between single digit and 2-digit Arabic numbers. Average 

scores ranged from 16.67 to 216 across the sample, and the distribution 

of average scores across the sample of children can be seen in the 

histogram in Figure 7.12.  



229 

 

Figure 7.12 - Average scores from the symbolic magnitude comparison game for the Level 5 

sample 

 

 Figure 7.12 shows that the majority of the sample achieved average 

score within level 1 (0 to 100) and level 2 (101 to 200) of the game. Few 

children achieved average scores within level 3 (201 to 300) of the game.  

For Level 7 participants had an average symbolic comparison score 

of 193.70 (SD = 16.27). This indicates that, on average, children played 

at the second difficulty level of the symbolic comparison game, where 2-

digit numbers have been introduced, and children must compare between 

single digit and 2-digit Arabic numbers. Average scores for individual 

children ranged from 123.81 to 292.59, and the distribution of average 

scores across the sample of children can be seen in the histogram in 

Figure 7.13.  
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Figure 7.13 ï Average scores from the symbolic magnitude comparison game for the Level 7 

sample 

 

 Figure 7.13 shows that the majority of the level 7 sample achieved 

average symbolic comparison scores within level 2 of the game, where 2-

digit numbers are compared to single-digit numbers (between values of 

101 ï 200). Comparatively fewer children achieved average scores within 

level 3 of the game, where only 2-digit numbers are compared (values 

between 201 ï 300).  

Symbolic change score  

 The change score from training on the symbolic comparison change 

were analysed to understand how much children changed in gameplay 

score as they played this game. The level 5 sample a symbolic change 

score of 8.05 (SD = 9.15). The wide standard deviations indicates that 

some children achieved negative change score, as the range of scores 

was -8.33 to 38.33. Two children in the sample achieved negative change 
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scores, (-8.33 and -4.76). Further to this, 55 children, out of 146, 

achieved a change score of 0, which is 37% of the sample.   

 The distribution of the symbolic change scores is demonstrated in 

the histogram in Figure 7.14.  

Figure 7.14 - Change scores from the symbolic magnitude comparison game for the Level 5 

sample 

 

 Figure 7.14 shows that most of the level 5 samples demonstrated a 

change score of 0, which suggests the symbolic comparison game did not 

improve their symbolic comparison abilities. This data is positively 

skewed, as most children are at the lower end of the distribution, further 

demonstrated by the children who achieved negative change scores.  

The level 7 sample achieved a symbolic change score of M = 39.64, 

SD = 49.63. The wide standard deviations indicate the range of change 

scores in this sample, as scores ranged from 0 to 192.86. 43 children in 

the sample (out of 165 children) achieved a change score of 0, which is 
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26% of the sample. The distribution of the symbolic change scores is 

demonstrated in the histogram in Figure 7.15.  

Figure 7.15 - Change scores from the symbolic magnitude comparison game for the Level 7 

sample 

 

 Figure 7.15 also shows the level 7 symbolic change scores are 

positively skewed, with the majority of the sample demonstrating change 

scores of 0. There is considerable variance, as the highest value was 

192.86.  

Dosage variables. 

Non-symbolic comparison gameplay session count  

 The level 5 sample spent M = 9.73 sessions playing the non-

symbolic comparison game (SD = 7.35 sessions). As can be seen from 

the M and SD, there was high variance in the number of sessions children 

spent in this game, and number of sessions ranged from 2 to 35. The 
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distribution of non-symbolic comparison gameplay session count is shown 

in the histogram in Figure 7.16.  

Figure 7.16 ï Session count for the non-symbolic magnitude comparison game for the Level 5 

sample 

 The level 7 samples spent, on average, 2.81 sessions in the game 

(SD = 1.31 sessions). The mean and standard deviation demonstrate 

there was very little range in the number of sessions children spent in this 

game, varying between 2 to 7 sessions. 

Symbolic comparison gameplay session count  

Descriptive statistics were conducted to understand the number of 

gameplay sessions children spent in the symbolic comparison game. The 

level 5 sample spent M = 2.81 sessions in the game (SD = 1.17 

sessions). Children played very few sessions of the symbolic comparison 

game, as symbolic number of sessions ranged from 2 to 7 sessions.  

The level 7 sample, spent, on average, 3.04 sessions in the 

symbolic comparison game (SD = 1.43 sessions). As can be seen, 
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children played very few sessions of the symbolic comparison game. 

Session count ranged from 2 to 7 sessions.  

Outcome variables.  

Counting quiz 

Descriptives statistics were conducted for the Level 5 Counting quiz 

outcome measure. The outcome of this measure is on a scale of 0 ï 100. 

The mean score of this sample was 82.25 (SD = 11.95). The scores 

achieved in the sample ranged from 55.55 to 100.00. The distribution of 

these scores is shown in the histogram in Figure 7.17.  

Figure 7.17 ï histogram of counting scores for the Level 5 sample  

 

Figure 7.17 indicates a skew towards higher scale values, 

demonstrating average performance on the counting quiz was high. 36 

children out of 146, which is 24% of the sample, scored 100 on the 

counting quiz. The negative skewness had implications for model fitting, 

and therefore, inferential statistics were conducted first, with the whole 

sample, and secondly with a subset of the data where children who 

achieved 100 on the counting quiz (at ceiling) were removed.  
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The mean scores achieved by the Level 7 sample on the counting 

quiz was 80.89 (SD = 17.17). Scores ranged from 33.33 to 100.00. The 

distribution of these scores is shown in the histogram in Figure 7.18.  

Figure 7.18 - histogram of counting scores for the Level 7 sample  

 

Figure 7.18 indicates a skew towards higher scale values, 

demonstrating the Level 7 sample performed well on the counting quiz. In 

this sample, 24 children out of 189 children scored 100% on the counting 

quiz, which is 12.70% of the Level 7 sample. As mentioned with the level 

5 sample, in order to circumvent possible model fitting issues, inferential 

statistics were conducted first, with the whole sample, and then with a 

subset of the data where children who achieved 100 on the counting quiz 

(at ceiling) were removed.  

Arithmetic quiz 

Descriptives statistics were conducted for the Level 5 Arithmetic 

quiz outcome measure. The outcome of this measure is on a scale of 0 ï 

100. The mean score of this sample was 82.98 (SD = 17.41), and scores 
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ranged from 33.33 to 100.00. The distribution of these scores is shown in 

the histogram in Figure 7.19.  

Figure 7.19 - histogram of arithmetic scores for the Level 5 sample 

 

Again, much like the counting quiz, the histogram demonstrates the 

arithmetic scores are highly negatively skewed, as most children 

performed well on the quiz. In this sample, 37 children out of 146, which 

is 25% of the sample, scored 100 on the arithmetic quiz. Inferential 

analysis will be conducted first with the whole sample, and then with 

children who achieved 100 (at ceiling) removed. The level 7 sample 

achieved a mean score of 78.72 (SD = 17.52) on the arithmetic outcome 

quiz. Scores ranged from 22.22 to 100.00. The distribution of these 

scores is shown in the histogram in Figure 7.20. 
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Figure 7.20 - histogram of arithmetic scores for the Level 7 sample  

 

Figure 7.20 indicates a skew towards higher scale values, 

demonstrating the Level 7 sample performed well on the arithmetic quiz. 

30 children out of 189 children scored 100% on the arithmetic quiz, which 

is 15.87% of the Level 7 sample. Inferential analysis was conducted with 

the whole sample, and then with children at ceiling removed.  

Inferential statistics  

Correlation matrices. 

 Table 7.7 reports a correlation matrix of all included predictors, 

mediators and outcomes for the Level 5 sample. The Pearsonôs r 

correlation statistic is reported within the box, with colours denotating the 

p-value of the correlation. This includes p < .05, and p < 0.005, to 

correct for multiple comparisons across nine variables. The correlation 

matrix in Table 7.7 reports correlations with children who perform at 

ceiling for both the counting quiz and arithmetic quiz.  
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Table 7.7 ï correlation matrix of all variables for the Level 5 sample 

 

Non-

symbolic 

session 

Non-

symbolic 

average 

Non-

symbolic 

change 

Symbolic 

session 

Symbolic 

average 

Symbolic 

change 

Counting 

Score 

Arithmetic 

Score 
Age 

Non-symbolic 

session          

Non-symbolic 

average 0.45         

Non-symbolic 

change 0.07 0.47        

Symbolic session 0.23 0.10 -0.06       

Symbolic average 0.13 0.20 -0.10 0.24      

Symbolic change -0.01 -0.10 0.03 0.18 -0.09     

Counting Score 0.04 0.09 -0.03 -0.08 0.15 -0.16    

Arithmetic Score 0.00 0.12 0.01 -0.14 0.10 -0.14 0.38   

Age -0.07 0.08 0.04 0.17 0.35 0.10 -0.09 -0.02 1.00 

          

 
green = p < 0.005 blue = p < 0.05 
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 Of note, the correlation matrix in Table 7.7 shows that none of the 

included variables have a significant correlation with the counting 

outcome measure, which is the first outcome measure of the present 

study. Arithmetic, the second outcome measure under investigation, also 

did not significantly correlate with any of the included predictors, 

however, did correlate with counting. This shows both outcome measures 

of the study correlated with one another.  

 A correlation matrix was also conducted for the level 7 sample, 

following the same procedure as the level 5 correlation matrix. Again, p-

values of p < .05 and p < 0.005 were used to correct for multiple 

comparisons across nine variables. The correlation matrix in Table 7.8 

shows only one of the included variables significantly correlated with the 

counting outcome measure, which was average score on the symbolic 

comparison task.  
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Table 7.8 - correlation matrix of all variables for the Level 7 sample 

 

 

Non-

symbolic 

session 

Non-

symbolic 

average 

Non-

symbolic 

change 

Symbolic 

session 

Symbolic 

average 

Symbolic 

change 

Counting 

Score 

Arithmetic 

Score 
Age 

Non-symbolic 

session         
 

Non-symbolic 

average 0.53        
 

Non-symbolic 

change 0.53 0.45       
 

Symbolic session 0.20 0.17 0.19      
 

Symbolic average 0.14 0.20 0.05 0.01     
 

Symbolic change -0.01 0.10 0.04 -0.05 0.08    
 

Counting Score -0.07 0.03 -0.07 -0.21 0.18 -0.03    

Arithmetic Score -0.07 0.06 -0.03 -0.13 0.17 -0.01 0.45   

Age 0.05 0.05 0.08 0.00 0.15 -0.05 0.06 0.05  

          

 
green = p < 0.005 blue = p < 0.05 
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Results for Research Question 1 and Research Question 2 (Level 5 

sample) 

Level 5 counting outcome  

To address RQ1 and RQ2 a multiple linear regression was conducted 

to understand the predictive relationship from the included predictor 

variables to the outcome of counting score. The predictors in this model 

were non-symbolic average score, non-symbolic change score, symbolic 

average score, symbolic change score, non-symbolic session count, 

symbolic session count and age of the child. The model fit of this 

regression model was poor and nonsignificant, F(7,133) = 1.367, p = 

.224. The adjusted R-squared of the model was 0.02, suggesting the 

model explained 2% of the variance in the outcome measure of counting. 

Further to this, no significant relationships were found between any of the 

included predictors and the outcome measure of counting. The output for 

the full model can be found in Appendix Q.  

 This model output suggests that neither childrenôs training response 

to the non-symbolic comparison game, nor training response to the 

symbolic-comparison game, had a significant relationship with the 

counting outcome measure. Age of the child also did not have a 

significant relationship with counting score.  

This regression model was repeated with a subset of the data that 

removed children who achieved 100 on the counting quiz to address the 

issue of ceiling effect on the sample. This subset sample of 129 children 

was sufficiently powered for the regression model. See Appendix R for the 

results of the power calculation. This regression model demonstrated 

significant model fit, F(7,121) = 2.36, p = .026. The adjusted R-squared 

of the model was 0.07, suggesting the model explained 7% of the 

variance in the outcome measure of counting. Of the eight included 

predictor variables, average score on the symbolic comparison game 

significantly predicted counting outcome (unstandardised ȁ = 0.053, p < 

.001). A 1-point increase in average symbolic comparison abilities was 
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associated with a half point increase in counting score. See appendix S for 

the full model output.  

Level 5 arithmetic outcome 

 To address RQ1 and RQ2, a regression model was conducted to 

understand the relationship between the arithmetic outcome and the 

included predictor variables. In this model, counting score was also 

included as a predictor variable in the model, as the counting test always 

preceded the arithmetic test for all children. The model was statistically 

significant, F(8,132) = 3.98, p < .001, and reported an adjusted R-

squared = 0.15, meaning this model, explained 15% of the variance in 

the arithmetic outcome measure.  

Of the eight included predictor variables, only counting score 

significantly predicted arithmetic outcome (unstandardised ȁ = 0.51, p < 

.001). A 1-point increase in counting score was associated with a half 

point increase in arithmetic score. Neither of the change scores (symbolic 

nor non-symbolic) were significant predictors in this model, and neither 

was age of the child. The output for the full model can be found in 

Appendix T. 

This analysis was repeated with a subset of the sample removing 

children who perform at ceiling on the counting quiz and the arithmetic 

quiz. This subset sample of 106 participants was sufficiently powered for 

the regression model. See Appendix U for the power calculation for this 

subset analysis. The regression model was statistically significant, F(8,97) 

= 2.49, p = .017, and reported an adjusted R-squared = 0.10, meaning 

this model explained 10% of the variance in the arithmetic outcome 

measure. Counting score remained as a significant predictor of arithmetic 

abilities (unstandardised ȁ = 0.47, p < .001). A 1-point increase in 

counting score was associated with a 0.47 increase in arithmetic score. 

Further, symbolic training change score was also a significant predictor of 

arithmetic quiz score (unstandardised ȁ = -0.26, p = .042).   
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 An overview of the findings from the counting regression models 

can be found in Figure 7.21, and Figure 7.22 for the arithmetic outcome 

measures. Dotted lines denote nonsignificant regression predictors, solid 

lines denote significant predictors.  

Figure 7.21 ï visual representation of the findings from the counting regression analysis for the 

level 5 sample  
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Figure 7.22 - visual representation of the findings from the arithmetic regression analysis for the 

level 5 sample  

 

Results for Research Question 3 (Level 5 sample)  

 To answer RQ3, and investigate the relationship between dosage 

and change scores, two regression models were conducted. This analysis 

was conducted first with the predictor of symbolic session count, to the 

outcome of symbolic change score. This was repeated for non-symbolic 

variables. This analysis was conducted to investigate how variance in the 

number of sessions children played each game may possibly influence the 

main analysis.  

The correlation matrix in Table 7.7 shows a Pearson's product-

moment correlation between symbolic number of sessions and symbolic 

change score, which was statistically significant, r(139) = 0.190, p = 

0.024. This suggests a weak, significant correlation, where increasing 
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symbolic session count is associated with increased symbolic change 

score. Simple linear regression was conducted to see if symbolic change 

score could be predicted by the number of sessions the children played of 

the game. The regression model was significant, F(1, 139) = 5.208, p = 

.024. The adjusted R-squared of the model was 0.03, which suggests 

session count explained 3% of the variance in symbolic change score. The 

effect of the number of sessions played on symbolic change score was 

small but significant (unstandardised ȁ = 1.49, p = .024). This means 

that each additional session played was associated with a 1.49 increase in 

symbolic change score. 

This was repeated for the corresponding non-symbolic variables. 

The correlation matrix in Table 7.7 shows a Pearson's product-moment 

correlation between non-symbolic number of session and non-symbolic 

change score, demonstrating a nonsignificant correlation, r(139) = 0.049, 

p = 0.561. This suggests no relationship is present between increasing 

non-symbolic comparison dosage and non-symbolic comparison change 

score. As such, no further regression analysis was not conducted to 

further understand this relationship. A visual representation of the finding 

for the RQ3 regression models is shown in Figure 7.23.  

Figure 7.23 - visual representation of the findings from the dosage regression analysis for the level 

5 sample  
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Results for Research Question 1 and Research Question 2 (Level 7 

sample) 

Level 7 counting outcome 

 Regression analysis was conducted to investigate the predictive 

utility of non-symbolic change scores (the childôs response to the non-

symbolic comparison training) and the symbolic comparison change score, 

and how these abilities regression onto the counting outcome measure.  

 Further, the average score that the children achieved on both 

comparison games was also included in the model. Although the change 

score demonstrates how much change occurs, the average score 

demonstrates at what level the children were typically performing.  

Multiple linear regression was conducted to understand the 

relationship between the outcome of counting score and the included 

predictors. The outcome measure of the was counting score. The 

predictors in this model were, non-symbolic average score, non-symbolic 

change score, symbolic average score, symbolic change score, and age of 

the child. Mediator variables of non-symbolic session count and symbolic 

session count were also included in the model.  

 Model fitting results show the model fit of this regression model was 

poor F(7,181) = 2.599, p = .014. The adjusted R-squared of the model 

was 0.06, suggesting the model explained 6% of the variance in the 

outcome measure of counting.  

Two predictor variables were significant in this model, which were 

average score on the symbolic comparison task, and number of sessions 

played on the symbolic comparison task. Average scores on the symbolic 

comparison task significantly predicted counting scores, unstandardised 

(ȁ = 0.19, p = .015). An increase of 1 point in average symbolic 

comparison score was associated with a 0.19 increase in counting score. 

The relationship suggests that an increase in average score on the 

symbolic comparison game is predictive of a higher score on the counting 

outcome quiz.  
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Further, the number of sessions played on the symbolic comparison 

game significantly predicted counting scores (unstandardised ȁ = - 

2.52, p = .005). The negative beta coefficient suggests that lower 

number of sessions spent in the symbolic comparison game is predictive 

of higher scores on the counting outcome quiz. An increase of 1 score on 

the symbolic comparison game was associated with a 2.52 decrease in 

counting score. 

 The analysis for RQ3 below shows there no relationship between 

symbolic change score and symbolic session count, this relationship 

between symbolic session count and counting score was unexcepted. 

However, due to the narrow variance in number of sessions in this sample 

(2 to 7 sessions), it is suggested that this finding is an artifact of the 

skewed distributions of both the counting scores and the number of 

sessions.  

 This regression model was repeated with a subset of the sample 

where children who performed at ceiling (scored 100) on the counting 

quiz were removed. The subset sample of 165 children was still 

sufficiently powered. The model fit of this regression model was poor and 

nonsignificant, F(7,157) = 1.86, p = .080. The adjusted R-squared of the 

model was 0.03, suggesting the model explained 3% of the variance in 

the outcome measure of counting. 

Level 7 arithmetic outcome 

 The next regression model was conducted to understand the 

relationship between the arithmetic outcome and the included predictor 

variables. The predictor variables included were, non-symbolic average 

score, symbolic average score, non-symbolic training change score, 

symbolic training age score, and age of the child. The variables of non-

symbolic dosage and symbolic dosage were also included in the model. In 

this model, counting quiz score was also included as a predictor variable 

in the model, as the counting quiz always preceded the arithmetic test for 

all children.  
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 The regression model was statistically significant, F(8, 180) = 6.19, 

p < .001. The adjusted R-squared of the model was 0.18, meaning this 

model, with all included predictors, explained 18% of the variance in the 

arithmetic outcome measure. The model output demonstrated that only 

one of the eight included predictor variables was significant in this model, 

which was counting score, ȁ = 0.42, p < .001. More specifically, an 

increase of 1 point on the counting score was associated with a 0.42 point 

increase in arithmetic score. 

Neither of the change scores (symbolic nor non-symbolic) were 

significant predictors in this model, and neither was age of the child. The 

full regression outcome can be found in Appendix BB.  

This analysis repeated with a subset that removed children who 

performed at ceiling on the counting and the arithmetic quiz. This subset 

of 138 children was still statistically powered for the regression model. 

See Appendix CC for power calculation output. 

The model fit of this regression was statistically significant, F(8,129) = 

5.60, p < .001. The adjusted R-squared of the model was 0.21, 

suggesting the model explained 21% of the variance in the outcome 

measure of counting. The predictor of counting quiz score was still a 

significant predictor of arithmetic score, ȁ = 0.42, p < .001. More 

specifically, an increase of 1 point on the counting score was associated 

with a 0.42 point increase in arithmetic score. A visual representation of 

the regression findings for the counting outcome are shown in Figure 

7.24, and in Figure 7.25 for the arithmetic regression outcomes.  

See Appendix DD for the full regression model output.  
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Figure 7.24 - visual representation of the findings from the counting regression analysis for the 

level 7 sample 
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Figure 7.25 - visual representation of the findings from the arithmetic regression analysis for the 

level 7 sample 

 

 

Research Question 3 ï dosage  

 To answer RQ3, and investigate the relationship between dosage 

and change scores, two regression models were conducted.  

For the symbolic comparison analysis, the correlation matrix in 

Table 7.8 shows a Pearson's product-moment correlation between 

symbolic number of sessions and symbolic change score. This correlation 

was nonsignificant, r(187) = -.045, p = .54. This suggests no statistically 

significant relationship is present between the number of sessions children 

play in the symbolic comparison game and their symbolic comparison 

change score. Considering the findings from this correlation analysis, no 

further regression analysis was conducted.  
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 For the non-symbolic comparison variables, the correlation matrix in 

Table 7.8 shows the Pearson's product-moment correlation between 

symbolic number of session and symbolic change score was statistically 

significant, r(187) = 0.53, p < .001. Simple linear regression analysis was 

conducted to understand the predictive relationship between non-

symbolic change score and non-symbolic session count. Non-symbolic 

change score was entered into the regression model as the outcome, and 

non-symbolic session count as the predictor variable. This regression 

model was significant, F(1, 187) = 74.08, p < .001, with an adjusted R 

squared of 0.28. This suggests that number of non-symbolic sessions 

played explained 28% of the variance in non-symbolic change score. The 

unstandardised beta coefficient (ȁ = 4.17, p < .001) indicates that for 

each additional session of this game, non-symbolic change score 

increased by 4.17 points. A visual representation of the finding for the 

RQ3 regression models is shown in Figure 7.26.  

Figure 7.26 - visual representation of the findings from the dosage regression analysis for the level 

7 sample  

 

 

These results suggest that the dosage that occurred of the symbolic 

comparison game in this study did not lead to significant changes in 

symbolic change score.  
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Discussion 

The present study conducted secondary data analysis of gameplay 

from an educational maths app to investigate the developmental 

pathways between non-symbolic and symbolic comparison abilities 

relating to the outcomes of counting abilities and arithmetic abilities. This 

was conducted with two samples of children who played a selection of 

games from the educational maths app Funexpected. The first sample of 

children completed the Level 5 quizzes, and they had a mean age of 5.46 

years, and the second sample completed the Level 7 quizzes, and had a 

mean age of 7.21 years.  

Symbolic and non-symbolic predictors of counting and arithmetic 

(RQ1)  

Research Question 1 asked about predictors of counting and 

arithmetic, more precisely: Are the domain-specific abilities of symbolic 

number comparison and non-symbolic magnitude comparison abilities 

predictive to the outcomes of counting and arithmetic, and is one of the 

comparison abilities more predictive than the other? It was hypothesised 

that both non-symbolic and symbolic comparison abilities would be 

significant predictors of counting abilities. A visual overview of the results 

can be found in Figure 21 for the level 5 sample and Figure 23 for the 

level 7 sample. Only symbolic abilities were found to be a significant 

predictor of counting in the level 5 sample, and only when children who 

reached ceiling on the counting measure were removed. Non-symbolic 

abilities were not significantly predictive. Although a significant 

relationship was found, the strength of this predictive relationship was 

very weak, and it can be inferred from this that many other predictors of 

counting abilities were not included in this model. For the level 7 sample, 

only symbolic abilities were found to be a significant predictor of counting, 

when the whole sample was analysed. No significant predictors were 

found when ceiling children were removed. Again, non-symbolic abilities 

were not significantly predictive. 
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Next, it was also hypothesized that both non-symbolic and symbolic 

comparison abilities would significantly predict arithmetic abilities. Again, 

this was not found in the present study. The only significant predictor 

identified was performance on the counting quiz, and this was found for 

both the level 5 and level 7 sample, and for both the full sample and the 

subset without ceiling effect. This is in line with previous associations 

studies such as Koponen et al. (2013) who also found counting abilities 

were a significant predictor of later arithmetic abilities. This is also in line 

with the previously proposed arithmetic developmental pathways from 

Butterworth (2005), who also highlight counting abilities at 5 years and 6 

months as important for future arithmetic.  

Training scores or average scores as predictors of counting and 

arithmetic (RQ2) 

Research question 2 asked how the predictive relationship between 

comparison abilities (symbolic and non-symbolic) to counting and 

arithmetic outcomes will differ when considering either, average scores, 

or change scores (response to intervention scores)? In this study, average 

scores were comprised of the mean score children achieved across all 

their gameplay sessions for each respective game, whereas training 

scores were comprised of the amount of improvement children made 

across their gameplay sessions. Analysis for both level 5 and level 7 

samples found training scores were not a significant predictor of either 

counting or arithmetic, across any of the analyses (full samples or with 

ceiling effect removed).  

The present study does not suggest that training these two 

comparison abilities are ineffective to counting and arithmetic outcomes. 

This null finding can be potentially explained via two reasons. Firstly, it is 

possible that children were not playing enough gameplay sessions on 

comparison games to see meaningful improvements to their change 

scores. More specifically, is it suggested that sufficient training of the 

comparison abilities is not taking place prior to the counting and 
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arithmetic quizzes. The previous results from Chapter 4 and 5 

demonstrate that training on the symbolic and non-symbolic comparison 

games are able to improve their abilities (when considering the influence 

of age and stimuli characteristics). However, Study 4 and 5 investigated 

dosage amounts were much higher than the dosages reported in the 

present chapter, and so children were able to spend more gameplay 

sessions improving their symbolic comparison and non-symbolic 

comparison. As such, the findings from the present study indicate that 

two important factors, that being the order of gameplay, and the dosage 

of gameplay, are important factors to consider in the context of training 

between-ability improvement. 

The second factor that may explain the null findings of the study is 

the outcome measures. The descriptive statistics suggest the counting 

and arithmetic outcome measures were potentially too easy for the 

children, as the distribution of the scores was highly negatively skewed, 

as most children scored 90% or above. This suggests both the quizzes 

may not have been sensitive enough to capture variance in counting 

abilities and arithmetic abilities, thus contributing to the nonsignificant 

change score findings in the present study. Measures that demonstrate 

floor and ceiling effects make the interpretation of development difficult 

(Thomas et al., 2009), it is possible that utilising an outcome measure 

that is more sensitive to measuring variance would allow for a more 

nuanced understanding of the effects of the magnitude comparison 

training on the outcomes.  

Further to this, the use of pictures and non-symbolic presentation of 

quantities in the outcome measures should also be considered as both the 

counting and arithmetic quiz utilised pictures in their questions. Previous 

studies suggest that arithmetic presented via non-symbolic stimuli like 

pictures result in higher arithmetic scores. Zhang and Lin (2015) 

administered three types of arithmetic tasks to their sample of 88 children 

aged 4 years-old, which were a measure of non-symbolic exact 
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arithmetic, arithmetic word problems, and written arithmetic (i.e., 2 + 1). 

The study suggests that children achieved higher scores on the non-

symbolic arithmetic, and lowest scores on the written arithmetic. It can be 

suggested that a more difficult measure of arithmetic, such as measures 

using more symbolic stimuli like the written arithmetic sums in Zhang and 

Lin (2015) may have allowed for the measurement of more variance in 

the sample.  

Dosage and training response (RQ3)  

Research question 3 investigated dosage in this study. More 

specifically, RQ3 asked how does dosage (or number of sessions) of the 

predictor variables of symbolic magnitude comparison and non-symbolic 

magnitude comparison contribute towards the predictive relationship to 

the counting outcome measure? To investigate this, the number of 

sessions children played a magnitude comparison game was analysed in 

relation to the change score achieved. A visual representation of the 

findings can be found in Figure 7.23 for the level 5 sample and Figure 

7.26 for the level 7 sample.  

Analysis found a significant positive relationship between symbolic 

comparison dosage and change scores for the level 5 sample, suggesting 

increasing dosage leads to increasing change score. This relationship was 

not significant between non-symbolic dosage and change score. These 

patterns were flipped for the Level 7 sample, where a significant 

relationship was found for non-symbolic dosage, and this relationship 

nonsignificant for symbolic dosage. These differences in the relationship 

between dosage and change scores can be explained by the fact the fact 

5-year-old spent higher dosage on symbolic than the participants in level 

7 did.  

As mentioned previously, the dosages observed in this chapter are 

lower than the sessions under investigated in Chapter 4 and Chapter 5. 

SzŤcs and Myers (2017) highlight the issue of low dosage across the 

literature of training non-symbolic comparison in their review, and they 
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highlight this a key methodological factor that should be considered when 

trying to understand the mechanistic relationship between non-symbolic 

comparison and other domain-specific outcomes. A further factor to 

consider is how training to improve within one ability differs to training to 

improve another domain-specific ability. The preliminary analysis found a 

relationship between increasing dosage (number of gameplay sessions) 

and improvement in specific instances, including level 5 symbolic training 

and level 7 non-symbolic training. However, the findings also suggest that 

the amount of dosage used in this study may have been sufficient for 

improvement within the existing abilities, but not enough to demonstrate 

improvement across different abilities. In other words, the improvements 

did not transfer to counting and arithmetic skills. 

Comparisons between age groups (RQ4)  

As the present study analysed two different samples of children, 

Research Question 4 examined the age of the children, and more 

specifically how the predictive relationship between comparison abilities 

(symbolic and non-symbolic) and counting/arithmetic vary by age of the 

child? The OSF pre-registration and data analysis plan for this study 

outlined the comparison of change scores between the level 5 and level 7 

sample. As change scores were not significant predictors across any of the 

analysis, this quantitative model comparison was not conducted. Again, 

this does not suggest that training on these comparison abilities is 

ineffective at the ages of 5 to 7 years old, but instead the previously 

mentioned methodological issues of low dosage and low change score 

mean age differences cannot be investigated in the present study. 

Previous studies such as Gimbert et al. (2019) suggest non-symbolic 

comparison abilities low predictive power between the ages of 5 years to 

7 years, and it was hypothesised that similar results would be found in 

the present study. The potential change in predictive power of non-

symbolic comparison could be investigated in future studies utilising log 
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data from Funexpected in the future, as the dataset continues to mature, 

and children continue to use the app across development.  

 A similar result that was found across both the level 5 and level 7 

sample was that the counting quiz scores were a significant predictor of 

arithmetic quiz scores. Although this was not one of the RQ under 

investigation, this relationship between counting and arithmetic is in line 

with previous findings in the literature such as Baroody (1987). However, 

it is important to consider that children scored very high on both quizzes, 

and an association between high scores on one quiz are more likely to 

have a significant relationship with high scores on another quiz. Further, 

the counting measure in this study is not regarded as training, as it 

assesses childrenôs counting abilities at one timepoint. As such, these 

findings should be considered with hesitation.   

Limitations and future directions  

This study's limitations include the simplicity of the outcome measures 

used and the minimal change observed in performance due to the limited 

training duration, and as such, the regression models show that the 

included predictor variables did not provide high predictive value to either 

the counting or arithmetic outcome measure. A further limitation to 

consider is the lack of inclusion of other cognitive factors related to the 

development of counting and arithmetic that could not be included in the 

present study. Results from the typically developing children in their 

study, Koponen et al. (2018) found factors such as vocabulary and verbal 

short-term memory at age 5 were predictive of counting skills two years 

later. Likewise, Zhang and Lin (2015) found that visuospatial skills of 4-

year-old children were predictive of arithmetic outcomes. Although these 

association studies do not suggest a mechanistic relationship between the 

included variables and counting as an outcome measure, they do suggest 

other cognitive abilities that may explain variance in counting abilities of 

children in the early years. However, a key benefit of collaborating with 

an industry partner is the ability to influence the rapid updates that take 



258 

 

place in educational math apps, and it is therefore possible for 

Funexpected to include more predictors into the app in the future. This 

will allow future studies to investigate the relationship across a range of 

cognitive abilities to outcomes of counting and arithmetic.  

Future research may consider the findings from Chapters 4 and 5 

regarding dosage of the non-symbolic and the symbolic comparison game 

and explore how controlled variance in training dosage of the comparison 

games may influence children's counting and arithmetic outcomes. As 

such, a study of this nature would ensure children play a higher dosage of 

the game, in line with dosage recommendations from Chapter 4 and 5, to 

help determine the optimal training duration to influence the outcomes of 

counting and arithmetic. More control over the prescribed dosage amount 

would also mean that meaningful comparisons of dosage can be made on 

comparable groups of children.  

Further to this, future studies using educational math apps like 

Funexpected could utilise both app-based and standardised measures, 

such as the TEMA-3 or the British Ability Scale, to assess changes in 

mathematical abilities. By using standardised measures at pre- and post-

test, the research could more accurately determine if the app-based 

training has an impact on improving mathematical abilities, and whether 

this transfers to mathematical measures outside the app. As such, a 

future study of this nature could investigate whether improvements to 

mathematics only take place in the specific context within the app.  

Conclusion  

The present study demonstrates the implementation and outcomes of 

developmental pathways between magnitude comparison abilities 

(symbolic and non-symbolic) to outcomes such as counting and 

arithmetic. The present study highlights characteristics of these 

developmental pathways, and highlights considerations for future 

research. Although it is important to consider which domain-specific 

abilities are considered within developmental pathways, the present study 
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highlights it is also important to consider characteristics of the pathway 

themselves, this includes factors such as how much dosage is needed in 

training one ability to see an effect on the other ability, how old the 

children are, and if the difficulty of the task is appropriate for the age of 

the child. Theoretically, this study suggests these characteristics, which 

are oftentimes not considered in previous intervention studies, may 

explain the heterogeneity across previous evidence for the mechanistic 

relationships between both comparison abilities and other domain-specific 

outcomes. Ferrero et al. (2021), who also highlight methodological issues 

make it difficult to make inference on the theories relating to the cognitive 

abilities under investigation. As such, the present study highlights how 

methodological choices may impede on the investigation of mechanism in 

an intervention study.  

 Although there is sufficient evidence from previous association 

studies for a relationship between non-symbolic comparison and symbolic 

comparison abilities to outcomes such as counting and arithmetic, the 

specific characteristics of the training and developmental pathways 

requires further research. The present study also highlights potential 

characteristics of the developmental pathways between these domain-

specific abilities that should be considered. In specific, ensuring children 

spend a sufficient amount of time on training, prior to a developmentally 

appropriate outcome measure is an important aspect to consider. Finally, 

the present study was able to comment on the intersect between theory, 

methodological choices, and collaborations with companies, and how 

these factors influence the delivery of training, and measure of, different 

domain-specific mathematical abilities.  
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Chapter 8. General Discussion  

This thesis aimed to further our understanding of the developmental 

pathways between domain-specific abilities in mathematics for children 

aged 3 to 7 years old. The second aim of the thesis was to understand the 

implementation and training of these developmental pathways within the 

educational maths app Funexpected, the industry partner in this PhD 

studentship. This General Discussion chapter first provides an overview of 

key findings from the empirical chapters (see Table 8.1), and then 

addresses Research Question 1 and Research Question 2 of the thesis. 

This chapter explores the theoretical implications under the mutualism 

framework, as well as practical implications of the research findings. This 

chapter also discusses the limitations of the studies, and how this 

innovative approach contributes to the existing literature.
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Table 8.1 ï an overview of the purpose and key findings of each empirical chapter of the thesis 

Chapter 3: EDMP 

(Early Developmental 

Mathematical 

Pathways) 

Chapter 4: Non-

symbolic comparison 

gameplay dosage 

Chapter 5: Symbolic 

comparison gameplay 

dosage 

Chapter 6: Comparing 

non-symbolic and 

symbolic comparison 

dosage 

Chapter 7: 

Developmental pathways 

to counting and 

arithmetic outcomes 

Purpose 

To investigate domain-

specific developmental 

pathways via existing 

intervention literature. 

 

 

To investigate how 

variance in dosage 

(number of gameplay 

sessions) influenced 

childrenôs performance 

on an app-based non-

symbolic comparison 

game. 

 

To investigate how 

variance in dosage 

(number of gameplay 

sessions) influenced 

childrenôs performance 

on an app-based 

symbolic comparison 

game. 

To compare dosage 

responses between 

non-symbolic and 

symbolic comparison 

gameplay within the 

same sample of 

children. 

To investigate proposed 

developmental pathways 

from the training of 

comparison abilities (non-

symbolic and symbolic) to 

outcomes of counting and 

arithmetic, as they are 

administered in 

Funexpected.  

Key findings 

Domain-specific 

abilities of number 

line, non-symbolic 

comparison and 

The dosage needed to 

see improvements in 

non-symbolic 

comparison abilities is 

A significant 

relationship between 

increasing dosage and 

improvement symbolic 

This subset of children 

demonstrated lower 

dosages on both 

games, which was 

App based characteristics 

mean that low dosage 

was spent on the 

comparison abilities 
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symbolic comparison 

contributed the highest 

number of 

developmental 

pathways to the 

theoretical framework.  

 

related to the age of 

the child and the 

number of dots 

presented. Dosage 

recommendations can 

be made, although 

substantial 

heterogeneity was also 

found in dosage 

responses.  

comparison was found 

for one-digit symbolic 

numbers. 

No significant 

relationship was found 

between increasing 

dosage and 

improvements in for 

two-digit number 

comparison.  

associated with a non-

significant relationship 

between increasing 

dosage and 

improvement on either 

of these comparison 

abilities.  Ш 

games, and the outcome 

measures demonstrated 

ceiling effects. These 

aspects mean that 

theoretically proposed 

developmental pathways 

were not evident in this 

dataset.   
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Research Question 1 

Research Question 1 of the thesis investigated the relationship 

between a childôs age and developmental pathways of domain-specific 

mathematical abilities. More specifically, Research Question 1.1 asked 

which domain-specific abilities these developmental pathways comprise 

of, and how these differ across development from 3 to 7 years old? 

Findings from EDMP (Chapter 3) suggest number line abilities are the 

most frequently targeted developmental pathways for children aged 3-7 

years old. Number line developmental pathways resulted in the highest 

number of significant positive intervention effects and were related to the 

widest variety of domain-specific outcomes, compared to the other 

included domain-specific developmental pathways. Evidence of the 

positive significant effects of number line training to other domain-specific 

abilities was found across 3.6 years to 5.5 years. Developmental 

pathways targeting non-symbolic magnitude comparison abilities were 

also investigated in EDMP. Non-symbolic magnitude comparison abilities 

contributed fewer developmental pathways than number line, but covered 

a wider age range, including children between 3.50 years to 6.91 years 

old. These developmental pathways demonstrate the interconnected 

complexity of the different domain-specific abilities with the development 

of mathematics.   

EDMP highlighted gaps in intervention research on developmental 

pathways, particularly for foundational skills in children under 3.5 years 

and complex arithmetic skills in older children (aged 6 to 7 years old). 

This limits the understanding of how various domain-specific abilities, 

from one-to-one correspondence to arithmetic, develop across the entire 

3ï7-year age range. Further research should address these gaps by 

investigating a wider range of abilities, encompassing the full age range, 

and adopting consistent reporting practices for participant ages and ability 

terminology. This will allow for stronger inferences and comparisons of 

developmental pathways across studies. 
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This relates to Research Question 1.2, which asked how different 

domain-specific abilities affect one another over development? (e.g., do 

these abilities develop mutualistically alongside one another or 

hierarchically where one ability precedes the other?). Mutualism was the 

theoretical framework that underpinned this thesis; and this thesis 

investigated the co-occurring development of domain-specific abilities, as 

opposed to investigating individual abilities in isolation from one another. 

EDMP found some evidence of bidirectionality between the two tiers of the 

multi-level framework by Gilmore (2023), which were between óbasic 

mathematical processesô to óproficientô components of mathematics.  

The empirical results from Chapters 3 to 7 found little support for 

mutualism in the development of domain-specific mathematical abilities in 

3ï7-year-old children. The present thesis does not suggest that 

mutualism is not relevant to the development of domain-specific 

mathematical abilities. Instead, this thesis extends on the concepts of 

mutualism by considering the specific characteristics of development that 

are required for mutualism to occur. This thesis builds upon the concept 

of mutualism in developmental pathways by examining specific 

developmental characteristics necessary for its occurrence. Each empirical 

chapter investigates a key aspect: Chapter 3 (EDMP) identifies the 

abilities included in the pathways, Chapters 4-6 (GAMs) explore the time 

needed for improvement, and Chapter 7 examines the order of abilities. 

Although the pathways identified in EDMP (Chapter 3) were not replicated 

using Funexpected dataset (Chapter 7), these findings highlight how 

implementation characteristics of app training can influence potential 

mutualistic relationships between abilities. 

Kievit (2020) argues that mutualism research needs testable 

models to move from theory to practical applications. This thesis identifies 

key factors that may hinder these mutually beneficial pathways, including 

dosage, age of the child, order of the games, and specific characteristics 

of the stimuli (number of dots, or of digits). This thesis proposes that 
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training domain-specific abilities with an appropriate dosage tailored to a 

child's age may foster mutually beneficial development. Further, findings 

from Chapter 7 then suggest that the order of the games, alongside 

appropriate dosage, is needed to implement theoretically driven 

developmental pathways. As such, this thesis highlights important aspects 

of domain-specific development that should be considered in future 

studies of mutualism.  

Research Question 2 

Research question 2 of the thesis focused on the effect of the 

educational maths app Funexpected on domain-specific abilities. More 

specifically, RQ2.1 asked what specific characteristics of educational 

maths apps influence the training and development of domain-specific 

abilities in children aged 3 to 7 years old? Findings from Chapter 4 and 

Chapter 5 demonstrate the significant positive effects of gameplay on the 

domain-specific abilities of non-symbolic magnitude comparison and 

symbolic number comparison games within Funexpected. Chapter 4 and 

Chapter 5 found that increasing the number of gameplay sessions led to 

increased performance. This was found for both games, and within each 

age group between the ages of 3 to 7 years old. However, the increase in 

dosage had heterogeneous effects on improvement, suggesting that 

different children may need different amounts of dosage to improve on 

non-symbolic and symbolic comparison abilities. These chapters 

contribute to the existing educational maths app literature (Outhwaite et 

al., 2022) and the domain-specific intervention literature (SzŤcs & Myers, 

2017) by investigating how specific characteristics of educational maths 

app, like dosage, different stimuli (number of dots or digits), alongside 

age of the child influence childrenôs improvement on non-symbolic and 

symbolic comparison. This highlights the importance of tailoring dosage in 

training programs to ensure all children benefit.  

Chapter 4 and Chapter 5 focused on within-ability improvement 

(training ability A improves ability A). To extend upon this, Chapter 7 

investigated dosage needed for between-ability improvement (training 
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ability A improves ability B). Chapter 7 suggest that due to the low 

training dosage of non-symbolic and symbolic comparison abilities in this 

sample, this training was not able to influence outcome measures of 

counting or arithmetic. Chapter 7 highlights how appropriate dosage 

should be considered alongside the order in which games are played. 

Training dosage for comparison abilities was low prior to the counting and 

arithmetic outcome quizzes, so there was little improvement in these 

trained abilities. Therefore, the developmental pathway between 

magnitude comparison abilities to counting and to arithmetic could not 

take place under the circumstances presented via the app. While the 

developmental pathways implemented in the educational math app aligns 

with previously proposed developmental pathways (Honore & Noel, 2016; 

Maertens et al., 2016), the app does not encourage the child to play the 

games for the required dosage to target said developmental pathway. 

Chapter 7's discussion acknowledges limitations in the outcome measures 

used. The simplicity of these measures, combined with the short training 

period, may have contributed to minimal observed changes in 

performance. Consequently, the regression analyses revealed that the 

predictor variables included in the models did not have a strong predictive 

effect on either the counting or arithmetic outcomes. In terms of mutually 

beneficial development, an outcome measure sensitive enough to 

measure change in performance is required to assess the relevance of 

mutualism as a theoretical framework. This thesis highlights the 

importance of the characteristics of a) dosage b) the order of the games 

c) the stimulus for training important characteristics to consider for 

educational maths apps.   

Implications for research methodologies and practice  

 This section explores the implications of using back-end log app 

data for developmental research and explores the implications of the 

findings for Funexpected. As discussed in Chapter 2, this approach offers 

several advantages: rapid data collection, large samples across diverse 
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domain-specific games, and repeated measures over time. These features 

enable the creation of rich longitudinal datasets, overcoming limitations of 

traditional lab studies (Hartshorne, 2020). As demonstrated in the 

empirical chapters, a further key benefit of this type of data is the ability 

to study stimuli variation (e.g., dot number in comparisons), allowing for 

a more nuanced understanding of potential interactions between stimuli, 

dosage, order of games, and domain-specific outcomes. 

There are some limitations to consider when utilising big data from 

educational math apps. One such limitation is the size of the available 

datasets relative to the size of the usable data that can be used in 

research. Although there are currently 10,000 active members of 

Funexpected, upon closer inspection of the available data, the number of 

children who produced data that met the criteria to be included in the 

present studies was comparatively much smaller. Once selection criteria 

ensuring that children had played the required games, and played a 

minimum of two sessions, were applied, final datasets for some studies 

were comparable to traditional studies that do not utilise log data (n = 

100 ï 300 children). Although these models are statistically powered, 

these smaller sample sizes mean the dataset cannot harness the many 

benefits of app log data, that being the widespread and remote collection 

of data from an app that is integrated into childrenôs lives (Debeer et al., 

2021; Miller, 2012). 

The use of secondary data measured via the app means there was 

little control over the standardisation of outcome measures, and as such 

the quizzes in the app are neither norm-referenced (comparable to 

equivalent performance of other children their age) nor criterion-

referenced (able to measure if a child understands a particular concept) 

(Breadmore & Carroll, 2021). This was exemplified in Chapter 7, as the 

results suggest the measures of counting and arithmetic abilities may not 

have been sensitive enough to capture variance in the sample. In this 
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study, both the level 5 and 7 samples demonstrated ceiling effects and 

were negatively skewed in both the counting and arithmetic outcomes. 

Indeed, educational app companies and academic researchers often 

have different goals from an outcome measure. Funexpected have an 

interest in creating an enjoyable experience for children, and previous 

research has demonstrated the importance of factors such as motivation 

(Gunderson et al., 2017) and maths anxiety (Vukovic et al., 2013) for 

mathematical outcomes. This differs from researchers, who may instead 

require an outcome measure to be sensitive enough to measure change 

after an intervention (Clements et al., 2008) or to differentiate between 

children at risk of mathematical difficulties from typically developing 

children (Outhwaite et al., 2024). The use of this type of secondary data 

means outcome measures in the app may serve different goals to that of 

researchers, and this should be considered when interpreting the results 

of such studies. 

While utilising secondary big data in developmental research has 

limitations, future collaborations between industry and academia can 

address these gaps. By leveraging industry's speed, large datasets, and 

flexibility alongside academia's theoretical understanding, domain-specific 

knowledge, and methodological rigor, such collaborations can investigate 

mathematical development in innovative ways. As such, future studies 

with Funexpected have been discussed which address some of the 

methodological concerns highlighted here. This is in line with 

recommendations by Dore et al. (2018), who also highlight that 

recognizing the expertise of both parties allows for success of researchï

industry collaborations. 

Informed by the findings of this thesis, future collaborations with 

Funexpected can explore developmental pathways with greater nuance 

and accuracy. This includes follow up studies to Chapter 7 which increase 

the sensitivity of the counting and arithmetic outcome measures, 

alongside specific instructions to ensure dosage of the comparison games 



269 

 

is higher. Alongside purposefully sampling, the big data potential of 

educational apps can also be utilised to understand mathematical 

development from specific cohorts of children, including those with special 

educational needs such as dyscalculia. A study by Dhingra et al. (2024) 

also utilised an app to investigate 6 - 8 years old children at risk of 

dyscalculia, however this study utilised a sample of 30 children. As such, 

although app log data was utilised, the benefits of big data were not 

utilised, either to increase the sample size, or to collect multiple 

longitudinal measures via the app.  

As such, the lessons learnt from the present PhD thesis will be 

applied to future studies utilised app log data to understand mathematical 

development. An important implication of this partnership with industry is 

that it allows for the direct implementation of evidence-based findings to 

the 10,000 children who play the app. A guidance document will be 

developed for Funexpected that demonstrates the findings of this thesis to 

guide the future versions of their app. The thesis identified several areas 

within the app that could benefit from further development and the 

guidance document will identify characteristics that currently contribute to 

effective training for children. Some of the topics that will be addressed 

include:  

Dosage: The thesis highlights the importance of dosage in training 

domain-specific abilities. The guidance document will recommend 

evidence-based dosage recommendations that consider the stimuli and 

the age of the child from Chapters 4 and 5.  

Outcome Measures: The limitations of the outcome measures used 

in the thesis highlight the need for more sensitive assessments 

implemented within the app. Collaboration between the present research 

team and Funexpected mean a measure that suits the needs of both 

parties can be addressed. 

Theoretically informed research questions: While this thesis utilized 

retrospective app log data, the guidance document will allow for future 
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research projects that address specific theoretical questions upfront. This 

prospective approach will allow for targeted data collection and with 

predetermined domain-specific games, and predetermined dosages.  

By implementing these recommendations, Funexpected can 

leverage the insights from this thesis to optimize their educational app, 

and maintain the currently implemented advantageous aspects of their 

app.  

Limitations and factors to consider moving forward  

Future work utilising log data from educational maths apps should 

consider demographics beyond age, an aspect not explored in the present 

thesis. Potential demographics that may influence childrenôs app 

gameplay behaviour include socio-economic status (SES) of the family. As 

mentioned in the discussion of Chapter 2, Funexpected operates on a 

monthly subscription basis, so the participants in the present studies have 

parents that 1) can afford this monthly subscription, 2) afford a touch-

screen device and 3) are already interested in educational maths apps. 

Paying monthly for an app limits the SES characteristics of the sample 

under investigation in this thesis, and previous evidence suggests a 

relationship between SES and mathematical abilities (Mu¶ez et al., 2021; 

Ng et al., 2021). As the empirical chapters in this thesis did not have a 

measure of the SES of the families using the app, future studies will be 

mindful of this aspect of naturalistic data collection.  

The present thesis had the primary aim of understand mathematical 

development in relation to domain-specific developmental pathways. 

However, it is acknowledged that mathematical development, and app 

use, take part in a larger and broader network of factors to consider. 

Frameworks like that presented in Outhwaite et al. (2019, see Figure 8.1) 

demonstrate a multi-level network of both barriers and enablers of 

successful implementation of maths app interventions. 
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Figure 8.8.1 - The multi-level determinant framework from Outhwaite et al. (2019) 

  

 

This thesis focused on app design and content, and maths app 

intervention outcomes, which are the first two segments of the 

framework. However, Outhwaite et al. (2019) highlight wider factors 

affecting app use, such as child characteristics like SES, and teachers-

level factors such as their beliefs surrounding educational maths apps. 

The empirical chapters in this thesis more broadly focused on home 

environment and caregivers, and as such, other parental factors, such as 

self-efficacy in using apps and technology in the home are  important 

variables to consider in future research (Coyne et al., 2023), as these 

may be potential barriers to children accessing educational maths apps.  

Mathematical development, including app use, is influenced by a 

broader context beyond educational settings, as the bio-psycho model 

suggests (Szucs & Mammarella, 2024, see Figure 8.2). Of note, and not 

considered in the present thesis, this framework includes emotional 

factors such as general anxiety, maths anxiety, and the childôs enjoyment 

of maths.  
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Figure 8.8.2 ï The integrative view of math development by Szucs and Mammarella (2024) 

 

The present thesis had the primary aim of understanding mathematical 

development in relation to cognitive, domain-specific, developmental 

pathways, however it is acknowledged that mathematical development, 

and app use, take part in a larger and broader network of factors to 

consider. Szucs and Mammarella (2024) also highlight domain-general 

abilities in their model, and this is a further limitation to consider in 

follow-up studies. The separation between domain-general and domain-

specific is not always clearly defined (De Smedt, 2022), and as such, 

domain-general factors should be considered alongside development via 

educational maths apps. Cragg and Gilmore (2014) highlight the 

important relationships between domain-general abilities such as working 

memory and inhibitory control to mathematical development. They argue 

that integrating of both domain-general and domain-specific abilities is 

essential for the theoretical understanding of mathematical development.  
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Specifically in relation to educational maths apps, previous literature 

suggests that age of first touchscreen use for children aged 19 to 36 

months was associated with increased fine motor abilities (Bedford et al., 

2016). Considering fine motor abilities and finger gnosis are related to 

mathematical abilities such as arithmetic (addition, subtraction, and 

multiplication) with children aged 6.8 years Penner-Wilger et al. (2007), 

this further supports that domain-general cognitive abilities will be an 

important aspect to consider in future research of educational maths 

apps. These domain-general abilities may mediate the developmental 

pathways between domain-specific abilities, especially considering 

developmental pathways implemented in touchscreen based educational 

maths apps.  

Conclusion  

This thesis demonstrates the innovative use of back-end data from 

an educational math app Funexpected to investigate domain-specific 

developmental pathways in young children (aged 3-7 years). This 

industry collaboration enabled the theoretical investigation of these 

pathways in early years mathematics. Findings from this thesis inform 

current understand of the relationships between various factors such as 

age, domain-specific abilities, dosage, and order of games, and how this 

impacts childrenôs improvements when playing the app.  
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Chapter 10. Appendices  

Chapter 3 appendices  

Appendix A 

Table of outcome measures associated with non-symbolic magnitude 

comparison training  

Table 10.1 - outcome measures associated with both significant and nonsignificant pathways from 

non-symbolic magnitude comparison training. 

Non-symbolic 

magnitude outcome 

measure 

Number of 

significant 

pathways 

Number of 

nonsignificant 

pathways 

Symbolic Arithmetic 3 0 

General maths 

measure 

3 1 

Cardinality and 

counting 

1 0 

Symbolic comparison 1 0 

Non-symbolic 

arithmetic 

1 0 

Number line abilities 0 2 

Perceptual subitizing 0 1 

Conceptual subitizing 0 1 

 

Appendix B  

Table of outcome measures associated with number line training  

Table 3 - outcome measures associated with both significant and nonsignificant pathways from 

number line training 

Number line 

outcome measures 

Number of significant 

pathways 

Number of 

nonsignificant 

pathways 

Numerical 

knowledge 
10 1 
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Non-symbolic 

arithmetic 
1 0 

Cardinality and 

counting 
5 1 

Symbolic Arithmetic 2 1 

Symbolic 

comparison 
7 1 
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Appendix C  
data extraction of significant pathways used in EDMP 

Table 10.2 ï data extraction of significant pathways used in EDMP  

Author Title of study 
Kmet 

score 
DS - ZS input 

Pathway 

intervention 

group 

M age 

moth 

(cleaned) 

Length 

(weeks) 

Measurement/task 

used to measure 

domain-specific 

ability 

Pathway 

outcome group 

Significant 

effect? 

Shamir 

(2013) 

E-Books for 

supporting the 

emergent 

literacy and 

emergent math 

of children at 

risk for learning 

disabilities: can 

metacognitive 

guidance make a 

difference? 

20 
Number 

ordering 

Cardinality and 

counting 
71 Immediate Addition 

Symbolic 

Arithmetic 
Significant 

Shamir 

(2013) 

E-Books for 

supporting the 

emergent 

literacy and 

emergent math 

of children at 

risk for learning 

disabilities: can 

metacognitive 

guidance make a 

difference? 

20 
Number 

ordering 

Cardinality and 

counting 
71 Immediate Addition 

Symbolic 

Arithmetic 
Significant 
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Purpura 

(2017) 

Causal 

connections 

between 

mathematical 

language and 

mathematical 

knowledge: A 

dialogic reading 

intervention 

28 

Mathematical 

language 

(quantity 

words) 

Mathematical 

language 
56 8 weeks PENS-B 

Composite 

measures 
Significant 

Purpura 

(2021) 

Engaging 

caregivers and 

children in 

picture books: A 

family- 

implemented 

mathematical 

language 

intervention 

22 

Mathematical 

language 

(quantity 

words) 

Mathematical 

language 
50 4 weeks 

Mathematical language 

(numbers 1 - 10) 

Numerical 

knowledge 
Significant 

Purpura 

(2021) 

Engaging 

caregivers and 

children in 

picture books: A 

family- 

implemented 

mathematical 

language 

intervention 

22 

Mathematical 

language 

(quantity 

words) 

Mathematical 

language 
50 4 weeks PENS-B 

Composite 

measures 
Significant 
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Purpura 

(2021) 

Engaging 

caregivers and 

children in 

picture books: A 

family- 

implemented 

mathematical 

language 

intervention 

22 

Mathematical 

language 

(quantity 

words) 

Mathematical 

language 
50 4 weeks 

PENS-B - 8 week post 

test 

Composite 

measures 
Significant 

Honore 

(2016) 

Improving 

preschoolers' 

arithmetic 

through number 

magnitude 

training: The 

impact of non-

symbolic and 

symbolic 

training 

20 
Non-symbolic 

addition 

Non-symbolic 

arithmetic 
69 10 weeks 

Symbolic number line 

estimation 

Number line 

abilities 
Significant 

Honore 

(2016) 

Improving 

preschoolers' 

arithmetic 

through number 

magnitude 

training: The 

impact of non-

symbolic and 

symbolic 

training 

20 
Non-symbolic 

addition 

Non-symbolic 

arithmetic 
69 10 weeks Arithmetic 

Symbolic 

Arithmetic 
Significant 
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Park 

(2016) 

Non-symbolic 

approximate 

arithmetic 

training 

improves math 

performance in 

preschoolers 

21 

Non-symbolic 

Approximate 

arithmetic 

Non-symbolic 

arithmetic 
58 2.5 weeks TEMA-3 

Composite 

measures 
Significant 

Desoete 

(2013) 

Inclusive 

mathematics 

education: the 

value of a 

computerized 

lookahead 

approach in 

kindergarten: a 

randomized 

controlled study 

21 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
68 5 weeks Arithmetic 

Symbolic 

Arithmetic 
Significant 

Desoete 

(2013) 

Inclusive 

mathematics 

education: the 

value of a 

computerized 

lookahead 

approach in 

kindergarten: a 

randomized 

controlled study 

21 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
68 5 weeks Addition 

Symbolic 

Arithmetic 
Significant 
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Libertus 

(2020) 

Effects of visual 

training of 

approximate 

number sense 

on auditory 

number sense 

and school math 

ability 

19 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
75 5 weeks TEMA-3 

Composite 

measures 
Significant 

Maertens 

(2016) 

Enhancing 

arithmetic in 

pre-schoolers 

with comparison 

or number line 

estimation 

training: Does it 

matter? 

23 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
65 3 weeks Cardinality 

Cardinality and 

counting 
Significant 

Maertens 

(2016) 

Enhancing 

arithmetic in 

pre-schoolers 

with comparison 

or number line 

estimation 

training: Does it 

matter? 

23 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
65 3 weeks 

TEDI-MATH arithmetic 

subset 

Symbolic 

Arithmetic 
Significant 
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Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

23 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
83 4 weeks Symbolic comparison 

Symbolic 

comparison 
Significant 

Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

23 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
83 4 weeks 

Approximate 

calculations 

Non-symbolic 

arithmetic 
Significant 

Van 

Herwegen 

(2018) 

Improving 

number abilities 

in low achieving 

preschoolers: 

Symbolic versus 

non-symbolic 

26 

Non-symbolic 

magnitude 

abilities 

Non-symbolic 

comparison 
43 5 weeks TEMA-3 

Composite 

measures 
Significant 
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training 

programs 

Van 

Herwegen 

(2018) 

Improving 

number abilities 

in low achieving 

preschoolers: 

Symbolic versus 

non-symbolic 

training 

programs 

26 

Non-symbolic 

magnitude 

abilities 

Non-symbolic 

comparison 
43 5 weeks 

TEMA-3 - follow up (6 

months) 

Composite 

measures 
Significant 

Cankaya 

(2013) 

The Role of 

Number Naming 

Systems and 

Numeracy 

Experiences in 

the 

19 
Symbolic 

Number line 

Number line 

abilities 
44 6 weeks 

Maths language 

(numbers 1-10) 

Numerical 

knowledge 
Significant 

Cankaya 

(2013) 

The Role of 

Number Naming 

Systems and 

Numeracy 

Experiences in 

the 

19 
Symbolic 

Number line 

Number line 

abilities 
44 6 weeks Non-symbolic arithmetic 

Non-symbolic 

arithmetic 
Significant 

Cankaya 

(2013) 

The Role of 

Number Naming 

Systems and 

Numeracy 

19 
Symbolic 

Number line 

Number line 

abilities 
44 6 weeks Cardinality 

Cardinality and 

counting 
Significant 
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Experiences in 

the 

Cankaya 

(2013) 

The Role of 

Number Naming 

Systems and 

Numeracy 

Experiences in 

the 

19 
Symbolic 

Number line 

Number line 

abilities 
44 6 weeks Number recognition 

Numerical 

knowledge 
Significant 

Maertens 

(2016) 

Enhancing 

arithmetic in 

pre-schoolers 

with comparison 

or number line 

estimation 

training: Does it 

matter? 

23 

Number line 

(symbolic and 

non-symbolic) 

Number line 

abilities 
66 3 weeks 

TEDI-MATH arithmetic 

subset 

Symbolic 

Arithmetic 
Significant 

Ramani 

(2008) 

Promoting broad 

and stable 

improvements in 

low-income 

children's 

numerical 

knowledge 

through playing 

number board 

games 

22 
Symbolic 

Number line 

Number line 

abilities 
57 2 weeks Numeral identification 

Numerical 

knowledge 
Significant 
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Ramani 

(2008) 

Promoting broad 

and stable 

improvements in 

low-income 

children's 

numerical 

knowledge 

through playing 

number board 

games 

22 
Symbolic 

Number line 

Number line 

abilities 
57 2 weeks 

Numeral identification - 

post test (9 weeks) 

Numerical 

knowledge 
Significant 

Ramani 

(2008) 

Promoting broad 

and stable 

improvements in 

low-income 

children's 

numerical 

knowledge 

through playing 

number board 

games 

22 
Symbolic 

Number line 

Number line 

abilities 
57 2 weeks Symbolic comparison 

Symbolic 

comparison 
Significant 

Ramani 

(2008) 

Promoting broad 

and stable 

improvements in 

low-income 

children's 

numerical 

knowledge 

through playing 

number board 

games 

22 
Symbolic 

Number line 

Number line 

abilities 
57  

Symbolic comparison - 

post test (9 weeks) 

Symbolic 

comparison 
Significant 
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Ramani 

(2011) 

Reducing the 

gap in numerical 

knowledge 

between low- 

and middle-

income 

preschoolers 

25 
Symbolic 

number line 

Number line 

abilities 
48 3 weeks Numeral identification 

Numerical 

knowledge 
Significant 

Ramani 

(2012) 

Taking it to the 

classroom: 

Number board 

games as a 

small group 

learning activity 

22 
Symbolic 

number line 

Number line 

abilities 
55 3.5 weeks Symbolic comparison 

Symbolic 

comparison 
Significant 

Ramani 

(2012) 

Taking it to the 

classroom: 

Number board 

games as a 

small group 

learning activity 

22 
Symbolic 

number line 

Number line 

abilities 
55 3.5 weeks Numeral identification 

Numerical 

knowledge 
Significant 

Ramani 

(2012) 

Taking it to the 

classroom: 

Number board 

games as a 

small group 

learning activity 

22 
Symbolic 

number line 

Number line 

abilities 
55 3.5 weeks Counting (1-10) 

Cardinality and 

counting 
Significant 

Ramani 

(2012) 

Taking it to the 

classroom: 

Number board 

games as a 

22 
Symbolic 

number line 

Number line 

abilities 
53 3.5 weeks Symbolic comparison 

Symbolic 

comparison 
Significant 
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small group 

learning activity 

Ramani 

(2012) 

Taking it to the 

classroom: 

Number board 

games as a 

small group 

learning activity 

22 
Symbolic 

number line 

Number line 

abilities 
53 3.5 weeks Numeral identification 

Numerical 

knowledge 
Significant 

Ramani 

(2012) 

Taking it to the 

classroom: 

Number board 

games as a 

small group 

learning activity 

22 
Symbolic 

number line 

Number line 

abilities 
53 3.5 weeks Counting (1-10) 

Cardinality and 

counting 
Significant 

Siegler 

(2009) 

Playing linear 

number board 

games but not 

circular ones 

improves low-

income 

preschoolers' 

numerical 

understanding 

22 
Symbolic 

Number line 

Number line 

abilities 
55 3 weeks Symbolic comparison 

Symbolic 

comparison 
Significant 
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Siegler 

(2009) 

Playing linear 

number board 

games but not 

circular ones 

improves low-

income 

preschoolers' 

numerical 

understanding 

22 
Symbolic 

Number line 

Number line 

abilities 
55 3 weeks Numeral identification 

Numerical 

knowledge 
Significant 

Siegler 

(2009) 

Playing linear 

number board 

games but not 

circular ones 

improves low-

income 

preschoolers' 

numerical 

understanding 

22 
Symbolic 

Number line 

Number line 

abilities 
55 3 weeks Arithmetic 

Symbolic 

Arithmetic 
Significant 

Whyte 

(2008) 

Number games, 

magnitude 

representation, 

and basic 

number skills in 

preschoolers 

22 
Symbolic 

Number line 

Number line 

abilities 
46 6 weeks Object counting 

Cardinality and 

counting 
Significant 

Whyte 

(2008) 

Number games, 

magnitude 

representation, 

and basic 

number skills in 

preschoolers 

22 
Symbolic 

Number line 

Number line 

abilities 
46 6 weeks Numeral identification 

Numerical 

knowledge 
Significant 
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Whyte 

(2008) 

Number games, 

magnitude 

representation, 

and basic 

number skills in 

preschoolers 

22 
Symbolic 

Number line 

Number line 

abilities 
46 6 weeks Symbolic comparison 

Symbolic 

comparison 
Significant 

Whyte 

(2008) 

Number games, 

magnitude 

representation, 

and basic 

number skills in 

preschoolers 

22 
Symbolic 

Number line 

Number line 

abilities 
46 6 weeks Object counting 

Cardinality and 

counting 
Significant 

Whyte 

(2008) 

Number games, 

magnitude 

representation, 

and basic 

number skills in 

preschoolers 

22 
Symbolic 

Number line 

Number line 

abilities 
46 6 weeks Numeral identification 

Numerical 

knowledge 
Significant 

Whyte 

(2008) 

Number games, 

magnitude 

representation, 

and basic 

number skills in 

preschoolers 

22 
Symbolic 

Number line 

Number line 

abilities 
46 6 weeks Symbolic comparison 

Symbolic 

comparison 
Significant 

Rªsªnen 

(2009) 

Computer-

assisted 

intervention for 

children with low 

numeracy skills 

18 Transcoding 
Numerical 

Knowledge 
79 3 weeks Symbolic comparison 

Symbolic 

comparison 
Significant 
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Rªsªnen 

(2009) 

Computer-

assisted 

intervention for 

children with low 

numeracy skills 

18 Transcoding 
Numerical 

Knowledge 
79 3 weeks 

Symbolic comparison - 

delayed post test (3 

weeks) 

Symbolic 

comparison 
Significant 

Pires 

(2019) 

Building blocks 

of mathematical 

learning: Virtual 

and tangible 

manipulatives 

lead to different 

strategies in 

number 

composition 

17 Addition 
Symbolic 

Arithmetic 
82 3 weeks TEMA-3 

Composite 

measures 
Significant 

Shamir 

(2012) 

Educational e-

books: a support 

for vocabulary 

and early math 

for children at 

risk for learning 

disabilities 

20 
Addition (via 

story) 

Symbolic 

Arithmetic 
71 Immediate Ordinal number 

Numerical 

knowledge 
Significant 

Van der 

Ven (2017) 

Effects of a 

tablet game 

intervention on 

simple addition 

and subtraction 

fluency in first 

graders 

19 Basic arithmetic 
Symbolic 

Arithmetic 
83 5 weeks 

Non-symbolic 

subtraction 

Non-symbolic 

arithmetic 
Significant 
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Fischer 

(2011) 

Sensori-motor 

spatial training 

of number 

magnitude 

representation 

19 
Symbolic 

comparison 

Symbolic 

comparison 
70 Immediate Symbolic number line 

Number line 

abilities 
Significant 

Fischer 

(2011) 

Sensori-motor 

spatial training 

of number 

magnitude 

representation 

19 
Symbolic 

comparison 

Symbolic 

comparison 
70 Immediate 

TEDI-MATH (counting 

principles subset) 

Cardinality and 

counting 
Significant 

Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

23 
Symbolic 

comparison 

Symbolic 

comparison 
83 4 weeks Conceptual subitizing 

Conceptual 

subitizing 
Significant 

 

Appendix D 
data extraction of nonsignificant pathways used in EDMP 
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Table 2 - data extraction of nonsignificant pathways used in EDMP  

Author Title of study 
Kmet 

score 
DS - ZS input 

Pathway 

intervention 

group 

M age moth 

(cleaned) 

Length 

(weeks) 

Measurement/task 

used to measure 

domain-specific ability 

Pathway 

outcome 

group 

Significant 

effect? 

Purpura 

(2021) 

Engaging 

caregivers and 

children in 

picture books: A 

family- 

implemented 

mathematical 

language 

intervention 

22.00 

Mathematical 

language 

(quantity 

words) 

Mathematical 

language 
50 4 weeks 

Mathematical language 

(numbers 1 - 10) - 8 

week post test 

Numerical 

Knowledge 
Nonsignificant 

Khanum 

(2016) 

Effects of non-

symbolic 

approximate 

number practice 

on symbolic 

numerical 

abilities in 

Pakistani 

children 

23.00 
Line length 

addition 

Non-symbolic 

arithmetic 
77 Immediate Ordinal number 

Cardinality and 

counting 
Nonsignificant 

Khanum 

(2016) 

Effects of non-

symbolic 

approximate 

number practice 

on symbolic 

numerical 

23.00 
Line length 

addition 

Non-symbolic 

arithmetic 
77 Immediate Ordinal number 

Cardinality and 

counting 
Nonsignificant 
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abilities in 

Pakistani 

children 

Khanum 

(2016) 

Effects of non-

symbolic 

approximate 

number practice 

on symbolic 

numerical 

abilities in 

Pakistani 

children 

23.00 
Line length 

addition 

Non-symbolic 

arithmetic 
77 Immediate 

Symbolic Number line 

estimation 

Number line 

abilities 
Nonsignificant 

Szkudlarek 

(2018) 

Approximate 

arithmetic 

training 

improves 

informal math 

performance in 

low achieving 

preschoolers 

24.00 

Non-symbolic 

Approximate 

arithmetic 

Non-symbolic 

arithmetic 
56 Immediate Number identification 

Numerical 

Knowledge 
Nonsignificant 

Maertens 

(2016) 

Enhancing 

arithmetic in 

pre-schoolers 

with comparison 

or number line 

estimation 

training: Does it 

matter? 

23.00 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
65 3 weeks 

Non-symbolic Number 

line estimation 

Number line 

abilities 
Nonsignificant 
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Maertens 

(2016) 

Enhancing 

arithmetic in 

pre-schoolers 

with comparison 

or number line 

estimation 

training: Does it 

matter? 

23.00 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
65 3 weeks 

Symbolic number line 

estimation 

Number line 

abilities 
Nonsignificant 

Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

23.00 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
83 4 weeks Perceptual subitizing Subitizing Nonsignificant 

Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

23.00 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
83 4 weeks Conceptual subitizing Subitizing Nonsignificant 
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arithmetic skills 

Learn 

Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

23.00 
Non-symbolic 

comparison 

Non-symbolic 

comparison 
83 4 weeks 

Maths achievement 

(ñHamburger 

Rechentest") 

Composite 

measure 
Nonsignificant 

Maertens 

(2016) 

Enhancing 

arithmetic in 

pre-schoolers 

with comparison 

or number line 

estimation 

training: Does it 

matter? 

23.00 

Number line 

(symbolic and 

non-symbolic) 

Number line 

abilities 
66 3 weeks Cardinality 

Cardinality and 

counting 
Nonsignificant 

Ramani 

(2011) 

Reducing the 

gap in 

numerical 

knowledge 

between low- 

25.00 
Symbolic 

number line 

Number line 

abilities 
48 3 weeks Symbolic comparison 

Symbolic 

comparison 
Nonsignificant 
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and middle-

income 

preschoolers 

Ramani 

(2011) 

Reducing the 

gap in 

numerical 

knowledge 

between low- 

and middle-

income 

preschoolers 

25.00 
Symbolic 

number line 

Number line 

abilities 
48 3 weeks Arithmetic 

Symbolic 

Arithmetic 
Nonsignificant 

Siegler 

(2009) 

Playing linear 

number board 

games but not 

circular ones 

improves low-

income 

preschoolers' 

numerical 

understanding 

22.00 
Symbolic 

Number line 

Number line 

abilities 
55 3 weeks (Rote) Counting (1-10) 

Numerical 

Knowledge 
Nonsignificant 

Szkudlarek 

(2018) 

Approximate 

arithmetic 

training 

improves 

informal math 

performance in 

low achieving 

preschoolers 

24.00 
Numerical 

identification 

Numerical 

Knowledge 
56 Immediate Cardinality 

Cardinality and 

counting 
Nonsignificant 
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Van der 

Ven (2017) 

Effects of a 

tablet game 

intervention on 

simple addition 

and subtraction 

fluency in first 

graders 

19.00 
Basic 

arithmetic 

Symbolic 

Arithmetic 
83 5 weeks Non-symbolic addition 

Non-symbolic 

addition 
Nonsignificant 

Fischer 

(2011) 

Sensori-motor 

spatial training 

of number 

magnitude 

representation 

19.00 
Symbolic 

comparison 

Symbolic 

comparison 
70 Immediate Symbolic number line 

Number line 

abilities 
Nonsignificant 

Honore 

(2016) 

Improving 

preschoolers' 

arithmetic 

through number 

magnitude 

training: The 

impact of non-

symbolic and 

symbolic 

training 

20.00 

Magnitude 

representation 

(Symbolic and 

non-symbolic - 

composite) 

Symbolic 

comparison 
69 10 weeks 

Non-symbolic Number 

line estimation 

Number line 

abilities 
Nonsignificant 

Honore 

(2016) 

Improving 

preschoolers' 

arithmetic 

through number 

magnitude 

training: The 

impact of non-

symbolic and 

20.00 

Magnitude 

representation 

(Symbolic and 

non-symbolic - 

composite) 

Symbolic 

comparison 
69 10 weeks 

Symbolic number line 

estimation 

Number line 

abilities 
Nonsignificant 
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symbolic 

training 

Honore 

(2016) 

Improving 

preschoolers' 

arithmetic 

through number 

magnitude 

training: The 

impact of non-

symbolic and 

symbolic 

training 

20.00 

Magnitude 

representation 

(Symbolic and 

non-symbolic - 

composite) 

Symbolic 

comparison 
69 10 weeks Arithmetic 

Symbolic 

Arithmetic 
Nonsignificant 

Honore 

(2016) 

Improving 

preschoolers' 

arithmetic 

through number 

magnitude 

training: The 

impact of non-

symbolic and 

symbolic 

training 

20.00 

Magnitude 

representation 

(Symbolic and 

non-symbolic - 

composite) 

Symbolic 

comparison 
69 10 weeks 

Non-symbolic Number 

line estimation 

Number line 

abilities 
Nonsignificant 

Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

23.00 
Symbolic 

comparison 

Symbolic 

comparison 
83 4 weeks Perceptual subitizing Subitizing Nonsignificant 
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enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

23.00 
Symbolic 

comparison 

Symbolic 

comparison 
83 4 weeks 

Non-symbolic magnitude 

comparison 

Non-symbolic 

magnitude 

comparison 

Nonsignificant 

Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

23.00 
Symbolic 

comparison 

Symbolic 

comparison 
83 4 weeks Approximate calculations 

Symbolic 

Arithmetic 
Nonsignificant 
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Obersteiner 

(2013) 

How training on 

exact or 

approximate 

mental 

representations 

of number can 

enhance first-

grade students' 

basic number 

processing and 

arithmetic skills 

Learn 

23.00 
Symbolic 

comparison 

Symbolic 

comparison 
83 4 weeks Composite measure 

Composite 

measure 
Nonsignificant 

Praet 

(2014) 

Enhancing 

young children's 

arithmetic skills 

through non-

intensive, 

computerised 

kindergarten 

interventions: A 

randomised 

controlled study 

26.00 

Magnitude 

comparison 

(both symbolic 

and non-

symbolic) 

Symbolic 

comparison 
68 5 weeks Composite measure 

Symbolic 

Arithmetic 
Nonsignificant 

Ramani 

(2020) 

Racing dragons 

and 

remembering 

aliens: Benefits 

of playing 

number and 

working 

memory games 

26.00 

Numerical 

magnitude 

knowledge 

Symbolic 

comparison 
72 Immediate 

Counting principles 

(composite measure) 

Cardinality and 

counting 
Nonsignificant 



320 

 

on 

kindergartners' 

numerical 

knowledge 
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Chapter 4 

Appendix E  
Figure 10.1 - R output of the gam.check function for the non-symbolic magnitude comparison 
PAMM 

 

 

Appendix F  
Figure 10.2 - R model output of the PAMM for the non-symbolic magnitude comparison model 

 

Appendix G 
Figure 10.3 - Output of non-symbolic post-hoc analysis for Level 1 
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Appendix H 
Figure 10.4 - Non-symbolic level 2 cox proportional hazard model 

 

Appendix I  
Figure 10.5 - Non-symbolic ï Level 3 ï cox ph model output 

 

 

Chapter 5 

Appendix J  
Figure 10.6 - gam.check of the pammtools for symbolic 
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Appendix K  
Figure 10.7 - Symbolic full model ï model output 

 

Appendix L 
Figure 10.8 - Symbolic Level 1 cox proportional hazard model output 

 

Appendix M 
Figure 10.9 - Symbolic Level 2 cox proportional hazard model output 

 

Appendix N  

  


