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ABSTRACT 

 

Children who begin formal schooling with stronger executive functioning (EF) capacities are 

better able to adapt to a more regimented learning environment and to succeed academically. 

Unfortunately, children growing up in low-income households are less prepared to meet the EF 

demands required of more formal learning environments than their higher-income peers and are 

therefore at a disadvantage in terms of later academic success. As a result, an important policy 

goal is to determine how best to support the development of EF among children growing up in 

low-income households prior to the start of first grade. This two-study dissertation investigates 

the intriguing possibility that early childhood math instruction might be one such method. In 

Study 1, I used latent growth curve modeling to explicitly test the hypothesis that math 

instruction is beneficial for EF development. I found that children who were exposed to math 

instruction in early childhood demonstrated greater gains in EF across kindergarten and the 

transition to first grade compared to those who were not. Further, I found that even small 

increases in the amount of time spent on math instruction in preschool was particularly beneficial 

for the EF development of those with the lowest incoming EF scores. These findings suggest that 

one does not need to implement large-scale interventions to move the needle in terms of EF 

development, but rather, that everyday classroom math practices can also play an influential role. 

Next, in Study 2, I used auto-regressive cross-lagged panel modeling to identify the specific 

aspects of early math learning that might be most likely to support growth in EF. I found that it is 
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young children’s conceptual understanding of number, rather than the fluency with which they 

can compare and manipulate quantities, that is particularly conducive to EF development. 

Together, the findings from this dissertation offer some of the first evidence to suggest that 

providing opportunities for math learning in early childhood -- particularly those that foster 

young children’s conceptual understanding of number and cardinality – may be an accessible and 

cost-effective method for helping children who face economic-disadvantage meet the EF 

demands of more formal schooling.  
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INTRODUCTION 

 

The transition from early childhood (pre-k and kindergarten) to formal schooling is a critical 

juncture in which young children face many new behavioral, academic, and social challenges. 

Key skills that help to ease this transition include, not only rudimentary academic knowledge, 

but also executive functioning (EF) – or the ability to monitor and control one’s thoughts, 

emotions, and actions in order to attain a goal (Blair, 2016; Zelazo, 2015; Zelazo et al., 2016). 

Children who begin formal schooling with stronger EF capacities are better able to adapt to a 

more regimented learning environment and to succeed academically in both the short- and long-

term (e.g., Anthony & Ogg, 2020; Brock et al., 2009; McClelland et al., 2006; McClelland et al., 

2007; McClelland et al., 2014; McKinnon & Blair, 2019; Nesbitt et al., 2015; Neuenschwander 

et al., 2012; Palermo et al., 2007; Pianta & Stuhlman, 2004; Rimm-Kaufman et al., 2009).  

Unfortunately, due to multiple poverty-related stressors and barriers (e.g., chronic stress, 

family disruption, discrimination, community violence, fewer opportunities for high-quality 

education), children growing up in low-income households are less prepared to meet the EF 

demands required of more formal learning environments than their higher-income peers 

(Hackman & Farrah, 2009; Hair et al., 2015; Lawson et al., 2017; Noble et al., 2007). This places 

children from low-income families are at a significant disadvantage in terms of later academic 

success. Therefore, to ensure that all children, regardless of their socio-economic backgrounds, 

begin formal school with the foundational skills necessary to succeed, it is important to identify 

aspects of the early childhood environment that can promote growth in EF amongst those 

growing up in low-income households prior to the start of first grade. 

Recent work documenting bidirectional relations between EF and math across early 

childhood -- in which early math skills predict growth in EF to a similar extent that early EF 
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skills predict growth in math (Cameron et al., 2019; Fuhs et al., 2014; McKinnon & Blair, 2019; 

Schmitt et al., 2017; ten Braak et al., 2019; Welsh et al., 2010;Wolf & McCoy, 2019) -- has led 

many to suggest that early childhood math instruction might be one particularly efficient way of 

supporting growth in both math and EF. If this is the case, then it would suggest that one could 

simply leverage instructional practices that are already occurring in the classroom, rather than 

relying on intensive and costly interventions, to boost EF development. In practice, however, 

early childhood educators tend to spend limited amounts of time on math instruction compared to 

other subjects, such as literacy, throughout the school-day (Early et al., 2010; La Paro et al., 

2009; Phillips et al., 2009; Piasta et al., 2014; Walter & Lippard, 2016). Based on the above, this 

may reflect a lost opportunity for supporting the development of two important components of 

school readiness. Understanding the extent to which math instruction might extend beyond the 

acquisition of math skills to include support for EF development, particularly amongst those 

growing up in low-income households, therefore carries important implications for ECE 

curriculum and practice. 

 Currently, the potential for early childhood math instruction to support growth in EF 

across the transition to formal schooling among children growing up in low-income households 

remains theoretical in nature as few studies have empirically investigated this hypothesis.  

Further, questions remain regarding the specific aspects of early math learning that might be 

most conducive to supporting growth in EF. Through a series of two studies, the current 

dissertation addresses these gaps in the literature with the overall goal of further elucidating 

whether and how early childhood math instruction can be leveraged to support growth in EF 

amongst those growing up in low-income households as they transition from early childhood to 

more formal schooling. In the paragraphs below, I define EF and describe its role in academic 
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achievement and the income-based achievement gap before reviewing the literature that points 

toward early math instruction as a potential tool for supporting EF development. 

Literature Review 

Defining EF in Early Childhood 

In general, EF can be defined as a set of neurocognitive processes that allow for the volitional 

control of one’s thoughts, emotions, and actions in order to attain a goal (Blair, 2016, Zelazo, 

2015; Zelazo et al., 2016). In the adult literature, EF is often broken down into three partially 

distinct components including working memory (WM; the ability to hold and/or manipulate 

multiple pieces of information in mind at once), inhibitory control (IC; the ability to maintain 

regulated behavior and resists impulses or distractions), and cognitive flexibility (CF; the ability 

to shift attention and think flexibly) (Miyake et al., 2000). However, in early childhood, EF is 

thought to be best represented as a unitary construct. Specifically, a substantial body of 

psychometric work has found that indicators of WM, CF, IC are largely undifferentiated among 

younger children (Garon et al., 2008; Hughes et al., 2009; Miller et al., 2012; Nguyen et al., 

2019; Wiebe et al., 2011; Willoughby et al., 2012). As a result, throughout this dissertation, EF is 

operationalized as a general construct.  

EF and Academic Achievement 

EF capacities emerge early in infancy and continue to develop throughout the lifespan (Blair, 

2002; Zelazo & Carlson, 2012), with a particularly accelerated period of development occurring 

across the early childhood years (i.e., ages 3-5; Garon et al., 2008). The rapid development of EF 

across early childhood is in part due to structural maturation of brain regions that underlie goal-

directed behavior (i.e., prefrontal cortex; Kane & Engle, 2002; Zelazo & Ulrich, 2011), as well 

as increased exposure to academic environments and activities that invoke EF skills. 
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Consequently, the rapid development of EF across early childhood coincides with the acquisition 

of many important skills and behaviors that lay the foundation for later academic achievement. 

As a result, much research is focused on understanding the early acquisition of EF capacities as 

they influence school readiness and later success. 

Insights from this body of literature suggest that children who begin formal schooling 

with stronger EF capacities are better equipped with the behavioral and cognitive skills necessary 

to succeed in a more regimented school environment. For example, research has shown that 

those who enter the classroom with higher EF are better able to engage in the types of behaviors 

necessary to benefit from learning opportunities, such as paying attention, following directions, 

and carrying out a sequence of steps in-order to complete a goal (Anthony & Ogg, 2020; Brock 

et al., 2009; Nesbitt et al., 2015; Rimm-Kaufmann et al., 2009; Sasser et al., 2015). Indeed, those 

who begin formal schooling with better early EF skills tend to demonstrate greater academic 

achievement across multiple domains including math, reading, and literacy (e.g., Ahmed et al., 

2018; Best et al., 2011; Blair & Razza, 2007; Brock et al., 2009; Duncan et al., 2007; McClelland 

et al., 2014; Morgan et al., 2019a; Morgan et al., 2019b; Nguyen & Duncan, 2019; Sung & 

Wickrama, 2018; Willoughby et al., 2012). Importantly, the academic advantages associated 

with higher EF upon school entry are thought to persist throughout formal schooling. 

Specifically, those with initially higher EF demonstrate greater academic achievement across 

elementary school (Duncan et al., 2007; Morgan et al., 2019a; Morgan et al., 2019b; Nguyen & 

Duncan, 2019; Sung & Wickrama, 2018) and into high school (Ahmed et al., 2018). Overall, 

these findings suggest that EF capacities at the start of formal schooling are critically important 

as they lay the foundation for long-term academic success. 
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EF and the Income-Based Academic Achievement Gap 

Unfortunately, children growing up in low-income households tend to be overrepresented 

amongst those who begin formal schooling without the EF skills required of more structured 

learning environments (Hackman & Farah, 2009; Hair et al., 2015; Lawson et al., 2014; Lawson 

& Farah, 2017; Noble et al., 2007). These income-based discrepancies in EF are thought to stem 

from long-term exposure to poverty-related stressors (e.g., chronic stress, family disruption, 

discrimination, community violence) that interfere with the development of the neurobiological 

systems that support EF development (Evans & Kim, 2012; Hackman et al., 2010; Hair et al., 

2015; Kim et al., 2013; Sripada et al., 2014; Raver et al., 2012), as well as fewer opportunities 

for cognitive stimulation (e.g., less access to high-quality early childhood education programs; 

Haft & Hoeft, 2017). Therefore, through no fault of their own, children growing up in low-

income households are more likely to begin formal schooling without the EF skills necessary to 

succeed and are therefore at greater risk for long-term academic underperformance. In this way, 

income-based disparities in school-entry EF are thought to play an explanatory role in the 

academic achievement gap that has been shown to persist throughout formal schooling (Albert et 

al., 2020; Deer et al., 2020; Finders et al., 2021; Fitzpatrick et al., 2014; Lawson & Farah, 2017; 

Nesbitt et al., 2013)). As a result, an important policy goal is to determine how best to boost the 

development of EF amongst those growing up in low-income households prior to the start of 

formal schooling in order to ensure that all children, regardless of their socio-economic 

circumstances, enter the classroom equipped with the EF skills necessary to succeed.   

It is important to acknowledge that the ideal strategy for leveling the playing field and 

boosting the EF skills of young children growing up in low-income households would be to 

eliminate the poverty-related stressors and barriers that contribute to income-based disparities in 
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EF development in the first place (e.g., chronic stress, family disruption, discrimination, 

community violence; less access to high-quality education). However, to the extent that such 

stressors and barriers remain in place, efforts to promote compensatory growth in EF among 

young children growing up in low-income households remain important. Notably, prior research 

suggests that EF is malleable and responsive to school-based interventions (Bierman et al., 2008; 

McCoy et al., 2019; Raver et al., 2011; Sasser et al., 2017; Watts et al., 2018).  

Prior school-based interventions that have been shown to promote growth in EF amongst 

those growing up in low-income households include the Chicago School Readiness Project 

(CSRP) and the Head Start Research-Based Developmentally Informed (REDI) preschool 

intervention. These programs involved teacher training in behavior management and/or the 

implementation of comprehensive curricula, as well extensive coaching and supports aimed at 

reducing teacher stress. Although these large-scale interventions have been successful at 

improving EF in both the short- and long-term (Bierman et al., 2008; McCoy et a., 2019; Raver 

et al., 2011; Sasser et al., 2017; Watts et al., 2018), they are also fairly extensive and require a 

significant amount of resources and personnel (Raver et al., 2008). As a result, such programs 

may be difficult and/or costly to scale-up in order to reach the majority of children in need. 

Therefore, it is important to also consider more accessible, low-cost, methods for promoting 

growth in EF in early childhood. As highlighted by Bierman et al., (2008), one such method may 

be to leverage the academic instruction that is already occurring in the classroom to provide 

additional support for EF. Using academic instruction as a tool for promoting growth in EF may 

prove to be a particularly efficient strategy as it would allow educators to support the 

simultaneous, and perhaps synergistic, development of both types of skills. In other words, 

supporting EF through academic instruction would allow young children to practice and further 
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refine the underlying cognitive skills that contribute to learning-related behaviors in the 

classroom, while simultaneously acquiring important academic knowledge. As previously 

mentioned, recent work points toward math instruction as a particularly promising, yet relatively 

overlooked, instructional candidate for supporting growth in EF.  

Early Childhood Math Instruction as a Potential Tool for Supporting Growth in EF 

While it is well-known that EF underlies the development of many academic skills (e.g., Ahmed 

et al., 2018; Best et al., 2011; Blair & Razza, 2007; Brock et al., 2009; Duncan et al., 2007; 

McClelland et al., 2014; Morgan et al., 2019a; Morgan et al., 2019a; Nguyen & Duncan, 2019; 

Sung & Wickrama, 2018; Willoughby et al., 2012), it is thought to play a particularly important 

role in math learning. A relatively large body of literature has documented stronger concurrent 

and predictive relations between EF and math, compared to EF and other academic skills such as 

reading and literacy (e.g., Blair et al., 2015; Blair & Razza, 2007; Schmitt et al., 2014; Schmitt et 

al., 2017). Theoretically, EF may demonstrate stronger relations with math compared to other 

academic skills due to the fact that math is a particularly complex skill that requires the 

coordination of multiple cognitive capacities (Andersson, 2007). For example, when solving 

complex math problems, young children must ignore irrelevant information, identify the problem 

to be solved, hold multiple pieces of information in mind at once and shift strategies if the 

original approach does not work. EF skills therefore allow young children to engage and 

integrate the cognitive processes required to perform more complex math problems. Further, 

math abilities are thought to develop in a hierarchical fashion with early math skills laying the 

foundation for the acquisition of more complex mathematical skills and concepts (Clements et 

al., 2016; Sarama & Clements, 2009). The increasingly complex nature of math learning may 

continuously engage EF processes throughout development to a greater extent than the 
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development of other academic skills, such as reading, that may become automatized earlier on 

(Clements et al., 2016). In other words, when learning math, children are constantly having to 

push themselves beyond their current level of understanding in order to acquire more advanced 

concepts and skills – a process that is heavily reliant on EF (Clements et al., 2016; Vosniadou et 

al., 2018). Overall, the robust associations between EF and math throughout early childhood 

have led many to conclude that EF is foundational for early math learning (e.g., Blair et al., 

2008; Blair & Razza, 2007; Brock et al., 2009; Cragg & Gilmore, 2014; Purpura et al., 2017). 

Intriguingly, more recent work suggests that the inverse relation may also hold, namely that early 

math abilities play a foundational role in the development of EF.   

A growing body of literature has documented bidirectional relations between EF and 

math across preschool and kindergarten, in which initial math predicts growth in EF to a similar 

extent that initial EF predicts growth in math (Cameron et al., 2019; Fuhs et al., 2014; McKinnon 

& Blair, 2019; Schmitt et al., 2017; ten Braak et al., 2019; Welsh et al., 2010; Wolf & McCoy, 

2019). The reciprocity in the relation between EF and math is thought to stem from the 

hierarchical nature of early math learning (Clements et al., 2016). Specifically, children who 

enter the classroom with better foundational math knowledge may be better able to engage with 

more advanced math activities. By engaging with more advanced math activities, in addition to 

gaining math knowledge and skills, the child is also practicing and thereby further refining the 

underlying EF skills necessary to learn more advanced math. In this way, early childhood math 

instruction may help children develop the skills they need for acquiring the “how to learn” 

capacities (e.g., paying attention, following directions, carrying out a sequence of steps in-order 

to meet a goal) necessary for a successful transition to formal schooling.  
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Gaps in the Literature 

Overall, the research reviewed above suggests that early childhood math instruction might be an 

accessible and low-cost tool for supporting growth in both EF and math amongst those growing 

up in low-income households as they transition from early childhood to more formal schooling. 

Specifically, children who are exposed to more math instruction in early childhood may have 

more opportunities to not only acquire important math knowledge and skills, but also exercise 

and refine the underlying EF skills that are elicited through math learning.  

 However, the potential for early childhood math instruction to support growth in EF 

prior to the start of formal schooling remains theoretical in nature as few studies have 

empirically investigated this hypothesis. While there is some evidence to suggest that exposure 

to math instruction in preschool is associated with higher EF skills among children growing-up 

in low-income households by the end of preschool (Fuhs et al., 2013), it remains unknown 

whether these effects persist across kindergarten and the transition to first grade. As previously 

mentioned, the transition to formal schooling places new demands on EF as young children learn 

to navigate the many cognitive, behavioral, and social challenges that are associated with 

adapting to a more regimented school environment. As such, identifying tools for supporting 

growth in EF across this time period is particularly important. Further, no study has yet 

considered whether the EF benefits of math instruction may differ according to the child’s initial 

skill levels. This is especially pertinent when studying low-income populations as children 

growing up in poverty tend to display poorer, yet widely varying, EF skills (Hair et al., 2015; 

Lawson et al., 2014; Lawson & Farah, 2017; Noble et al., 2007), which may influence, for better 

or for worse, the extent to which they are able to reap the EF benefits associated with early math 

learning. As a result, the overall aim of the first study in this two-study dissertation is to 
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further understand the extent to which early childhood math instruction may act as a tool 

for supporting growth in EF among children growing up in low-income households as they 

transition from early childhood to more formal schooling.  

 Further, questions remain regarding the specific components of early mathematics that 

may be most likely to support growth in EF. Specifically, despite widespread understanding that 

early math learning involves the acquisition of many distinct early numeracy skills, prior studies 

documenting reciprocity in the longitudinal relations between EF and math have all 

operationalized math as a general construct (Cameron et al., 2019; Fuhs et al., 2014; McKinnon 

& Blair, 2019; Schmitt et al., 2017; ten Braak et al., 2019; Welsh et al., 2010; Wolf & McCoy, 

2019). In these studies, math is most commonly measured using the Applied Problems subtask 

from the Woodcock-Johnson -- a standardized task that aggregates scores across a wide range of 

different math skills (e.g., number identification, counting, word problems, and the ability to tell 

time and count money) into a single measure of general math achievement. Therefore, although 

is some evidence from unidirectional longitudinal studies (EF → math) to suggest that EF plays 

a broad in the early development of multiple components of early mathematics (Röthlisberger et 

al., 2013; Simanowski & Krajewski, 2019), the extent to which specific components of early 

mathematics might also predict subsequent growth in EF (the inverse relation) has yet to be 

investigated. 

Investigating reciprocity in the longitudinal relations between EF and specific 

components of early mathematics is a worthwhile endeavor as there is reason to believe that 

certain early math skills (e.g., conceptual counting knowledge) might play a larger role in EF 

development than others (e.g., basic numerical fluency). If this is the case, then it would suggest 

that the previously reported reciprocity in the longitudinal relations between EF and math 
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achievement may be specific to certain aspects of early math learning. Investigating this is 

important as it would help elucidate the specific mechanisms by which EF and math impact the 

development of the other and may also offer more targeted recommendations to educators in 

terms of the types of early math skills that might be most conducive to supporting growth in both 

math and EF. Therefore, the overall aim of Study 2 is to identify the specific aspects of early 

mathematics that predict growth in EF and vice versa. Further, because children growing up 

in low-income households might benefit the most from efforts to support EF development, 

particularly across the transition to formal schooling (Albert et al., 2020; Deer et al., 2020; 

Finders et al., 2021; Fitzpatrick et al., 2014; Lawson & Farah, 2017; Nesbitt et al., 2013), I 

investigate this question among a sample of children from low-income families across 

kindergarten and the transition to first grade.  

Together the findings from the current dissertation stand to inform both theory and 

practice. In particular, the findings from Study 2 will help to refine current theories regarding the 

role of EF and math in the development of one other across a critical period of development, as 

children transition to formal schooling. With regards to practice, the findings from Study 1 will 

be among the first to speak to the extent to which the benefits of general early math instruction 

extend beyond math learning to include support for EF development among young children 

growing up in low-income households, and in particular, those who are most at risk for 

compromised EF development. Finally, the findings from Study 2 will begin to shed light on the 

specific aspects of early math learning that may be especially conducive to supporting growth in 

EF across the transition to formal schooling. 
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STUDY 1: CAN EARLY CHILDHOOD MATH INSTRUCTION SUPPORT GROWTH 

IN EXECUTIVE FUNCTIONING ACROSS KINDERGARTEN AND THE 

TRANSITIION TO FIRST GRADE? 
 

Introduction 

As highlighted above, an important policy goal is to determine how best to support the 

development of EF among children growing up in low-income households in order to ensure that 

all children, regardless of their socio-economic circumstances, begin formal schooling with the 

EF skills necessary to succeed. Notably, recent work documenting bidirectional relations 

between EF and math across early childhood (Cameron et al., 2019; Fuhs et al., 2014; McKinnon 

& Blair, 2019; Schmitt et al., 2017; ten Braak et al., 2019; Welsh et al., 2010; Wolf & McCoy, 

2019) has led many to suggest that early childhood math instruction might be one particularly 

efficient method of supporting growth, not only in math, but also EF. Specifically, children who 

are exposed to more math instruction in early childhood may have more opportunities to exercise 

and refine the underlying EF skills that are elicited through math learning, in addition to 

acquiring important math knowledge and skills. If this is the case, then it would suggest that one 

could simply leverage instructional practices that are already occurring in the classroom, rather 

than relying on intensive and costly interventions, to support growth in EF. However, the 

potential for early childhood math instruction to support growth in EF across the transition to 

formal schooling among children growing up in low-income households remains theoretical in 

nature, as few studies have empirically investigated this hypothesis. 

While there is some evidence to suggest that exposure to math instruction in preschool is 

associated with higher EF skills among young children growing up in low-income households by 

the end of preschool (Fuhs et al., 2013), it remains unknown whether these effects persist across 

kindergarten and the transition to first grade. The transition from early childhood to formal 
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schooling places new demands on EF as young children learn to navigate the many cognitive, 

behavioral, and social challenges that are associated with adapting to a more regimented school 

environment. As such, identifying tools for supporting growth in EF across this time period is 

particularly important. Further, it is important to consider that the potential for math instruction 

to promote growth in EF may depend on the child’s initial EF skill. This is especially pertinent 

when studying low-income populations as children growing up in poverty tend to display poorer, 

yet widely varying, EF skills (Hair et al., 2015; Lawson, et al., 2014; Lawson & Farah, 2017; 

Noble et al., 2007), which may influence, for better or for worse, the extent to which they are 

able to reap the EF benefits associated with early math learning. Therefore, the overall aim of the 

first study in this two-study dissertation is to further understand the extent to which early 

childhood math instruction may act as tool for supporting growth in EF among children growing 

up in low-income households as they transition from early childhood to more formal schooling. 

Moderation by Initial EF Skills 

There are two hypotheses for how children’s initial EF skills may influence the extent to which 

they are able to reap the EF benefits associated with early math learning. On the one hand, a 

compensatory growth hypothesis would suggest that those with lower initial EF skills should 

benefit more from efforts to promote EF as these children have more room to grow. Evidence for 

compensatory growth has been observed across multiple intervention studies that aimed to 

promote growth in EF in early childhood (Bierman et al., 2008; Sasser et al., 2017, Jones et al., 

2014). For example, Sasser et al. (2017) investigated differential impacts of the Head Start 

Research-Based and Developmentally Informed (REDI) preschool intervention and found that 

participation in the intervention was associated with greater growth in EF across the transition to 

formal schooling particularly for those with the lowest incoming EF abilities. The authors 
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hypothesized that the developmental trajectories of children with lower initial EF skills may have 

been compromised due to higher levels of stress and/or fewer opportunities for cognitive 

stimulation (Blair & Raver, 2012; Lurie et al., 2021; Rosen et al., 2020; Yu et al., 2021). The 

authors reasoned that the support and structure offered through the intervention may have 

compensated for a lack of cognitive and emotional support offered in other environments, 

leading to the larger effects on EF for those with the lowest-incoming EF skills. A similar 

argument could be made for why we might expect math instruction to be associated with larger 

gains in EF for those with the lowest incoming EF skills. If lower EF skills upon school entry are 

due, at least in part, to fewer opportunities for engaging in cognitively stimulating activities (e.g., 

math learning) outside of school (Lurie et al., 2021; Rosen et al., 2020; Yu et al., 2012), then 

increased exposure to math learning in the classroom may compensate for this, resulting in larger 

gains in EF for those with the lowest-incoming EF skills. This would provide evidence to suggest 

that early childhood math instruction is a viable tool for supporting growth in EF particularly 

amongst those who need it the most. 

On the other hand, a cumulative advantage hypothesis would suggest the opposite -- that 

it is those with the highest incoming EF skills who stand to benefit the most from math 

instruction in the classroom. Prior research suggests that EF skills subserve learning-related 

behaviors, such as paying attention, sitting still, and inhibiting impulses (Anthony & Ogg, 2020; 

Brock et al., 2009; Nesbitt et al., 2015; Rimm-Kaufmann et al., 2009; Sasser et al., 2015). As a 

result, children with stronger EF capacities may be better equipped with the skills necessary to 

take advantage of math learning opportunities in the classroom and therefore may be more likely 

to reap the EF benefits associated with math learning compared to those with lower incoming EF 

skills.  
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To sum, there is reason to believe that the capacity for math instruction to support growth 

in EF may differ according to the child’s initial EF skills. However, it remains unclear as to 

whether initial under-performers stand to gain more or less from math instruction compared to 

initial high-performers. Distinguishing between these two hypotheses is important as the former 

would suggest that math instruction may be a particularly effective tool for supporting growth in 

EF amongst those who need it the most, while the latter would suggest that the benefits of math 

instruction for EF development may only apply to those with already well-developed EF 

capacities. 

Current Study 

Overall, although there is some evidence to suggest that exposure to math instruction in 

preschool is associated with greater gains in EF across the preschool year (Fuhs et al., 2013), no 

study has yet investigated whether these effects persist across the transition to formal schooling 

when EF demands are heightened. Further, it remains unknown whether the EF benefits 

associated with early math learning depend on the child’s initial EF skills. Understanding this is 

important as it would speak to the extent to which early math instruction is a viable tool for 

supporting growth in EF amongst those who require the most support. This is particularly 

relevant when studying low-income populations as children growing up in low-income 

households are more likely to belong to the group of children who require the most support (Hair 

et al., 2015; Lawson, et al., 2014; Lawson & Farah, 2017; Noble et al., 2007). As a result, the 

overall aim of the first study in this two-study dissertation is to further understand the extent to 

which early childhood math instruction may act as tool for supporting growth in EF among low-

income children as they transition from early childhood to more formal schooling. Specifically, I 

ask two research questions. First: Does exposure to math instruction in early childhood (prek 
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and kindergarten) promote growth in EF across kindergarten and the transition to first grade? 

Given prior research demonstrating a foundational role for early math skills in EF development 

(e.g., Cameron et al., 2019; McKinnon & Blair, 2019; Schmitt et al., 2017), I hypothesize that 

more opportunities for math learning in the classroom will be associated with greater growth in 

EF across kindergarten and the transition to first grade. Second: Does the influence of exposure 

to math instruction in early childhood on growth in EF across kindergarten and the transition to 

first grade depend on children’s initial EF skills? Here, I put forward two hypotheses. For one, 

children who start out lower in EF have more room to grow and therefore might benefit more 

from math instruction than initial high-performers (compensatory growth hypothesis). 

Alternatively, those who enter the classroom with higher EF may be better able to take advantage 

of math learning opportunities and therefore may benefit more from math instruction, in terms of 

subsequent growth in EF, compared to their lower-performing peers (cumulative advantage 

hypothesis). 

Method 

 

Data Source 

Data for both studies in this dissertation were drawn from the Tulsa School Experiences and 

Early Development (SEED) Study, a multi-year longitudinal study that aims to understand how 

classroom processes across pre-k, kindergarten, and the early elementary grades, contribute to 

both short- and long-term impacts of pre-k education with a particular focus on the self-

regulatory development of children growing up in low-income households. The SEED study 

began in 2016 when children were three years of age and will continue through 4th grade (2023). 

Currently, data are available up until the fall of first grade (spring assessments were interrupted 

due to COVID-19). In the three-year-old year, participating children attended one of three 
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publicly-funded center-based ECE programs in Tulsa, Oklahoma that serve this age group (CAP-

Tulsa Head Start, Educare, and community-based childcare centers). All three of these programs 

targeted children from low-income families and fed into Tulsa Public Schools (TPS) school-

based pre-k programs that serve primarily low-income students (defined as a school in which 

80% of the student body qualified for free- or reduced-price lunch). In the four-year-old pre-k 

year, participating children either remained in one of the three ECE programs that also serve 

three-year-olds or migrated into TPS school-based pre-k. From kindergarten onwards, all 

participating children were enrolled in TPS classrooms.  

Although the SEED study began in pre-k, the direct assessment of EF switched from the 

EF-Touch (Willoughby et al., 2010) in pre-k to the NIH Toolbox (Zelazo et al., 2013) from 

kindergarten onwards. Therefore, in both studies in this dissertation, growth in EF is investigated 

across the three time points in which EF was assessed using the same measure (fall of 

kindergarten, spring of kindergarten, fall of first grade). Therefore, the fall of kindergarten is 

treated as the starting point when defining the analytic sample.  

Analytic Sample 

In the fall of kindergarten, 1092 children were eligible to participate in the study (i.e., the child 

was enrolled in a participating TPS classroom, was not contained in a special education 

classroom, and did not have serious vision or hearing problems). Of these children, 1034 actually 

participated, meaning that they had at least some assessment data this time point. Of these 

children, three were retained in pre-k classrooms and were therefore dropped from the analysis 

sample. The final analysis sample therefore consisted of 1031 children who participated in the 

study in the fall of the kindergarten year. Although some children attrited from the study by the 

fall of first grade (n = 161; 16%), missing data were accounted for using full-information 
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maximum likelihood (FIML) in MPLUS which allowed for all of the 1031 initial participants to 

be retained in the analyses. Of the 1031 participating children, 862 also participated in the study 

in the prior pre-k year (84%). As can be seen in Table 1, the full analytic sample was 50% 

female, 45% Hispanic, and primarily low-income. However, in analyses where I look at 

preschool predictors of growth, the analytic sample is restricted to those who also participated in 

the study in their preschool year (n = 862)1. Notably, the restricted sample looked similar to the 

full sample in terms of demographics (see Table 1), although those who were retained in the 

sample were slightly higher-income on average compared those who were dropped (t = 3.29, p = 

.001).  

Table 1  

Demographic information for the full and restricted analytic sample 

Notes. The restricted sample is made up of those who were also in the study in the preschool year. 
 

Children’s lead teachers were asked to participate by providing access to classroom 

observations, allowing participating children to be pulled out for direct assessments during the 

school day, providing fall and spring ratings of participating children’s behavior, and completing 

a teacher survey containing questions about their own background and well-being. Children’s 

parents were also asked to participate by completing a demographic survey.  

 
1 This is because I control for clustering within classrooms and FIML does not apply to those who are 

missing an ID for the clustering unit. 

Table 1

M /% SD Min Max n M /% SD Min Max n

Female 49.85 - - - 1031 50.12 - - - 862

White 15.32 - - - 1031 14.27 - - - 862

Black 21.73 - - - 1031 22.39 - - - 862

Hispanic 45.49 - - - 1031 48.96 - - - 862

Other Race 7.66 - - - 1031 6.50 - - - 862

Less than HS (Parent ED) 27.96 - - - 701 28.83 - - - 600

HS (Parent ED) 32.10 - - - 701 30.50 - - - 600

More than HS (Parent ED) 39.94 - - - 701 40.67 - - - 600

Age at T1 (months) 66.79 3.64 59.40 79.06 1031 66.78 3.64 59.40 79.06 862

Household Income (monthy) 2095.94 1446.31 0.00 7916.67 665 2185.89 1464.93 0.00 7916.67 536

Full Sample (n  = 1031) Restricted Sample (n  = 862)

Demographic Information for the Full and Restricted Analytic Sample

Notes.  The restricted sample is made up of those who were also in the study in the preschool year. 
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Procedure 

Child Assessments 

Direct assessments of children’s skills occurred in the fall (September-November 2018) and 

spring (March-May 2019) of kindergarten, as well as the fall of first grade (September-

November 2019). Individual children were assessed by trained research assistants in a quiet area 

outside of the classroom. Children completed 10 assessments that were split into two 35-minute 

sessions over the course of two-days to minimize children fatigue. The tasks were administered 

in a set order to maintain consistency across children. In the current study, growth in EF from the 

fall of kindergarten to the fall of first grade is the outcome of interest2.  In both years, the EF 

tasks were administered on the second day of assessments. 

Children’s demographic information was obtained from administrative records provided 

by TPS as well as the parent survey. Parents were surveyed in the winter/spring of kindergarten 

(February-June 2019). Parents were sent a link to an electronic survey in Qualtrics via text 

message and email. Paper copies were also sent home in children’s backpacks. The survey was 

provided in both English and Spanish and took roughly 15-20 minutes to complete. Parents were 

provided with an incentive ($30 gift card) for completion. Variables from the parent survey (i.e., 

parent education and household income) were used as control variables across both studies in 

this dissertation. 

 
2 I do not include preschool EF in the growth curve because EF was assessed using a different measure at 

this time point. However, in the current study, I do include assessment of children’s EF skills as measured 

by the EF-Touch in preschool as a control/moderator. The procedure for the collection of preschool child 

assessment data was the same as that for kindergarten and first grade, although, these assessments took 

place in the fall and spring of the 2017/2018 school year and testing sessions were 25 minutes instead of 

35.  
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Classroom Observations 

Pre-k and kindergarten classroom observations occurred on a single morning during a 3.5 to 4-

hour session over a 9-week period between January and March of 2018 (pre-k) and 2019 

(kindergarten). Although multiple instruments were completed in each classroom, those that 

captured exposure to math instruction were of primary interest in the current study. Exposure to 

math instruction was documented using the Narrative Record (NR, Farran et al., 2016) in 

preschool and the Child Observation in Primary Grades (COPG)/Teacher Observation in Primary 

Grades (TOPG) in kindergarten (Peabody Research Institute, 2017a, 2017b). The NR and the 

COPG/TOPG are similar measures developed by the same team at Vanderbilt University. The 

main difference between the two is that the NR focuses on the classroom as a whole, while the 

COPG/TOPG provides separate codes for individual children (COPG) and teacher (TOPG) 

behaviors. For each classroom, one trained observer completed the NR in the preschool year or 

the COPG/TOPG in the kindergarten year. Classroom teachers were instructed to continue with 

their usual activities and not to alter their behavior or classroom routine in the presence of 

researchers. No single observer completed more than 19 observations over the 9-week period.  

Training and Reliability. All data collectors were experienced, degreed (i.e., had 

completed BA degrees in education, human development, or psychology) coders, with an 

average of 3 years’ experience collecting observational classroom quality data in early childhood 

settings. For all classroom observation measures, guidance was provided by the tool’s authors for 

training, certification, and reliability procedures.  

 Given that the NR and the COPG/TOPG are similar measures developed by the same 

team, the same certification and reliability protocol was used for both tools (although the 

certification process took place in subsequent years for each tool). Specifically, observers were 
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certified to administer either tool after attending a two-day in-person training session provided 

by the tools’ development team from Vanderbilt University. Two observers became gold-

standard coders by reaching at least 80% agreement (exact match) with a Vanderbilt trainer on 

each dimension across two live practice classroom visits. Other observers were certified as 

reliable by the Vanderbilt training team, or one of the two gold-standard coders, during three to 

four live practice visits if they achieved an average of 80% agreement across all dimensions and 

counts, with no single dimension or count falling below 70% agreement. Following 

recommendations by the tools’ developers to use consensus scoring to maintain reliability during 

data collection (Farran et al., 2016), observers’ codes were reviewed by a gold-standard coder 

after each live classroom visit. The respective manual (for either the NR or the COPG/TOPG) 

was used to verify that observers’ notes had sufficient evidence to support the codes assigned 

and all questions were addressed prior to assigning the final codes. Observers who disagreed 

with the gold-standard coder for more than 10% of the codes in any dimension were required to 

meet in-person with the gold-standard coder to review the coding manual for that dimension.  

Measures 

Executive Functioning 

 

Across kindergarten and first grade, EF was assessed using three tasks from the Cognitive 

Battery of the NIH Toolbox (ages 3-6; Zelazo et al., 2013) that tap three components of EF: The 

Flanker Inhibitory Control and Attention Test (inhibitory control), the Dimension Change Card 

Sort Test (cognitive flexibility) and the Picture Sequence Memory Test (working memory). All 

three tasks were administered on an iPad. The assessor read the instructions from the iPad and 

advanced the screen according to the instructions.  
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 Flanker Inhibitory Control and Attention Test. This task was used to assess inhibitory 

control. Children were shown three fish presented in a horizontal row and asked to indicate the 

direction that the middle fish was pointing. In some trials, the middle fish was pointing in the 

same direction as the two “flanker” fish (congruent) and in other trials the middle fish was 

pointing in the opposite direction (incongruent). In this task, children had to inhibit their 

attention to the flanker fish when asked to indicate the direction of the target fish.  

 Dimensional Change Card Sort Test (DCCS). This task was used to assess cognitive 

flexibility. Children were presented with two target pictures that varied along two dimensions 

(e.g., shape and color) and asked to match a series of bivalent test pictures (e.g., yellow balls and 

blue trucks) to the target. Children were asked to first match the picture according to one 

dimension of the target stimuli (e.g., shape) and then after a series of trials, according to the other 

(e.g., color). “Switch” trials were also administered in which the dimension being matched 

suddenly changed. In this task, children had to use their cognitive flexibility to switch from the 

prior rule to the current rule.  

 Picture Sequence Memory Test. This task is an assessment of episodic memory, which 

is similar to working memory insofar as both constructs involve the acquisition, storage and 

effortful recall of new information (Lee et al., 2000; Van der Linden et al., 2000)3. In this task, 

children were presented with a series of pictures, and after two learning trials, were asked to 

recall the order that the pictures were presented in. The number of pictures in the series increased 

as children progressed throughout the task. Participants received one point for every adjacent 

 
3 The Cognitive Battery of the NIH Toolbox for ages 3-6 does not include a direct test of working 

memory. The Picture Sequence Memory Test was chosen due to the strong similarities between episodic 

memory and working memory.  
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pair of pictures that they placed correctly. For example, if the child placed pictures 3 and 4 in 

slots 1 and 2, they still earned a point.  

 Task Scoring. Children’s performance on all three tasks was assessed using the 

uncorrected standard score. The uncorrected standard score uses a normative metric (M = 100, 

SD = 15) and compares the performance of the participant to the entire NIH Toolbox nationally 

representative sample, regardless of age or other demographics (Slotkin et al., 2012). This score 

can be used to look at change in performance over time. Performance across all three tasks was 

later combined into a latent EF variable based on a large body of literature indicating that EF is 

best measured as a unitary construct at this stage in development (e.g., Garon et al., 2008; 

Hughes et al., 2009; Miller et al., 2012; Nguyen et al., 2019; Wiebe et al., 2011; Willoughby et 

al., 2012). 

Exposure to Math Instruction 

Exposure to math instruction in preschool and kindergarten was operationalized in six different 

ways according to the measure and the distribution of the data. These six variables are 

summarized in Table 2 and described in detail below.
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Table 2  

Summary of the preschool and kindergarten math instruction variables 

 
a While the narrative record is coded in terms of distinct episodes of time, the TOPG is coded in terms of observational sweeps. Given that a higher percentage of 

sweeps spent on math indicates that more time was devoted to the subject, I refer to both the preschool and kindergarten variables as reflecting the % of time 

spent on math for ease of interpretation. 

 

 

 

 

 

 

 

 

 

 

 

Variable Description

Preschool Math Instruction (Narrative Record)

1. % of time spent on preschool math instruction Continuous variable reflecting the percentage of time spent on preschool math instruction across the observation period. 

2. % of time spent on preschool math instruction (>0) Continuous variable reflecting the percentage of time spent on preschool math instruction for those in classrooms that spent at 

least some time on math instruction across the observation period. 

3. Spent at least some time on preschool math instruction Dummy variable that is coded as 1 if the child was in a preschool classroom that spent at least some time on math instruction 

and 0 if the child was in classroom that spent no time on math instruction.

Kindergarten Math Instruction (TOPG)

4. % of time
 
spent on kindergarten math instruction Continuous variable reflecting the percentage of sweeps

a
 spent on kindergarten math instruction across the observation period. 

5. % of time spent on kindergarten math instruction (>0) Continuous variable reflecting the percentage of sweeps spent on kindergarten math instruction for those in classrooms that 

spent at least some sweeps on math instruction across the observation period. 

6. Spent at least some time on kindergarten math 

instruction

Dummy variable that is coded as 1 if the child was in a kindergarten classroom that spent at least some sweeps on math 

instruction and 0 if the child was in classroom that spent no sweeps on math instruction.
a
While the narrative record is coded in terms of distinct episodes of time, the TOPG is coded in terms of observational sweeps. Given that a higher percentage of sweeps spent on math 

indicates that more time was devoted to the subject, I refer to both the preschool and kindergarten variables as a reflection of the % of time spent on math for ease of interpretation.

Table 2

Summary of Preschool and Kindergarten Exposure to Math Instruction Variables
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 Preschool Math Instruction. Exposure to math instruction in preschool was captured 

using the Narrative Record (NR; Farran et al., 2016). The NR is a descriptive record of the type 

and amount of time spent in activities throughout distinct episodes of time during the school-day. 

For each episode, the observer recorded the instructional content (e.g., math), rated the quality of 

the instruction (ranging from low levels of instruction to highly inferential instruction) and the 

level of student engagement. A new episode started each time the activity type or content of 

instruction changed for more than 75% of the students for at least one minute. The primary 

variable of interest was the percentage of time spent on math instruction throughout the 

observation period. However, as can be seen in Figure 1, the distribution of the percentage of 

time spent on math instruction in preschool was skewed toward 0, with 25% of children 

receiving no math instruction. For this reason, time spent on math instruction in preschool was 

operationalized in three different ways: 1) % of time spent on preschool math instruction 2) % of 

time spent on preschool math instruction for those who were in a classroom that spent at least 

some time on math instruction (>0) and 3) a dummy variable indicating whether the child was in 

a classroom that spent at least some time on preschool math instruction. 
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Figure 1. Histogram displaying the frequency of observations across all levels of the % of time 

spent on preschool math instruction variable (NR) 

 

 Kindergarten Math Instruction. Exposure to math instruction in kindergarten was 

captured using the Child Observation in Primary Grades (COPG) and the Teacher Observation in 

Primary Grades (TOPG) (Peabody Research Institute, 2017a, 2017b). The COPG/TOPG is 

similar to the NR in the sense that it is a descriptive record of the type and amount of time spent 

in activities throughout the school-day, however, the COPG/TOPG provides distinct codes for 

teacher (TOPG) and child behaviors (COPG). Specifically, the TOPG includes codes that reflect 

what is occurring in the classroom from the teacher’s perspective. Such codes include the content 

of instruction (e.g., math) provided by the teacher, as well as the quality of said instruction 

(ranging from low levels of instruction to highly inferential instruction). The COPG on the other 

hand provides codes for individual child behaviors that are later aggregated at the classroom-

level to reflect the average child’s classroom experience. Such codes include the instructional 

focus of the activity that the child is engaged in as well as their level of engagement in said 
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activity. While the NR is coded in terms of distinct episodes of time, the COPG/TOPG is coded 

in terms of observational sweeps. An observational sweep refers to a period of time between 3-5 

seconds during which the observer focuses on one individual and then codes each dimension for 

that specific child or teacher. Observers first coded the lead teachers, followed by any assistant 

teachers, and then each child in the classroom (including non-study children). One sweep was 

completed after every individual in the classroom was coded. The observer then returned to the 

teacher to begin the next sweep. The primary variable of interest was the percentage of sweeps 

spent on math instruction throughout the observation period from the teacher’s perspective 

(TOPG). Given that a higher percentage of sweeps spent on math indicates that more time was 

devoted to the subject, from here on out, I refer to this variable as reflecting the percentage of 

time spent on kindergarten math instruction for ease of interpretation. I opted to focus on the 

percentage of time spent on math from the teacher’s perspective (TOPG), rather than the child’s 

perspective (COPG), as this is most similar to how time spent on math was captured in preschool 

using the NR. 

Similar to above, the distribution of the percentage of time spent on math in kindergarten 

was highly skewed toward 0, with 46% of participating children belonging to a kindergarten 

classroom in which the teacher spent no time on math instruction (see Figure 2). As a result, time 

spent on math instruction in kindergarten was operationalized in the same three ways as 

described above: 1) % of time spent on kindergarten math instruction, 2) % of time spent on 

kindergarten math instruction for those who were in a classroom that spent at least some time on 

math instruction (>0) and 3) a dummy variable indicating whether the child was in a classroom 

that spent at least some time on kindergarten math instruction. 
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Figure 2. Histogram displaying the frequency of observations across all levels of the % of time 

spent on kindergarten math instruction variable (TOPG) 

 

Covariates 

Several covariates were included to account for potential confounding of the relation between 

exposure to early childhood math instruction and growth in EF. These covariates included child 

demographics, preschool EF skills, the quality of and engagement with math instruction, 

indicators of overall classroom quality, as well as teacher demographics. Further, for any 

significant interactions with baseline EF, I control for baseline math skills as a robustness check.   

 Child Demographics. In terms of child demographics, I controlled for child age in the 

fall of the kindergarten year, child race (1 = Hispanic, 0 = white, black, or other)4, female gender, 

parent education (1 = less than high school, 2 = high school, 3 = more than high school) and 

 
4 Race was coded in this way because nearly 50% of the sample identified as Hispanic.  
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monthly household income. Further, in analyses where I look at preschool predictors of growth, I 

controlled for the child’s preschool setting (1 = TPS, 0 = Head Start/Educare).  

 Preschool EF. As mentioned previously, EF skills in preschool were assessed using a 

different measure (EF-Touch) than the one used from kindergarten onwards (NIH Toolbox). For 

this reason, preschool EF was not included in the growth curve. However, when looking at 

preschool math instruction as a predictor of growth in EF across kindergarten and the transition 

to first grade, I control for children’s EF skills at the end of the preschool year. This ensures that 

any children who do display greater growth in EF as a result of spending more time on math 

instruction in preschool did not have higher EF skills to begin with. Further, when investigating 

whether the influence of preschool math instruction on growth in EF depends on incoming EF 

skills, I include EF skills measured in the fall of preschool (i.e., children’s EF skills before they 

experienced preschool math instruction) as a moderator. Children’s EF skills in the fall and 

spring of preschool were captured using the EF-Touch (Willoughby et al., 2012).  

The EF-touch is a computerized battery of tasks that measure 3 components of EF: 

inhibitory control, cognitive flexibility, and working memory. In the preschool year, four 

subtests were administered: The Spatial Conflict Arrows Task (inhibitory control), the Silly 

Sounds Stroop Task (inhibitory control), the Something’s the Same Task (cognitive flexibility), 

and the Working Memory Span Task (working memory). Performance on each task was scored 

in terms of the proportion of items correct. A composite score was created by taking the average 

of performance across all tasks (in both the fall and spring of preschool). This composite score 

was entered as a control/moderator in any analyses that included exposure to preschool math 

instruction as a predictor.  
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Quality of and Engagement with Math Instruction. When looking at time spent on 

math instruction as a predictor of growth, it is important to consider both the quality of, and 

engagement with, said instruction. Quality of math instruction was captured using the NR in 

preschool and the TOPG in kindergarten. Across both measures, instructional quality was 

operationalized as the extent to which the teacher invoked inferential learning (i.e., provided 

opportunities for the child to reflect, ask questions, make comparisons). This variable was rated 

on a 4-point scale ranging from 1 (no instructional demands) to 4 (high inferential learning). 

Notably, however, the majority of math instruction that occurred in both preschool and 

kindergarten was rated as a level 2 (i.e., basic skill instruction with no inferential questions). 

Specifically, 92% of participating children in preschool, and 96% of participating children in 

kindergarten, were in classrooms in which the average quality of math instruction was rated as 

basic skill instruction. Due to the limited variability in average instructional quality across both 

years, I ultimately decided not to include it as a control in any analyses.   

Engagement with math instruction was captured using the NR in preschool and the 

COPG in kindergarten. Across both measures, average classroom engagement with math 

instruction was rated on a five-point scale ranging from 1 (low) to 5 (high). Although not 

necessarily normally distributed, the engagement variable displayed more variability than the 

quality variable (see Figures 3 & 4) and was therefore included as a control in the analyses.  
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Figure 3. Histogram displaying the frequency of observations across all levels of the engagement 

in preschool math instruction variable (NR) 
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Figure 4. Histogram displaying the frequency of observations across all levels of the engagement 

in kindergarten math instruction variable (COPG) 

 

Classroom Quality. Finally, it is possible that preschool and kindergartener teachers 

who spend more time on math instruction may also score higher on other indicators of classroom 

quality such as classroom organization, emotional support, and instructional support. Given that 

these aspects of classroom quality (particularly classroom organization) have previously been 

shown to promote growth in EF (for a recent review see Vandenbroucke et al., 2018), I control 

for them in all analyses. In the current study, these three dimensions of classroom quality were 

captured using the Emotional Support, Classroom Organization, and Instructional Support 

subscales from the Classroom Assessment Scoring System (CLASS; Pianta et al., 2008) in both 

preschool and kindergarten. Each subscale was rated along a 7-point scale ranging from 1 (low 

quality) to 7 (high quality).  
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Teacher Demographics. In terms of teacher demographics, I controlled for race as well 

as other characteristics that have previously been associated with the amount of time devoted to 

math instruction including years of experience and level of education (Piasta et al., 2014).   

Initial Math Skills. For any significant interactions with baseline EF, I ran a robustness 

check in which I investigated if the interaction held after controlling for initial math 

achievement. In both preschool and kindergarten, children’s general math achievement was 

captured using the Woodcock-Johnson Test of Applied Problems (Woodcock et al., 2001). 

Analytic Strategy 

The analytic strategy proceeded in four stages: 1) confirmatory factor analysis (CFA) and tests of 

measurement invariance for latent EF; 2) unconditional growth curve model to estimate growth 

in latent EF; 3) conditional growth curve models including exposure to preschool/kindergarten 

math instruction as predictors of growth in EF (RQ #1); 4) moderation by initial EF skills (RQ 

#2). All analyses were conducted in a structural equation modeling (SEM) framework using 

MPLUS (version 8.4; Muthén & Muthén, 2017). SEM was chosen as the preferred analytic 

method in order to appropriately model the underlying latent structure of EF. To account for the 

multi-level structure of the data, I followed similar studies that have looked at classroom-level 

predictors of child-level growth using LGCM (e.g., Anders et al., 2012; Lehrl, et al., 2016) and 

used a maximum-likelihood estimator (MLR) that is robust to non-independence of observations. 

Missing data ranged from 5%-18% across all variables of interest and was accounted for using 

full-information maximum likelihood (FIML). Finally, I used the following criteria to assess 

model fit: A Root Mean Square Error of Approximation (RMSEA) and a Standardized Root 

Mean Square Residual (SRMR) < .08 and a Comparative Fit Index (CFI) and Tucker Lewis 

Index (TLI) > 0.90 (Hu & Bentler, 1999; Kline, 2015). I chose not to include chi-square as an 
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indicator of model fit due to the fact that this statistic is often unreliable when the sample size is 

large (Hu & Bentler, 1999; Kline, 2015).  

CFA and Tests of Measurement Invariance 

When examining growth in latent variables, an important first step is use of confirmatory factor 

analysis (CFA) to test whether the underlying latent structure of the construct of interest (in this 

case EF) holds over time (i.e., measurement invariance). Testing for measurement invariance 

involves the estimation of three increasingly constrained CFA models and associated tests of 

change in model fit (Bialosiewicz et al., 2013; van de Schoot et al., 2012).  

 The first step when testing for measurement invariance is to establish configural 

invariance. This is the baseline CFA model that tests whether the selected items significantly 

load onto the underlying construct at each time point. For example, if EF maintains a unitary 

structure across kindergarten and the transition to first grade, then all three EF items (WM, CF, 

and IC) should significantly load onto one underlying construct across all three time points. 

Configural invariance is established by running an unconstrained CFA model for each time point 

simultaneously. If the overall model fits the data well, then configural variance has been 

established.  

The next step is to test for metric (also referred to as weak) invariance (Bialosiewicz et 

al., 2013; van de Schoot et al., 2012). This model builds upon the configural model by requiring 

that the factor loadings for each item be equivalent at each time point. In other words, not only 

should the selected items significantly load onto the underlying construct at each time point, but 

the same item should load onto the underlying construct to the same extent across all time points. 

If the constraints imposed by the metric model do not lead to a significant reduction in model fit 

(compared to the configural model) then metric invariance has been established.  
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The final step is to test for scalar (also referred to as strong) invariance (Bialosiewicz et 

al., 2013; van de Schoot et al., 2012). This model builds upon the metric model by requiring that 

the item intercepts, in addition to the factor loadings, be equivalent over time. In other words, 

participants who have the same value on the latent construct should also have equal values on the 

observed items that contribute to the underlying construct at each time point (Bialosiewicz et al., 

2013; van de Schoot et al., 2012). If the constraints imposed by the scalar model do not lead to a 

significant reduction in model fit (compared to the metric model) then scalar invariance has been 

established. Notably, if full metric (loadings) or scalar (intercepts) invariance is not established, 

one can still establish partial metric/scalar invariance by freeing one loading/intercept at a time 

and reassessing the change in model fit (Bialosiewicz et al., 2013; van de Schoot et al., 2012). As 

long as at least two loadings/intercepts are constrained to be equal over time, one can reasonably 

conclude that the latent variable is capturing the same underlying construct across all time points 

(Byrne et al., 1989; van de Schoot et al., 2012).  

Unconditional Growth Curve Model 

 To estimate growth in latent EF across kindergarten and the transition to first grade, I ran an 

unconditional linear5 second-order latent growth curve model [LGCM (Hancock et al., 2001; 

also referred to as a “curve of factors model” (McArdle, 1988) or a “latent variable longitudinal 

curve model” (Tisak & Meredith, 1990)]. The second-order LGCM differs from the traditional 

LGCM in the sense that it evaluates growth in an unobserved latent variable measured by the 

same indicators over time (in this case EF), rather than an observed variable (Hancock, 2001). 

 
5 Given that I only had three time points, I was unable to estimate a non-linear growth model.   
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Importantly, this model accounts for individual variation in starting values and rates of change 

through the estimation of a random intercept factor and a random slope factor.  

The second-order LGCM model for growth in EF across kindergarten and the transition 

to first grade is visualized in Figure 5. The factor loadings for the intercept were fixed at 1 across 

all time points because the intercept is a constant for all individuals over time. To estimate a 

linear growth curve, the factor loadings for the slope were fixed at 0 (initial status; fall of 

kindergarten), 1 (spring of kindergarten) and 2 (fall of first grade). For model identification 

purposes, the mean of the intercept was fixed at 0, while the variance of the intercept, as well as 

the mean and variance of the slope, were freely estimated. A positive and significant slope factor 

means that, on average, children increased in their latent EF over time. Significant variation 

around the intercept and slope means that children varied in terms of where they started and how 

fast they grew, respectively. Finally, the latent intercept and slope factors were allowed to co-

vary.  
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Figure 5. Second-order LGCM model for growth in EF across kindergarten and the transition to 

first grade 

 

Conditional Growth Curve Models 

Next, to answer the first research question, which asked whether exposure to math instruction in 

early childhood promotes growth in EF across kindergarten and the transition to first grade, I 

estimated a series of conditional second-order LGCMs including exposure to math instruction as 

a predictor of individual variation in the latent intercept (set at later time points, i.e., where 

children end up) and slope. Treating the intercept as the outcome assesses whether those who 

were exposed to more math instruction in preschool/kindergarten demonstrate higher EF skills at 

later time points. Treating the slope as the outcome assesses whether those who were exposed to 

more math instruction in preschool/kindergarten demonstrate greater rates of change (i.e., 

growth) in EF across kindergarten and the transition to first grade.  
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I ran a separate conditional growth curve model for each operationalization of exposure 

to math instruction (refer back to Table 2; N = 6). Analyses that included preschool variables as 

predictors were restricted to those who participated in the preschool year of the study (n = 862) 

and included all of the covariates mentioned above. Analyses that included kindergarten 

variables as predictors were run on the full sample (N = 1031) and included all of the covariates 

mentioned above, with the exception of preschool EF and preschool setting.  

Moderation by Initial EF. Next, to answer my second research question which asked 

whether the influence of exposure to early childhood math instruction on growth in EF depends 

on children’s initial EF skills, I re-ran the analyses described above including interaction terms 

between the six different math instruction variables and incoming EF skills. Notably, the 

interaction terms were calculated differently for preschool and kindergarten predictors.  

Preschool Moderation. As previously mentioned, children’s EF skills in the fall of 

preschool were not included in the latent growth curve. Therefore, I calculated the interaction 

terms by multiplying observed fall of preschool EF skills with all three preschool math 

instruction variables (% of time spent on preschool math instruction; % of time spent on 

preschool math instruction (>0); spent at least some time on preschool math instruction). I then 

entered these interaction terms into the relevant models as predictors of both the intercept (set at 

the fall of kindergarten, spring of kindergarten, and fall of first grade) and the slope.  

Kindergarten Moderation. Unlike children’s initial EF skills in the fall of preschool, 

children’s initial EF skills in the fall of kindergarten were included in the latent growth curve. I 

therefore calculated the interaction term by setting the model intercept to the fall of kindergarten 

and then multiplying the intercept with each kindergarten math instruction variable (% of time 

spent on kindergarten math instruction; % of time spent on kindergarten math instruction (>0); 
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spent at least some time on kindergarten math instruction). I then included these interaction 

terms as predictors of the slope in the relevant models. However, unlike the above, I was unable 

to include this interaction term as a predictor of the intercept set at later time points (i.e., 

predicting EF skills in the spring of kindergarten and fall of first grade). This is because the 

model intercept had to be set at the fall of kindergarten in order to calculate the relevant 

interaction term, meaning that I was unable to calculate the relevant interaction term when the 

intercept was set at later time points.  

Robustness Check. Finally, as a robustness check I tested whether any significant 

interactions held after controlling for initial math achievement. This tells us whether children’s 

initial EF skills influence the extent to which they are able to reap the EF benefits of math 

instruction regardless of their initial math abilities. 

Results 

 

Descriptive statistics for the observed indicators of EF are displayed in Table 3. As can be seen 

in the table, children increased in their EF abilities over time. Descriptive statistics for the 

preschool and kindergarten predictors and covariates are displayed in Tables 4 and 5, 

respectively. As can be seen in the tables, the average amount of math instruction increased from 

preschool to kindergarten but was relatively low in both years (less than 10% of the observation 

period). Across both years, average classroom engagement in math instruction was high but 

average math instructional quality was low. As previously mentioned, 92% of children in 

preschool, and 96% of children in kindergarten, were in classrooms in which the average 

instructional quality was rated as basic instruction without inferential learning. Correlations 

between the predictor and outcome variables can be found in Table 6. 
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Table 3 

Descriptive statistics for all indicators of latent EF at each time point 

 
Note. Performance was assessed using the uncorrected standard score which uses a normative metric (M = 100, SD = 

15).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3

Descriptive Statistics for all Indicators of Latent EF at Each Time Point

M SD Min Max n

Fall of Kindergarten

Cognitive Flexibility 64.84 19.37 32 110 901

Inhibitory Control 62.92 19.63 22 111 924

Working Memory 87.12 13.24 67 129 945

Spring of Kindergarten

Cognitive Flexibility 69.73 19.68 32 114 952

Inhibitory Control 68.69 18.61 16 112 955

Working Memory 91.36 14.63 67 129 947

Fall of First Grade

Cognitive Flexibility 76.05 18.56 32 112 880

Inhibitory Control 74.80 18.12 24 111 878

Working Memory 94.61 14.59 67 129 878

Notes.  Performance was assessed using the unccorrected standard score which uses a normative metric (M  = 100, 

SD  = 15)
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Table 4  

Descriptive statistics for the preschool predictors and covariates 

 
Note. Analyses that included preschool predictors were run on a restricted sample of those who also participated in 

the study in their preschool year (n = 862). 

 

 

 

 

 

 

 

Table 4

Descriptive Statistics for Preschool Predictors and Covariates

M/% SD Min Max n

% of Time Spent on Preschool Math Instruction 4.87 5.23 0 25.16 821

% of Time Spent on Preschool Math Instruction 6.36 5.12 0.57 25.16 628

Spent at least Some Time on Preschool Math Instruction 76.49 - - - 821

Child Demographics

  Age at T1 (months) 66.78 3.64 59.4 79.06 862

  White 14.27 - - - 862

  Black 22.38 - - - 862

  Hispanic 48.96 - - - 862

  Other Race 6.50 - - - 862

  TPS (Preschool Setting) 80.74 - - - 862

  Less than High School (Parent ED) 28.83 - - - 600

  High School (Parent ED) 30.50 - - - 600

  More than High School (Parent ED) 40.67 - - - 600

  Household Income 2185.89 1464.93 0 7916.67 536

Preschool EF

  EF Touch Composite Score (Fall) 0.60 0.13 0.19 0.9 818

  EF Touch Composite Score (Spring 0.68 0.13 0.26 0.95 831

Quality and Engagement with Math Instruction

  Quality 1.97 0.18 1 3 628

  Engagement 3.67 0.53 2 5 628

Preschool Classroom Quality

  Emotional Support 5.73 0.88 2.75 7 821

  Classroom Organization 5.56 0.93 1.58 7 821

  Instructional Support 2.37 0.72 1 5.08 821

Teacher Demographics 

  White 85.96 - - - 712

  At Least a BA (teacher ED) 74.47 - - - 705

  Years of Experience 14.53 10.56 1 45 717

Predictors

Covariates

Notes. Analyses that included preschool predictors were run on a restricted sample of those who also participated in 

the study in their preschool year (n = 862).
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Table 5  

Descriptive statistics for the kindergarten predictors and covariates 

 
Note. Analyses that included kindergarten predictors were run on the full sample (n = 1031) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

M SD Min Max n

% of Time Spent on Kindergarten Math Instruction 9.16 10.43 0 40 837

% of Time Spent on Kindergarten Math Instruction (> 0) 17.15 8.17 4.76 40 447

Spent at least Some Time on Kindergarten Math Instruction 53.41 - - - 837

Child Demographics

  Age at T1 (months) 66.79 3.64 59.4 79.06 1031

  White 15.32 - - - 1031

  Black 21.73 - - - 1031

  Hispanic 45.49 - - - 1031

  Other Race 7.66 - - - 1031

  Less than High School (Parent ED) 27.96 - - - 701

  High School (Parent ED) 32.1 - - - 701

  More than High School (Parent ED) 39.94 - - - 701

  Household Income 2095.94 1446.31 0 7916.67 665

Quality and Engagement with Math Instruction

  Quality (TOPG) 1.97 0.18 1 2.5 837

  Engagement (COPG) 3.89 0.29 2.73 4.44 824

Kindergarten Classroom Quality

  Emotional Support 5.33 1.08 1.75 7 855

  Classroom Organization 5.21 0.99 2.58 7 855

  Instructional Support 1.95 0.6 1 4.5 855

Teacher Demographics

  White 78.24 - - - 850

  At least a BA (teacher ED) 78.27 - - - 865

  Years of Experience 11.42 9.09 1 37 875

Predictors

Covariates
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Table 6  

Correlations between the preschool and kindergarten math instruction variables and latent EF 

outcomes

 
Note. All correlations above 0.12 are significant at or below the α = 0.05 level.  

 

CFA and Tests of Measurement Invariance 

The configural (baseline) CFA model for EF fit the data well (fit indices for all CFA models can 

be found in Table 7) and had statistically significant factor loadings across all indicators (WM, 

CF, IC) at each time point (all ps < .001). The test for metric (weak) invariance did not result in a 

significant decrease in model fit, meaning that full metric invariance (i.e., equivalence of factor 

loadings) was established. However, a test for scalar (strong) invariance did result in significant 

decrease in model fit (∆ CFI = - 0.02). Modification indices suggested that the intercept for WM 

at T1 was not equivalent to the intercept for WM at later time points. I therefore followed the 

recommendations put forward by Van de Schoot et al. (2012) and freed the intercept for WM at 

T1. This resulted in a model fit that did not significantly differ from the model fit established by 

the metric invariance model (∆ CFI < .01). As a result, partial scalar invariance (i.e., equivalence 

of factor loadings and intercepts) was established. Therefore, I could reasonably conclude that 

the latent EF variable captured the same underlying construct across all time points. The 

standardized and unstandardized factor loadings, as well as the unstandardized intercepts, from 

the partial scalar invariance model for EF across all time points can be found in Table 8.  These 

measurement constraints were applied across all analyses in this dissertation. 

 

Table 6

Correlations between the Preschool and Kindergarten Math Instruction Variables and Latent EF Outcomes

1 2 3 4 5 6 7 9

1. EF (Fall of K)

2. EF (Spring of K) 0.79

3. EF (Fall of First) 0.64 0.77

4. % of time spent on preschool math 0.14 0.14 0.13

5. % of time spent on kindergarten math -0.02 0.02 0.06 0.12

6. % of time spent on preschool math (>0) 0.14 0.14 0.15 - -

7. % of time spent on kindergarten math (>0) 0.07 0.03 -0.01 - - -0.06

8. Spent at least some time on preschool math 0.08 0.06 0.04 - - - -

9. Spent at least some time on kindergaten math -0.05 0.01 0.08 - - - - 0.08

Notes. All correlations above 0.12 are significant at or below the α = 0.05 level. 
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Table 7  

Fit indices from all CFA models for latent EF 

 
Note. The fit of the metric model is compared to that of the configural model and the fit of the scalar model is 

compared to that of metric model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 7

RMSEA 90% C.I. (RMSEA) SRMR TLI CFI ∆ CFI

EF

Configural Invariance 0.03 0.00 - 0.04 0.02 0.99 1.00 -

Metric Invariance 0.03 0.01 - 0.04 0.03 0.98 0.99 -0.01

Scalar Invariance 0.05 0.04 - 0.06 0.05 0.95 0.97 -0.02

Partial Scalar Invariance 0.03 0.01 - 0.04 0.03 0.98 0.99 0.00

Fit Indices from all CFA Models

Note . The fit of the metric model is compared to that of the configural model and the fit of the 

scalar model is compared to that of the metric model.
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Table 8  

Factor loadings and intercepts from the scalar invariance CFA model for 

Latent EF 

 
Note. All factor loadings were significant at the α = .001 level. The raw factor loadings for  

the first indicators of each construct were fixed at 1 in order to identify the model. Indicators  

of EF were divided by a constant (10) in order to expedite model convergence. The constraints  

imposed in the scalar invariance model are maintained across all analyses in this dissertation.  

 

Unconditional Growth Curve Model 

An unconditional linear LGCM fit the data very well (RMSEA = 0.04; SRMR = 0.03; CFI = 

0.99, TLI; 0.99). The fixed and estimated parameters from this model are displayed in Table 9. 

As a reminder, the mean of the intercept (i.e., average latent EF at the start of kindergarten) was 

fixed at 0 in order to identify the model. As can be seen in the table, the estimated mean of the 

slope was positive and significant, meaning that, on average, children significantly increased in 

their latent EF over time. Further, there was significant variation around both the intercept and 

the slope, indicating that children varied in terms of both their initial EF skills at kindergarten 

entry, as well as their rates of change from the fall of kindergarten to the fall of first grade. I next 

investigated whether exposure to math instruction in preschool and kindergarten was a 

significant predictor of this variation in both the intercept and the slope.   

 

Table 8

Indicator Std. Factor 

Loading (SE)

Raw Factor 

Loading (SE)

Raw Intercept 

(SE)

Fall of Kindergarten

Cognitive Flexibility 0.67 (0.02) 1.00 (fixed) 6.39 (0.06)

Inhibitory Control 0.77 (0.03) 1.11 (0.06) 6.19 (0.06)

Working Memory 0.42 (0.03) 0.42 (0.03) 8.57 (0.04)

Spring of Kindergarten

Cognitive Flexibility 0.64 (0.03) 1.00 (fixed) equated (T1)

Inhibitory Control 0.74 (0.03) equated (T1) equated (T1)

Working Memory 0.36 (0.02) equated (T1) 8.91 (0.05)

Fall of 1st Grade

Cognitive Flexibility 0.65 (0.03) 1.00 (fixed) equated (T1)

Inhibitory Control 0.72 (0.03) equated (T1) equated (T1)

Working Memory 0.34 (0.03) equated (T1) equated (T2)

Factor Loadings and Intercepts from the Scalar Invariance CFA Model

Note. All factor loadings were significant at the α = .001 level. The raw 

factor loadings for the first indicator of each construct were fixed at 1 in order 

to identfy the model. Indicators of EF were divided by a constant (10) in order 

to expedite model convergence. The constraints imposed in the scalar 

invariance model are maintained across all analyses in this dissertation. 
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Table 9  

Fixed and estimated parameters from the unconditional 

LGCM predicting growth in latent EF 

 
Note.  RMSEA = 0.03; SRMR = 0.03; CFI = 0.99; TLI = 0.99  

D = variance 

 

Conditional Growth Curve Models 

 Preschool Math Instruction. The three conditional LGCM models predicting growth in 

EF from exposure to math instruction in preschool demonstrated good fit to the data (see Table 

10). The standardized coefficients from these models are displayed in Tables 11-13. Notably, 

there were no significant relations between the percentage of time spent on preschool math 

instruction and growth in EF (in terms of later skills and rates of change), regardless of whether 

children who were in classrooms with teachers who spent no time on math instruction were 

included in the model (Table 11) or not (Table 12). The only significant finding was observed 

when exposure to math instruction in preschool was operationalized as a dichotomous variable 

(spending at least some time on math instruction in preschool compared to none; Table 13). 

Specifically, being in a classroom that spent at least some time on math instruction in preschool, 

compared to none, was associated with 0.08 standard deviation increase in EF skills at 

kindergarten entry. However, this relation dissipated by the end of the kindergarten year. Further, 

there was no significant relation between being in a preschool classroom that spent at least some 

time on math in preschool and rates of change (slope) in EF from the fall of kindergarten to the 

fall of first grade. 

 

 

Table 9

M i (SE) p D i (SE) p

Intercept 0.00 (fixed) - 1.61 (0.18) 0.000

Slope 0.59 (0.03) 0.000 0.20 (0.08) 0.009

Fixed and Estimated Parameters from the Unconditional 

LGCM Predicting Growth in Latent EF

Notes. RMSEA = 0.03; SRMR = 0.03; CFI = 0.99; TLI = 

0.99. D  = variance
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Table 10  

Fit indices from all conditional LGCM models 

 
Note. In models 2 and 5, the analyses were restricted to those who had teachers that spent at least some time on math instruction. 

 

 

 

 

 

 

 

Table 10

RMSEA 90% C.I. (RMSEA) SRMR TLI CFI n 

Preschool Models (n  = 862)

1. % of Time Spent on Preschool Math Instruction 0.03 0.02-0.04 0.03 0.93 0.95 862

2. % of Time Spent on Preschool Math Instruction (>0) 0.03 0.02-0.04 0.03 0.94 0.95 669

3. Spent at least Some Time on Preschool Math Instruction 0.03 0.02-0.04 0.03 0.94 0.95 862

Kindergarten Models (n  = 1031)

4. % of Time Spent on Kindergarten Math Instruction 0.03 0.02-0.04 0.03 0.94 0.95 1031

5. % of Time Spent on Kindergarten Math Instruction (>0) 0.03 0.02-0.04 0.03 0.94 0.95 641

6. Spent at least Some Time on Kindergarten Math Instuction 0.03 0.02-0.04 0.03 0.95 0.95 1031

Notes . In models 2 and 5, the analyses were restricted to those who had teachers that spent at least some time on math instruction.

Fit Indices from all Conditional LGCM Models
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Table 11 

Standardized regression results from a conditional LGCM model looking at the percentage time spent on preschool math instruction 

as a predictor of growth in EF 

 
Note. n = 862. Reference categories: Head Start/Educare (Preschool Setting); child is male, child is non-Hispanic, more than HS (parent ED); teacher is not 

white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.93; CFI = 0.95 

 

 

 

 

 

 

 

Table 11

β Se p β Se p β Se p β Se p

% of Time Spent on Preschool Math Instruction 0.08 0.04 0.060 0.07 0.03 0.050 0.04 0.04 0.337 -0.07 0.08 0.419

Engagement with Preschool Math Instruction 0.05 0.05 0.340 0.07 0.05 0.165 0.08 0.06 0.202 0.03 0.09 0.765

Spring of Preschool EF 0.52 0.04 0.000 0.56 0.03 0.000 0.54 0.05 0.000 -0.09 0.08 0.262

Emotional Support 0.00 0.06 0.960 -0.02 0.06 0.659 -0.05 0.06 0.409 -0.07 0.10 0.491

Classroom Organization -0.07 0.06 0.249 0.01 0.05 0.818 0.11 0.06 0.080 0.24 0.12 0.049

Instruction Support 0.04 0.06 0.542 -0.05 0.05 0.308 -0.15 0.06 0.022 -0.24 0.12 0.042

TPS (Preschool Setting) 0.04 0.06 0.479 0.00 0.06 0.940 -0.06 0.07 0.378 -0.14 0.10 0.167

Child Age 0.15 0.04 0.000 0.11 0.03 0.001 0.05 0.05 0.270 -0.15 0.08 0.045

Child is Female 0.07 0.05 0.111 0.08 0.04 0.048 0.08 0.05 0.094 -0.01 0.07 0.882

Child is Hispanic 0.26 0.05 0.000 0.30 0.04 0.000 0.31 0.05 0.000 0.00 0.08 0.982

Household Income 0.00 0.05 0.943 0.03 0.04 0.555 0.05 0.06 0.389 0.06 0.09 0.539

Parent Ed: Less than HS 0.04 0.06 0.491 -0.01 0.05 0.865 -0.06 0.06 0.275 -0.14 0.10 0.182

Parent Ed: HS 0.06 0.05 0.251 0.02 0.04 0.720 -0.04 0.06 0.508 -0.13 0.10 0.177

Teacher is White -0.04 0.04 0.321 0.01 0.03 0.820 0.06 0.05 0.194 0.13 0.08 0.082

Teacher has at least a BA -0.09 0.06 0.179 -0.09 0.06 0.109 -0.08 0.06 0.216 0.03 0.11 0.779

Teacher Years of Experience 0.02 0.06 0.708 0.01 0.05 0.815 0.00 0.07 0.984 -0.03 0.11 0.745

Notes. n = 862. Reference categories: Head Start/Education (Preschool Setting); child is male; child is non-hispanic, More than HS (Parent ED); teacher is not white; teacher has less 

than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.93; CFI = 0.95

Standardized Regression Results from a Conditional LGCM Model Looking at the Percentage of Time Spent on Math Instruction in Preschool as a Predictor of Growth in EF

INTERCEPT (fall of K) INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE
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Table 12 

Standardized regression results from a conditional LGCM looking at the percentage of time spent on preschool math instruction (>0) 

as a predictor of growth in EF 

Note. n = 669. Analyses were restricted to those who were in classrooms that spent at least some time on math. Reference categories: Head Start/Educare 

(Preschool Setting); child is male, child is non-Hispanic, more than HS (parent ED); teacher is not white; teacher has less than a BA. RMSEA = 0.03; SRMR = 

0.03; TLI = 0.93; CFI = 0.95 

 

 

 

 

 

 

 

Table 12

β Se p β Se p β Se p β Se p

% of Time Spent on Preschool Math Instruction (>0) 0.08 0.05 0.099 0.07 0.04 0.062 0.05 0.05 0.278 -0.05 0.10 0.607

Engagement with Preschool Math Instruction 0.05 0.05 0.338 0.07 0.05 0.161 0.08 0.06 0.184 0.03 0.10 0.732

Spring of Preschool EF 0.56 0.04 0.000 0.58 0.04 0.000 0.55 0.05 0.000 -0.10 0.10 0.293

Emotional Support -0.04 0.07 0.565 -0.07 0.06 0.252 -0.09 0.07 0.210 -0.06 0.13 0.646

Classroom Organization -0.11 0.07 0.116 -0.03 0.05 0.479 0.05 0.06 0.405 0.24 0.14 0.089

Instruction Support 0.04 0.07 0.494 -0.03 0.06 0.601 -0.11 0.07 0.126 -0.23 0.14 0.102

TPS (Preschool Setting) 0.04 0.07 0.605 0.00 0.06 0.972 -0.05 0.08 0.552 -0.13 0.13 0.338

Child Age 0.13 0.05 0.003 0.11 0.04 0.003 0.06 0.05 0.169 -0.12 0.09 0.166

Child is Female 0.09 0.06 0.117 0.09 0.05 0.060 0.08 0.05 0.112 -0.02 0.09 0.807

Child is Hispanic 0.26 0.06 0.000 0.30 0.05 0.000 0.31 0.06 0.000 0.04 0.10 0.709

Household Income -0.01 0.06 0.857 0.03 0.05 0.549 0.08 0.07 0.249 0.13 0.11 0.239

Parent Ed: Less than HS 0.03 0.07 0.700 -0.02 0.06 0.734 -0.07 0.07 0.318 -0.14 0.13 0.281

Parent Ed: HS 0.07 0.06 0.269 0.05 0.05 0.333 0.02 0.06 0.733 -0.08 0.12 0.535

Teacher is White -0.05 0.05 0.325 0.00 0.04 0.924 0.06 0.05 0.257 0.16 0.10 0.105

Teacher has at least a BA -0.16 0.07 0.030 -0.13 0.06 0.034 -0.08 0.07 0.227 0.13 0.13 0.320

Teacher Years of Experience 0.07 0.06 0.262 0.06 0.05 0.231 0.05 0.07 0.511 -0.04 0.14 0.754

SLOPE

Standardized Regression Results from a Conditional LGCM Model Looking at the Percentage of  Time Spent on Math Instruction (>0) in Preschool as a Predictor of Growth in EF

Notes. n = 669. Analyses were restricted to those who were in classrooms that spent at least some time on math. Reference categories: Head Start/Education (Preschool Setting); child is 

male; child is non-hispanic, More than HS (Parent ED); teacher is white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.93; CFI = 0.95

INTERCEPT (fall of K) INTERCEPT (spring of K) INTERCEPT (fall of 1st)
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Table 13 

Standardized regression results from a conditional LGCM model looking at whether the child was in a classroom that spent at least 

some time on preschool math instruction as a predictor of growth in EF 

 
Note. n = 1031. Engagement in math was not included as a control because values on this variable were missing for all those in the ‘no time spent on math 

instruction’ group and therefore the model could not be identified. Reference categories: Head Start/Educare (Preschool Setting); child is male, child is non-

Hispanic, more than HS (parent ED); teacher is not white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.95 

 

 

 

 

 

Table 13

β Se p β Se p β Se p β Se p

Spent at least Some Time on Preschool Math Instruction 0.08 0.04 0.038 0.06 0.03 0.092 0.02 0.04 0.652 -0.09 0.08 0.213

Spring of Preschool EF 0.52 0.04 0.000 0.56 0.03 0.000 0.54 0.05 0.000 -0.10 0.08 0.235

Emotional Support 0.00 0.06 0.976 -0.03 0.06 0.532 -0.07 0.07 0.304 -0.08 0.10 0.413

Classroom Organization -0.06 0.06 0.341 0.04 0.05 0.399 0.14 0.06 0.015 0.26 0.12 0.026

Instruction Support 0.04 0.06 0.526 -0.05 0.05 0.276 -0.15 0.06 0.018 -0.24 0.11 0.035

TPS (Preschool Setting) 0.07 0.06 0.231 0.02 0.06 0.688 -0.04 0.07 0.557 -0.16 0.10 0.108

Child Age 0.15 0.04 0.000 0.11 0.03 0.001 0.05 0.05 0.287 -0.16 0.08 0.045

Child is Female 0.07 0.05 0.112 0.08 0.04 0.048 0.08 0.05 0.084 -0.01 0.07 0.940

Child is Hispanic 0.27 0.05 0.000 0.31 0.04 0.000 0.32 0.05 0.000 -0.01 0.08 0.944

Household Income 0.00 0.05 0.967 0.03 0.04 0.553 0.05 0.06 0.367 0.06 0.09 0.496

Parent Ed: Less than HS 0.04 0.06 0.504 -0.01 0.05 0.850 -0.06 0.06 0.282 -0.14 0.10 0.187

Parent Ed: HS 0.06 0.05 0.225 0.02 0.04 0.689 -0.04 0.06 0.517 -0.14 0.10 0.164

Teacher is White -0.04 0.04 0.287 0.00 0.04 0.905 0.06 0.05 0.209 0.14 0.08 0.064

Teacher has at least a BA -0.08 0.07 0.204 -0.09 0.06 0.118 -0.08 0.07 0.200 0.02 0.11 0.868

Teacher Years of Experience 0.01 0.06 0.835 0.01 0.05 0.860 0.01 0.07 0.938 -0.01 0.10 0.907

Notes. n = 1031. Engagement in math was not included as a control because values on this variable were missing for all those in the 'no time spent on math instruction' group and 

therefore the model could not be identified. Reference categories: No time spent on math instruction; Head Start/Educare (Preschool Setting); child is male; child is non-hispanic, more 

than HS (Parent ED); teacher is not white, teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.95

INTERCEPT (fall of K) INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE

Standardized Regression Results from a Conditional LGCM Model Looking at Whether the Child was in a Classroom that Spent at least Some Time on Math Instruction in Preschool 

as a Predictor of Growth in EF
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Kindergarten Math Instruction. The three conditional LGCM models predicting 

growth in EF from exposure to math instruction in kindergarten demonstrated good fit to the data 

(see Table 10). The standardized coefficients from these models are displayed in Tables 14-16. 

Similar to what was reported above, there were no significant relations between exposure to 

math instruction in kindergarten and growth in EF when exposure to math instruction was 

operationalized as a continuous variable, regardless of whether those who were in a classroom 

that spent no time on math instruction were included in the model (Table 14) or not (Table 15). 

As was the case in preschool, the only significant findings were observed when exposure to math 

instruction in kindergarten was operationalized as a dichotomous variable (the teacher spent at 

least some time on math instruction in kindergarten compared to none; Table 16). Specifically, 

being in a kindergarten classroom that spent at least some time on math instruction, compared to 

none, was associated with a 0.19 standard deviation increase in the slope across the kindergarten 

year and the transition to first grade.  
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Table 14  

Standardized regression results from a conditional LGCM model looking at the percentage of time spent on kindergarten math 

instruction as a predictor of growth in EF 

 
Note. n = 1031. Reference categories: Head Start/Educare (Preschool Setting); child is male, child is non-Hispanic, more than HS (parent ED); teacher is not 

white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.95 

 

 

 

 

 

 

 

Table 14

β Se p β Se p β Se p

% of Time Spent on Kindergarten Math Instruction 0.00 0.04 0.967 0.05 0.04 0.211 0.14 0.07 0.068

Engagement with Math Instruction 0.07 0.05 0.140 0.08 0.06 0.198 0.02 0.08 0.797

Emotional Support -0.13 0.07 0.051 -0.10 0.08 0.186 0.06 0.12 0.590

Classroom Organization 0.19 0.08 0.018 0.13 0.09 0.143 -0.13 0.13 0.308

Instruction Support -0.06 0.05 0.264 -0.05 0.06 0.451 0.03 0.08 0.699

Child Age 0.26 0.03 0.000 0.18 0.04 0.000 -0.16 0.06 0.011

Child is Female 0.13 0.04 0.000 0.13 0.04 0.002 -0.01 0.06 0.872

Child is Hispanic 0.36 0.04 0.000 0.35 0.05 0.000 0.00 0.07 0.984

Household Income 0.10 0.04 0.016 0.12 0.05 0.019 0.05 0.06 0.475

Parent Ed: Less than HS -0.06 0.05 0.181 -0.10 0.06 0.074 -0.11 0.10 0.274

Parent Ed: HS -0.03 0.04 0.499 -0.05 0.05 0.378 -0.05 0.09 0.615

Teacher is White 0.04 0.04 0.360 0.00 0.06 0.939 -0.09 0.07 0.195

Teacher has at least a BA -0.01 0.04 0.799 -0.03 0.05 0.514 -0.05 0.07 0.486

Teacher Years of Experience 0.05 0.04 0.244 0.02 0.06 0.698 -0.07 0.08 0.349

Standardized Regression Results from a Conditional LGCM Model Looking at the Percentage of Time Spent on Math Instruction in Kindergarten as a Predictor 

of Growth in EF

INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE

Notes. n  = 1031. Reference categories: child is male, child is non-hispanic, more than HS (parent ed); teacher is not white; teacher has less than a BA. RMSEA = 

0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.95
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Table 15 

Standardized regression results from a conditional LGCM model looking at the percentage of time spent on kindergarten math 

instruction (>0) as a predictor of growth in EF 

 
Note. n = 641. These analyses were restricted to those who had teachers who spent at least some time on math instruction in kindergarten. Reference categories: 

Head Start/Educare (Preschool Setting); child is male, child is non-Hispanic, more than HS (parent ED); teacher is not white; teacher has less than a BA. 

RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.95 

 

 

 

 

 

 

 

Table 15

β Se p β Se p β Se p

% of Time Spent on Kindergarten Math Instruction (>0) -0.01 0.07 0.936 -0.02 0.07 0.731 -0.05 0.11 0.638

Engagement with Math Instruction 0.02 0.06 0.755 0.06 0.06 0.335 0.12 0.11 0.272

Emotional Support -0.09 0.09 0.310 0.02 0.10 0.868 0.29 0.18 0.118

Classroom Organization 0.13 0.10 0.182 0.08 0.12 0.507 -0.13 0.20 0.513

Instruction Support -0.02 0.09 0.806 -0.09 0.11 0.428 -0.19 0.16 0.234

Child Age 0.27 0.04 0.000 0.22 0.06 0.000 -0.13 0.10 0.185

Child is Female 0.14 0.05 0.002 0.11 0.06 0.048 -0.07 0.08 0.358

Child is Hispanic 0.31 0.06 0.000 0.29 0.07 0.000 -0.03 0.11 0.817

Household Income 0.07 0.06 0.188 0.09 0.07 0.202 0.05 0.11 0.671

Parent Ed: Less than HS -0.11 0.06 0.076 -0.13 0.08 0.100 -0.07 0.15 0.670

Parent Ed: HS -0.15 0.06 0.007 -0.13 0.08 0.093 0.05 0.16 0.765

Teacher is White -0.01 0.05 0.873 -0.05 0.07 0.468 -0.12 0.10 0.248

Teacher has at least a BA -0.02 0.06 0.770 -0.02 0.06 0.784 0.00 0.11 0.990

Teacher Years of Experience 0.04 0.06 0.534 -0.02 0.07 0.728 -0.17 0.11 0.110

Standardized Regression Results from a Conditional LGCM Model Looking at the Percentage of Time Spent on Math Instruction (>0) in Kindergarten as a 

Predictor of Growth in EF

Notes. n  = 641. These analyses were restricted to those who had teachers who spent at least some time on math instruction in kindergarten. Reference categories: 

child is male,  child is non-hispanic, more than HS (parent ed); teacher is not white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 

0.95

INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE
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Table 16 

Standardized regression results from a conditional LGCM model looking at whether the child was in a classroom that spent at least 

some time on kindergarten math instruction as a predictor of growth in EF 

 
Note. n = 1031. Engagement was not included as a control because values on this variable were missing for all those in the ‘no time spent on math instruction’ 

group and therefore the model could not be identified. Reference categories: Head Start/Educare (Preschool Setting); child is male, child is non-Hispanic, more 

than HS (parent ED); teacher is not white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.95 

 

 

 

 

 

Table 16

β Se p β Se p β Se p

Spent at least Some Time on Kindergarten Math Instruction 0.00 0.04 0.946 0.08 0.04 0.062 0.19 0.07 0.008

Emotional Support (CLASS) -0.12 0.07 0.082 -0.09 0.08 0.271 0.07 0.11 0.539

Classroom Organization (CLASS) 0.15 0.08 0.054 0.08 0.09 0.357 -0.15 0.12 0.204

Instruction Support (CLASS) -0.06 0.05 0.242 -0.05 0.06 0.449 0.04 0.08 0.623

Child Age 0.25 0.03 0.000 0.18 0.04 0.000 -0.16 0.06 0.012

Child is Female 0.13 0.04 0.000 0.13 0.04 0.002 -0.01 0.06 0.884

Child is Hispanic 0.36 0.04 0.000 0.35 0.05 0.000 0.01 0.06 0.933

Household Income 0.10 0.04 0.017 0.12 0.05 0.019 0.05 0.06 0.473

Parent Ed: Less than HS -0.06 0.05 0.187 -0.10 0.06 0.073 -0.10 0.09 0.267

Parent Ed: HS -0.03 0.04 0.495 -0.05 0.05 0.361 -0.05 0.09 0.582

Teacher is White 0.04 0.04 0.354 0.01 0.05 0.882 -0.07 0.06 0.227

Teacher has at least a BA -0.02 0.04 0.661 -0.03 0.04 0.459 -0.04 0.06 0.558

Teacher Years of Experience 0.05 0.04 0.203 0.03 0.05 0.632 -0.07 0.07 0.338

Standardized Regression Results from a Conditional LGCM Model Looking at Whether the Child had a Teacher who Spent at least Some Time on Math 

Instruction in Kindergarten as a Predictor of Growth in EF

Notes. n  = 1031. Engagement was not included as a control because values on this variable were missing for all those in the 'no time spent on math instruction 

group' and therefore the model could not be identified. Reference categories: the child had a teacher who spent no time on math instruction in kindergarten; male, non-

hispanic, more than HS (parent ed). RMSEA = 0.03; SRMR = 0.03; TLI = 0.95; CFI = 0.95

INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE
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Moderation by Initial EF 

To assess whether the role of math instruction in promoting growth in EF depends on children’s 

initial EF skills, I re-ran the models above including interaction terms between the six different 

math instruction variables and incoming EF skills. Overall, the only significant interactions with 

baseline EF occurred with the % of time spent on math in preschool (>0) variable. The 

standardized regression results from this model are displayed in Table 17. As can be seen in the 

table, there was a significant interaction between the percentage of time spent on math in 

preschool and later EF skills in the spring of kindergarten as well as the fall of first grade. These 

interactions are visualized in Figures 6 and 7, respectively. As can be seen in the figures, the 

strength of the relation between the percentage of time spent on math instruction in preschool 

and later EF skills was the strongest for those with the lowest incoming EF skills. Specifically, 

the strength of the relation between the percent of time spent on math and later EF decreased as 

children’s incoming EF skills increased and eventually became non-significant for those with 

incoming EF skills just below the mean. Specifically, the relation between time spent on 

preschool math instruction and spring of kindergarten EF skills was no longer significant when 

incoming EF skills were around 0.30 SDs below the mean and the relation between time spent on 

preschool math instruction and fall of first grade EF was no longer significant when incoming EF 

skills were around 0.60 SDs below the mean. Notably, these significant interactions emerged in 

the context of minimal time spent on math instruction. Specifically, even when only considering 

classrooms that spent at least some time on math instruction, the average amount of time spent 

was still less than 10% of the observation period (M = 6.36%, SD = 5.12). These findings 

suggest that in the context of minimal time spent on math instruction in preschool, increases in 

that amount of time played a significant role in the further development of EF, but only for those 
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whose initial EF skills were below average. Notably, these interactions remained significant even 

after controlling for children’s initial math achievement (see Table 18). The non-significant 

interaction results for all other preschool and kindergarten predictors are displayed in the 

Appendix. 
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Table 17  

Standardized regression results from a conditional LGCM model looking at moderation of the relation between time spent on 

preschool math instruction (>0) and growth in EF by fall of preschool EF skills  

Note. n = 669. Analyses were restricted to those who were in classroom that spent at least some time on math in preschool. Reference categories: Head 

Start/Educare (Preschool Setting); child is male, child is non-Hispanic, more than HS (parent ED); teacher is not white; teacher has less than a BA. RMSEA = 

0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.96 

 

 

 

 

 

Table 17

β Se p β Se p β Se p β Se p

% of Time Spent on Preschool Math Instruction (>0) 0.06 0.05 0.209 0.06 0.04 0.150 0.05 0.05 0.294 -0.03 0.09 0.744

Fall of Preschool EF 0.23 0.08 0.004 0.25 0.07 0.000 0.24 0.09 0.004 -0.01 0.14 0.968

Interaction with Fall of Preschool EF -0.07 0.08 0.353 -0.12 0.06 0.032 -0.16 0.07 0.016 -0.11 0.15 0.474

Engagement with Math Instruction 0.06 0.05 0.265 0.07 0.05 0.127 0.07 0.06 0.184 0.02 0.09 0.871

Spring of Preschool EF 0.49 0.06 0.000 0.51 0.05 0.000 0.48 0.06 0.000 -0.07 0.09 0.439

Emotional Support -0.01 0.06 0.848 -0.05 0.05 0.368 -0.08 0.06 0.209 -0.09 0.11 0.417

Classroom Organization -0.14 0.06 0.017 -0.05 0.04 0.223 0.05 0.05 0.359 0.28 0.12 0.017

Instruction Support 0.09 0.06 0.117 0.02 0.05 0.666 -0.06 0.06 0.359 -0.22 0.13 0.085

Preschol Setting 0.05 0.06 0.442 0.03 0.06 0.662 0.00 0.07 0.956 -0.08 0.12 0.506

Child Age 0.11 0.05 0.018 0.09 0.04 0.018 0.05 0.05 0.261 -0.09 0.08 0.269

Child is Female 0.07 0.05 0.179 0.08 0.05 0.109 0.07 0.05 0.185 -0.01 0.09 0.881

Child is Hispanic 0.30 0.05 0.000 0.33 0.04 0.000 0.32 0.05 0.000 0.00 0.09 0.974

Household Income -0.04 0.06 0.481 0.01 0.05 0.869 0.06 0.06 0.318 0.15 0.10 0.132

Parent Ed: Less than HS 0.03 0.07 0.675 -0.01 0.06 0.812 -0.06 0.06 0.381 -0.12 0.12 0.311

Parent Ed: HS 0.07 0.06 0.291 0.05 0.05 0.357 0.02 0.06 0.771 -0.08 0.12 0.526

Teacher is White -0.01 0.06 0.874 0.01 0.05 0.814 0.03 0.05 0.560 0.06 0.10 0.588

Teacher has at least a BA -0.08 0.06 0.196 -0.10 0.05 0.047 -0.10 0.06 0.100 -0.03 0.12 0.786

Teacher Years of Experience 0.07 0.04 0.121 0.02 0.04 0.665 -0.04 0.05 0.443 -0.16 0.10 0.116

Notes. n = 669. Analyses were restricted to those who were in classrooms that spent at least some time on math in preschool. Reference categories: Head Start/Education (Preschool 

Setting); child is male; child is non-hispanic, more than HS (parent ed); teacher is not white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.96

Standardized Regression Results from a Conditional LGCM Model Looking at Moderation of the Relation between Time Spent on Math Instruction (>0) in Preschool and Growth 

in EF by Fall of Preschool EF Skills

INTERCEPT (fall of K) INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE
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Figure 6. Visualization of the interaction between time spent on preschool math instruction and incoming EF skills on spring of K EF. 

The dotted lines reflect 95% confidence intervals. When the confidence interval contains ‘0’ (fall EF skills  -0.30), the relation is no 

longer significant. The zone of non-significance (p > .05) is grayed-out. The coefficients along the y-axis are standardized 
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Figure 7. Visualization of the interaction between time spent on preschool math instruction and incoming EF skills on Fall of 1st EF. 

The dotted lines reflect 95% confidence intervals. When the confidence interval contains ‘0’ (fall EF skills  -0.60), the relation is no 

longer significant. The zone of non-significance (p >.05) is grayed-out. The coefficients along the y-axis are standardized.  

 

 

 

 

 

 

 



    

 

 

6
0

 

Table 18  

Standardized regression results from a conditional LGCM model looking at moderation of the relations between time spent on math 

instruction (>0) in preschool and growth in EF by fall of preschool EF skills (controlling for fall of preschool math achievement) 

 
Note. n = 669. Analyses were restricted to those who were in classrooms that spent at least some time on math in preschool. Reference categories: Head 

Start/Educare (Preschool Setting); child is male, child is non-Hispanic, more than HS (parent ED); teacher is not white; teacher has less than a BA. RMSEA = 

0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.96 

 

Table 18

β Se p β Se p β Se p β Se p

% of Time Spent on Preschool Math Instruction (>0) 0.06 0.05 0.220 0.06 0.04 0.156 0.05 0.05 0.289 -0.03 0.08 0.737

Fall of Preschool EF 0.23 0.09 0.012 0.24 0.08 0.003 0.22 0.09 0.014 -0.04 0.14 0.784

Interaction with Fall of Preschool EF -0.07 0.08 0.378 -0.12 0.06 0.044 -0.15 0.07 0.021 -0.10 0.15 0.501

Fall of Preschool Math -0.01 0.08 0.909 0.03 0.06 0.635 0.07 0.06 0.272 0.11 0.12 0.346

Engagement with Math Instruction 0.06 0.05 0.270 0.07 0.05 0.128 0.07 0.05 0.182 0.02 0.09 0.864

Spring of Preschool EF 0.49 0.06 0.000 0.50 0.05 0.000 0.45 0.06 0.000 -0.11 0.10 0.291

Emotional Support -0.01 0.06 0.847 -0.05 0.05 0.348 -0.08 0.06 0.190 -0.09 0.11 0.390

Classroom Organization -0.14 0.06 0.018 -0.05 0.04 0.231 0.05 0.05 0.337 0.28 0.12 0.017

Instruction Support 0.09 0.06 0.115 0.02 0.05 0.677 -0.06 0.06 0.349 -0.22 0.13 0.081

Preschol Setting 0.05 0.06 0.456 0.03 0.06 0.650 0.00 0.07 0.996 -0.07 0.12 0.545

Child Age 0.11 0.05 0.016 0.08 0.04 0.022 0.04 0.05 0.348 -0.10 0.08 0.215

Child is Female 0.07 0.05 0.168 0.08 0.05 0.105 0.07 0.05 0.193 -0.02 0.09 0.843

Child is Hispanic 0.29 0.05 0.000 0.33 0.05 0.000 0.33 0.06 0.000 0.02 0.09 0.819

Household Income -0.04 0.06 0.492 0.01 0.05 0.898 0.06 0.06 0.352 0.14 0.10 0.157

Parent Ed: Less than HS 0.03 0.07 0.678 -0.01 0.06 0.865 -0.05 0.06 0.449 -0.11 0.12 0.355

Parent Ed: HS 0.07 0.06 0.298 0.05 0.05 0.335 0.02 0.06 0.700 -0.07 0.12 0.572

Teacher is White -0.01 0.06 0.891 0.01 0.05 0.818 0.03 0.05 0.578 0.05 0.10 0.615

Teacher has at least a BA -0.07 0.06 0.209 -0.10 0.05 0.041 -0.11 0.06 0.081 -0.04 0.12 0.707

Teacher Years of Experience 0.07 0.04 0.118 0.02 0.04 0.669 -0.04 0.05 0.434 -0.16 0.10 0.110

Notes. n = 669. Analyses were restricted to those who were in classrooms that spent at least some time on math in preschool. Reference categories: Head Start/Education (Preschool 

Setting); child is male; child is non-hispanic, more than HS (parent ed); teacher is not white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.96

Standardized Regression Results from a Conditional LGCM Model Looking at Moderation of the Relation between Time Spent on Math Instruction (>0) in Preschool and Growth 

in EF by Fall of Preschool EF Skills (Controlling for Fall of Preschool Math Achievement)

INTERCEPT (fall of K) INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE
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Discussion 

 

Due to multiple poverty-related stressors and barriers (e.g., chronic stress, family disruption, 

discrimination, community violence; fewer opportunities for high-quality education), children 

growing up in low-income households are less prepared to meet the EF demands required of 

more formal schooling compared to their higher-income peers. This disparity places low-income 

children at greater risk for long-term academic underperformance (Hackman & Farrah, 2009; 

Hair et al., 2015; Lawson et al., 2017; Noble et al., 2007). As a result, an important policy goal is 

to determine how best to support the development of EF among children growing up in low-

income households in order to ensure that all children, regardless of their socio-economic status, 

begin formal schooling equally likely to succeed. The findings from the current study suggest 

that early childhood math instruction may be one such method. Specifically, I found that 

spending at least some time on math instruction in preschool was associated with higher EF 

skills upon kindergarten entry and that spending at least some time on math instruction in 

kindergarten was associated with greater rates of growth in EF across the kindergarten year and 

the transition to first grade. Further, I found that for those who were in a preschool classroom 

that spent at least some time on math (range: 0.57%-25%), increases in that amount of time were 

particularly beneficial for the EF development of those with the lowest incoming EF skills. 

Overall, these findings are among the first to suggest that early childhood math instruction may 

be an accessible, low-cost, tool for supporting growth in EF among children growing up in low-

income households as they transition from early childhood to more formal schooling, particularly 

amongst those who require the most support. These findings therefore carry important 

implications for ECE curriculum and practice. 
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Early Childhood Math Instruction as a Tool for Supporting Growth in EF 

The potential for early math instruction to support growth in EF stems from a converging body 

of evidence documenting bidirectional relations between EF and math in early childhood, in 

which early math skills promote growth in EF to a similar extent that early EF skills predict 

growth in math (Cameron et al., 2019; Fuhs et al., 2014; McKinnon & Blair, 2019; Schmitt et al., 

2017; ten Braak et al., 2019; Welsh et al., 2010; Wolf & McCoy, 2019). These findings have 

been taken to suggest that teaching math in early childhood may offer opportunities for young 

children not only to acquire important mathematical knowledge and skills, but also to practice 

and further refine the underlying EF skills that early math learning elicits (Clements et al., 2016). 

However, despite this theorized role for early math in EF development, only one prior study has 

considered early math instruction as a candidate for supporting growth in EF (Fuhs et al., 2013). 

In this study, the authors observed that exposure to math instruction in preschool was associated 

with higher EF skills among children growing-up in low-income households by the end of 

preschool (Fuhs et al., 2013). However, whether these effects persist across kindergarten and the 

transition to first grade – when EF skills become increasingly important for school adaptation 

and academic success (e.g., Hughes & Ensor, 2011; Neuenschwander et al., 2012; 

Vandenbroucke et al., 2017) – remained unknown.  

The findings from the current study therefore offer an important contribution to the 

literature by being the first to document a role for early childhood math instruction in the 

development of EF across this critical period in development. Specifically, the findings from the 

current study suggest that incorporating at least some math instruction into the school day can 

create an environment that is more conducive to growth in EF across kindergarten and the 
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transition to first grade compared to early learning environments that do not involve math 

instruction.  

Notably, however, I did not observe a main effect of the percentage of time spent on math 

instruction (continuous measure), regardless of whether those who were exposed to no math 

instruction were included in the sample or not. This lack of association may be due to the fact 

that there was limited variability in the percentage of time devoted to math instruction in early 

childhood – a finding that is consistent with what has previously been reported in the literature 

(Early et al., 2010; La Paro et al., 2009; Phillips et al., 2009; Piasta et al., 2014; Walter & 

Lippard, 2016). For example, even when focusing only on preschool classrooms that spent at 

least some time on math instruction, the majority of children (75%) were in classrooms that spent 

less than 10% of the observation period on the subject. This limited variability may have 

restricted the predictive power of the continuous math instruction variables. It is however 

worthwhile to note that the influence of the percentage of time spent on preschool math 

instruction on later EF skills (spring of K, fall first grade) did approach traditional levels of 

significance, regardless of whether those who were exposed to no math instruction were included 

in the sample or not. Further, although I did not observe a main effect of the percentage of time 

spent on math instruction, I did observe a moderation effect. Specifically, when focusing only 

preschool classrooms that spent at least some time on math instruction, I found that the 

percentage of time spent on math instruction was associated with greater EF skills by the end of 

kindergarten, as well as the beginning of first grade, but only for those with incoming EF skills 

below the mean.  

Initially, I hypothesized that children’s incoming EF skills may influence the extent to 

which they are able to reap the EF benefits associated with early math learning in one of two 
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ways. On the one hand, I hypothesized that those with lower initial EF skills would benefit more 

from efforts to promote growth EF as these children have more room to grow (i.e., the 

compensatory growth hypothesis). Alternatively, I hypothesized that those with stronger 

incoming EF capacities may be better equipped with the skills necessary to take advantage of 

math learning opportunities in the classroom (Anthony & Ogg, 2020; Brock et al., 2009; Nesbitt 

et al., 2015; Rimm-Kaufmann et al., 2009; Sasser et al., 2015) and therefore may be more likely 

to reap the EF benefits associated with math learning compared to those with lower incoming EF 

skills (i.e., the cumulative advantage hypothesis). Overall, I found evidence for the compensatory 

growth hypothesis. This finding is important as it suggests that the EF benefits associated with 

early math learning are not restricted to those with already well-developed EF capacities. In 

contrast, early childhood math instruction appears to be an especially viable tool for supporting 

growth in EF amongst those who need it the most. This conclusion is particularly relevant for 

low-income populations as those growing up in low-income households are more frequently 

exposed to risk-factors for compromised EF development (e.g., fewer opportunities for cognitive 

stimulation; Lurie et al., 2021; Rosen et al., 2020; Yu et al., 2021) and are therefore more likely 

to belong to the group of children who begin preschool requiring additional EF support (Hair et 

al., 2015; Lawson, et al., 2014; Lawson & Farah, 2017; Noble et al., 2007). 

Further, it is important to highlight that the compensatory role of math instruction in EF 

development was maintained even after controlling for young children’s general math 

achievement. This finding suggests that early childhood math instruction remains a viable tool 

for boosting the EF development of those with low initial EF skills, regardless of their initial 

math abilities. While interesting, this finding is also slightly counter-intuitive as one might 

imagine that math instruction should be less cognitively demanding, and therefore less likely to 
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exercise EF capacities, for those who already demonstrate strong math skills (regardless of their 

initial EF abilities). However, it is possible that high math scores are not always indicative of a 

deeper, conceptual, understanding of number and mathematical operations, particularly amongst 

those with low EF. In other words, young children may be able to arrive at the right answer when 

performing a standardized math task but might not necessarily understand why it is the right 

answer. Spending more time on math instruction in the classroom may help such children expand 

their conceptual understanding of mathematics and, in doing so, may exercise and promote 

growth in EF (Clements et al., 2016; Vosniadou et al., 2018) even amongst those with seemingly 

high incoming math scores, particularly when paired with initially low EF abilities.  

Overall, the moderation findings observed in the current study are consistent with prior 

intervention studies that have also found evidence for compensatory growth in EF (Bierman et 

al., 08; Sasser et al., 2017, Jones et al., 2014). For example, Sasser et al. (2017) observed that 

participation in the Head Start REDI preschool intervention was associated with greater growth 

in EF across the transition to formal schooling particularly for those with the lowest incoming EF 

abilities. The authors hypothesized that the developmental trajectories of children with lower 

initial EF skills may have been compromised due to higher levels of stress and/or fewer 

opportunities for cognitive stimulation (Blair & Raver, 2012; Lurie et al., 2021; Rosen et al., 

2020; Yu et al., 2021). The authors reasoned that the support and structure offered through the 

intervention may have compensated for a lack of cognitive and emotional support offered in 

other environments, leading to the larger effects on EF for those with the lowest-incoming EF 

skills. A similar argument could be made for why time spent on math instruction was associated 

with larger gains in EF for those with the lowest incoming EF skills in the current study. 

Specifically, if lower EF skills upon preschool entry are due, at least in part, to fewer 
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opportunities for engaging in cognitively stimulating activities outside of school (e.g., Lurie et 

al., 2021; Rosen et al., 2020; Yu et al., 2021), then increased exposure to math learning in the 

classroom may compensate for this, resulting in larger gains in EF for those with the lowest-

incoming EF skills. 

Together, the findings from the current study offer some of the first evidence to suggest 

that exposure to math instruction in early childhood can help prepare those growing up in low-

income households to meet the EF demands associated with more formal schooling. These 

findings are consistent with prior research suggesting that EF is malleable across this critical 

period of development and responsive to intervention (e.g., Bierman et al., 2008; McCoy et al., 

2019; Raver et al., 2011; Sasser et al., 2017; Watts et al., 2018). Further, they suggest that one 

does not need to implement costly large-scale interventions to move the needle in terms of EF 

development, but rather that everyday classroom math practices can also play an influential role, 

especially amongst those who require the most support. These findings therefore offer important 

implications for early childhood educators.  

Implications for ECE Curriculum and Practice 

Overall, the findings from the current study suggest that exposure to math instruction in early 

childhood might be an accessible and low-cost way of boosting the EF development of those 

growing up in low-income households and ultimately reducing income-based disparities in EF at 

school-entry. While the observed effect sizes were relatively small, it is important to note that 

these significant findings emerged in the context of low-quality math instruction. Specifically, 

both preschool and kindergarten teachers spent minimal amounts of time on math instruction on 

average and the math instruction that did occur was mostly rated as basic instruction that did not 

involve inferential learning (e.g., opportunities for the child to reflect, ask questions, make 
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comparisons). Even still, the influence of exposure to math instruction was significant over and 

above the contributions of more traditional measures of classroom quality that have previously 

been shown to promote growth in EF (Vandenbroucke et al., 2018). Together, these findings 

suggest that even minimal, low-quality math instruction is strong enough to promote unique 

growth in EF. From a practical perspective, these findings suggest that simply encouraging early 

childhood educators to spend at least some time on basic math instruction can play an influential 

role in supporting the EF development of those who need it the most. 

 The above recommendation is important given findings from prior research and the 

current study suggesting that many early childhood educators choose to spend little to no time on 

math instruction (Early et al., 2010; La Paro et al., 2009; Phillips et al., 2009; Piasta et al., 2014; 

Walter & Lippard, 2016). However, it is also important to acknowledge that spending minimal 

amounts of time on low-quality math instruction, although better than nothing, will likely not go 

far enough. For example, spending at least some time on math instruction in preschool was 

observed to boost later EF skills by less than one tenth of standard deviation. Notably, recent 

findings using nationally-representative data suggest that income-based disparities in EF are 

large, with higher-income children performing at least one standard deviation above their lower-

income counter-parts at the beginning of formal schooling (Little, 2017). Therefore, while the 

findings from the current study are important, as they suggest that spending at least some time on 

low-quality math instruction is better for EF development than no math instruction, there is still 

more that can be done. Ultimately, if minimal, low-quality, math instruction can move the needle 

in terms of EF development even just little bit, then perhaps dedicating more time to higher-

quality math instruction in early childhood could be even more powerful.         
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 One way that teachers could improve the quality of early math instruction in the hopes of 

promoting even stronger gains in EF would be to incorporate more inferential learning. 

Specifically, inferential learning occurs when children are provided with open-ended questions 

that encourage them to reflect on the task at hand and to make connections between what they 

are learning and their experiences both inside and outside of the classroom. For example, when 

learning about shapes, a teacher may promote inferential learning by saying “This is a circle. 

How is a circle different from a square? Where have you seen circles before?” In contrast, more 

basic instruction (the type of instruction observed in the current study) involves low-level 

questions with predetermined answers. An example of a more basic question that does not 

promote inferential learning would be “What shape is this?” Theoretically, the ability to reflect 

on the material being taught and to form connections across different concepts and experiences is 

more cognitively demanding than the ability to recall facts (Blair, 2017; Zelazo et al., 2003). 

Therefore, inferential math learning might exercise EF to an even greater extent than the more 

basic forms of math instruction that were observed to influence growth in EF in the current 

study. However, given that I could not investigate moderation by instructional quality in the 

current study (due to limited variability), this remains an area for future research.   

Limitations and Future Directions  

Despite the important contributions of this work, there are a few limitations that should be 

acknowledged. First and foremost, the analyses that were implemented in the current study are 

correlational in nature and therefore the significant findings should not be interpreted as causal. 

However, it is worthwhile to note that the influence of spending at least some time on math 

instruction in early childhood on growth in EF was significant over and above teacher 

characteristics (race, years of experience, and level of education), as well as more traditional 
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measures of classroom quality (emotional supports, classroom organization, instructional 

support), that might be associated with both the amount of time that the teacher devotes to math 

instruction (Piasta et al., 2014), as well as child-level growth in EF (Vandenbroucke et al., 2018). 

While this provides more credence to the conclusion that there is something unique about math 

instruction that is beneficial for EF development, I cannot rule out the possibility that there may 

still be some unobserved systematic differences between teachers who choose to spend at least 

some time on math instruction and those who do not that may be driving these results. Therefore, 

an important area for future research is to investigate the role of early childhood math instruction 

on growth in EF using more causal methods.  

 Further, in the current study, classroom observations were conducted on a single day 

which might contribute to why I observed limited variation in the amount of time spent on math 

instruction. While minimal amounts of time spent on math instruction in early childhood appears 

to be the norm (Early et al., 2010; La Paro et al., 2009; Phillips et al., 2009; Piasta et al., 2014; 

Walter & Lippard, 2016), it is possible that a teacher who chooses to spend little to no time on 

math instruction one day, might devote more time to the subject the next. Conducting classroom 

observations across multiple days might have captured more variability in the amount of time 

devoted to math instruction which may have increased the predictive power of the exposure to 

math instruction variables.  

Finally, the current study focused on early childhood math instruction in general as a tool 

for supporting growth in EF. However, early math learning is multi-faceted and it is possible that 

certain components of early math education may be more conducive to supporting growth in EF 

than others. Understanding this is important as it would allow for more targeted 

recommendations for educators regarding the specific types of early math learning that may be 
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most likely to support growth in EF. In the second study of this dissertation, I begin to shed some 

light on this question by investigating reciprocity in the longitudinal relations between EF and 

two core components of early mathematics (e.g., conceptual counting knowledge and basic 

numerical processing).   

Conclusion 

To sum, children growing up in low-income households are less prepared to meet the EF 

demands required of more formal schooling compared to their higher-income peers and are 

therefore at greater risk for long-term academic underperformance (Hackman & Farrah, 2009; 

Hair et al., 2015; Lawson et al., 2017; Noble et al., 2007). As a result, identifying accessible, 

low-cost, methods for supporting growth in EF amongst those growing up in low-income 

households is an important policy goal. The results from the current study provide some of the 

first empirical evidence to suggest that early childhood math instruction may be one such 

method. Specifically, they suggest that exposure to math instruction in early childhood is 

beneficial for the EF development of young children growing up in low-income households as 

they transition from early childhood to more formal schooling, particularly amongst those who 

require the most support. As a result, early childhood educators should consider devoting at least 

some of the school day to math learning. However, it is also important to acknowledge that 

spending minimal amounts of time on low-quality math instruction may not go far enough. 

Ultimately, if minimal, low-quality, math instruction can move the needle in terms of EF 

development even just little bit, then perhaps dedicating more time to higher-quality math 

instruction in early childhood could be even more powerful.      
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STUDY 2: INVESTIGATING RECIPROCITY IN THE LONGITUDINAL RELATIONS 

BETWEEN EXECUTIVE FUNCTIONING AND SPECIFIC COMPONENTS OF EARLY 

MATHEMATICS  
 

Introduction 

Prior evidence documenting bidirectional relations between EF and math across early childhood 

has led many to suggest that early childhood math instruction may carry the dual-benefit of 

supporting growth in both skills across this time period (Cameron et al., 2019; Fuhs et al., 2014; 

McKinnon & Blair, 2019; Schmitt et al., 2017; ten Braak et al., 2019; Welsh et al., 2010; Wolf & 

McCoy, 2019). Notably, the findings from Study 1 are among the first to provide empirical 

evidence to suggest that this is the case. Specifically, I found that spending at least some time on 

general math instruction in preschool and kindergarten was beneficial for the EF development of 

children growing up in low-income households as they transition to formal schooling. However, 

questions remain regarding the specific components of early math learning that may be most 

conducive to supporting growth in EF. Specifically, despite widespread understanding that early 

math learning involves the acquisition of many distinct early numeracy skills, prior studies 

documenting reciprocity in the longitudinal relations between EF and math have all 

operationalized math as a general construct (Cameron et al., 2019; Fuhs et al., 2014; McKinnon 

& Blair, 2019; Schmitt et al., 2017; ten Braak et al., 2019; Welsh et al., 2010; Wolf & McCoy, 

2019). In these studies, math is most commonly measured using the Applied Problems subtask 

from the Woodcock-Johnson -- a standardized task that aggregates scores across a wide range of 

different math skills (e.g., number identification, counting, word problems, and the ability to tell 

time and count money) into a single measure of general math achievement. Therefore, although 

there is some evidence from unidirectional longitudinal studies (EF → math) to suggest that EF 

plays a broad in the early development of multiple components of early mathematics 
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(Röthlisberger et al., 2013; Simanowski & Krajewski, 2019), the extent to which specific 

components of early mathematics might also predict subsequent growth in EF (the inverse 

relation) has yet to be investigated. 

Investigating reciprocity in the longitudinal relations between EF and specific 

components of early mathematics is a worthwhile endeavor as there is reason to believe that 

certain early math skills (e.g., conceptual counting knowledge) might play a larger role in EF 

development than others (e.g., basic numerical fluency). If this is the case, then it would suggest 

that the previously reported reciprocity in the longitudinal relations between EF and math 

achievement may be specific to certain aspects of early math learning. Investigating this is 

important as it would help elucidate the specific mechanisms by which EF and math impact the 

development of the other and may also offer more targeted recommendations to educators in 

terms of the types of early math skills that might be most conducive to supporting growth in both 

math and EF. Therefore, the overall aim of Study 2 is to identify the specific early math skills 

that predict growth in EF and vice versa. Further, because children growing up in low-income 

households might benefit the most from efforts to support the development of EF, particularly 

across the transition to formal schooling (Albert et al., 2020; Deer et al., 2020; Finders et al., 

202; Fitzpatrick et al., 2014; Lawson & Farah, 2017; Nesbitt et al., 2013), I address this aim 

among a sample of children from low-income families across kindergarten and the transition to 

first grade.  

Early Math as a Multi-Component Skill 

As previously mentioned, math learning in early childhood is multi-faceted and involves the 

acquisition of many distinct, yet related, early numeracy skills. For example, in 2009, the 

National Research Council put forward a series of empirically based recommendations for 
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improving early childhood math education in the United States (NRC, 2009). In this report, the 

NRC highlights the core components of early math learning that lay the foundation for more 

complex math development. Central amongst these are the ability to understand concepts of 

counting and cardinality (i.e., conceptual counting knowledge) as well as the fluency with which 

one can compare and manipulate quantities (i.e., basic numerical fluency). Importantly, prior 

research has found that these two sets of skills reflect distinct constructs that each exert a unique 

influence on later math development (Aunio et al., 2006; Aunio & Niemivirta, 2010). In the 

sections below, I describe these early math skills and their relation to math achievement before 

turning to their hypothesized relations with EF.   

Conceptual Counting Knowledge 

Conceptual counting knowledge refers to the extent to which children understand the underlying 

principles that guide meaningful counting. While most children are able to recite the count list 

(1-10) from memory by the age of 2 or 3, one’s rote counting ability does not necessarily reflect 

a sophisticated understanding of number and cardinality (Wynn, 1990; Wynn, 1992). Notably, 

moving beyond simple recitation of the count-list and learning how to count with meaning is 

non-trivial and requires the integration of multiple mathematical concepts (Gelman & Gallistel, 

1978; Sarnecka & Carrey, 2008). These concepts include: 1) the idea that number names are 

assigned using a consistent sequence (i.e., the stable-order principle); 2) the idea that each object 

in a collection is assigned exactly one number word (i.e., the one-to-one correspondence 

principle); and 3) the idea that the final number assigned when counting is representative of the 

quantity of the collection (i.e., the cardinality principle). Importantly, it is children’s acquisition 

and integration of these concepts, rather than their rote counting abilities, that is thought to play 

an important role in the development of more complex mathematical skills and concepts (e.g., 
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Geary et al., 2004; Johnson et al., 2019; Jordan et al., 2009; Muldoon et al., 2003; Nguyen et al., 

2016; Stock et al., 2009).  

Specifically, Johnson et al., (2019) describe children’s early conceptual counting 

knowledge as forming the basis for the acquisition of bigger, more complex, mathematical ideas 

that are continuously extended as children progress throughout formal schooling. For example, 

children’s initial understanding of the cardinality principle is thought to eventually extend into 

the successor function, or the idea that each number counted includes the amount of the previous 

number plus one more (Sarnecka & Carrey, 2008; Spaepan et al., 2018). By integrating their 

knowledge of the cardinality principle and the successor function, children can then engage in 

more advanced mathematical problem-solving strategies such as ‘counting-on’ when performing 

arithmetic (e.g., when solving the problem 10+2 those who use a counting-on strategy could 

count 2 up from 10 rather than traversing the entire count-list). In this way, children’s early 

conceptual counting knowledge is thought to kick-start the generative process of expanding and 

integrating increasingly more sophisticated mathematical ideas and skills (Johnson et al., 2019). 

Basic Numerical Fluency 

Basic numerical fluency refers to the speed and accuracy with which one can compare and 

manipulate quantities. Such skills are often captured through timed comparison tasks in which 

children are asked to rapidly discriminate between quantities (either number symbols, dots, or 

both), as well as basic arithmetic tasks (e.g., 3+5; Ansari, 2008). Importantly, the fluency with 

which young children can process and manipulate quantities is known to be an important 

predictor of later math achievement (e.g., Bartelet et al., 2014; Decker & Roberts, 2015; De 

Smedt et al., 2009; De Smedt et al., 2013; Duncan et al., 2007; Habermann et al., 2020; 

Holloway & Ansari, 2009; Lyons et al., 2014; Mundy & Gilmore, 2009; Nosworthy et al., 2013; 
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Sasanguie et al., 2013; Sasanguie et al., 2012; Scalise & Ramani, 2021; Toll & Van Luit, 2014). 

For example, many studies have observed that children who can more efficiently discriminate 

between number symbols in early childhood display greater achievement on tests of more 

complex arithmetic in early elementary school (e.g., Bartelet et al., 2014; Habermann, et al., 

2020; Scalise & Ramani, 2021; Toll & Van Luit, 2014). Ultimately, children who demonstrate 

better basic numerical fluency skills early on may display greater ease when processing and 

manipulating quantities in the context of more complex mathematics. 

Overall, the skills described above reflect two distinct and important components of early 

mathematics. However, despite the multi-faceted nature of early math learning, prior studies 

investigating the longitudinal relations between EF and math have all operationalized math as a 

general skill, with a few exceptions. These exceptions include a handful of unidirectional 

longitudinal studies (EF → math) that have investigated the role of initial EF skills in the 

development of distinct math abilities (Röthlisberger et al., 2013; Simanowski & Krajewski, 

2019). Currently, the extent to which initial performance on specific aspects of early 

mathematics might also predict subsequent growth in EF (the reciprocal relation) has yet to be 

investigated. This is a relevant research aim as there is reason to believe that the different ways 

in which these specific aspects of early mathematics contribute to later math achievement may 

influence the role that they play in EF development. In the section below, I review the few 

unidirectional studies that have investigated the role of EF in the development of specific early 

math skills, before turning to the hypothesized role of specific early math skills (i.e., conceptual 

counting knowledge and basic numerical fluency) in the development of EF (the inverse 

relation).  
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The Role of EF in the Development of Specific Math Skills 

Although no study has yet investigated reciprocity in the relations between EF and specific 

components of early math learning, a handful of unidirectional studies have documented a role 

for EF in the development of distinct components of mathematics. Insights from this body of 

evidence suggest that EF is broadly involved in the initial acquisition of multiple components of 

early mathematics (Röthlisberger et al., 2013; Simanowski & Krajewski, 2019), but that its role 

narrows to supporting the acquisition of increasingly more complex mathematical concepts and 

skills as children progress through schooling (LeFevre et al., 2013; Röthlisberger et al., 2013; 

Viterbori et al., 2015). For example, Rothlisberger et al. (2013) observed that EF skills at the 

beginning of preschool predicted growth in both foundational numeracy skills (e.g., magnitude 

comparison) as well as more advanced skills (e.g., equations, patterning, & calculation) at the 

beginning of kindergarten. Yet, EF skills at the beginning of kindergarten only continued to 

predict growth in more advanced aspects of mathematics (e.g., e.g., equations, patterning, & 

calculation) by the beginning of first grade. Similarly, LeFevre et al. observed that EF measured 

at the start of 2nd grade predicted growth in complex arithmetic, but not in foundational number 

knowledge (e.g., understanding of quantity, order, and place-value), by the end of 4th grade. 

Although participants improved in both their foundational number knowledge and more complex 

arithmetic skills over this time period, the authors suggested that improvements in complex 

arithmetic likely involved the acquisition of novel concepts and skills, while improvements in 

number knowledge likely involved the further refinement of concepts and skills that had already 

been acquired. 

Together, these findings are aligned with the theory that it is the initial acquisition of 

mathematical skills and concepts, and not the further refinement of such skills, that relies upon 
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EF (Clements et al., 2016; Vosniadou et al., 2018). As a result, one might expect initial EF skills 

to predict growth in both conceptual counting knowledge and basic numerical fluency across the 

kindergarten year when children are still in the early stages of acquiring these skills. However, 

the role of EF in the further development of these skills may dissipate as children transition to 

first grade and continue to improve in their conceptual counting knowledge and basic numerical 

fluency.  

The Role of Specific Math Skills in the Development of EF 

Currently, the extent to which initial performance on these specific components of early 

mathematics might also predict growth EF (i.e., the inverse relation) remains unexplored. As a 

result, hypotheses regarding the role of specific early math skills in the development of EF stem 

from theory. The primary theory for why initial early math skills may predict growth in EF is 

rooted in the hierarchical nature of math development in which more basic skills form the 

foundation for the acquisition of more complex skills (Clements et al., 2016; ten Braak et al., 

2019). Importantly, as noted above, it is this acquisition of more complex mathematical skills 

and concepts that is thought to engage EF processes (Clements et al., 2016, LeFevre et al., 2013; 

Grenell & Carlson, 2021; Vosniadou et al., 2018). Therefore, initial math skills are thought to 

exert their influence on EF development by allowing children to engage with more advanced 

forms of mathematics and by engaging with more advanced forms of mathematics, children are 

also practicing and further refining the underlying EF skills necessary to learn more advanced 

math. As a result, the aspects of early mathematics that should be most predictive of growth in 

EF are those that are most important for the cognitively demanding process of acquiring new 

mathematical concepts and skills. 
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  As highlighted above, both conceptual counting knowledge and basic numerical fluency 

are important predictors of more advanced math achievement (e.g., Aunio et al., 2006; Aunio & 

Niemivirta, 2010; Geary et al., 2004; Sarnecka & Carrey, 2008; Stock et al., 2009; Lyons et al., 

2014; DeSmedt et al., 2009; Holloway & Ansari, 2009; Sansaguie et al., 2012). However, it is 

children’s conceptual counting knowledge that is thought to play a particularly important role in 

the cognitively demanding process of acquiring new mathematical concepts and skills. As 

described above, children’s early conceptual counting knowledge is thought to kick-start the 

generative process of expanding and integrating increasingly more sophisticated mathematical 

ideas and skills (e.g., Johnson et al., 2019). For example, young children’s understanding of the 

cardinality principle eventually extends into the acquisition of the successor function (Sarnecka 

& Carrey, 2008; Spaepan et al., 2018). By integrating their knowledge of the cardinality 

principle and the successor function, children can thus acquire more advanced numerical 

concepts such as counting-on (e.g., knowing that “eight” comes after “seven” without having to 

run through the count-list starting at “one”). Notably, it is this continuous expansion and 

integration of mathematical concepts and skills that is thought to both rely upon and promote 

growth in EF (Clements et al., 2016; Vosniadou et al., 2018).  

Comparatively, the process of becoming increasingly more fluent at comparing and 

manipulating quantities is thought to rely upon repetition and practice. Importantly, repetition 

and practice with skills already acquired is thought to be less cognitively taxing than the 

acquisition of novel mathematical concepts (Clements et al., 2016; Vosniadou et al., 2018). As a 

result, the development of numerical fluency may not be as conducive to growth in EF as the 

development of conceptual understanding. In other words, even if young children are able to 

fluently compare and manipulate numerals, they might not be able to engage in (and therefore 
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reap the EF benefits of) the cognitively demanding process of acquiring novel mathematical 

concepts and skills if they have not yet acquired the foundational counting principles. In this 

way, one might not expect basic numerical fluency skills to promote growth in EF over and 

above conceptual counting knowledge. 

Current Study 

Overall, although there is some evidence from unidirectional studies (EF → math) to suggest that 

EF plays a broad in the initial development of multiple components of early mathematics 

(Röthlisberger et al., 2013; Simanowski & Krajewski, 2019), the extent to which these specific 

components of early mathematics might also predict subsequent growth in EF (the inverse 

relation) has yet to be investigated. This is a relevant research aim as there is reason to believe 

that certain aspects of early math learning may play a larger role in EF development than others. 

Specifically, the prominent role of conceptual counting knowledge in the cognitively demanding 

process of acquiring novel mathematical concepts and skills suggests that it might predict growth 

in EF to a greater extent than the fluency with which one can compare and combine numerals. If 

this is the case, then it would suggest that the previously reported reciprocity in the longitudinal 

relations between EF and math achievement may be specific to certain aspects of early math 

learning. Investigating this is important as it would further our understanding of the role of EF 

and math in the development of the other and may also offer more targeted recommendations to 

educators in terms of the types of early math skills that might be most conducive to supporting 

growth in both math and EF. Therefore, the overall aim of Study 2 is to identify the specific 

aspects of early mathematics that predict growth in EF and vice versa. Further, because children 

growing up in low-income households might benefit the most from efforts to support the 

development of EF, particularly across the transition to formal schooling (Albert et al., 2020; 
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Deer et al., 2020; Finders et al., 2021; Fitzpatrick et al., 2014; Lawson & Farah, 2017; Nesbitt et 

al., 2013), I address this aim among a sample of children from low-income families across 

kindergarten and the transition to first grade.  

Specifically, I ask two research questions: First: Do specific components of early 

mathematics predict unique growth in EF from the fall of kindergarten to the fall of first grade? 

As described above, I hypothesize that conceptual counting knowledge will predict growth in EF 

to a greater extent than basic numerical fluency. Further, I hypothesize that this relation will 

persist across the transition to first grade as children continue to be exposed to more advanced 

forms of mathematics that exercise and build upon their conceptual counting knowledge. 

Second: Does EF predict growth in specific components of early mathematics from the fall of 

kindergarten to the fall of first grade? As described above, I hypothesize that initial EF skills 

will predict growth in both conceptual counting knowledge and basic numerical fluency across 

the kindergarten year when children are still in the early stages of acquiring these skills. 

However, the role of EF in the further development of these skills may dissipate as children 

transition to first grade and continue to improve in their conceptual counting knowledge and 

basic numerical fluency. 

Method 

 

Data Source and Analytic Sample  

The data source and analytic sample are the same as those described in Study 1. As a reminder, 

the analytic sample was defined as those who participated (meaning that they had at least some 

assessment data) in the SEED study in the fall of the kindergarten year (N = 1031).  
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Procedure 

The SEED study protocol for the collection of child assessment data was described in Study 1. In 

the current study, the primary variables of interest are assessments of both EF, as well as specific 

components of early mathematics.  

Measures 

Executive Function 

EF skills were assessed using three tasks from the Cognitive Battery of the NIH Toolbox (ages 3-

6; Zelazo et al., 2013) that tap three components of EF: The Flanker Inhibitory Control and 

Attention Test (inhibitory control), the Dimension Change Card Sort Test (cognitive flexibility) 

and the Picture Sequence Memory Test (working memory). These tasks are described in detail in 

Study 1. Given a large body of literature suggesting that EF is best represented as a unitary 

construct at this time in development, performance on all three tasks was combined into a latent 

variable (as was done in Study 1).  

Specific Components of Early Mathematics 

Specific components of early mathematics were assessed using two measures: The Numeracy 

Screener (Lyons et al., 2018) and the Re-DREMA (Johnson et al., 2019).  

 The Numeracy Screener. Participants completed a condensed version of the Numeracy 

Screener, which is a paper-pencil task originally designed and described by Lyons et al. (2018). 

The condensed Numeracy Screener booklet included two comparison tasks: Symbolic Number 

Comparison and Mixed Comparison. Each task consisted of 48 items, with 12 items per page. 

Children were given one minute to complete as many items as possible per task. Before 

beginning each task, the assessor went over a predetermined set of instructions and administered 

four practice trials to ensure that the child understood what was being asked of them. Children 
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were instructed to complete as many items as they could in the order that they were presented in. 

The comparison tasks were designed to assess the fluency with which one can access the 

underlying meaning of number symbols.  

 Symbolic Number Comparison. Each item in this task consisted of two symbolic 

numbers (1-9) presented side-by-side. Participants were told, “In this task, your job is to decide 

which of the two numbers is bigger. Mark the box with the number that means the most things.” 

 Mixed Comparison. Each item in this task consisted of a symbolic number and set of 

dots presented side-by-side (1-9). Participants were told, “In this task, your job is to decide 

whether a number or a group of dots means more things. If the number means more than the 

dots, mark the number. If the dots mean more than the number, mark the dots”.  

 Task Scoring. For both tasks, raw scores were calculated as the total number of correct 

responses. Scores were corrected for guessing (a child who randomly guessed all 48 items would 

have received a score of 24) by using the adjustment (A = C – [I/(P-1)], where A is the adjusted 

score, C is the number correct, I is the number incorrect, and P is the number of response options 

(Rowley & Traub, 1977). Given that there were only two response options with equal probability 

of being correct, the adjusted score is essentially the number of correct responses minus the 

number of incorrect responses (A = C – I). Using this adjustment, those who used a guessing 

strategy, on average, would have received a score of 0.  

 Re-DREMA. The Re-DREMA is an adapted version of a measure designed by Johnson 

et al. (2019), which itself was adapted from the Research-Based Early Mathematics Assessments 

(REMA) Short-Form (Weiland et al., 2012). The Re-DREMA is an assessment of children’s 

early number and math knowledge. Children completed one counting task (to assess their 
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conceptual understanding of counting principles) and an addition task (to assess the fluency with 

which they can retrieve arithmetic facts). 

 Counting Task. In this task, children were presented with 31 unorganized pennies and 

asked: “Can you help me count these pennies?” When the child finished counting, they were 

asked “How many are there?” From this task, three variables were created to reflect children’s 

conceptual understanding of the three counting principles defined by Gelman & Gallistel (1978): 

the Stable Order Principle, One-to-One Correspondence, and the Cardinality Principle. 

Knowledge of the Stable Order Principle (i.e., the idea that number names are assigned 

using a consistent sequence) was captured using a continuous variable that reflected how high 

children could count without making any errors in the counting sequence. It is important to note 

that even if children did not count exactly 31 pennies, they still demonstrated an understanding 

of the Stable Order Principle as long as they did not make any mistakes in the count sequence.  

Knowledge of One-to-One Correspondence (i.e., the idea that each object in a collection 

is assigned exactly one number word) was captured using a categorical variable that reflected the 

number of number ranges (1-5, 6-10, 11-20, 21-31) for which the child assigned only one 

number word to each penny while counting. This variable ranged from 1-4, with a score of 1 

indicating that the child demonstrated an understanding of one-to-one correspondence for only 

one number range and a score of 4 indicating that the child demonstrated an understanding of 

one-to-one correspondence across all four number ranges.   

Knowledge of the Cardinality Principle (i.e., the idea that the final number assigned 

when counting is representative of the quantity of the collection) was captured using a binary 

variable. Children received a score of 1 if they responded with the last number counted when 

asked “how many how there?” and a score of 0 if they responded to this question with a number 
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that was not the same as the last number they counted. It is important to note that even if the 

child did not count exactly 31 pennies, they still demonstrated an understanding of the 

cardinality principle as long as they associated the last number counted with the total of the set.  

Addition Task. In this task, children were presented with five cubes and asked, “If I give 

you three more, how many cubes would you have then?” The experimenter then recorded the 

child’s initial response. If the child responded incorrectly, they were prompted to use the cubes 

to help them solve the problem. The experimenter than recorded the child’s response after the 

prompt. Performance on this task was scored as a categorical variable that ranged from 1 to 3. If 

the child responded incorrectly both before and after the prompt, they received a score of 1. If 

the child responded incorrectly at first, but correctly after the prompt, they received a score of 2. 

Finally, if the child responded correctly without the prompt, they received a score of 3. Notably, 

a higher score on this assessment reflects more fluent retrieval of arithmetic facts. 

Data Reduction. The six math variables described above were selected to capture two 

distinct components of early math learning, namely, conceptual counting knowledge and basic 

numerical fluency. To ensure that this was in fact the case, I entered all six variables at the start 

of kindergarten into an exploratory factor analysis (EFA) with a promax rotation (i.e., a type of 

oblique rotation that allows the factors to correlate) in MPLUS (Version 8.4; Muthén & Muthén, 

2017). The EFA revealed that a 2-factor solution (χ2 = 9.80, p = 0.04; RMSEA = 0.04; SRMR = 

0.02) fit the data better than a 1-factor solution (χ2 = 344.76, p < .001; RMSEA = 0.19; SRMR = 

0.10)6. The promax rotated factor loadings from the 2-factor solution are displayed in Table 19. 

 
6 A good fitting EFA model with a promax rotation is indicated by a non-significant chi-square and a 

Root Mean Square Error of Approximation (RMSEA) and a Standardized Root Mean Square Residual 

(SRMR) < .08. However, it should be noted that chi-square is often significant when the sample size is 

large (Hu & Bentler, 1999; Kline, 2015). 
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As can be seen in the table, the three variables that were selected to capture children’s conceptual 

counting knowledge each loaded onto the first factor (as indexed by a rotated factor loading 

greater than 0.30; Hair et al., 1998; Peterson, 2000) and were therefore combined into a latent 

variable. The three variables that were selected to capture children’s basic numerical fluency 

skills each loaded onto the second factor and were therefore also combined into a latent variable.  

Table 19  

Promax-rotated factor loadings from the EFA 

Note. Factor loadings < .20 are suppressed. χ2 = 9.80, p = 0.04; RMSEA = 0.04; SRMR = 0.02 

 

Covariates 

Covariates were included to control for potential confounding of the relationship between 

children’s EF and math skills due to demographic factors. These are: child age in the fall of the 

kindergarten year, child race (1= Hispanic, 0 = non-Hispanic), female gender, parent education 

(1 = less than high school, 2 = high school, 3 = more than high school) and monthly household 

income.  

Analytic Strategy 

The analytic strategy proceeded in two stages: 1) confirmatory factor analysis (CFA) and tests of 

measurement invariance for the latent math variables and 2) auto-regressive cross-lagged 

(ARCL) panel model to assess reciprocity in the relation between EF and specific components of 

early math. All analyses were conducted in a structural equation modeling (SEM) framework 

Variable

Factor 1

(Conceptual Counting 

Knowledge)

Factor 2

(Basic Numerical 

Fluency)

Stable Order (i.e., highest count error free) 0.56

1:1 Correspondence 0.93

Cardinality 0.78

Symbolic Comparison 0.77

Mixed Comparison 0.85

Basic Addition 0.54

Table 19

Promax-Rotated Factor Loadings from an EFA

Note.  Factor loadings < .20 are suppressed 

χ2 = 9.80, p = 0.04; RMSEA = 0.04; SRMR = 0.02
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using MPLUS (version 8.4; Muthén & Muthén, 2017). I used the following criteria to assess 

model fit: A Root Mean Square Error of Approximation (RMSEA) and a Standardized Root 

Mean Square Residual (SRMR) < .08 and a Comparative Fit Index (CFI) and Tucker Lewis 

Index (TLI) > 0.90 (Hu & Bentler, 1999; Kline, 2015).  

CFA and Tests of Measurement Invariance 

As mentioned in Study 1, when looking at longitudinal change in latent variables an important 

first step is to use CFA to test whether the underlying latent structure of the constructs of interest 

hold of time (i.e., measurement invariance). The process for establishing measurement 

invariance was described in detail in Study 1. While measurement invariance for latent EF was 

previously established, here I conduct additional tests of measurement invariance for the latent 

math variables. 

Reciprocity in the Relation between EF and Specific Components of Early Math (ARCL) 

I estimated an ARCL panel model including latent measures of EF, conceptual counting 

knowledge, and basic numerical fluency at each time point (fall of kindergarten, spring of 

kindergarten, fall of first grade) to answer the primary research questions which were: 1) Do 

specific components of early mathematics predict growth in EF across kindergarten and the 

transition to formal schooling? and 2) Does EF predict growth in specific components of early 

mathematics across kindergarten and the transition to formal schooling? In this model, relative 

standing (i.e., where a child’s skill level falls in relation to their peers) in latent EF, conceptual 

counting knowledge, and basic numerical fluency, were controlled for through the inclusion of 

two auto-regressive paths (e.g., EF at T1 predicting EF at T2; EF at T2 predicting EF at T3). By 

controlling for the extent to which children’s relative standing in the variables of interest remains 

stable over time, I was able to estimate the extent to which relative standing on one variable 
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predicted growth in the other (Selig & Little, 2012). Specifically, I estimated the extent to which 

relative standing in specific early math skills predicted growth in EF (RQ #1), and further, the 

extent to which relative standing in EF predicted growth in specific components of early math 

(RQ #2), across kindergarten and the transition to first grade. By including both components of 

early mathematics (i.e., conceptual counting knowledge and basic numerical fluency) in the same 

model, I was able to examine the extent to which each specific skill exerted a unique influence, 

over and above the other, on growth in EF, and vice versa. 

Following similar studies in this area (e.g., Wolf & McCoy, 2019; McKinnon & Blair, 

2019; Schmitt et al., 2017) I allowed all within-wave variables to covary (e.g., EF at T1 covaried 

with conceptual counting knowledge and basic numerical fluency at T1). Further, I controlled for 

the child demographics listed above by regressing fall kindergarten variables onto these 

covariates. Given the multi-level structure of the data (children nested in classrooms), I followed 

similar studies in this area (e.g., Wolf & McCoy, 2019; McKinnon & Blair, 2019; Schmitt et al., 

2017) and used a maximum-likelihood estimator (MLR) that is robust to non-independence of 

observations. Missing data ranged from 5% to 15% across all variables of interest and was 

accounted for using full-information maximum likelihood (FIML). 

Results 

 

Descriptive statistics for all indicators of EF and math can be found in Table 20. Notably, 

children increased in both their EF and math skills across all time points.  
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Table 20  

Descriptive statistics for all indicators of the latent EF and math variables
Table 20

M SD Min Max n M SD Min Max n M SD Min Max n

EF

Cognitive Flexibility 64.84 19.37 32 110 901 69.73 19.68 32 114 952 76.05 18.56 32 112 880

Inhibitory Control 62.92 19.63 22 111 924 68.69 18.61 16 112 955 74.80 18.12 24 111 878

Working Memory 87.12 13.24 67 129 945 91.36 14.63 67 129 947 94.61 14.59 67 129 878

Conceptual Number Knowledge 

Stable Order (i.e., highest count error-free) 29.98 27.12 0 100 971 49.70 34.76 1 110 963 56.67 35.30 2 100 885

1:1 Correspondence 2.41 1.09 0 4 972 2.93 1.02 0 4 958 3.17 0.95 0 4 881

Cardinality 0.32 0.46 0 1 973 0.82 0.38 0 1 963 0.86 0.35 0 1 882

Basic Numerical Fluency

Symbolic Comparison 5.20 8.66 -24 41 938 13.19 9.50 -24 36 944 16.78 9.16 -22 36 888

Mixed Comparison 3.48 6.08 -38 20 945 7.73 6.12 -22 24 941 9.58 5.69 -22 29 883

Addition 1.81 0.89 1 3 926 2.32 0.87 1 3 944 2.58 0.74 1 3 886

Fall Kindergarten Spring Kindergarten Fall First Grade

Descriptive Statistics for all Indicators of the Latent EF and Math Variables
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CFA and Tests of Measurement Invariance 

Executive Function 

The measurement constraints imposed on EF in Study 1 (i.e., partial scalar invariance) were 

applied here as well. The fit indices for the tests of measurement invariance for EF are re-

presented in Table 21. The standardized and unstandardized factor loadings, as well as the 

unstandardized intercepts, from the partial scalar invariance model for EF are re-presented in 

Table 22.   

Table 21 

Fit indices from all CFA models for the latent EF and math variables 

 
Note. The fit of the metric model is compared to that of the configural model and the fit of the scalar model is 

compared to that of the metric model. 

 

 

Table 21

RMSEA 90% C.I. (RMSEA) SRMR TLI CFI ∆ CFI

EF

Configural Invariance 0.03 0.00 - 0.04 0.02 0.99 1.00 -

Metric Invariance 0.03 0.01 - 0.04 0.03 0.98 0.99 -0.01

Scalar Invariance 0.05 0.04 - 0.06 0.05 0.95 0.97 -0.02

Partial Scalar Invariance 0.03 0.01 - 0.04 0.03 0.98 0.99 0.00

Conceptual Counting Knowledge

Configural Invariance 0.06 0.05 - 0.08 0.03 0.93 0.97 -

Metric Invariance 0.09 0.08 - 0.10 0.08 0.86 0.93 -0.04

Partial Metric Invariance 0.07 0.06 - 0.09 0.05 0.91 0.96 -0.01

Scalar Invariance 0.14 0.13 - 0.15 0.12 0.69 0.81 -0.15

Partial Scalar Invariance 0.07 0.06 - 0.08 0.05 0.92 0.95 -0.01

Basic Numerical Fluency

Configural Invariance 0.04 0.03 - 0.06 0.02 0.98 0.99 -

Metric Invariance 0.06 0.04 - 0.07 0.05 0.96 0.98 -0.01

Scalar Invariance 0.06 0.04 - 0.07 0.06 0.96 0.97 -0.01

Fit Indices from all CFA Models

Note . The fit of the metric model is compared to that of the configural model and the  fit of the scalar model is 

compared to that of the metric model.



     

 

 

9
0

 

Table 22 

Factor loadings and intercepts from the scalar invariance CFA models for the latent EF and math variables 

 
Note.  All factor loadings were significant at the α = .001 level. The raw factor loadings for the first indicator of each construct were fixed at 1 in order to identify 

the model. Continuous indicators (CF, IC, WM, stable order, symbolic comparison, mixed comparison) were divided by a constant (10) in order to expedite 

model convergence. The constraints imposed in the scalar invariance model are maintained across all analyses in this dissertation. Partial scalar invariance was 

established for latent EF and Conceptual Counting Knowledge. Full scalar invariance was established for latent Basic Numerical Fluency. 

Table 22

Indicator

Std. Factor 

Loading 

(SE)

Raw Factor 

Loading (SE)

Raw Intercept 

(SE)

Std. Factor 

Loading (SE)

Raw Factor 

Loading

Raw Intercept 

(SE)

Std. Factor 

Loading (SE)

Raw Factor 

Loading

Raw Intercept 

(SE)

EF

Cognitive Flexibility 0.67 (0.02) 1.00 (fixed) 6.39 (0.06) 0.64 (0.03) 1.00 (fixed) equated (T1) 0.65 (0.03) 1.00 (fixed) equated (T1)

Inhibitory Control 0.77 (0.03) 1.11 (0.06) 6.19 (0.06) 0.74 (0.03) equated (T1) equated (T1) 0.72 (0.03) equated (T1) equated (T1)

Working Memory 0.42 (0.03) 0.42 (0.03) 8.57 (0.04) 0.36 (0.02) equated (T1) 8.91 (0.05) 0.34 (0.03) equated (T1) equated (T2)

Conceptual Counting Knowledge

Stable Order (i.e., highest count error free) 0.76 (0.02) 1.00 (fixed) 2.99 (0.09) 0.70 (0.02) 1.00 (fixed) equated (T1) 0.63 (0.02) 1.00 (fixed) equated (T1)

1:1 Correspondence 0.65 (0.03) 0.32 (0.01) 2.35 (0.03) 0.73 (0.02) equated (T1) equated (T1) 0.72 (0.03) equated (T1) equated (T1)

Cardinality 0.68 (0.03) 0.15 (0.01) 0.31 (0.02) 0.47 (0.03) 0.07 (0.01) 0.67 (0.02) 0.46 (0.03) equated (T2) equated (T2)

Basic Numerical Fluency

Symbolic Comparison 0.87 (0.02) 1.00 (fixed) 0.47 (0.03) 0.86 (0.02) 1.00 (fixed) equated (T1) 0.89 (0.02) 1.00 (fixed) equated (T1)

Mixed Comparison 0.71 (0.02) 0.55 (0.01) 0.31 (0.2) 0.75 (0.02) equated (T1) equated (T1) 0.76 (0.02) equated (T1) equated (T1)

Basic Addition 0.52 (0.02) 0.59 (0.02) 1.84 (0.03) 0.55 (0.02) equated (T1) equated (T1) 0.59 (0.02) equated (T1) equated (T1)

Fall of Kindergarten Spring of Kindergarten Fall of First Grade

Note.  All factor loadings were signifcant at the α = .001 level. The raw factor loadings for the first indicator of each construct were fixed at 1 in order to identfy the model. 

Continuous indicators (CF, IC, WM, stable order, symbolic comparison, mixed comparison) were divided by a constant (10) in order to expedite model convergence (e.g., 

Muthen et al., 2010).  The constraints imposed in the scalar invariance model are maintained across all analyses in this dissertation. Partial scalar invariance was established 

for latent EF and Conceptual Counting Knowledge. Full scalar invariance was established for latent Basic Numerical Fluency. 

Factor Loadings and Intercepts from the Scalar Invariance CFA Models
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Conceptual Counting Knowledge 

The configural (baseline) CFA model for conceptual counting knowledge fit the data well (see 

Table 21) and had statistically significant factor loadings across all indicators (stable order 

principle, one-to-one correspondence, cardinality principle) at each time point (all ps < .001). 

However, a test for metric (weak) invariance did result in a substantial decrease in model fit (∆ 

CFI = - 0.04). Modification indices suggested that the factor loading for cardinality at T1 was not 

equivalent to the factor loading for cardinality at later time points. I therefore freed the factor 

loading for cardinality at T1. This resulted in a model fit that did not significantly differ from the 

model fit established by the configural model (∆ CFI = 0.01). I was therefore able to establish 

partial metric invariance (i.e., equivalence of factor loadings). The test for scalar invariance also 

resulted in a substantial decrease in model fit (∆ CFI = - 0.15). Modification indices suggested 

that the intercept for cardinality at T1 was not equivalent to the intercept for cardinality at later 

time points. I therefore freed the intercept for cardinality at T1, which resulted in a model fit that 

did not significantly differ from that of the partial metric invariance model (∆ CFI < 0.01). As a 

result, partial scalar invariance (i.e., equivalence of factor loadings and intercepts) was 

established. Therefore, I could reasonably conclude that the latent conceptual counting 

knowledge variable captured the same underlying construct across all time points. The 

standardized and unstandardized factor loadings, as well as the unstandardized intercepts, from 

the partial scalar invariance model for conceptual counting knowledge across all time points can 

be found in Table 22.   

Basic Numerical Fluency 

The configural (baseline) CFA model for basic numerical fluency fit the data well (see Table 21) 

and had statistically significant factor loadings across all indicators (symbolic comparison, mixed 
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comparison, basic addition) at each time point (all ps < .001). The test for metric (weak) 

invariance did not result in a significant decrease in model fit (∆ CFI = 0.01), meaning that full 

metric invariance (i.e., equivalence of factor loadings) was established. The test for scalar 

(strong) invariance also did not result in a significant decrease in model fit (∆ CFI < 0.01), 

meaning that full scalar invariance (i.e., equivalence of factor loadings and intercepts) was also 

established. As a result, I could reasonably conclude that the latent basic numerical fluency 

variable captured the same underlying construct across all time points. The standardized and 

unstandardized factor loadings, as well as the unstandardized intercepts, from the scalar 

invariance model for basic numerical fluency across all time points can be found in Table 22.    

Overall, the measurement constraints established here were applied in the ARCL panel 

model. Correlations between all three latent variables (as well as latent means and standard 

errors) can be found in Table 23.  

Table 23 

Means and correlations for the latent EF and math variables 

 
Note. All correlations were significant at the α = .001 level. Continuous indicators (CF, IC, WM, stable order, 

symbolic comparison, mixed comparison) were divided by a constant (10) in order to expedite model convergence. 

 

Reciprocity in the Relation between EF and Specific Components of Early Math (ARCL) 

The ARCL panel model demonstrated good fit to the data (RMSEA = 0.03, SRMR = 0.04, CFI = 

0.95, TLI = 0.95). Significant paths are displayed in Figure 1 and the full model results can be 

found in Table 24. As can be seen in Figure 1, all auto-regressive paths were highly-significant,  

 

Table 23

Means and Correlations for the Latent EF and Math Variables

1 2 3 4 5 6 7 8 Estimated Mean (SE)

1. EF1 5.90 (0.62)

2. Conceptual Counting Knowledge1 0.35 5.68 (1.27)

3. Basic Numerical Fluency1 0.54 0.67 1.82 (0.24)

4. EF2 0.83 0.37 0.53 6.47 (0.62)

5. Conceptual Counting Knowledge2 0.42 0.78 0.63 0.49 7.60 (1.27)

6. Basic Numerical Fluency2 0.51 0.59 0.80 0.63 0.71 2.31 (0.24)

7. EF3 0.67 0.40 0.49 0.80 0.51 0.58 7.10 (0.62)

8. Conceptual Counting Knowledge3 0.40 0.67 0.57 0.47 0.87 0.65 0.47 8.32 (1.27)

9. Basic Numerical Fluency3 0.50 0.53 0.72 0.60 0.65 0.88 0.59 0.68 2.54 (0.25)

Note.  All correlations were signifcant at the α = .001 level. Continuous indicators (CF, IC, WM, stable order, symbolic 

comparison, mixed comparison) were divided by a constant (10) in order to expedite model convergence (e.g., Muthen et al., 

2010). 
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meaning that relative standing on each variable was stable across kindergarten and the transition  

to first grade. In terms of the role of math in EF development (RQ#1), contrary to what was 

expected, neither component of early mathematics predicted growth in EF across the 

kindergarten year. However, relative standing in conceptual counting knowledge at the end of 

kindergarten significantly predicted unique growth in EF, while basic numerical fluency skills 

did not. In terms of the role of EF in the development of specific components of math (RQ #2), 

as was expected, relative standing in EF at the beginning of kindergarten significantly predicted 

growth in both conceptual counting knowledge and basic numerical fluency by the end of 

kindergarten. EF in the spring of kindergarten did not, however, play a role in the further 

development of either component of early mathematics across the transition to first grade, as 

hypothesized.  
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Figure 8. Significant paths (standardized coefficients) from the ARCL panel model. 

Non-significant paths and within-wave covariances are not shown for ease of presentation. 

Covariates include child age, race gender, household income and parent education. EF = 

executive function, NF = basic numerical fluency, CK = conceptual counting knowledge. 

RMSEA = 0.03, SRMR = 0.04, CFI = 0.95, TLI = 0.95 

*** p < .001 

* p < .05 
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Table 24  

Cross-lagged effects of EF and specific early math skills 

 
Note. SEs are adjusted for clustering within classrooms. Covariates included child  

age, gender, race, household income and parent education. EF = executive function,  

NF = basic numerical fluency, CK = conceptual counting knowledge. 

RMSEA = 0.03, SRMR = 0.04; CFI = 0.95, TLI = 0.95 

***p < .001 

*p < .05 

 

 

 

β Se p

Fall of K (T1) → Spring of K (T2) 

Executive Function

EF (T1) → EF (T2) 0.76*** 0.05 0.000

NF (T1)→ EF (T2) 0.03 0.08 0.195

CK (T1) → EF (T2) 0.04 0.06 0.468

Basic Numerical Fluency

NF (T1) → NF (T2) 0.68*** 0.07 0.000

EF (T1)→ NF (T2) 0.12* 0.05 0.023

CK (T1) → NF (T2) 0.10 0.06 0.119

Conceptual Counting Knowledge

CK (T1) → CK (T2) 0.65*** 0.06 0.000

EF (T1)→ CK (T2) 0.13* 0.05 0.010

NF (T1) → CK (T2) 0.13 0.08 0.108

Fall of K (T2) → Spring of K (T3) 

Executive Function

EF (T2) → EF (T3) 0.71*** 0.06 0.000

NF (T2)→ EF (T3) 0.03 0.06 0.758

CK (T2) → EF (T3) 0.15* 0.06 0.018

Basic Numerical Fluency

NF (T2) → NF (T3) 0.81*** 0.06 0.000

EF (T2)→ NF (T3) 0.08 0.05 0.105

CK (T2) → NF (T3) 0.04 0.06 0.497

Conceptual Counting  Knowledge

CK (T2) → CK (T3) 0.81*** 0.06 0.000

EF (T2)→ CK (T3) 0.04 0.05 0.442

NF (T2) → CK (T3) 0.06 0.07 0.447

Table 24

Cross-Lagged Effects of EF and Specific Early Math Skills

Notes. SEs are adjusted for clustering within classroom. Covariates 

include child age, gender, race, household income and parent 

education. EF = execuctive function; NF = basic numerical fluency, 

CK = conceptual counting knowledge.

RMSEA = 0.03, SRMR = 0.04; CFI = 0.95. TLI = 0.95 

*** p  < .001

* p  < .05 
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Discussion 

The current study was the first to investigate reciprocity in the longitudinal relations between EF 

and two core components of early math learning – conceptual counting knowledge and basic 

numerical fluency. Overall, I found that neither component of early mathematics predicted 

growth in EF across the kindergarten year, but that conceptual counting knowledge at the end of 

kindergarten predicted growth in EF across the transition to first. Further, I found that children’s 

initial EF skills at the beginning of kindergarten predicted growth in both aspects of early math 

knowledge by the end of kindergarten but played no role in the further development of these 

skills across the transition to first grade. Together, these findings extend what is known about the 

predictive relations between EF and math across the early childhood to formal schooling 

transition by suggesting that it is conceptual counting knowledge in particular that facilitates 

reciprocity between EF and math across this critical period in development. 

The fact that conceptual counting knowledge, but not basic numerical fluency, emerged 

as a significant predictor of growth in EF is consistent with what I initially hypothesized. In 

particular, I hypothesized that children’s conceptual counting knowledge would play a prominent 

role in EF development due to the fact that it is thought to be particularly important for the 

cognitively demanding process of acquiring novel mathematical skills and concepts (Johnson et 

al., 2019; Sarnecka & Carrey, 2008; Spaepan et al., 2018). Specifically, Johnson et al., (2019) 

describe children’s early conceptual counting knowledge as forming the basis for the acquisition 

of bigger, more complex, mathematical ideas that are continuously extended as children progress 

throughout formal schooling. For example, children’s initial understanding of the cardinality 

principle is thought to eventually extend into the successor function, or the idea that each number 

counted includes the amount of the previous number plus one more (Sarnecka & Carrey, 2008; 
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Spaepan et al., 2018). By integrating their knowledge of the cardinality principle and the 

successor function, children can then engage in more advanced mathematical problem-solving 

strategies such as ‘counting-on’ when performing arithmetic (e.g., when solving the problem 

10+2 those who use a counting-on strategy could count 2 up from 10 rather than traversing the 

entire count-list). In this way, children’s early conceptual counting knowledge is thought to kick-

start the generative process of expanding and integrating increasingly more sophisticated 

mathematical ideas and skills (Johnson et al., 2019). Ultimately, it is this continuous expansion 

and integration of mathematical concepts and skills that is thought to rely upon and therefore 

promote growth in EF (Clements et al., 2016; Vosniadou et al., 2018).  

Comparatively, children’s basic numerical fluency skills may not have predicted unique 

growth in EF due to the fact that improvements in fluency are thought to rely upon repetition and 

practice, which is less cognitively taxing than the acquisition of novel concepts and skills 

(Clements et al., 2016; Vosniadou et al., 2018). Therefore, focusing on the fluency with which 

one can compare and manipulate numerals may not provide as many opportunities for EF 

development as the more conceptual aspects of early math learning. In other words, even if 

young children are able to fluently compare and manipulate numerals, they might not be able to 

engage in (and therefore reap the EF benefits of) the cognitively demanding process of acquiring 

novel mathematical concepts and skills if they have not yet acquired the foundational counting 

principles. These findings are the first to document a specific role for conceptual counting 

knowledge in EF development, at least across the transition to first grade.  

Importantly, I did not observe a role for conceptual counting knowledge in the 

development of EF across the kindergarten year. This lack of association was not anticipated but 

might be explained by the types of math activities that children were exposed to in the 
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kindergarten classroom. As described above, the theory for why conceptual counting knowledge 

might be particularly conducive to growth in EF is because of the foundational role that it plays 

in the cognitively demanding process of acquiring more advanced mathematical concepts and 

skills. Therefore, in order for children’s conceptual counting knowledge at the beginning of 

kindergarten to predict growth in EF by the end of kindergarten, the opportunity to acquire more 

advanced mathematical skills and concepts needs to be there. However, we know from Study 1 

that children experienced minimal, low-quality, math instruction in kindergarten and therefore 

they may not have had many opportunities to build upon their initial conceptual counting 

knowledge and therefore reap the EF benefits associated with more advanced math learning. 

 It is possible that once children transitioned to first grade, they had more opportunities to 

engage in advanced forms of math learning that both built upon their conceptual counting 

knowledge and engaged EF processes. This might explain why the significant role of conceptual 

counting knowledge in EF development did not emerge until this time point. For example, 

although the current study did not collect classrooms observations in first grade (due to COVID-

19), the Tulsa Public Schools curriculum mentions that it is at this grade-level that students begin 

to learn more advanced problem-solving strategies when performing arithmetic (e.g., 

decomposition and counting-on; Tulsa Public Schools, 2015). As previously mentioned, 

children’s understanding of the counting principles is thought to play an important role in the 

acquisition of more advanced problem-solving strategies (Johnson et al., 2019; Sarnecka & 

Carrey, 2008; Spaepan et al., 2018), and the acquisition of these more advanced math skills is 

thought to engage EF processes (Clements et al., 2016; Vosniadou et al., 2018). 

In terms of the role EF in the development of specific early math skills, as hypothesized, I 

found that children’s initial EF skills at the beginning of kindergarten predicted growth in both 
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conceptual counting knowledge and basic numerical fluency by the end of kindergarten but 

played no role in the further development of these skills across the transition to first grade. To 

the extent that children are still in the early stages of acquiring conceptual counting knowledge 

and basic numerical fluency skills at the beginning of kindergarten, these findings are consistent 

with prior research and theory suggesting that it is the initial acquisition of novel mathematical 

skills and concepts and not the further refinement of such skills that invokes children’s EF 

capacities (Clements et al., 2016; Röthlisberger et al., 2013; Simanowski & Krajewski, 2019; 

Vosniadou et al., 2018).  

Overall, the findings observed in the current study are the first to suggest that the 

reciprocal relations between EF and math across the early childhood to formal schooling 

transition may be facilitated by conceptual counting knowledge in particular. More broadly, this 

implies that in order to reap the EF benefits of early math learning, children need to be presented 

with opportunities that challenge them to go beyond their current level of conceptual 

understanding. Notably, unlike prior studies documenting bidirectional relations between EF and 

general math achievement (Cameron et al., 2019; Fuhs et al., 2014; McKinnon & Blair, 2019; 

Schmitt et al., 2017; ten Braak et al., 2019; Welsh et al., 2010; Wolf & McCoy, 2019), the 

reciprocal relations observed in the current study are lagged over time. These findings therefore 

do not suggest that EF and conceptual counting knowledge concurrently predict growth in the 

other, but rather that they interact in a step-wise fashion to influence the development of the 

other, and that it is EF that sets this process in motion. Specifically, EF skills at kindergarten 

entry help young children learn the counting principles across the kindergarten year and those 

who finish the kindergarten year with a stronger conceptual understanding of counting display 

greater growth in EF as they transition to first grade. Notably, although EF skills also played an 
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important role in supporting the initial development of basic numerical fluency, stronger basic 

numerical fluency skills at the end of kindergarten did not influence subsequent growth in EF, 

over and above the influence of conceptual counting knowledge. 

 Currently, our understanding of the role of initial math skills in EF development is 

restricted to the idea that children’s general math abilities at school entry can help them engage 

with more advanced forms of math learning that both exercise and promote growth in EF 

(Clements et al., 2016). The findings from the current study refine this theory to suggest that it is 

conceptual counting knowledge in particular that plays a prominent role in this process, at least 

across the early childhood to formal schooling transition. In other words, if children’s 

mathematical skills at the end kindergarten are limited to their ability to efficiently compare and 

combine quantities, without a deeper conceptual understanding of number and cardinality, than 

their end of kindergarten math abilities are unlikely to influence growth in EF across the 

transition to formal schooling. These findings therefore carry important implications for 

educators. 

Practical Implications 

Ultimately, the findings from the current study suggest that helping children acquire a deeper 

conceptual understanding of counting across the kindergarten year can help to promote growth in 

EF as they transition to formal schooling. Although, classroom observations in the current study 

did not distinguish between the types of counting activities that children experienced in 

kindergarten, prior research suggests that the majority of kindergarten math instruction tends to 

focus on rote counting, or the ability to rehearse the 1-10 count list from memory (Engels, 

Claessens, & Finch, 2013). As previously mentioned, one’s ability to verbally rehearse the 
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count-list does not necessarily reflect a sophisticated understanding of number and cardinality 

(Wynn, 1990; Wynn, 1992). 

 Therefore, one way that teachers can support young children’s conceptual understanding 

of counting is to go beyond simple recitation of the count-list. For instance, in kindergarten, one 

can provide children with challenging unstructured counting activities that allow teachers to 

better gauge what young children already know and then help them build upon these skills 

(Johnson et al., 2019). An example of such an activity is the Count 31 Pennies task that was 

originally designed by Johnson et al. and used in the current study. This task is an unstructured 

counting activity in which children are asked to count an unorganized set of 31 pennies and then 

to state how many there are. Johnson et al. argue this type of unstructured counting task provides 

more opportunities for children to demonstrate and build upon their emergent counting 

knowledge compared to more traditional counting tasks that are typically used in the classroom 

(e.g., rote counting; counting less than 10 items). For example, by asking children to count an 

unorganized set of more than 10 items, teachers can better observe whether children apply the 

counting principles while counting (e.g., they assign only one number word to each item; one-to-

one correspondence) and further, whether their knowledge of the counting principles extends 

fully or partially to numbers above 10. Teachers can then use this information to help students 

extend their current knowledge into a more complete understanding of the complexities of 

counting, which, as the current study suggests, is also beneficial for EF. 

 Overall, when used properly, early math learning is rife with opportunities to support EF 

development (Clements et al., 2016). However, by focusing primarily on the rehearsal of skills 

already acquired (Engels et al., 2013), early childhood educators may not be utilizing math 

instruction to its full potential. The findings from the current study suggest that in order to reap 
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the EF benefits of early math learning, it is important to push children beyond their current level 

of conceptual understanding and provide them with opportunities to acquire more complex and 

sometimes challenging ideas.  

Limitations and Future Directions 

Despite the important contributions of this study, there are a few limitations worth noting. First, 

although auto-regressive cross-lagged (ARCL) panel models are commonly used to assess 

directionality in the longitudinal relations between academic skills (McKinnon & Blair, 2019; 

Schmitt et al., 2017; ten Braak et al., 2019), these models have recently been critiqued by some 

(Hamaker et al., 2015). Specifically, Hamaker et al. suggest that ARCL models do not 

adequately control for trait-like, or time-invariant stability in the constructs of interest which 

could lead to biased regression coefficients. While the current findings should be interpreted with 

this limitation in mind, it is important to note that the ARCL model in the current study 

demonstrated good fit to the data and a similar study found limited evidence for trait-like 

stability in EF and math across the early childhood years (Schmitt et al., 2017).  

Second, although the findings from the current study offer important implications for 

early childhood education, I did not explicitly test the role of different types of math instruction 

in the development of EF. A logical next step involves the design of intervention studies that 

investigate whether instruction focused on conceptual counting knowledge supports growth in 

EF to a greater extent than other forms of math instruction in kindergarten.   

Conclusion 

The current study was the first to investigate reciprocity in the longitudinal relations between EF 

and two core components of early math learning – conceptual counting knowledge and basic 

numerical fluency. Overall, I found evidence for reciprocal relations between EF and conceptual 
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counting knowledge that proceeded in step-wise fashion with children’s initial EF skills 

promoting growth in conceptual counting knowledge by the end of kindergarten, and children’s 

conceptual counting knowledge at the end of kindergarten promoting subsequent growth in EF 

across the transition to first grade. This was not the case for basic numerical fluency, which, 

while predicted by initial EF skills at the beginning of kindergarten, did not predict subsequent 

growth in EF across the transition to first grade. These findings extend what is known about the 

longitudinal relations between EF and math across the early childhood to formal schooling 

transition by suggesting that it is conceptual counting knowledge in particular that facilitates 

reciprocity between EF and math across this critical period of development. In Study 1, I 

recommended that early childhood educators spend at least some time on general math 

instruction in order to promote growth in both EF and math among children from low-income 

families as they transition from early childhood classrooms to first grade. Based on the findings 

from the current study, I am able to refine this recommendation to suggest that the aspect of early 

math education that should be most likely to support growth in both EF and math across this 

transition is conceptual counting knowledge. Overall, in order to take full advantage of the EF 

benefits of early math learning, it is important that young children are provided with 

opportunities that engage and extend their conceptual understanding of number and cardinality. 
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GENERAL DISCUSSION 

 

Due to a variety of poverty-related stressors and barriers, children growing up in low-income 

households tend to be overrepresented amongst those who begin formal schooling without the 

EF skills required of more structured learning environments (Hackman & Farah, 2009; Hair et 

al., 2015; Lawson, et al., 2014; Lawson & Farah, 2017; Noble et al., 2007). The income-based 

disparities in EF at school entry place these children at a significant disadvantage in terms of 

later academic success and well-being (Ahmed et al., 2018; Best et al., 2011; Blair & Razza, 

2007; Brock et al., 2009; Duncan et al., 2007; McClelland et al., 2014; Moffitt et al., 2011; 

Morgan et al., 2019a; Morgan et al., 2019b; Nguyen & Duncan, 2019; Robson et al., 2020; Sung 

& Wickrama, 2018; Willoughby et al., 2012). As a result, an important policy goal is to 

determine how best to boost the EF development of children growing up in low-income 

households in order to ensure that all children, regardless of their socio-economic circumstances, 

begin formal schooling with the foundational skills necessary to succeed. The findings from the 

current dissertation suggest that early childhood math instruction might be one particularly 

accessible and cost-effective way of doing so.  

Specifically, in Study 1, I found that children who were exposed to math instruction in 

early childhood demonstrated greater gains in EF across kindergarten and the transition to first 

grade compared to those who were not. Further, I found that even small increases in the amount 

of time spent on math instruction in preschool was particularly beneficial for the EF development 

of those with the lowest incoming EF scores. Although many have previously hypothesized that 

early childhood math instruction carries the potential to support growth in EF (e.g., Cameron et 

al., 2019; Clements et al., 2016; ten Braak et al., 2019), the findings from Study 1 provide some 

of the first empirical evidence to suggest that this is in fact the case. The findings from Study 2 
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further elucidated the specific aspects of early math learning that may be most likely to support 

growth in EF. In particular, Study 2 established that it is young children’s conceptual 

understanding of number, rather than the fluency with which they can compare and manipulate 

quantities, that is particularly conducive to promoting growth in EF. These findings are 

important as they suggest that one should not expect all math-related activities in early childhood 

to boost EF development (as one might assume based on the findings from Study 1 alone). 

Rather, they suggest that young children should be presented with math opportunities that 

challenge and extend their current conceptual understanding of number and cardinality if the 

goal is to promote not only math learning, but also gains in EF. Together, these findings carry 

important implications for both educators and researchers. 

Practical Implications for Early Childhood Education 

When considering how best to boost the EF skills of children growing-up in low-income 

households prior to the start of formal schooling, it is important to acknowledge that not all ECE 

programs that serve this population will have the resources to implement the more 

comprehensive school-based interventions that have previously been shown to promote gains in 

EF (e.g., CSRP, REDI; Bierman et al., 2008; McCoy et al., 2019; Raver et al., 2011; Sasser et al., 

2017; Watts et al., 2018). The findings from this dissertation therefore offer an important 

contribution to the discussion by suggesting that an alternative, more cost-effective, method 

would be to leverage the use of math instruction. 

It is particularly noteworthy that a significant role for math instruction in EF development 

emerged in the context of minimal, low-quality, math instruction. On average, both preschool 

and kindergarten teachers devoted less than 10% of the observation period to math learning – a 

finding that is consistent with what has previously been reported in the literature (Early et al., 
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2010; La Paro et al., 2009; Phillips, et al., 2009; Piasta et al., 2014; Walter & Lippard, 2016). 

Further, the math instruction that did occur was mostly rated as basic instruction that did not 

involve inferential learning (e.g., opportunities for the child to reflect, ask questions, make 

comparisons). Ultimately, the fact that spending even minimal amounts of time on low-quality 

math instruction was observed to influence growth in EF speaks to the practicality of deploying 

early childhood math instruction for the purposes of promoting gains, not just in math, but, 

crucially, in EF as well.  

 On a practical level, early childhood educators are tasked with the challenge of 

incorporating many different activities and routines into a relatively short school day (e.g., 

instructional time on other subjects such as reading and literacy, meals and transitions, outdoor 

recreation, free play, and so on). Thus, the amount of time that they can realistically devote to 

math learning is necessarily constrained. Fortunately, the findings from Study 1 suggest that one 

need not incorporate many hours of intensive math instruction into the classroom in order to 

move the needle in terms of EF development, but rather, that even minimal amounts of time (less 

than 10% of the school day) can play an influential role. This conclusion is particularly important 

given the surprisingly large number of educators who choose to spend no time on math learning 

in early childhood. For example, in the current dissertation, I observed that 24% of students in 

preschool and 46% of children in kindergarten were exposed to no math instruction. By showing 

that even minimal amounts of time spent on low-quality math instruction can be beneficial for 

EF development, the findings from Study 1 might encourage more early childhood educators to 

devote at least some time to the subject.   

However, it is important to acknowledge that devoting minimal amounts of time to low-

quality math instruction, although better than nothing, sets a very low bar for ECE classrooms. 
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Not surprisingly, although I observed a significant influence of minimal, low-quality, math 

instruction on growth in EF, the associated effect sizes were relatively small (i.e., less than a 1-

SD increase). If the goal is to promote substantial gains in EF in an effort to help low-income 

children catch up with their higher-income peers, then it may be necessary for early childhood 

educators to devote more time to higher quality math instruction. Although I mentioned above 

that instructional time in early childhood classrooms may be limited, it is important to note that 

early childhood educators currently devote the majority of this instructional time to subjects 

other than math, such as reading and literacy (Early et al., 2010; La Paro et al., 2009; Phillips et 

al., 2009; Piasta et al., 2014; Walter & Lippard, 2016). Therefore, there is room to incorporate 

more opportunities for math learning into the school day. Further, it is important to consider that 

it is not just the amount of time devoted to math instruction, but also how that time is spent, that 

matters for EF development. 

In particular, the findings from Study 2 suggest that instructional activities that promote 

young children’s conceptual counting knowledge may be more conducive to supporting growth 

in EF than those that focus on the rehearsal of basic numerical fluency skills. This is because 

children’s early conceptual counting knowledge is thought to kick-start the generative process of 

expanding and integrating increasingly more sophisticated mathematical ideas and skills (e.g., 

Johnson et al., 2019). Notably, it is this process of building upon and challenging what one 

already knows that is thought to both engage and promote growth in EF (Clements et al., 2016; 

Vosniadou et al., 2018). Comparatively, becoming increasingly more efficient at comparing and 

manipulating quantities reflects improvements in skills that have already been acquired and is 

therefore thought to rely less upon EF, and more upon automatic retrieval strategies (Clements et 

al., 2016; Vosniadou et al., 2018). In this way, math instruction that focuses solely on the 
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rehearsal of skills that have already been acquired, without fostering a deeper conceptual 

understanding of number and cardinality, is unlikely to provide many opportunities for young 

children to exercise and improve in their EF abilities.  

 Notably, prior research using nationally-representative data suggests that the majority of 

math instruction in early childhood is focused on the rehearsal of skills that have already been 

acquired (Engels et al., 2013). For example, Engels et al. observed that although 95% of children 

entered the kindergarten classroom having already mastered rote counting and basic shape 

recognition, the majority of math instruction across the school year was devoted to those topics. 

Further, the authors observed that time spent on these basic skills in kindergarten was associated 

with fewer gains in math achievement by the end of the kindergarten year. In contrast, children 

who had more opportunities to acquire more advanced mathematical skills and concepts (e.g., 

place-value) demonstrated greater gains in math achievement by the end of the school year. 

Taken together with the results from this dissertation, these findings suggest that failing to 

provide opportunities for young children to acquire more advanced mathematical skills and 

concepts in kindergarten may come at a cost to both math and EF development – two important 

components of school readiness.  

 Overall, early childhood educators, particularly those who serve low-income children, are 

tasked with the important responsibility of preparing young children for more formal schooling. 

This task is made challenging given the many different academic, cognitive, and behavioral 

skills that are important for later academic success and the limited amount of classroom time that 

teachers can devote to each. As a result, identifying instructional practices that carry the potential 

to support growth across multiple aspects of school readiness can help early childhood educators 

make the best use of their time. The findings from the current dissertation suggest that providing 
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math learning opportunities, especially those that engage and extend children’s conceptual 

understanding of number and cardinality, may be one particularly efficient way of supporting 

growth, not only in important mathematical knowledge and skills, but also in the underlying EF 

skills that subserve learning.  

Methodological Implications for Researchers 

Beyond these important practical implications, this dissertation also carries a few methodological 

implications for researchers. First, throughout this dissertation, EF was operationalized as a 

general skill. However, it is important to acknowledge that the structure of EF among young 

children continues to be debated (see Morrison & Grammer, 2016). While there is a large body 

of psychometric work indicating that measures of working memory, cognitive flexibility, and 

inhibitory control, are largely undifferentiated among younger children (Garon et al., 2008; 

Hughes et al., 2009; Miller et al., 2012; Nguyen et al., 2019; Wiebe et al., 2011; Willoughby et 

al., 2012), there is also some evidence to suggest that EF skills are psychometrically distinct at 

this stage in development (Lerner & Lonigan, 2014; Lonigan et al., 2016; van der Ven et al., 

2013). As a result, there is currently a significant amount of variability in the way that 

researchers choose to operationalize EF when studying younger children. The current 

dissertation supports the argument for operationalizing EF as an undifferentiated skill in the early 

childhood years. Specifically, I observed that a unitary structure for EF fit the data very well and 

that this structure remained unchanged across the kindergarten year and the transition to first 

grade.  

 Second, the findings from this dissertation inform the measurement of math in early 

childhood. As highlighted in Study 2, prior studies that have investigated the longitudinal 

relations between EF and math have primarily operationalized math as a general skill (e.g., 
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Cameron et al., 2019; Fuhs et al., 2014; McKinnon & Blair, 2019; Schmitt et al., 2017; ten Braak 

et al., 2019; Welsh et al., 2010; Wolf & McCoy, 2019). In these studies, math is most commonly 

measured using the Applied Problems subtask from the Woodcock-Johnson -- a standardized 

task that aggregates scores across a wide range of different math skills (e.g., number 

identification, counting, word problems, and the ability to tell time and count money) into a 

single measure of general math achievement. However, the results from the factor analyses in 

Study 2 clearly demonstrate that early math can, and should, be broken down into distinct 

components – in this case conceptual counting knowledge and basic numerical fluency. Notably, 

I observed that the reciprocal relations between EF and math depended upon the early math skill 

in question. Therefore, by breaking math down into its distinct components, I was able to form 

more specific conclusions regarding the role of math in EF development and vice versa. These 

findings highlight the value of operationalizing math as a multi-componential, rather than 

unitary, construct when studying early math development. 

Future Directions 

Given that the role of math instruction in the development of EF is a relatively new area of 

research there are many potential areas for future research – four of which I highlight below. 

First, as noted above, a major strength of this dissertation is that I was able to break math down 

into two distinct components (i.e., conceptual counting knowledge and basic numerical fluency). 

However, it is important to acknowledge that I did not consider all aspects of early math learning 

in this dissertation and there are other early math skills, such as geometry, that may also uniquely 

contribute to growth in EF. For example, when learning geometry in early childhood, the NRC 

(2009) recommends that teachers focus, not only on the identification of basic shapes (e.g., 

circle, triangle, square), but also on how they can be combined to form more complex shapes 
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(e.g., six triangles arranged in a circle make a hexagon). Geometry learning in early childhood 

thus provides opportunities for young children to build upon their basic shape knowledge in 

order to develop a deeper understanding of geometric relations. This process of extending basic 

knowledge into more complex knowledge is thought to engage and therefore promote growth in 

EF (Clements et al., 2016; Vosniadou et al., 2018). Overall, future research should consider 

assessing an even wider array of early math abilities in order to paint a more comprehensive 

picture regarding the role of specific early math skills in EF development.    

 Second, it is important to acknowledge that the role of specific math skills in EF 

development may change as children get older and progress throughout formal schooling. This 

calls for a truly developmental research agenda on associations between math and EF growth 

through, at least, the elementary grades. For example, once children have acquired a full 

understanding of the counting concepts, focusing on these concepts in the classroom may no 

longer offer opportunities for EF development. As a result, an interesting follow-up question 

would be to identify the specific aspects of math learning that are conducive to growth in EF 

among older children. For example, learning about fractions is a particularly challenging and 

complex aspect of later math development that may be conducive to growth in EF. Indeed, when 

learning about fractions, children have to overcome the inclination to perceive fractions such as 

¼ as larger than ½ due to prior familiarity with whole-number properties (i.e., 4 > 2). This is 

referred to as the ‘whole-number bias’ (Mack, 1995; Van Hoof et al., 2015). Therefore, when 

learning about fractions, children have to come to understand that a previously learned rule no 

longer applies. Notably, the ability to inhibit previously acquired ideas in order to acquire more 

advanced skills is thought to rely heavily upon EF (Vosniadou et al., 2018). Overall, in order to 

continue utilizing math instruction as a tool for promoting growth in both math and EF in 
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elementary school, future research should identify the specific math skills (e.g., fractions) that 

promote growth in EF among older children. 

Third, while the current dissertation was conducted in the context of early childhood 

education and carries implications for educators, it is important to acknowledge that parents also 

play an important role in helping to prepare their young children for formal schooling. As a 

result, investigating the extent to which parents can also leverage at-home math activities in an 

effort to support growth in both math and EF is an important area for future research. Prior 

research suggests that children who engage in more numeracy-related activities and number talk 

in the home display greater math skills upon the start of formal schooling (e.g., Anders et al., 

2012; Hart et al., 2016; LeFevre et al., 2009; Levine et al., 2010; Ramani et al., 2015). However, 

the extent to which the home numeracy environment also provides support for EF remains 

unknown. Notably, there is a significant amount of variation in both the quantity and quality of 

the math interactions that children have with their parents and this variation likely influences the 

degree to which at-home math learning may also be conducive to growth in EF (e.g., Ramani et 

al., 2015). The findings from this dissertation suggest that one way that parents could enhance 

the home numeracy environment in way that is conducive to both math and EF development 

would be to highlight the conceptual aspects of number while engaging in math-related activities 

with their children -- a practice that currently occurs relatively infrequently (Ramani et al., 

2015). However, the role of the home numeracy environment in EF development remains to be 

investigated. 

Finally, although this dissertation utilized sophisticated data analysis techniques that 

controlled for individual variation in growth patterns, as well as a host of child- and classroom-

level confounds, these analyses were correlational in nature and therefore do not demonstrate a 
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causal relation between early childhood math instruction and growth in EF. Further, although the 

findings from Study 2 suggest that fostering young children’s conceptual counting in early 

childhood may be particularly conducive to supporting growth in EF, I did not explicitly test the 

role of different types of math instruction in EF development. Therefore, a crucial next step is to 

design intervention studies that test the causal influence of different types of math instruction on 

growth in EF.  

Conclusion 

The findings from this dissertation contribute to an important area of research focused on 

identifying methods for supporting the EF development of children growing up in low-income 

households as they transition from early childhood to more formal schooling. In particular, they 

point to early childhood math instruction as a particularly accessible and low-cost method for 

incorporating additional EF support into the classroom. While it is reassuring that the findings 

from Study 1 suggest that spending even minimal amounts of time on low-quality math 

instruction is better for EF development than nothing, the small effect sizes indicate that 

maintaining this status quo may not be sufficient for helping low-income children catch-up with 

their higher income peers. The findings from Study 2 suggest that in order to take full advantage 

of the EF benefits of early math learning, early childhood educators should provide more 

opportunities for young children engage and extend their conceptual understanding of number 

and cardinality, rather than focusing solely on the rehearsal of skills that have already been 

acquired. Overall, the two studies in this dissertation demonstrate how applied classroom-based 

research (Study 1) and basic developmental science (Study 2) can work together to provide 

educators with specific, practical recommendations for promoting positive educational outcomes 

amongst those who face economic-disadvantage. 
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APPENDIX: NON-SIGNIFICANT INTERACTION RESULTS 

 

Table A1 

Standardized regression results from a conditional LGCM model looking at moderation of the relation between the percentage of time 

spent on preschool math instruction (<0) and growth in EF by fall of preschool EF skills 

Notes. n = 862. Reference categories: Head Start/Education (Preschool Setting); child is male; child is non-Hispanic, more than HS (parent ed), teacher is not 

white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.93; CFI = 0.95 

 

 

 

 

 

β Se p β Se p β Se p β Se p

% Time spent on Preschool Math Instruction (>0) 0.08 0.05 0.070 0.07 0.04 0.043 0.05 0.04 0.248 -0.06 0.08 0.476

Fall of Preschool EF 0.27 0.05 0.000 0.27 0.06 0.000 0.24 0.07 0.001 -0.11 0.09 0.244

Interaction with Fall of Preschool EF 0.01 0.05 0.831 -0.04 0.05 0.402 -0.09 0.06 0.113 -0.13 0.09 0.131

Engagement with Math Instruction 0.04 0.05 0.423 0.06 0.05 0.234 0.07 0.06 0.266 0.03 0.09 0.783

Spring of Preschool EF 0.37 0.05 0.000 0.43 0.04 0.000 0.45 0.06 0.000 0.01 0.09 0.949

Emotional Support 0.01 0.06 0.809 -0.02 0.05 0.717 -0.06 0.06 0.373 -0.09 0.10 0.373

Classroom Organization -0.09 0.06 0.133 -0.01 0.05 0.881 0.10 0.06 0.114 0.25 0.12 0.033

Instruction Support 0.06 0.06 0.307 -0.03 0.05 0.565 -0.12 0.06 0.043 -0.24 0.11 0.034

Preschol Setting 0.03 0.06 0.608 -0.01 0.06 0.806 -0.06 0.07 0.339 -0.12 0.09 0.197

Child Age 0.12 0.04 0.004 0.09 0.04 0.015 0.03 0.05 0.471 -0.13 0.07 0.080

Child is Female 0.08 0.04 0.079 0.08 0.04 0.037 0.08 0.05 0.088 -0.01 0.07 0.861

Child is Hispanic 0.26 0.05 0.000 0.30 0.04 0.000 0.31 0.05 0.000 0.00 0.08 0.990

Household Income -0.01 0.05 0.856 0.01 0.05 0.750 0.04 0.06 0.459 0.06 0.09 0.475

Parent Ed: Less than HS 0.05 0.06 0.400 0.00 0.05 0.960 -0.06 0.06 0.284 -0.15 0.10 0.141

Parent Ed: HS 0.06 0.05 0.251 0.02 0.05 0.684 -0.03 0.06 0.601 -0.12 0.09 0.192

Teacher is White -0.03 0.04 0.412 0.01 0.03 0.738 0.06 0.05 0.169 0.12 0.07 0.097

Teacher has at least a BA -0.06 0.06 0.319 -0.07 0.06 0.214 -0.07 0.06 0.307 0.01 0.10 0.905

Teacher Years of Experience 0.027 0.056 0.627 0.019 0.049 0.701 0.006 0.063 0.928 -0.033 0.103 0.748

INTERCEPT (fall of K) INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE
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Table A2  

Standardized regression results from a conditional LGCM model looking at moderation of the relation between spending at least some 

time on preschool math instruction and growth in EF by fall of preschool EF skills 

 
Notes. n = 862. Reference categories: Head Start/Education (Preschool Setting); child is male; child is non-Hispanic, more than HS (parent ed), teacher is not 

white; teacher has less than a BA. RMSEA = 0.03; SRMR = 0.03; TLI = 0.94; CFI = 0.95 

 

 

 

 

 

 

β Se p β Se p β Se p β Se p

Spent at least Some Time on Preschool Math Instruction 0.08 0.04 0.032 0.06 0.03 0.070 0.02 0.04 0.621 -0.09 0.07 0.208

Fall of Preschool EF 0.28 0.07 0.000 0.23 0.07 0.001 0.14 0.10 0.159 -0.24 0.13 0.072

Interaction with Fall of Preschool EF 0.00 0.07 0.988 0.02 0.07 0.775 0.04 0.10 0.671 0.05 0.13 0.699

Spring of Preschool EF 0.37 0.05 0.000 0.44 0.04 0.000 0.45 0.05 0.000 0.00 0.09 0.975

Emotional Support 0.01 0.06 0.833 -0.02 0.05 0.669 -0.06 0.07 0.352 -0.09 0.10 0.340

Classroom Organization -0.08 0.06 0.169 0.02 0.05 0.726 0.13 0.06 0.032 0.27 0.11 0.016

Instruction Support 0.06 0.05 0.285 -0.03 0.05 0.486 -0.13 0.06 0.029 -0.25 0.11 0.023

Preschol Setting 0.06 0.06 0.317 0.01 0.06 0.821 -0.05 0.07 0.492 -0.14 0.09 0.125

Child Age 0.12 0.04 0.005 0.09 0.04 0.017 0.03 0.05 0.487 -0.13 0.08 0.076

Child is Female 0.07 0.04 0.088 0.08 0.04 0.038 0.09 0.05 0.078 0.00 0.07 0.962

Child is Hispanic 0.27 0.05 0.000 0.31 0.04 0.000 0.32 0.05 0.000 -0.01 0.07 0.945

Household Income -0.01 0.05 0.847 0.02 0.05 0.741 0.04 0.06 0.441 0.07 0.09 0.450

Parent Ed: Less than HS 0.05 0.06 0.411 0.00 0.05 0.981 -0.06 0.06 0.324 -0.14 0.10 0.166

Parent Ed: HS 0.06 0.05 0.222 0.02 0.05 0.702 -0.04 0.06 0.519 -0.14 0.10 0.153

Teacher is White -0.04 0.04 0.363 0.01 0.04 0.846 0.06 0.05 0.192 0.13 0.07 0.073

Teacher has at least a BA -0.06 0.07 0.370 -0.07 0.06 0.248 -0.07 0.07 0.317 0.01 0.10 0.962

Teacher Years of Experience 0.02 0.06 0.796 0.01 0.05 0.817 0.01 0.07 0.909 -0.01 0.10 0.900

INTERCEPT (fall of K) INTERCEPT (spring of K) INTERCEPT (fall of 1st) SLOPE
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Table A3  

Standardized regression results from a conditional LGCM model looking at 

Moderation of the relation between the percentage of time spent on kindergarten  

Math instruction and growth in EF by fall of kindergarten EF skills 

 
Note. n = 837. The n is lower than 1031 because MPLUS does not create latent interaction terms for 

those who are missing data on either variable that contributes to the interaction term (n = 194).  

Reference categories: male, non-Hispanic, more than HS (parent ed). MPLUS does not offer fit  

statistics for models that include interactions with latent variables (intercept). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

β Se p

% of Time Spent on Kindergarten Math Instruction 0.46 0.25 0.060

Intercept (fall of kindergarten) -0.62 0.46 0.184

Interaction with the Intercept 0.10 0.23 0.668

Engagement with Math Instruction -0.03 0.26 0.910

Emotional Support 0.13 0.41 0.750

Classroom Organization -0.38 0.45 0.398

Instruction Support 0.13 0.26 0.625

Child Age -0.28 0.31 0.373

Child is Female 0.13 0.23 0.572

Child is Hispanic 0.20 0.28 0.469

Household Income 0.27 0.24 0.252

Parent Ed: Less than HS -0.23 0.32 0.480

Parent Ed: HS -0.39 0.34 0.257

Teacher is White -0.16 0.25 0.535

Teacher has at least a BA -0.23 0.25 0.359

Teacher Years of Experience -0.16 0.30 0.597

SLOPE
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Table A4 

Standardized regression results from a conditional LGCM model looking at 

Moderation of the relation between the percentage of time spent on kindergarten  

Math instruction (>0) and growth in EF by fall of kindergarten EF skills 

 
Note. n = 447. This analysis was restricted to those who were in a classroom in which the teacher  

spent at least some time on math instruction. The n is lower than 641 because MPLUS does not create 

latent interaction terms for those who are missing data on either variable that contributes to the  

interaction term (n = 194). Reference categories: child is male, child is non-Hispanic,  

more than HS (parent ed); teacher is not white; teacher has less than a BA. MPLUS does not offer fit  

statistics for models that include interactions with latent variables (intercept).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

β Se p

% of Time Spent on Kindergarten Math Instruction 0.46 0.25 0.060

Intercept (fall of kindergarten) -0.62 0.46 0.184

Interaction with the Intercept 0.10 0.23 0.668

Engagement with Math Instruction -0.03 0.26 0.910

Emotional Support 0.13 0.41 0.750

Classroom Organization -0.38 0.45 0.398

Instruction Support 0.13 0.26 0.625

Child Age -0.28 0.31 0.373

Child is Female 0.13 0.23 0.572

Child is Hispanic 0.20 0.28 0.469

Household Income 0.27 0.24 0.252

Parent Ed: Less than HS -0.23 0.32 0.480

Parent Ed: HS -0.39 0.34 0.257

Teacher is White -0.16 0.25 0.535

Teacher has at least a BA -0.23 0.25 0.359

Teacher Years of Experience -0.16 0.30 0.597

SLOPE
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Table A5 

Standardized regression results from a conditional LGCM model looking at 

Moderation of the relation between spending at least some time on kindergarten  

Math instruction and growth in EF by fall of kindergarten EF skills 

 
Note. n = 837. The n is lower than 1031 because MPLUS does not create latent interaction terms for  

those who are missing data on either variable that contributes to the interaction term (n = 194).  

Reference categories: child is male, child is non-Hispanic, more than HS (parent ed); teacher is not  

white; teacher has less than a BA. Engagement was not included as a control because values on this  

variable were missing for all those in the 'no time spent on math instruction group' and therefore the  

model could not be identified. MPLUS does not offer fit statistics for models that include interactions  

with latent variables (intercept).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

β Se p

% of Time Spent on Kindergarten Math Instruction 0.46 0.25 0.060

Intercept (fall of kindergarten) -0.62 0.46 0.184

Interaction with the Intercept 0.10 0.23 0.668

Engagement with Math Instruction -0.03 0.26 0.910

Emotional Support 0.13 0.41 0.750

Classroom Organization -0.38 0.45 0.398

Instruction Support 0.13 0.26 0.625

Child Age -0.28 0.31 0.373

Child is Female 0.13 0.23 0.572

Child is Hispanic 0.20 0.28 0.469

Household Income 0.27 0.24 0.252

Parent Ed: Less than HS -0.23 0.32 0.480

Parent Ed: HS -0.39 0.34 0.257

Teacher is White -0.16 0.25 0.535

Teacher has at least a BA -0.23 0.25 0.359

Teacher Years of Experience -0.16 0.30 0.597

SLOPE
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