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Children from low-income families are at an increased risk for delays in cognitive 

development. Such delays may affect a set of basic underlying cognitive skills termed executive 

functions that are necessary for learning in academic environments. The primary goal of this 

study was to examine differences in the executive functioning skills of children from low-income 

families compared to their more affluent peers over time.  A second goal of this study was to 

determine the role of family income in the relationship between children’s executive functioning 

and academic performance. Performance on the Tower of London (TOL) was measured in 174 

low and middle-income children who were followed from kindergarten through fourth grade. 

Growth curve analyses were conducted using multilevel modeling techniques. Findings indicate 

that family income differences were associated with disparities in performance on each measure 

of executive functioning over the course of the study. Low-income children solved fewer 

problems correctly and of the problems solved they had longer solution times and made less 

efficient moves than middle-income children. Executive functions were found to mediate the 

relationship between family income and children’s reading and math achievement. Results are 

discussed in terms of implications for early intervention programs.  
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CHAPTER 1 
INTRODUCTION 

An important educational challenge that faces our nation today is the gap in achievement 

between economically disadvantaged children and their majority peers. Even with the benefits of 

early intervention, children from low-income families begin school with poor academic skills 

and continue to have more academic problems when compared to more advantaged children 

(Brooks-Gunn, Kelbanov, & Duncan, 1996; Stipek & Ryan, 1997).  This gap in achievement 

increases with each grade level.  Children raised in low-income families have delayed cognitive 

development and deficits in skills such as language, memory, and attentional capacities (Carlson, 

Mann, Merola, & Moylan, 1984; Craig, Connor, & Washington, 2003; Duncan, Brooks-Gunn, & 

Klebanov, 1994; Waber, Lupien, King, Meaney, & McEwen, 2001;).  Delays in development of 

basic cognitive processes may place children from low-income families at an increased risk for 

academic failure and high school drop out, which limit their successes later in life (Buckner, 

Mezzacappa, Beardslee, 2003; Stevenson & Newman, 1986). Thus, it is important to understand 

the role of family income in cognitive development, particularly the skills critical for learning.  

The developmental risks associated with economic disadvantage have been well documented, but 

few studies have explored the effects of poverty on specific cognitive skills such as those 

involved in executive functioning. Thus the primary goal of this paper is to examine the effect of 

family income level on the developmental trajectories of the executive functioning skills of 

children. A second goal of this paper is to determine the role of both executive functioning skills 

and family income in children’s academic performance.  

Cognitive Development and Low-income Children 

Numerous studies have shown that low socioeconomic status (SES) is highly correlated 

with delayed cognitive development, even more so than social emotional development 
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(Bendersky & Lewis, 1994; Donahue, Finnegan, Lutkus, Allen, & Campbell, 2001; Ryan, Fauth, 

and Brooks-Gunn, 2006). These SES disparities are not subtle. Low-income children are 1.3 

times more likely to develop learning disabilities and experience developmental delays than 

more advantaged children (Brooks-Gunn & Duncan, 1997). Large differences in cognitive skills 

have been found in children’s performance on tasks that involve basic reading and numeric 

skills, problem solving, creativity, memory, and language skills (Stipek & Ryan, 1997). In most 

studies of children from low-income families, socioeconomic status is the most consistent 

predictor of IQ, cognitive functioning, and school readiness, even more so than parent education 

level or occupation (Davis & Ginsburg, 1993; Stipek & Ryan, 1997). For instance, children with 

incomes less than half the poverty threshold scored between 6 and 13 points lower on several 

measures of verbal ability, IQ, cognitive ability, and achievement when compared to children 

from families with incomes between 1.5 and twice the poverty threshold (Brooks-Gunn & 

Duncan, 1997).  The authors mention that from an educational viewpoint 6-13 points lower on 

these measures is quite large and could make the difference in being placed in special education 

classes or not.  What is even more concerning is that these differences remain even after 

maternal age, education, ethnicity, and marital status were controlled for.  Similarly, family 

income level has been found to account for 20% of the variance associated with children’s IQ 

scores (Gottfreid, Bathurst, Guerin, & Parramore, 2003).  In fact, one research group found that 

family income level at age three was a powerful predictor of IQ at age five, even when IQ at age 

three was controlled for (Duncan et al., 1994).   

This relationship between income and children’s cognition is frequently been reported to 

be mediated by the degree of cognitive stimulation available to children in the environment 

provided by families (Yeung, Linver, & Brooks-Gunn, 2002).  For example, Yeung et al. (2002) 
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found that the association between family income level and children’s scores on the Woodcok 

Johnson Achievement Test was mediated by the family’s ability to provide a stimulating learning 

environment.  In their review of the literature, Bradley and Corwyn (2002) concluded that access 

to cognitively stimulating learning resources and provision of learning opportunities mediated 

the relationship between family income and cognitive skills.  Low-income children experience 

these effects through pathways involving poorer health and nutrition, less sensitive and poorer 

quality parent child interactions, poorer physical conditions of the home, parental irritability and 

depression, and residence in neighborhoods characterized by social disorganization and fewer 

resources than more affluent children (Brooks-Gunn & Duncan, 1997). Thus, insufficient income 

greatly affects children’s cognitive development in that it results in much more stress and 

negative life events for parents which in turn results in psychological distress that most likely 

decreases their abilities to provide responsive, sensitive, and stimulating interactions with 

children (McLoyd, 1998). 

The timing and duration of poverty is directly related to children’s cognitive 

development. Researchers have found that children who live in persistent or chronic poverty 

have poorer physical and mental health and more problematic cognitive and social development 

than children in transitory poverty (NICHD Early Childcare Research Network, 2005). Children 

who live in persistently poor families (defined as a four year span) showed poorer cognitive 

abilities on several assessments when compared to children who had never experienced poverty. 

Children of the National Longitudinal Survey of Youth (NLSY) who experienced long term 

poverty (derived from family income averaged over 13 years prior to testing) showed much 

greater effects of poverty on cognitive abilities than children who experienced short-term poverty 

(income in the year of observation) (Smith, Brooks-Gunn, & Klebanov, 1997). This poor 
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cognitive development directly affects children’s academic performance.  It is quite interesting 

that these effects remained from the ages of two to eight years old for children reared in long 

term poverty (Brooks-Gunn & Duncan, 1997). These findings suggest that the timing of poverty 

may have more deleterious effects when it occurs earlier in development. Comparisons of 

siblings reared within the same families allow researchers to examine the effects of family 

income at different times. For example, in an attempt to compare siblings’ achievement at the 

same age, researchers may examine family income in 2005 when the first born was five years old 

and in 2009 when the second born was five years old.  A study using this approach indicated that 

differences in family income found at the time each sibling’s age was compared were related to 

differences in the number of school years completed by the siblings (Duncan, Yeung, Brooks-

Gunn, & Smith, 1998). Similarly, one report indicated that early family income (averaged from 

birth to five years) had stronger effects on the number of school years completed than did family 

income measured 5 or 10 years later. An increase in family income of $10,000 before age 5 was 

associated with one year increase in completed schooling where as income increases later in 

childhood did not have significant effects.  These results highlight the critical role of income 

during early child development (Duncan et al., 1998).   

The majority of studies focused on the timing of poverty corroborate the findings that 

early poverty is more detrimental to child outcomes than later poverty; however it is important to 

note that one study reported conflicting results.  In the NICHD Early Child Care Research 

Network (2005) examination of the effects of duration and timing of poverty on children’s 

development, researchers found that the poorer quality home environments with less cognitive 

stimulation provided by chronically poor families resulted in children with lower cognitive 

performance on a variety of measures and more behavioral problems when compared to children 
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from families who were never poor, poor only during infancy (0-3 years) or poor only after 

infancy (4-9 years). In this study, any experience of poverty resulted in more problematic family 

situations and child outcomes than children who were never poor.  Thus, contrary to the previous 

results, being poor later had more negative effects on the child than early poverty (NICHD, 

2005). The results of this study have been reported as an exception to the plethora of research 

indicating that early poverty is the cause of less favorable developmental outcomes. It is 

important however to note that caution is needed when generalizing these results given that 

children in the early and late poverty groups did not differ significantly on cognitive outcomes 

but rather all differences in the timing of poverty were found on the behavioral measures. 

Children who experienced poverty later in life had more internalizing and externalizing behavior 

problems than those in families who experienced early poverty. It is possible that differences in 

the methods used to measure family income as well as the design of studies (sibling studies, 

longitudinal, and cross sectional are often used) may lead to different conclusions.  

Given that the home environment has the greatest effects on cognitive development 

during the early years since older children have access to alternate pathways for stimulation and 

learning via school, cognitive skills that develop during these early years may be the most 

vulnerable to effects of income. One specific set of underlying cognitive skills, executive 

functions, have proven critical to learning in academic environments and everyday functioning. 

Development of Executive Functions 

  The definition of executive functions is elusive. An ongoing debate remains in the 

literature regarding its specific definition and whether the process is unitary or a collection of 

related functions. In general, however, the term executive function encompasses multiple higher 

order brain functions that are interrelated and functionally dependent and that work together to 

control lower level cognitive processes.  The typical list of these component processes includes 
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planning, strategy use, working memory, attention, inhibition and cognitive flexibility. These 

problem solving skills are important in emotional control, cognitive functioning, and goal 

directed behavior.   

 Planning, in some ways, may be considered an encompassing component of executive 

functioning in that the ability to plan effectively involves several aspects of executive skills.  

Complex cognitive skills such as recognizing differences between start and goal contexts, 

creating effective strategies to accomplish goals, the use of working memory to remember rules 

of tasks, monitoring actions taken to reach goals, switching between aspects of tasks or cognitive 

flexibility, and correcting errors are all aspects of planning (NICHD, 2005) and, of course, of 

executive functioning.  Competence in planning therefore requires sufficient development of 

working memory, cognitive flexibility or set shifting, inhibition of irrelevant information or 

behaviors, and sustained attention (Bull & Scerif, 2001).  

The development of executive functions is related to neuropsychological changes that 

occur in normal development.  Evidence from neuroimaging studies of adults and children 

indicates that executive functions are predominantly influenced by the frontal lobes of the brain.  

For instance, in studies focused on damage to the frontal lobes, lesions in the prefrontal cortex 

were directly related to deficits in inhibition and working memory, which are both key aspects of 

executive functions (Dowsett & Livesey, 2000).  From birth to 5 years, progressive 

myelinization, especially in the frontal lobes, results in rapid and more efficient neuronal 

connections between different areas of the brain.  This maturation of frontal lobe circuitry creates 

increased effectiveness of information processing.  The resulting increases in neuronal 

connections and myelinization thus allow for the integration of cognitive processes or, in other 

words, enhanced executive control (Anderson, 2002).  Repeated exposure to novel tasks 
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requiring the use of executive functions likely accelerates the acquisition of executive 

functioning skills by strengthening neuronal connections in the associated brain regions (Jurado 

& Rosselli, 2007). Given this process, it has been suggested that experience plays a critical role 

in the executive functioning abilities of young children (Zelazo, Reznick, & Piñon, 1995; Zelazo 

& Reznick, 1991, Jurado & Rosselli, 2007).   

Executive functions begin to develop in early childhood and continue through early 

adulthood.  There is some disagreement in the literature regarding the order in which each of 

these skills develops and their developmental trajectory. Researchers do agree that the overall 

rate of the progression of these functions parallels growth spurts and maturation of the frontal 

lobes and its connections with other brain areas (Jurado & Rosselli, 2007).  An examination of 

EEG data indicated that periods of rapid growth reflective of an increase in neuronal connections 

in the frontal lobes are evident. The first growth spurt is from birth to age 5, the second from 7 to 

9 years of age, and third occurs between 11 and 13 years of age. Interestingly, each of these three 

periods is consistent with spurts when rapid gains in specific executive skills are evidenced 

(Anderson, 2002). The development of executive functions is preceded by the development of 

motor inhibition and selective attention after which the development of more complex skills such 

as complex working memory and the use of strategies emerge (Klenberg, Korkman, & Lahti-

Nuuttila, 2001).  The development of these functions does not occur all at once as different 

executive skills have been found to have different developmental trajectories with some 

components maturing much earlier than others (Jurado & Rosselli, 2007).  Welsh, Pennington, 

and Grossier (1991) reported that basic executive functions such as attention and search 

behaviors can be observed by 6 years of age, and complex executive functions such as higher 

level planning skills, verbal fluency, and complex working memory can be observed after 12 

16 



years of age.  Other evidence suggests a much earlier onset, however.  For example, children 

between the ages of 3to 6 years of age exhibit early forms of executive functioning skills when 

given developmentally appropriate tasks (Jurado & Rosselli, 2007; McNamara, Byrd, DeLucca, 

& Berg, under review). Further complicating the interpretation of how executive skills develop is 

the fact that younger children are often able to verbalize the correct response yet continue to 

make an incorrect motor response, which indicates that their impaired performance on executive 

functioning tasks is not due to a lack of understanding of the rules but rather immature 

development of the skills required to perform the task correctly or to reliably translate their 

knowledge into corresponding motor actions.  

More recently, research from our laboratory has shown that preschoolers are far better 

problem solvers than previously reported.  Preschoolers have solved problems that adults found 

challenging, although preschoolers solved fewer of these difficult problems and they did so with 

less efficiency (Berg, DeLucca, Case, Byrd, & McNamera, 2009, in press).  Preschoolers show a 

great deal of variability in their use of strategies when solving problems both within individual 

sessions and within problems (Byrd, Van der Veen, McNamara, Berg, 2004). These age related 

effects on children’s executive functioning performance suggests immaturity of the brain regions 

associated with executive functioning skills (Anderson, 2002; Diamond & Taylor, 1996; Rennie, 

Bull, & Diamond, 2004).   

The development of these executive functions is not homogenous in that each component 

has a separate trajectory, but all functions show improvement with an emergence in infancy or 

early childhood and progression through early adulthood. The first to emerge is the ability to 

inhibit external stimuli and task irrelevant information so that the child may have increased 

attentional control over the environment. Attentional control is an aspect of executive function 
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that includes selective attention, sustained attention, attention maintenance, and response 

inhibition. These skills have been found in infants as early as 9 months old with infants able to 

inhibit responses by 12 months old. The period with the greatest development of sustained 

attention and response inhibition occurs between 6 and 8 years old, and children seem to have 

mastered these skills by age 12 (Jurado & Rosselli, 2007), although one study reported an 

additional growth spurt in these skills and processing speed at age 15 (Anderson, 2002).   

Cognitive flexibility or set shifting refers to the ability to switch rapidly between response 

sets and begins to emerge between the ages of 3 and 5 years old (Jurado & Rosselli, 2007).  

These skills show a rapid increase in development between the ages of 7 and 9 years old and 

continue to then improve gradually until adolescence (Anderson, 2002).  Verbal fluency is often 

included as an index of executive function as it involves successful inhibition and retrieval of 

words and has been shown to be one of the most sensitive to frontal lobe dysfunction (Anderson, 

2002). Verbal fluency is dependent on children’s phonological awareness and processing speed; 

therefore it emerges in the early preschool period and has been shown to have two distinct 

periods of significant improvement at the ages of 8 and 12 years old (Brocki & Bohlin, 2004) 

with adult levels reached between the ages of 14 and 15 years old (Jurado & Rosselli, 2007).   

Planning is multifaceted and refers to the ability to identify, strategize, and organize 

actions needed to reach a goal. Planning is perhaps one of the last abilities developed by children 

although simple forms of planning have been evidenced in children as young as 3.  Planning was 

found to have the greatest periods of development between 5 and 8 years old, and development 

continually improves into adulthood. For instance, seven year old children exhibited more 

complex planning abilities as they developed strategies and reasoning skills and began to solve 

problems efficiently when compared to younger children (Jurado & Rosselli, 2007).  It is 
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necessary to note that a lack of consensus exists as to the exact ages for the trajectories of each 

executive skill and as such mixed results exist in the research.  

In addition to the developmental timetables of specific executive skills, another ongoing 

debate exists in the executive functioning literature. This fundamental debate is   related to the 

organizational nature of executive functions. Several theorists view the executive components as 

functioning independently of each other (the theory of non-unity) (Diamond, 1997; Juardo & 

Rosselli, 2007) whereas others assert the executive components as unitary functions with 

partially dissociable components (Huizinga, Dolan, & van der Molen, 2006; Lehto, Juuja¨rvi, 

Kooistra, & Pulkkinen, 2003; Miyake, Friedman, Emerson, Witzki, Howerter, & Wager, 2000).  

Many authors have suggested the existence of a unifying central factor (i.e., working memory, 

planning, or intelligence) under which the other executive components function to organize goal 

directed behavior. Miyake et al. (2000) took a quite different approach to understanding the 

organizational nature of executive functions by studying shifting, updating, and inhibition, three 

functions often suggested as unifying components. Their analyses revealed that although the 

three components were distinguishable and functioned separately, they also shared underlying 

commonality. The authors postulated that executive functions are “separable but moderately 

correlated constructs,” (p. 87) and thus contain both unitary and non unitary components. A 

number of recent papers have begun to explore the relevance of this issue to the development of 

executive functioning skills. 

 Lehto et al. (2003) extended the Miyake framework to a child sample of 8-13 year old 

children and found three interrelated components that resembled the same factor structure and 

results reported by Miyake and colleagues.  Lehto et al. (2003) labeled their three factors 

working memory, inhibition, and shifting and reported that the relationships among the latent 
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executive components were stronger than those found for each of the eight separate executive 

tasks. Their results provided good agreement to the uniformity and diversity of executive 

functions in children. Although Lehto et al. replicated the original work of Miyake et al. in 

children, their study did not shed much light on our understanding of how executive skills 

develop. Huizinga and colleagues (2006) elaborated on the Miyake and Lehto work with a more 

developmental approach by testing the same three skills in four different age groups, ages 7, 11, 

15, and young adults. Interestingly, although their report supports both unified and diverse nature 

of executive functions in children they did not find the same factor structure. Their results 

indicated prominent roles of updating (working memory) and shifting (cognitive flexibility) but 

unlike Miyake and Lehto, did not find any effects of inhibition.  Further, Huizinga et al. 

suggested that the development of both updating and shifting occur more gradually than 

previously expected.  They found that while shifting matures by adolescence working memory 

continued to develop into young adulthood thus providing strong support that components of 

executive functions develop at different rates. Clearly, the research of Huizinga et al. (2006) 

expanded the Miyake line of research by elaborating on developmental change and confirming 

the unity and diversity of executive functions in children. 

Executive Functions in Low-Income Children  

Children from low-income families perform more poorly on measures of intelligence, 

language proficiency, and academic achievement (Bradley & Corwyn, 2002). Family income, 

particularly for young children, has a greater effect on children’s cognitive and academic 

outcomes than do health and behavior (Duncan & Brooks-Gunn, 1997).  In recent years there has 

been growing interest in the role of socioeconomic status (SES) in the development of executive 

functioning skills given the important role of these skills in cognitive development. Only recently 

has research begun to emerge on the development of executive functioning skills specifically in 
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low-income children, and the existing behavioral and physiological research is consistent with 

the proposition that low-income children are more susceptible to delays in the development of 

executive skills when compared to their affluent peers.  The data available are as yet limited and 

have only begun to examine the various aspects of executive functions.  For example, one of the 

major features of executive functioning, planning, has yet to be examined from the perspective of 

income effects and thus only indirect conclusions may be derived. The research reported in this 

section is an attempt to relate findings on the influence of family income on specific aspects of 

executive functioning development with the ultimate goal of demonstrating strong associations 

between SES and executive skills.  

A number of studies have reported evidence of the influence of SES on attention and self-

regulation, both of which are cognitive processes closely related to executive functions. For 

example, Mezzacappa (2004) reported that children from low-income families made more errors 

and performed significantly worse on tasks assessing speed and accuracy on measures of 

executive attention and inhibition skills when compared to their affluent peers. Other 

investigators who examined the self-regulation skills of children found that low-income children 

were less successful at regulating their task attention and have overall poorer self-regulation 

when compared to their more affluent peers (Blair, 2003; Howse, Lange, Farran, & Boyles, 

2003).  In other work, Buckner, Mezzacappa, and Beardslee (2003) compared resilient and 

nonresilient children living in poverty and found that resilient children possessed more effective 

self-regulation silks. Furthermore, data from the NICHD study of early child care (2003) 

revealed that the quality of the home environment, which is highly correlated with 

socioeconomic status, predicted children’s performance on tasks of sustained attention and 

inhibition. Sustained attention and inhibition, in turn, mediated the relationship between the 
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home environment and school readiness.  It is clear that converging evidence suggests that SES 

greatly impacts the development of children’s attention regulation skills, skills that play a key 

role in learning environments. 

Children’s self-regulation and attention skills are not the only cognitive systems affected 

by SES. The effects of family income are clearly seen in children’s approach to problem solving. 

Davis and Ginsburg (1993) found that children from low-income families developed problem-

solving skills slower than children from middle class families.  Low-income children performed 

more poorly than middle class children in both formal and informal mathematic cognition at all 

age levels in the study (3 to 8 years old).  Problem solving skills are greatly affected by the ways 

in which children process information. Waber and colleagues (1984) reported that low-income 

children used very different cognitive styles in problem solving situations. The cognitive styles 

these authors identified, global versus analytic, have been associated with the broadly different 

functions of the cerebral hemispheres; the right hemisphere has been related to a more global 

processing approach that is associated with the early stages of problem solving whereas the left 

hemisphere has been related to a more analytic processing style.  The latter is often used in the 

later stages of efficient problem solving that involve choice of strategy and planning.  In their 

study Waber et al (1984) found that low-income children relied more heavily on the global 

problem solving processes associated with the right hemisphere and less on analytic processing, 

whereas children from more affluent families utilized more of the analytic processes related to 

the left hemisphere. The authors noted that surprisingly the two income groups of children 

showed only marginal differences in their overall performance levels on the task but clearly used 

different processing methods and brain regions to solve problems. Planning abilities play a 

critical role in effective problem solving and are thus important executive skills. Research from 
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our laboratory focused on the development of planning abilities found that low-income children 

solved significantly fewer problems on a planning task and of the problems they solved 

correctly, low-income children took longer and solved problems less efficiently. Perhaps even 

more important, low-income children did not “catch up” to their more advantaged peers with 

repeated practice on the task (Berg et al., 2009, in press). Taken together, these findings indicate 

that the SES disparities in children’s problem solving skills are not subtle. Children growing up 

in low-income environments perform significantly worse on tests of problem solving abilities.  

One research group has extended the literature by consistently showing that executive 

functions are one of the primary cognitive systems affected by social inequalities in early 

experiences. Noble and her colleagues (2005, 2006, 2007) conducted a program of research 

based on the effects of SES on executive functioning skills. The first in their series of studies was 

conducted on low-income kindergartners and examined five developing neurocognitive systems. 

SES was related disproportionally to both the left perisylvian (language) center and the 

prefrontal (executive) system, with low-income children performing more poorly than middle-

income children in both areas on measures of go/no go tasks, spatial working memory tasks, 

false alarms, card sorting, and the PPVT (Noble, Norman, Farah, 2005).  In a subsequent study 

they extended this work by examining a larger sample of first graders. They used SES as a 

continuous variable and rather than considering the prefrontal/executive system a single system 

they divided it into three subsystems to study. The results showed that with the increase in power 

gained from using SES continuously, strong effects of SES were found for the lateral 

prefrontal/working memory and anterior cingulate/cognitive control areas whereas there were no 

effects of SES on ventromedial prefrontal/reward processing (Noble, McCandliss, & Farah, 

2007). Finally, the authors examined these same neurocogntive systems in older children using 
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middle school students who were matched for age, gender, and ethnicity. Again, significant 

effects of SES were found for language and the executive subsystems of working memory and 

cognitive control as well as memory (Farah et al., 2006).  Although the outcomes of each study 

varied slightly, their results point to the large effects of income on executive skills related to 

working memory, memory, cognitive control, and language as well as highlights the importance 

of intervening with children at risk for executive delays. Early intervention will allow low-

income children to get the invaluable training and practice with executive functions that is so 

clearly needed as early as possible thus allowing them to begin school ready to learn.   

Physiological research on the effects of income on executive functions corroborates the 

results found in behavioral studies. EEG measures of young children raised in poverty revealed 

less activation of the frontal lobes when compared to children in the control group (Otero, 

Pliego-Rivero, Fernandez, and Ricardo, 2003).  Children were first tested at 18 months followed 

by 4, 5, and 6 years of age. The SES disparities persisted even at age 6 and the authors concluded 

that insufficient environmental stimulation is a major contributor to this developmental lag in 

brain maturation.  Similarly, Kishyama et al (2009) examined EEG recordings in high and low 

SES children looking specifically at event related potentials (ERPs) in an attention task. The 

authors found that prefrontal-dependent ERP responses were reduced in the low SES group and 

low SES children performed more poorly on behavioral tasks of working memory, cognitive 

flexibility, and semantic fluency, all clearly aspects of executive functioning.   

Moreover, the physiological evidence is not limited to assessment of brain function.  

Measures of heart rate variability (HRV) have provided additional support for SES disparities in 

physiological processes related to executive functioning. One such cognitive process important 

to executive functioning is attentional effort, and a common way to measure executive 
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functioning performance and attentional effort is by measuring changes in heart rate variability 

during a task (Friedman, Allen, Christie & Santucci, 2002). Of particular interest, a reduction in 

heart rate variability, also known as vagal suppression or suppression of respiratory sinus 

arrhythmia, is associated with increased effortful attentional control. Blair (2003) and Blair and 

Peters (2003) found that Head Start children showed a negative relationship between vagal 

suppression and on-task behavior during tasks of executive function that required children to 

inhibit a prepotent response while remembering rules and executing a correct responses. In other 

words, as judged from heart rate variability measures low-income children were less able to 

focus their attention and display on-task behaviors during an executive task when compared to 

their peers. Lastly, research from our laboratory found that low-income children displayed higher 

heart rate variability, suggesting that they exhibited lower levels of sustained attention during 

difficult problems on a planning task (DeLucca, McNamera, & Berg, 2006). In short, many 

limitations of behavioral research on the executive skills of low-income children have been 

addressed by studies employing physiological measures of neural activity and heart rate. The 

physiological research on this topic substantiates the strong relationship between executive 

functioning and family income status.  

A number of studies have examined the pathways through which aspects of low-income 

family environments might influence the development of executive functioning skills. There are 

multiple aspects of the rearing conditions in these families that may impact executive skills. 

Low-income children receive much less cognitive stimulation and opportunities for learning 

when compared to their more advantaged peers (Bradley & Corwyn, 2002; Kishiyama, Boyce, 

Jimenez, Perry, and Knight, 2009 in press).  Income status alone predicts that these children will 

have fewer books and educational toys in their homes as well as less exposure to zoos, museums, 
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and other such learning activities (Bradley & Corwyn, 2002). To add to the lack of cognitive 

stimulation in homes, low-income children receive less attention from adults, hear significantly 

fewer words in their homes per year, and have less favorable quality interactions with caregivers 

(McLoyd, 1998).  Low-income children also experience higher levels of chronic stressors as they 

live in much more stressful neighborhoods and have caregivers who suffer more from depression 

and other psychological and physical effects of stress (Dearing, 2008; Duncan et al., 1994; 

McLoyd, 1998). These factors combined contribute greatly to diminished quality and quantity of 

family and other social interactions for low-income children.  

Given the distressed environments of low-income children, and given the likelihood of 

these children entering school with less proficient executive skills, perhaps the most important 

question we should be addressing is if delays in the development of executive skills could be 

reduced with executive skills training. Despite the abundant work on the importance of executive 

skills in learning environments and the evidence of a strong relationship between SES and these 

skills, little is known regarding executive skills training with low-income children. The few 

studies focused on training low-income children in these important skills have demonstrated the 

crucial role of repeated exposure and practice as both have served to substantially improve 

children’s executive functioning abilities (Thorell, Lindqvist, Bergman Nutley, Bohlin, & 

Klingberg, 2009). Such improvements may be important mediators in the academic success of 

these children.  Nevertheless, appropriately studying a problem is a crucial step in understanding 

it; thus this study is an attempt to better understand the development of executive skills in low-

income children so that effective training strategies may be developed.  

Although the general development of executive functions has been well studied, the 

degree to which socioeconomic factors may play a role in the relationship between executive 
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skills and academic achievement is, for the most part, unexplained. Little is known about the 

relationship between academic success and executive functions, specifically in relation to 

children from low-income families. Academic success is in part dependent on these underlying 

cognitive skills that are involved in aspects of self-regulation.  Cognitive tasks require skills such 

as inhibition, working memory, planning, the use of strategies, and cognitive flexibility.  In order 

to learn basic literacy and math skills, it is necessary for children to inhibit inappropriate 

behaviors, hold instructions in working memory, use strategies to reach goals, and plan exactly 

how they will accomplish their goals. It is in this way that executive skills serve as the 

foundational skills needed for learning in academic environments.  Children with delays and 

deficits in executive skill development would naturally find it more difficult to succeed in 

school. Socioeconomic status may thus be a central moderating factor of the effect of executive 

functioning on academic achievement. The existing research on the role of executive functions in 

academic achievement proves that academic success is dependent on efficient coordination of 

executive functioning skills. For instance, performance on measures of executive functions rather 

than general intelligence has been shown to predict math and reading achievement at the end of 

kindergarten (Blair and Razza, 2007). Although studies of this nature are becoming more 

common, most of this research is conducted within low-income populations rather than 

comparing low-income children to their more affluent peers (e.g., Blair & Razza, 2007). 

Additionally, even fewer studies have investigated the influence of income on planning abilities 

as related to academic achievement.  Given the critical role that executive functions play in 

academic functioning, it is important to examine the role of family income in the relationship 

between delays in executive functioning development and success in school. It is expected that 
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measures of executive functioning skills would be found to mediate the relationship between 

family income and children’s reading and math achievement.   

In summary, the environment that a child grows up in influences cognitive development.  

Early childhood is the developmental period when the effects of family income are most 

influential in development.  Family income is more strongly correlated with early childhood 

achievement and abilities than are measures of health and behaviors in part because of the effects 

of income on experiences provided within the home (Duncan et al., 1998).  Variations in the 

learning experiences provided in the home environment results in differential cognitive 

stimulation. Although research on the development of executive functions in low-income 

children is only now beginning to emerge, existing data suggest that income specifically affects 

at least some aspects of executive functioning.  Similarly, there is little specific data on the 

effects of income on planning abilities and most of these data are rather indirect; however work 

related to other executive skills suggests this is an important and fruitful area to explore. There 

are also very few studies investigating the development of executive functions specifically in 

low-income children over time. It is imperative that we understand how their development 

differs from their more advantaged peers so that we may better intervene.  Further, few studies 

have focused on the role of executive functioning skills in children’s academic performance with 

particular attention to the role of income in this relationship.   

Goals of the this Study 

A plethora of research exists on the achievement gap between the academic success of 

low-income children and their more affluent peers; however far less is known about the role of 

executive functions in this gap. Given the critical role that executive functions play in academic 

functioning, it seems likely that delayed cognitive development may result from an 

underdeveloped set of basic executive functioning skills.  It is quite possible that delays in 
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executive functioning development of low-income children may mediate the relationship 

between family income and academic achievement.  

Therefore, a major focus of this research is to examine multiple aspects of the planning 

abilities over time of children from lower and higher income families on their performance on an 

executive functioning task. Specifically, the Tower of London (TOL) task will be used to 

examine children’s executive functioning including their general success at problem solving, 

their speed of solving problems, and their move efficiency at problem solving. Four specific 

research questions will be addressed within this study:  

(1)  What differences can be discerned in children’s executive functioning performance from 
kindergarten through fourth grade?  

(2)  What role does family income play in children’s executive functioning development?  

(3)  Does family income affect children’s performance on easy problems differently than more 
difficult problems?  

 (4)  Does executive functioning ability mediate the relationship between family income and 
academic achievement?  

The statistical analyses of these data will make use of growth curve modeling given that 

children were followed from kindergarten through fourth grade. The multilevel modeling 

approach will be employed so that developmental trajectories of children may be compared. 

Growth curve models allow for both fixed (overall effects that are averaged across all subjects) 

and random (an estimation of the size of individual differences in the strength of effects) effects 

to be examined so that the effect of family income on the way children’s executive functioning 

skills change over time may be measured. It is expected that low-income children will have 

poorer executive functioning skills over time when compared to their more affluent peers. 

Mediation analyses will be utilized to examine the relationship between family income, 
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executive functioning, and academic achievement. Based on the earlier review, the following 

specific hypotheses will be tested: 

Hypothesis 1.   Children will improve their performance with maturation but the rate at 

which they improve may vary for each component of executive functioning. Children will show 

individual differences in their growth trajectories of each executive skill. 

Hypothesis 2.  Low-income children will perform more poorly overall on multiple 

components of executive functions reflected in the task, such as accuracy, speed, and efficiency. 

These patterns will remain over time and middle-income children will improve performance each 

year at a faster rate than low-income children and the performance gap will increase with each 

year.  

Hypothesis 3.  Low-income children will perform comparably to middle-income children 

on easy problems but discrepancy in performance will be found for more difficult problems.  

Hypothesis 4.  Executive functions will mediate the relationship between family income 

and reading and math achievement.  
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CHAPTER 2 
METHODS 

Participants  

One hundred and eighty-five participants were initially tested once in kindergarten and 

then followed through fourth grade. Six children were excluded from the study because of 

computer program failure during the testing session which resulted in a loss of data, three 

children were excluded based on low Peabody Picture Vocabulary Test (PPVT) scores (see 

criteria below), one child was excluded because of an age outside the limits set, and one child 

was fearful of the electrodes. Thus, the final sample for the first year of testing included a total of 

174 children which consisted of 102 low-income and 72 middle-income children (see Table 2-1 

for Ns). The number of subjects included in the second and final testing sessions was reduced 

further due to attrition. More low-income children were initially tested than middle-income 

children since it was anticipated that low-income children would have higher attrition rates.  

The final sample includes an even distribution of males and females in the kindergarten 

testing session (78 girls and 96 boys) and it is ethnically diverse. The ethnic composition of the 

first year of the study was 48.9% Caucasion, 42.5% African American, 5.7% Hispanic, and 2.9 

% of other origin. All participants were English speaking.  Low-income children ranged from 5 

years and 4 months old to 7 years old (M = 5.98, SD = .44) and middle-income children ranged 

from 4 years and 5 months old to 6 years and 8 months old (M = 5.69, SD = .54) at the time of 

the kindergarten (first) testing session (see Table 2-1 for ages in additional testing sessions). The 

differing age ranges during this first year resulted from the inclusion of children who were 

repeating kindergarten a second time, typically more common in lower income children.  
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Data Collection  

All procedures were approved by the Institutional Review Board.  Participants were 

recruited from Head Start centers, preschools and public and private elementary schools that 

were considered low-income or middle-income based on the percentage of children on free and 

reduced lunches. Schools that were considered low-income schools were Head Start programs or 

schools in which 90% percent or more of children were enrolled in the free or reduced lunch 

program. Schools which were considered non low-income schools were private schools and 

public schools in which 89% or less were enrolled in the free and reduced lunch program, which 

in the case of public schools resulted in an average of 10 to 15% of children within these non 

low-income schools enrolled in the free and reduced lunch program.  It was expected that some 

changes in schools would occur over the course of this study but children were for the most part 

expected to remain in the same type of school such that low-income children would remain at 

low-income schools even upon transferring and vice versa.  

Data collection took place in multiple schools within four counties in the state of Florida 

from the 2004-2010 school years. Participants were enrolled at the end of preschool or start of 

kindergarten and where possible followed in two additional data collections. The goal for the 

second testing was to complete it within one year and six months after their first testing session. 

Eighty-nine children were included in the second testing session, but this timing related goal was 

accomplished for 79 of those participants (see Table 2-1 for Ns of each testing session). The 

remaining ten children were unable to be located within that time period but were tested within 

the next six months. Children whose second testing session occurred two years and one day after 

their first session was then considered to have a missing second session and when the second 

testing occurred, it was recorded as their third session. This occurred for eight of the ten children 

and as such they were grouped within the third testing session. Subsequently, the goal for the 
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third testing session was again to test children within one year and six months from the second 

testing session. This goal for the third testing session was accomplished for 79 participants. 

Fourteen children requiring follow up were unable to be located within this time frame and were 

thus tested within the next six months. Any child whose second testing session occurred two 

years and one day after their second session was then considered a lost subject for the third 

session and their data from this final session was excluded from the study. Lastly, 40 children 

were unable to be followed up for either the second or final testing session. 

As the above data make clear, not all children participated in each testing session. The 

low-income children had higher attrition rates than the middle-income children as 55 % of low-

income children were lost the second year as compared to only 40 % of middle-income children. 

Surprisingly the Ns for the third testing session remained closely similar to those of the second 

testing session for both groups of children. The reasons for attrition differed by family income 

given that most middle-income children were located but most had moved out of the area, 

transferred schools, or the parents declined participation in the follow-up years. The majority of 

low-income children who were not tested in subsequent sessions however were never able to be 

located despite extensive efforts. Many transferred schools multiple times within the school year 

and new contact info was not available. Several low-income children entered foster care and a 

few were transferred to corrective schools that did not allow testing. Analyses that tested for 

selected attrition confirmed that children who did not continue in the study were not different 

from children who remained in the study (see preliminary analyses of results section for details).  

Measures 

Verbal IQ Assesment 

The Peabody Picture Vocabulary Test III (PPVT) was used to assess children's verbal IQ 

abilities and their receptive language skills.  Any children with a verbal IQ score of 60 or less on 
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the PPVT were excluded from the study.  The standard PPVT was modified so that it could be 

administered on a laptop computer. These computerized images were close approximations to 

the paper versions and all other aspects of testing followed the standardized instructions and 

procedures for this task (Dunn & Dunn, 1997).  As with the paper version of the Peabody, four 

pictures were presented on the screen in a two-by-two array. The researcher read a word aloud 

and the child was instructed to use the computer mouse to click on the picture that best 

represented the word.  For example, the researcher said "show me ball" and the child pointed to 

the picture of a ball.  Words were presented in a sequence that became progressively more 

challenging as the child continued with the task. The program ended and calculated a final score 

after children answered 7 incorrectly out of a sequence of 13 problems. 

The Tower of London 

 The TOL was used to assess children's executive functioning skills (Shallice, 1982).  The 

TOL was presented on a laptop computer (see Figure 2-1 for an example of the presentation 

screen).  All participants were given a maximum of 60 seconds to arrange the three colored balls 

(red, blue, and green) on their own board to match the three colored balls on a cartoon character's 

(Sesame Street’s “Ernie”) goal board.  Each board had three pegs arranged in decreasing size 

order. The small peg could hold one ball, the middle peg could hold two balls, and the tall peg 

could hold three balls. Children were allowed to move only one ball at a time and they were not 

allowed to move a ball if it had another ball on top of it. A ball could only be moved to one of 

the pegs that had an available space. 

 TOL problems were presented in a sequence of increasing difficulty levels that allowed 

children to become more experienced with the task and allowed for them to build familiarity and 

confidence on easier problems before the more difficult problems were presented.  More difficult 

problems are defined here to mean problems that require more moves to complete an optimal 
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solution.  Children were given three sets of 10 TOL problems.  Each set contained two problems 

of each difficulty level; three-move, four-move, five-move, six-move, and seven-move.  After 

each problem children received feedback on their performance from an animated cartoon figure.  

Feedback was given according to the number of moves the child used to solve the problem.  

Children received a "high five guy" (solved the problem in the fewest number of moves 

possible), a "dancing guy" (solved the problem quickly, but in an extra move or two), "good job" 

(solved problem, but took three or more extra moves to solve), or "the clock" (tried really hard 

but ran out of time).   

 TOL data were available on a move by move basis that allowed the following measures 

of performance to be analyzed. Performance was assessed in three categories as suggested by 

Berg and Byrd (2002): solution success rate, move efficiency, and speed measures.  Solution 

success rates were analyzed using two measures: the proportion of correctly solved problems and 

the proportion of problems solved perfectly (problems solved using the fewest number of moves 

possible).   Move efficiency has often been assessed by determining the number of moves 

required beyond the minimum required to solve the problem – typically referred to as “extra 

moves.”  The Berg laboratory has adopted a more effective measure that determines the number 

of optimal moves less the number non-optimal moves and then divides the result by the total of 

optimal and non-optimal moves.  An optimal move is one that takes the participant one move 

closer to the goal and a non-optimal move is one that does not.  This approach generates a scale 

with a range from -1 to +1, with more positive numbers indicating proportionally more optimal 

move selections.  A score of 1 indicates every move was optimal and corresponds to a perfectly 

solved problem.  Negative scores indicate more non-optimal than optimal moves were made.  

The advantage of this score is that it can be determined even when a problem is not solved 
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whereas extra moves cannot.  For problems that are solved, this score correlates very highly with 

extra moves (Berg, Byrd, McNamara, & Case, 2010).  The third category of performance, speed 

measures were analyzed in terms of the time used to initiate the first move and then the time 

needed to correctly solve problems after the first move was made, referred to as solution time.  

Although all TOL variables were assessed using multilevel modeling, variables were reduced to 

include only one variable from each of the three categories suggested by Berg and Byrd (2002). 

Subsequently, the primary analyses will include the number of problems solved correctly, 

solution time, and move efficiency in terms of the optimal move score.  

Stability of the Tower of London Measures 

Although the TOL task has gained in popularity in recent years, the majority of studies 

employing the task have been focused on college students and older adults. Since studies that 

have used the TOL with children are much less frequent in the literature, and none have reported 

reliability scores for children, reliability coefficients from Schneiderman, Welsh, and Retszlaff 

(1998)’s study on college students are reported. The authors measured the number of problems 

solved perfectly or in the fewest number of moves. Their participants received 30 problems that 

were selected as the most reliable (correlated most highly with the overall group’s scores) from a 

larger selection of 69 problems. Problems consisted of 4-move, 5-move, and 6-move problems. 

Reliability was reported for two studies by Schneiderman et al. The authors computed an inter-

item reliability in which problems were compared with other problems of a similar type and 

reported strong reliability (α= 0.79). In a second study the authors also computed test-retest 

reliably for participants on two occasions and reported a within-subject correlation of r=. 70.  

The stability of the TOL for the sample used in this study was measured by calculating 

the ICC (intraclass correlations) of each measure on both easy and hard problems of the course 
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of the study. These results are reported in detail in the results section of this paper. It is important 

to note however, that these reliability estimates include children’s’ maturation over three years 

and thus are not as clean of a measure of reliability as would be optimal.  

Academic Achievement 

 Children’s reading and math scores on the Florida Comprehensive Assessment Test 

(FCAT) and the Stanford Achievement Test Series 10 (SAT-10) were collected as indicators of 

children’s reading and math achievement. Neither test was administered in kindergarten thus 

results were only available for the second and third testing sessions. It was initially planned for 

both the reading and math scores to be incorporated in to the multilevel models however the lack 

of consistency in the numbers of children with academic data for each year as a result of some 

variation in test administration by schools and the lack of correspondence between children who 

remained in this study and had academic data for both years resulted in a loss of too much data to 

be included in modeling. Consequently, the academic data was used to test for mediation of 

executive functioning skills in the relationship between children’s family income status and 

academic success. It was not necessary to use scores from both assessments so the Stanford 10 

was selected because it is more comprehensive in scope than the FCAT.   

 The SAT-10 is a leading standardized achievement test in the United States and is used to 

assess educational progress by measuring reading comprehension, mathematical problem 

solving, and science, although science scores were not included in these dissertation analyses. 

The tests include multiple choice, short answer, and extended response questions. Reliability for 

the Reading portion of the SAT-10 is .87 and the Math portion is .80-.87 (American Educational 

Research Association, 1999).  Test scores are available in a variety of formats and the norm-

based scores are reported in this paper. Scores may range from 200 to 800 with higher scores 

representing better performance. 

37 



Family Income Status 

A revised version of the Hollingshead Four Factor Index (Hollingshead, 1975) was 

originally used to obtain a more accurate estimate of the child’s socioeconomic status.  The 

revised Hollingshead index included all of the original questions (e.g., “what is your current 

education level; what is your occupation”) as well as additional questions that were added to 

provide a more detailed description of families’ income levels (e.g., “did the child receive any 

type of formal preliminary education such as preschool, mother’s day out program, or early 

head start program”).  This revised Hollingshead index was given to primary care takers during 

a phone interview that was conducted after the testing session.  Primary care takers received 25 

dollars for their participation in the study and children received a 5 dollar gift card to Walmart 

stores. Unfortunately although extensive effort was put into collection of this information, not all 

parents completed the Hollingshead index and as such income data was available for only 124 

children. Given these challenging circumstances, children’s eligibility for enrollment in the free 

and reduced lunch program at kindergarten was used to group children by family income status.  

Eligibility for the free and reduced lunch program was based on family income collected from 

public school district records. Children who were not enrolled in public schools but were tested 

at private schools were placed in the middle-income group. Given the challenges associated with 

determining income status within low-income samples, this method is becoming more widely 

accepted (Blair, 2003; Waber et al, 2006).   

Procedure 

 Children were generally tested at their school and testing sessions were video taped. In 

the few cases when parents did not want children removed from their classrooms children were 

tested in the laboratory or their home.  Two researchers were present at each testing session.  The 

testing session began with the researcher asking the child to draw a picture of a "smiley face" as 
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a warm up task and to determine handedness.  The researcher then explained the procedure to the 

child.  Following this, the children completed the PPVT and were given a sticker for their effort.   

 Heart rate was obtained during all testing.  For this the researcher then explained how the 

"special stickers" (electrodes) were used to “watch what their heart was doing while they played 

the game” for the EKG and asked the child's permission to adhere them.  Electrodes were placed 

on children as they watched a cartoon in an attempt to distract them. It was expected that this 

distraction might prevent children from moving and result in children feeling less fearful of the 

electrodes.  Though recorded, the heart rate data will not be presented as part of the dissertation 

to keep the length of the results more manageable.   

 Once the accuracy of the EKG signal was confirmed, the researcher then explained the 

TOL "game" to the children and the children were given four practice problems to ensure an 

understanding of the rules.  All practice problems consisted of one move problems that the 

children solved without assistance. After the first practice problem was presented, the researcher 

reminded the children which game board was theirs and which was Ernie’s and that the goal was 

to match their game board to Ernie’s goal board.  If the child appeared to not understand the 

directions or rules, the researcher reiterated the rules of the game.  The child was required to 

solve all four practice problems correctly and without help from the researcher to proceed to the 

experimental TOL.  If the child was unable to solve the one move practice problems, the 

problems were repeated up to three times. The child then received three sets of 10 problems 

each.  After each set children were given a sticker and a 5 minute “cartoon break” to 

accommodate their short attention spans.  Cartoons breaks consisted of clips from popular 

children’s movies (e.g., Shrek, Toy Story, and Finding Nemo). During the last cartoon break, 

when testing was complete, the researchers removed the electrodes.  Testing sessions ended with 
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the researcher thanking children for helping them learn about "how kids think" and walked the 

child back to class.   

 The time required to complete all parts of a single session was approximately 1 hour. 

Children and their parents or guardians were recruited with an in-class ice cream incentive in that 

any child who returned the consent form got an ice cream cup, regardless of whether consent was 

given.  Some schools also received 100 dollars for the kindergarten teachers to use at their 

discretion if more than 50% of the consent forms within the classroom were returned.  

 The children’s primary care takers were contacted after the testing session was 

completed and asked to participate in a phone interview. The phone interview consisted of the 

revised Hollingshead index as well as several other questionnaires related to their children’s 

development and behaviors that are not included as part of this study. It was originally expected 

that the majority of parents or guardians would complete the parent interviews; however this was 

not the case. One hundred and thirty three parent/guardian interviews were completed with the 

majority of these being completed by average-income parents. Considerable effort was expended 

to try to reach more of the parents for this interview, unfortunately with less success than hoped 

for, especially among low-income parents.  Given this situation the children were ultimately 

grouped according to their free and reduced lunch program status at the time of initial testing.  

This method has been used in the literature and is accepted as appropriate given the common 

high attrition with this population (Liew, Chen, & Hughes, 2009). 
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Figure 2-1.  Tower of London (TOL) presentation screen 

 
Table 2-1. Number of participants tested and academic achievement means for each year 
Testing Session N Mean Age SAT-10 Reading SAT-10 Math

N Mean Std Dev N Mean Std Dev
    Low-Income
      Year 1 102 5.98
      Year 2 46 7.14 62.00 535.02 49.01 63.00 536.13 43.18
      Year 3 48 8.46 75.00 577.69 78.39 73.00 562.23 45.06
    Middle-Income
      Year 1 72 5.69
      Year 2 43 6.99 29.00 594.45 51.47 29.00 596.00 35.76
      Year 3 45 8.41 40.00 627.25 48.66 40.00 619.63 44.71  
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CHAPTER 3 
ANALYTICAL APPROACH TO EXAMINING CHANGE OVER TIME 

Growth curve models were used to test previously described hypotheses 1 through 3 

regarding the developmental trajectories of executive functioning skills: (1) the differences that 

may be discerned in children’s executive functioning performance from kindergarten through 

fourth grade (2) the role of family income in children’s executive functioning development over 

time and (3) the effect of family income on children’s performance on easy problems versus 

more difficult problems. For the final and fourth hypothesis correlations and hierarchical 

regressions were employed to examine if executive functions mediate the effect of family 

income on children’s academic achievement.  

Describing and Predicting Change in Executive Functioning Skills 

Multilevel Modeling for Change 

Growth curve models using multilevel modeling (MLM) for change (Singer & Willet, 

2003) were used to explore the research questions and to examine the developmental trajectories 

of specific aspects of executive functioning as indicated by the various measures of TOL 

performance.  Researchers who wish to analyze longitudinal data typically choose between using 

structural equation modeling (SEM) or MLM to examine data. Both methods clearly have 

advantages and disadvantages. Although SEM allows for more specific modeling of time 

spacing, MLM was determined most appropriate for this study given that it better handles 

missing data at varying time points when compared to SEM.  

An additional advantage of the MLM approach is that the change function over time is fit 

to the entire sample, and the parameters are allowed to freely vary so that the best model fit may 

be achieved.  The MLM approach for change involves a sequence of multiple models in which 

each model is nested within each prior model with the goal of determining which statistical 
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model best fits the data. Models are statistically compared using three different methods: the 

deviance statistic (-2 Log Likelihood or deviance test), the Akaike Information Criterion (AIC) 

and Bayesian Information Criterion (BIC).  These are typically jointly utilized to select the 

model with lowest deviance that is statistically significant and has the lowest AIC and BIC. 

Although there is no statistical test for significant differences in fit for the AIC and BIC, all three 

criteria of model fit will be used to make comparisons and the most parsimonious model will be 

reported.  This nested model approach allows researchers to examine change in the group as a 

whole as well as the examination of individual growth trajectories.  Given the complicated nature 

of the model building process, the particular nesting sequence used in these analyses will be 

described here. This outline is strictly for explanatory purposes as not all steps were included for 

each TOL measure, but generally speaking most cases followed these steps which are shown in 

Table 4-1. These model building steps were repeated twice for each dependent variable so that 

children’s performance on easy problems and hard problems could be examined separately.  

The first model of the sequence, the null model or unconditional means model (UMM), 

estimates the variability in participants’ scores such that variation over time is treated as error 

variance. The UMM is tested as a precondition to further analyses and thus in the analyses to 

follow was always the first tested. The UMM is evaluated for several purposes.  It is examined 

for fit statistics to test if the assumption of no change over time was a poor fit. The UMM is also 

evaluated for significant within-person variance and if found would be indicative that time-

varying predictors may improve model fit.  And finally, it is also evaluated for significant 

between person variations, which if found would indicate that individual differences in initial 

status (starting values) may be due to time-invariant predictors. If the UMM criteria was a poorly 

fitting model, then further model building would continued with the addition of predictors. In the 
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few cases reported where UMM criteria were not met in the present study, model building 

continued based on theoretical expectations and assumptions of floor effects that prevented 

significance in initial status.  

The second step of model building involved the nesting of the unconditional growth model 

(UGM) within the UMM. The UGM estimates the average within-person variance in initial 

status and rate of change with time as the only predictor included in the model. It is imperative 

that the effect of time is statistically significant since without a significant effect of time 

modeling results would be meaningless.  On the other hand, a significant main effect of time 

indicates that growth curve modeling may be estimated. It is also imperative that significant 

change in chi square, or the deviance statistic, is found along with reductions in the AIC and BIC 

fit indices for model building to continue since these provide confidence in the significance of 

the fit. The variances and covariances are then used to determine the relationship between the 

initial status and rate of change such that low initial status with a steep slope is indicative of 

stronger gain over time and high initial status and shallow slope are indicative of fewer gains 

over time. It is also necessary for the UGM within-person variance to be reliably different from 

zero for model building to continue. Significant within-person variance suggests that the addition 

of more predictors to the model may clarify the nature of the change in the dependent variable 

over time.  

The subsequent models test the major theoretical variables, and if appropriate, the 

interactions. This step includes the addition of either time varying or time invariant predictors. 

Following the modeling of the varying time factor, a model was tested in which family income 

was added as a predictor variable. Significant variance in the family income variable as well as 

the effect of time was required for further model building. Fit statistics were compared again and 
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if criteria were met other models might be tested. Consequently, the next and final model 

included the interaction of family income status and time as a predictor variable. This interaction 

model was included to determine if the rate of change in the dependent variable differed 

according to family income status or if all children changed over time in a similar manner.  

 MLMs for change are advantageous for longitudinal data given that models may still be 

estimated when the data set is not perfectly balanced (Singer & Willet, 2003).  Missing data in 

this study was addressed using the Full Information Maximum Likelihood (FIML) procedure in 

SPSS which allowed individuals to vary in the spacing of data points and the number of data 

points contributed. In other words, FIML can estimate parameters using all available 

information, with appropriate corrections made to stochastic terms for both fixed and random 

effects. Variance components were selected for both repeated and random error structures based 

on the SPSS default choices for the FIML.  

Evaluation of Random and Fixed Effects  

For each of the MLM models to be presented below, the MLM approach addresses 

research questions by including at least two levels, the individual subject level and the group 

level within modeling. It is possible to include more levels (eg., school level) however given the 

sample size of this study, only two levels were analyzed in an effort to limit the number of 

parameters estimated within analyses. As a result, the growth curve models for change address 

two types of research questions in that each nested model addresses these two aspects of change. 

The level 1 model describes how individuals change over time and therefore includes within-

person time varying predictors. The level 2 model describes how such changes vary across 

individuals and for this reason includes between-person time invariant predictors (Singer & 

Willet, 2003).  These levels of model details are referred to in the MLM literature as 

“submodels.” 
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The Level 1 Model 

 The level 1 submodel describes the random effects within the model with an estimation 

of within-person change over time expected in the outcome variable and how time varying 

predictors may affect such change. Clearly, the current analyses address the question of how 

children’s problem solving (e.g., solution time used to complete TOL problems) changed over 

time. It was expected that such change would be explained by the interaction of family income 

and time (age at each testing session). Singer and Willet’s (2003) notation was used to form the 

following model: 

Yij = π
0i + π1i TIMEij + π2i X 2ij+ ɛij

  
 

 This sub model asserts that Yij is the predicted outcome for person i at time j. TIMEij is 

the value of time for person i at time j and X2 is the time varying predictor (income by time 

interaction) at the within-person level. π0ι (initial status) is the value of Y when time is zero 

(mean for kindergarten age) and π
li
 is the slope of the linear trajectory of person i. π

2i
, is the 

unique effect of X2 on Y and ɛij is the within-person error term of which the variance is estimated 

from in this model. If the interaction term is dropped from the equation or is unable to be 

included, the resulting equation is in essence the unconditional growth model (UGM) and is 

represented as this: 

Yij = π
0i + π1i TIMEij+ ɛij

  
  

The Level 2 Model 

 Provided the random effect of time is found significant, the level 2 sub model would be 

examined.  This model describes the fixed effects or estimated between- person differences in 

the outcome variable over time as well as the predictors. This level includes the outcome 

46 



parameters estimated at Level 1 (the main effect of time along with the income by time 

interaction) as the outcomes of new equations that include the time invariant variable (income) as 

a predictor. The analyses included below examine if children’s growth trajectories differ across 

the group and whether the change varies by family income status. Given the time vector is age at 

each testing session and children range in age at each session, age at the first test session was 

included as the time predictor that was expected to moderate the relationship between family 

income and the outcome measures. The following equations were used for the Level 2 analyses 

with two time invariant predictors (age and income):  

π0i = Y00 + Y01 + Si + ζ0i, 

π1i = Y10 + Y11 + Si + ζ1i, 

 The model at this level asserts that S is the variable for the time invariant predictor of 

family income (low = 0; middle = 1). The Level 2 intercepts Y00, Y10, Y20 are the estimates of the 

Level 1 parameters π0i , π1i when all time invariant predictors are zero. Thus with the time 

invariant predictor of family income where S = 0 represents low-income children the above 

equations are estimates of the two Level 1 parameters for low-income children. The coding of 

the family income variable indicates how each of the Level 1 parameters changes for low-income 

children as compared to their more affluent peers. The Level 2 intercepts Y01, Y11, Y21 are thus the 

effects of time, family income, and the time by income interaction. The error terms ζ0i and ζ1i, 

represent the individual differences in the Level 1 parameters that are not explained by the time 

invariant Level 2 predictors.  
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Mediation Analyses 

In addition to MLM analyses, mediational analyses were conducted to examine hypothesis 

4 related to academic achievements. Mediation is said to occur when a variable accounts for a 

substantial or significant portion of the relationship between the independent variable (IV) and 

the dependent variable (DV) (Baron & Kenny, 1968). Based on the research reviewed in the 

introduction, it was predicted that executive functioning skills would mediate the relationship 

between family income status and children’s academic achievement.  Mediation was tested using 

Baron and Kenny’s (1986) causal steps approach with the Sobel test (1982) due to its higher power 

and higher control over Type 1 error rate (Hayes, 2009; MacKinnon, Lockwood, & Williams, 2004).  

Baron and Kenny (1986) outlined four steps that are used to establish mediation: (1) the relationship 

between the IV and DV must be significant, (2) the relationship between the IV and mediator 

variable must be significant, (3) the relationship between the mediator and DV must be 

significant, and most critically, (4) the effect of the IV on the DV is substantially reduced with 

the addition of the mediator to the model. Steps three and four are estimated in the same 

equation.  Full mediation is achieved if all four of these steps are met and the relation between 

the IV and DV is reduced to zero after controlling for the relation between the mediator and the 

DV. Consequently, partial mediation then occurs when a significant relationship exits between 

the IV and DV variables but this relationship is reduced, but not to zero, when the relationship 

between them is controlled. Meeting these four steps does not conclusively prove that mediation 

has occurred. Even so, these criteria are most often all that are used to informally judge if 

mediation has occurred.  

Although mediation is frequently explored in research, formal significance tests are rarely 

conducted and thus misleading conclusions are often reported (Preacher & Hayes, 2004).  

MacKinnon & Dwyer (1993) and MacKinnon, Warsi, & Dwyer (1995) have argued for 
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statistically based methods of which mediation should be formally assessed. The commonly 

reported Sobel test was selected for the analyses reported below over the increasingly popular 

alternative of bootstrapping.  The reason is that the Sobel test is more conservative. The Aroian 

version of the Sobel test was selected because the Aroian version does not make the unnecessary 

assumption of the Sobel test regarding the product of the error terms for paths a and b, which is 

extremely small (Preacher & Hayes, 2004). Thus, a significant test statistic (z′) confirmed with 

the Sobel test establishes mediation.  

Mediation models are path models that specify causal relationships between the DV, IV, 

and mediation variables (MacKinnon, 2008).  For illustrative purposes, Figures 3-1 and 3-2 

depict the general mediation model used for all of the mediation analyses employed here, 

illustrating the hypothetical paths through which executive functioning skills were expected to 

mediate the relationship between family income status and children’s academic achievement. It 

is important to distinguish between effects and their corresponding paths for interpretation of the 

following results. Figures 3-1a and 3-2a illustrate the total effect of the IV (family income) on 

the DV (academic achievement) which is path c. Figures 3-1b and 3-2b represents the effect of 

the IV (family income) on the mediator (executive functioning) represented in path a. Path b 

represents the effect of the mediator on the DV (i.e., reading and math achievement) when the 

effect of the IV (family income) is entered into the model. Each path is quantified with 

standardized regression coefficients. The indirect effect of the IV on the DV through the 

mediational path is the product of a and b. The indirect and the direct effects (i.e., path c') of the 

IV on the DV when the mediator is controlled results in the total effect of the IV on the DV when 

summed. In other words, significant mediation is dependent on not only indirect effects but also 

a direct effect (i.e., path c') that is smaller in magnitude when compared to the total effect (i.e., 

49 



path c). Path c was thus estimated by entering academic achievement as the dependent variable 

and executive functioning as the independent variable to determine if the effect of executive 

functioning on academic achievement existed.  

A 

   Reading Family 
Achievement Income 

c 

 

B 

Executive 
Functioning 

 

Figure 3-1.  Conceptual diagram of the mediation analyses and estimated relationships for 
reading achievement  (A) Direct effect of family income on reading achievement (B) 
Indirect effect of family income on reading achievement 
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Figure 3-2.  Conceptual diagram of the mediation analyses representing the estimated 

relationships for math achievement (A) Direct effect of family income on math 
achievement (B) Indirect effect of family income on math achievement 
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CHAPTER 4 
RESULTS 

Preliminary Analyses 

Sample Means and Standard Deviations  

Although the major analyses for the present study involve MLM, interpretation of these 

models can be enhanced by providing the simple means and standard deviations for each 

outcome measure at each age, and for easy and hard problems for both low and middle income 

children.  Table 4-1 and 4-2 show this information and therefore provide a general idea of the 

mean trajectories and variances for each outcome variable at each testing session. The means and 

standard deviations were all in the expected direction and followed hypothesized patterns (see 

(Figures 4-1 through 4-3). Means suggested all children showed improvement related to 

maturation with each year. In general, middle-income children had better performance on all 

aspects of executive functioning as measured by the TOL. They solved more problems correctly, 

took less time to solve problems, and solved problems more efficiently than low-income 

children. Problems identified as “easy” and “hard” showed substantial mean differences in the 

expected direction indicating these labels were appropriate. Lastly, gender effects were examined 

for all variables and no significant effects of gender were found.  

Sample Selectivity: Attrition Related to Drop Out 

Preliminary analyses were conducted to examine the sample selectivity related to subject 

drop out.  It was expected that a large number of low-income children would be lost due to 

attrition and this was indeed the case. From the first to second testing session, 40% of middle-

income children and 55% of low-income children were lost to attrition with an additional 37% of 

middle-income and 47% of low-income lost between the second and third testing sessions. A 

major concern was that the children who dropped out of the study were from families with the 
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lowest income status when compared to other families within this study and following the 

theoretical basis of this study, the children might well be those with the poorest executive 

functioning skills. Thus, mean comparisons were conducted to test for attrition bias. Analyses 

examined differences in performance during on each variable during the first year of the study 

between those who remained in the study and those who dropped out.  Contrary to expectations, 

the only variable in which children that dropped out performed differently than those who 

remained in the study was the measure of general success. Students who remained in the study 

and thus did not experience any drop out performed significantly better on easy problems on the 

proportion solved variable t (1, 161) = -2.622, p < .010) (M= .78, SD= .192 vs. M= .84, SD= 

.125). Mean comparisons were also conducted separately within each income group to determine 

if lower performing children within each income group dropped out at a higher rate than better 

performing children but no income differences were found. Thus, most results were not 

significantly affected by attrition regardless of where or how long the dropout occurred or family 

income.  These findings suggest that, for the most part, the children who dropped out of the study 

did not differ significantly from those who remained in the study.   

Age at Time of Testing 

Another concern was that children’s age at testing session may bias results if one income 

group was younger on average than the other income group at the time of testing. Participants’ 

ages were compared for each of the three testing sessions to ensure that the participants who 

dropped out after the first and second testing session were not significantly different from those 

who completed the entire study. A MANOVA showed no differences between the two income 

groups at any of the three testing sessions in regards to their age when tested at each session, F 

(1, 71) = 1.08, p > .05.  These findings argue against the possibility that children’s age when 

tested may have been biased by income group.  
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Application of the Multilevel Model for Change 

The MLM of change over time analyses were conducted at both easy and difficult problem 

levels for each of the three TOL outcome variables that were measured each year and expected to 

change over time. TOL problems were divided into easy versus hard problems based on their 

difficulty level such that 3 and 4 move problems were considered easy and 5, 6, and 7 move 

problems were considered hard. TOL data were collapsed across the three sets of TOL 

problems1.  The proportion of correctly solved problems was used as a measure of solution 

success rate or problem solving success, the solution time used to solve problems was used as a 

measure of timing or speed, and a measure of the efficiency used when making moves was used 

as an estimate of move efficiency. Subsequently results will be presented in order of models 

described in chapter 3 for both easy and hard problems and for each dependent variable followed 

by the mediation analyses conducted with the academic data.  

MLMs included four variables consisting of the outcome variable (TOL performance 

variable), a measure of time, a time-invariant predictor (income status), and an interaction term 

(income by time). This study examined the linear effects of time as a predictor variable with age 

at each testing session as the indicator of time. It was not possible to examine curvilinear effects 

(quadratic and cubic) of time given that this study only included three time points.  In order for 

the intercept of analyses to be meaningful, the first measure of time, that is, the children’s age at 

the kindergarten testing session, was centered on the mean age at that time (M= 5 years and eight 

months, SD= .50) . Thus time was centered at the beginning of the study to facilitate 

interpretations of coefficients such that the kindergarten testing session was the baseline against 

which other testing sessions were compared. The time-invariant predictor of family income 

                                                 
1 Separate analyses were conducted that isolated performance in the first set as well as the third set of problems, 
although this method did not provide enough power for significant results. 
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status (low versus middle) was coded as 0 for low-income and 1 for middle-income such that the 

estimates reported in SPSS for the income model represented low-income children’s scores. 

High-income children’s scores were then calculated based on coefficients corresponding to this 

level.  Lastly, to avoid problems with multicolinearity, the income by time interaction term was 

created by first calculating a product term of income by time and then using logistic regressions 

to calculate the unstandardized residuals from the income by time product term that was then 

entered as the interaction term in the interaction model.    

As previously outlined, MLMs for change were used to test 4 models for each TOL 

variable labeled A-D (see Table 4-1 for model building steps). Model A was the UMM null 

model and Model B was the unconditional growth model (UGM) in which the linear effect of 

time was examined without the inclusion of predictor variables. This model added the time 

variable as a Level 1 predictor of Y such that Y became a function of an error term, the intercept, 

and individual growth. The UGM added no predictors at Level 2 so that the Level 2 model is left 

unconditional.  In the Level 2 model there were two random effects, the intercept (initial status) 

and slope (rate of change). It is important to remember that the age at the first testing session 

(kindergarten) was centered to facilitate interpretation of the parameters. A significant main 

effect of time indicates that random effects of time are evident in this model so that growth curve 

modeling may be estimated. Predictor variables of this change were added in subsequent models 

if significant within-person change was present over time in this model. If the random effects of 

time could not be estimated due to a lack of power the Level 1 effect of time and intercept were 

removed from the model and only the Level 2 effect of family income was investigated further. 

Models C and D were thus nested theoretical models in which the main effect of family income 

status and its interaction with time were then tested. Model C examined the main effect of family 
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income on the initial status in the first testing session as well as linear change in the dependent 

variables over time. Significant variance in the family income variable at Level 2 as well as the 

random effect of time at both Level 1 and 2 was required for model building to continue. If this 

was not achieved model building ceased. Model D was thus contingent on both random and fixed 

effects of time and a fixed effect of family income.  

Initially the time varying predictor of children’s PPVT scores at each test date were entered 

as an additional step but once this indicator of receptive language was entered the effect of 

family income became non significant so PPVT was in the end dropped from all models. The 

inclusion of the PPVT rendered all effects of family income non significant, a finding that is 

consistent in the literature given the strong relationship between family income and children’s 

language abilities (Noble et al., 2005).  The result is that if either of these variables is statistically 

removed in models such as these, the other variable is, for all practical purposes, removed along 

with it. 

Major Analyses: Hypotheses Testing 

Each of the study hypotheses were examined below. The first three hypotheses were 

addressed using multilevel modeling for change. Given the complex nature of the MLM 

analyses, the three hypotheses were examined within the same series of nested models conducted 

on each outcome measure (i.e., proportion of correctly solved problems, solution speed, and 

move efficiency). Results for each of the outcomes will be presented separately following the 

order in which models were nested. A summary section that specifically addresses hypotheses 

will be included at the end of each section. The final hypothesis related to the mediating role of 

family income in the relationship between executive functioning skills and academic 

achievement was examined using hierarchical regressions. Results for these analyses are 

presented after the MLM results.  
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Describing and Predicting Change in Proportion of Correctly Solved Problems  

The Unconditional Means Models 

The UMM (null model) for proportion correct was first tested in Model A with results for 

easy problems shown in Table 4-4 and results of hard problems shown in Table 4-5. Model A 

indicated that forcing the data to show no change over time resulted in a poorly fitting model for 

both easy and hard problems.  The grand mean (a fixed effect) for easy problems was Y00 =.849, 

p< .001 and was Y00 = .667, p< .001 for hard problems. These intercepts indicate that on average 

children solved five of the six easy problems and six of the nine hard problems. The more 

important effects for both models were found in the random effects. For both easy and hard 

problems, the estimated Level 1 within-person variances were σɛ
 2  =.017 and σɛ

 2 =.059, p’s 

<.001 for easy and hard problems, respectively. The significant variance indicates that time could 

be a significant factor in proportion of correctly solved problems. The estimated Level 2 

between-person variance for easy problems also differed reliably from zero σ0
 2=.007, p< .001 

indicating significant individual differences in the proportion of correctly solved easy problems. 

A lack of significant estimated between-person variance is sometimes indicative of a floor effect. 

In essence, there was no variation in where children began on the more difficult problems since 

the problems were difficult for all children.  It was expected that additional predictors at both 

Level 1 and Level 2 would improve the fit of each model.  

A better understanding of the UMM variances is often obtained by computing the 

intraclass correlation coefficient (ICC) (Singer & Willett, 2003). The ICC used in multilevel 

modeling as a measure of the proportion of UMM variation compared to the total UMM 

variation in the dependent variable.  The ICC is calculated by (ρ= σ0
 2

  /( σɛ 2 + σ0
 2

 )),thus the 

ICC for easy problems was ρ = .98 and for hard problems was ρ = .919. The ICC indicates that 
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approximately 98% of total variation in correctly solved easy problems and 91% of variation in 

correctly solved hard problems was due to individual differences between children.  The ICC is 

also used as a measure of the average autocorrelation or stability of the dependent variable over 

time. Thus, the estimated average stability for easy problems was .98, while the estimated 

stability for hard problems was .92. Clearly more stability was found in the easy problems when 

compared to hard problems over time.  

The Unconditional Growth Models 

Next, the UGM (growth models) were tested as Model B. Results of Model B are shown in 

the Model B column of Table 4-3 for easy problems and Table 4-4 for hard problems. No 

random effects estimate could be calculated for individual differences in the rate of change 

which suggests that these differences were neglible, a term used in MLM nomenclature 

indicative of effects too small to be estimated or a lack of power.  For this reason, the random 

effects of time and intercept were then dropped from the model such that results include only 

fixed effects. The positive linear effect of time indicated that children did improve their 

performance over the course of the study for both easy and hard problems. For easy problems, 

the intercept (initial status) was Y00 = .522, p < .001 and the slope, or rate of change, was Y10 

=.049, p < .001. The significance of the intercept and slope indicate that on average children 

solved approximately half of the easy problems (three out of the six possible) when tested in 

kindergarten and improved by solving approximately one third of a problem more each year. The 

Level 1 residual variance or random effects measures the overall scatter of children’s data around 

their change trajectory. The inclusion of change over time in the model increased the residual 

(random) variance from σɛ
 2 =.017 in Model A to σɛ

 2 =.019 in Model B for easy problems. 

Given that the Level 2 intercept and slope for easy problems remained significantly different 
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from zero with the inclusion of time in the model, as did this within-person variance, it was 

expected that additional predictors would help to improve model fit and explain random effects 

left in the model. 

Results for the hard problems did not show the same pattern of performance that was found 

for the easy problems. It was expected that children would have more difficulty solving the 

harder problems and thus solve fewer problems correctly as compared to the easy problems and 

indeed this was the case. As with the easy problems, no estimate could be calculated for 

individual differences in the rate of change. Consequently the random effects of time and 

intercept were then dropped from the model so that results include only fixed effects. The 

intercept (initial status) for hard problems was Y00 = -.177, p < .002   and the slope, or rate of 

change, was Y10 =.124, p < .001. Given that the intercept for this measure is calculated as a 

proportion (between zero and one), a negative intercept indicated that the proportion correct at 

Time 1 estimated from the linear change over time was close to zero and thus indicates that 

children struggled to solve any problems correctly. Since there were nine hard problems that 

children solved, this slope can be roughly calculated by multiplying the estimate by nine to 

improve interpretation. The positive slope thus indicates that children improved their 

performance each year by solving almost 1 more problem each year. The inclusion of time in the 

model significantly reduced the Level 1 random effects residual variance from σɛ
 2  =.059 in 

Model A to σɛ
 2  =.036 in Model B. As with the easy problems, the Level 2 within-person 

variance remained significantly different from zero, which indicated that additional predictors 

would help to improve model fit and explain fixed effects left in the model.  

Fit statistics of the UMM and the UGM in both models were statistically compared to 

determine if the addition of the time variable as a predictor improved the fit of the model. For the 
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easy problems, the inclusion of time resulted in a significant reduction in deviance (χ² (1) = 

55.172, p < .001) along with reductions in AIC and BIC. Similarly, the hard problems also 

resulted in a significant reduction in deviance (χ² (1) = 119.992, p < .001), AIC and BIC. Based 

on the χ² values, the addition of time resulted in a greater improvement in fit and explained much 

more within-person variance for the hard problems as compared to the easy problems. Taken 

together, the fixed effects of time along with the lack of a random effect of time for both models 

indicates that children did improve their performance each year albeit there were not significant 

individual differences in this rate of change. This result is contrary to expectations as it was 

hypothesized that middle-income children would change faster and show more growth over time 

compared to low-income children. 

Main Effects of Family Income 

The main effect of family income was tested in Model C for both easy and hard problems 

to explain additional fixed effects left in the model.  Only the fixed effects of income were 

estimated given that income is a between subjects variable and as such it can not vary within 

subjects, rendering meaningless the possibility of any random effects. It was expected that the 

addition of the income variable would affect the initial status, which is the intercept, of the 

number of problems solved in the first session and more clearly describe linear change in the 

proportion of both easy and hard problems solved. Results of Model C are shown in the Model C 

columns of Table 4-4 and Table 4-5.  The intercept Y00 = .503, p < .001 is the average estimated 

proportion of easy problems solved by low-income children at their first testing session (Table 4-

1). The intercept was again, not surprisingly, different from zero indicating that thus low-income 

children solved on average about half of the easy problems at the first session. The intercept for 

middle-income children may be calculated by adding the income coefficient to the intercept (Y01 

= .038, p < .013) thus revealing that middle-income children were also estimated to solve solved 
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on average somewhat over half of the easy problems that were presented correctly at the first 

testing session. Family income had a significant positive effect on the proportion of easy 

problems solved such that middle-income children solved more problems correctly at the first 

testing session. The linear effect of time (slope) remained statistically significant and positive as 

in Model B (Y10 = .049, p < .001) thus indicating that the number of correctly solved problems 

increased over the course of this study by one third of a problem. For the random effects, the 

addition of income as a Level 2 predictor reduced the within-person variance in easy problems 

from σɛ
 2 =.019, p < .001 in the UGM to σɛ

 2 =.018, p < .001. Although this was only a slight 

drop, the extent of the decline was still statistically different from zero thus suggesting that 

additional predictors may further improve model fit. Because the UGM had no Level 1 

predictors, it was not surprising that the inclusion of income at Level 2 did not result in a 

difference in the rate of change. Since the variance in Model C was still reliably different from 

zero the inclusion of additional Level 2 predictors may improve model fit more.  

Family income also had a significant positive effect on the proportion of hard problems 

solved in Model C (Y01 = .056, p < .009) such that middle-income children solved more hard 

problems correctly at the first testing session (Table 4-5). The negative intercept (Y00 = -.204, p < 

.001), similar to the findings for hard problems in the unconditional growth model (Model B), 

indicated that on average low-income children were not able to solve any of the most difficult 

problems. Middle-income children also seemed to struggle with the difficult problems in that 

they on average only solved a little more than one hard problem correctly. Even though their 

performance appeared comparable to low-income children it is important to note that this 

difference was significant.  The linear effect of time remained statistically significant and 

positive as in Model B (Y10 = .124, p < .001) thus indicating that the number of correctly solved 
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problems increased linearly over the course of this study by a little over one problem per year for 

all children. For the random effects, the addition of the Level 2 income predictor did not reduce 

the within-person variance in hard problems from (σɛ
 2 = .037, p < .001). As with easy problems, 

although a dramatic change was not found the variance was still statistically different from zero 

thus suggesting that additional predictors may further improve model fit. Because the UGM had 

no Level 1 predictors of random effects, it was not surprising that the inclusion of income at 

Level 2 did not reduce the variance in rate of change. Model C fit the data for both easy (χ² (1) 

=6.12, p < .05) and hard problems (χ² (1) = 6.802, p < .001) provided a better fit than did the 

UGM in Model B. This model also resulted in reductions in AIC and BIC. Lastly, it is preferable 

to examine the time by income interaction whenever possible but the interaction was not 

warranted given that the random effect of time was dropped from modeling in Model C. 

Summary of Findings 

Generally speaking, the nested models for the most part partially supported predictions 

related to the first three hypotheses. It was first predicted that children’s executive functioning 

skills would improve each year as they matured and that these differences would be more drastic 

for some children’s individual growth trajectories when compared to others. Children’s problem 

solving success did improve each year with maturation yet, contrary to expectations, significant 

differences were not found in relation to individual growth trajectories, most likely due to a lack 

of power.  The random effects of time had to be dropped from modeling and as such individual 

differences in trajectories could not be examined. The income hypothesis was fully supported by 

these results. Family income explained a significant amount of additional variance for both easy 

and hard problems. Middle-income children solved more problems correctly at the first testing 

session and this difference in performance was maintained each year. It is preferable to examine 
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the time by income interaction whenever possible but the interaction was not warranted given 

that the random effect of time was dropped from modeling in Model C. Children’s PPVT scores 

were examined as a final predictor, however results are not included as this step was dropped 

from model building. The inclusion of PPVT did explain additional variance however it rendered 

all effects of income non significant and did not significantly improve model fit. Lastly, the 

prediction that low-income children would perform comparably to middle-income children on 

easy and more poorly on hard problems was only partially supported. Low-income children 

solved fewer problems correctly than middle-income children; regardless of difficulty level but 

the income level performance gap was greater for more difficult problems. In Model B, the 

negative intercept found for hard problems was indicative of a floor effect. Subsequent model 

building showed this floor effect was present because of the low-income children’s difficulty 

with these most difficult problems. Model C indicated that middle-income children performed 

better than low-income children on the more difficult problems, however it was expected that 

differences would be more pronounced. An income disparity or increment of difference was 

found between the easy and hard problems, as the income coefficient that indicates the difference 

between the two groups was larger for hard problems (Y01= .056) compared to easy problems 

(Y01=.038). Clearly the effects of family income were most pronounced for the more difficult 

problems.   

Describing and Predicting Change in Solution Time 

The Unconditional Means Models 

The UMM (null model) for the solution time variable was first tested in Model A with 

results for easy problems shown in Table 4-6 and results of hard problems shown in Table 4-7. 

Model A did prove that forcing or restricting the data to show no change over time was resulted 

in a poorly fitting model for both easy and hard problems. The grand mean (a fixed effect) for 
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easy problems was Y00 =15.791, p< .001 and was Y00 = 26.396, p< .001 for hard problems 

indicating that children took 16 seconds to solve easy problems correctly and 26 seconds to solve 

hard problems correctly. The random intercept on hard problems was not significantly different 

from zero and was thus dropped from model building. The more important effects were found in 

the random effects portion of the model. The estimated Level 1 within-person variance for both 

easy and hard problems was σɛ
 2 =31.470, σɛ

 2 =42.728, respectively, both p’s <.001. The 

significant variances indicate that time could be a significant factor in solution time scores for 

both easy and hard problems. The estimated Level 2 between-person variance for easy problems 

also differed reliably from zero σ0
2= 6.994, p <.022 thus indicating significant individual 

differences in the speed of solving easy problems. The Level 2 between-person variance for hard 

problems was not calculated since the random intercept was excluded from the model. Given that 

the models included significant within and between-person variance it was expected that 

additional predictors at both Level 1 and Level 2 would improve the fit of the model.   

As with the proportion of correct problems solved variable, the ICC was used to 

understand the relative magnitude of the variances in the solution times for easy problems. The 

ICC for easy problems was ρ = .334 and ρ = .382 and for hard problems. The ICC results reveal 

that approximately 33% of total variation in correctly solved easy problems and 40% of variation 

in correctly solved hard problems was due to individual differences between children.  The ICC 

is also used as a measure of the average autocorrelation or stability of the dependent variable 

over time. Thus, the estimated average stability for easy problems was .33, while the estimated 

stability for hard problems was .38. Clearly more stability was found in the hard problems when 

compared to easy problems over time. 
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The Unconditional Growth Model 

Results of growth models are shown in the Model B column of Table 4-6 for easy 

problems and Table 4-7 for hard problems. No random effects estimate could be calculated for 

individual differences in the rate of change for easy problems which suggested that these 

differences were either negligible or there was not enough power. The random effects of time 

and intercept were then dropped from the model for easy problems such that results include only 

fixed effects. Interestingly, the random effect of time was present in Level 1 for hard problems 

which will be discussed below. The negative linear effect of time for easy problems indicated 

that children did improve their performance over the course of the study. That is, the time needed 

to find a solution was decreased as children matured.  For easy problems, the intercept (initial 

status) was Y00 = 29.019, p < .001 and the slope, or rate of change, was Y10 = -1.957, p < .001. The 

significance of the intercept and negative slope indicate that on average children took thirty 

seconds to correctly solve problems in the first testing session and improved by solving problems 

approximately 2 seconds faster each year.  The Level 1 residual variance or random effects 

indicated that the inclusion of time in the model increased the residual variance from σɛ
 2 = 

31.470, p < .001 in Model A to σɛ
 2 = 31.884, p < .001 in Model B. This within-person variance 

remained significant with the addition of time thus indicating that the addition of predictors may 

explain random effects left in the model. Given that the Level 2 within-person variance remained 

significant with the inclusion of time in the model thus it was expected that additional predictors 

would help to improve model fit and explain random effects left in the model. 

Results for the hard problems showed the same pattern as the easy problems with one 

slight exception. In the results presented up to this point, the random effect of time was not 

estimated due to a lack of power. This was not the case for hard problems on the solution time 
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variable. The positive random effect of time was estimated however it was not significant (σ1
 2

 = 

.062, p < .111) indicating there were not significant within-person differences in the Level 1 rate 

of change over time. This finding indicates that children did not show individual differences in 

how long they took to solve problems. The Level 1 intercept was not estimated given that it was 

excluded from model building in the UMM when no random effects were found. The Level 2 

intercept (initial status) for hard problems was Y00 = 45.875, p < .001 and the slope, or rate of 

change, was Y10 = -2.835, p < .001. The linear effect of time for hard problems was negative 

indicating that children showed the same overall showed gains in their rate of change over time 

as their solution times improved with maturation. The intercept and slope were both significantly 

different from zero thus indicating that on average children needed 46 seconds to solve hard 

problems in the first testing session and improved by solving problems approximately three 

seconds faster each year.  The inclusion of time as a predictor in the model reduced the Level 1 

random effects residual variance a great deal from σɛ
 2 = 42.728 p < .001 in Model A to σɛ

 2  

=26.094, p < .001 in Model B. As with the easy problems, this within-person variance was still 

significant with the addition of time thus indicating that the addition of predictors may explain 

random effects left in the model. As with the easy problems, the Level 2 within-person variance, 

remained significant which indicated that additional predictors would help to improve model fit 

and explain fixed effects left in the model.  

Fit statistics of the UMM and the UGM in both models were statistically compared to 

determine if the addition of the time variable as a predictor improved the fit of the model. For the 

easy problems, the inclusion of time resulted in a significant reduction in deviance (χ² (1) = 

55.547, p < .001) along with reductions in AIC and BIC. Similarly, the hard problems also 

resulted in a significant reduction in deviance (χ² (1) = 130.024, p < .001), AIC and BIC. Clearly 
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the addition of time resulted in a greater improvement in fit and explained much more within and 

between-person variance for the hard problems as compared to the easy problems. Taken 

together, the fixed effect of time along with the lack of a random effect of time for both models 

indicates that children did improve their performance each year albeit there were not significant 

individual differences in this rate of change. The addition of predictors at both Level 1 and Level 

2 should not only improve the model fit but tell a better story of how children’s solution times 

changed over time. This result is contrary to expectations as it was hypothesized that middle-

income children would change faster and show more growth over time compared to low-income 

children. 

Main Effects of Family Income 

The main effects of family income were tested in Model C for both easy and hard problems 

to explain additional fixed effects left in the model. Results of Model C are shown in the Model 

C columns of Table 4-6 and Table 4-7.  It was expected that the addition of the income variable 

would not only affect the initial status of the speed in which children solved problems in the first 

testing session but also more clearly describe the negative linear improvement in speed for both 

easy and hard problems solved. The intercept Y00 = 30.001, p < .001 is the average estimated time 

low-income children used to solve easy problems at their first testing session. The intercept was 

again, not surprisingly, different from zero indicating that low-income children on average took 

30 seconds to solve easy problems at the first testing session. The intercept for middle-income 

children may be calculated by adding the income coefficient (Y01 =  -1.959, p < .002) to the 

intercept thus revealing that middle-income children took on average 27 seconds to solve easy 

problems at the first testing session. Family income thus had a significant negative effect on 

solution times such that middle-income children solved easy problems faster at the first testing 

session. The linear effect of time remained statistically significant and negative as in Model B 
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(Y10 = -1.973, p < .001) thus indicating that the speed at which children solved problems 

increased linearly over the course of this study by two seconds each year. For the random effects, 

the addition of income as a Level 2 predictor reduced the within-person variance in easy 

problems from σɛ
 2  = 31.884, p < .001 in the UGM to σɛ

 2  = 30.936 p < .001. The significance 

of this variance suggests that additional predictors may further improve model fit. Because the 

UGM had no Level 1 predictors, it was not surprising that the inclusion of income at Level 2 

only slightly reduced the fixed effects variance in rate of change but because the variance in 

Model C was still reliably different from zero the inclusion of additional Level 2 predictors may 

improve model fit more.  

Family income also had a significant negative effect on the solution speed of hard 

problems solved (Y01 = -2.095, p < .001) such that middle-income children solved hard problems 

faster at the first testing session. The intercept (Y00 = 46.875, p < .001) indicated that on average 

low-income children took 47 seconds to solve hard problems while middle-income children took 

on average 44 seconds to solve hard problems at the first session.  The Level 2 linear effect of 

time remained statistically significant and negative as in Model B (Y10 = -2.849, p < .001) thus 

indicating that the speed at which children solved problems increased linearly over the course of 

this study for all children by three seconds. For the random effects, the addition of the Level 2 

income predictor reduced the within-person variance in hard problems from σɛ
 2 =26.094, p < 

.001 in the UGM to σɛ
 2 = 25.941, p < .001 in this conditional model. As with easy problems this 

was only a slight drop yet the proportion was still statistically different from zero thus suggesting 

that additional predictors may further improve model fit. The Level 1 random effect of time (σ1
 2 

= .043, p < .232) did not become significant with the addition of family income to the model. 
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Both the between subjects and within subjects variance in Model C was reliably different from 

zero thus the inclusion of additional Level 1 and Level 2 predictors may improve model fit. 

Lastly, Model C fit the data for both easy (χ² (1) = 10.014, p < .001) and hard problems (χ² (1) = 

11.282, p < .001) better than the UGM in Model B and also resulted in reductions in AIC and 

BIC. Family income did explain a significant amount of between and within-person variance for 

both hard problems. Given that the random effect of time was estimated in this model and a fixed 

main effect of family income was found it is highly likely that moderation of the rate of change 

by income may exist. Thus, the time by income interaction was tested in a final Model D. 

Moderation of the Rate of Change by Income 

The moderation of the linear rate of change over time by income interaction was examined 

in Model D for hard problems only given that the random effect of time was dropped from the 

easy problems. It was expected that the interaction of time and family income would not only 

improve model fit but also provide a more clear description of how children’s individual growth 

trajectories for solution time when problem solving changed over the course of the study. The 

interaction was created using the product term of the interaction and then regressing out the 

unstandardized residual.  Moderation by income would exist if the linear trend in the change over 

time in speed of problem solving differed for low and middle-income children; however the 

interactions for both fixed and random effects in Model D on hard problems were not significant. 

The model would not converge when the residualized interaction term was entered in the random 

effects portion of the model most likely due to a lack of power given the number of data points 

estimated. The model did successfully converge when the residualized interaction term was 

entered in the fixed effects portion of the model but surprisingly the interaction was not 

significant. It is again highly likely the lack of significance is related to a lack of power given the 

low sample size of this study.  
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Summary of Findings 

Taken together the results found for the solution time variable partially support the first 

three hypotheses. The first hypothesis was generally supported given that children did reduce 

their solution times each year although as will the proportion solved variable there was not 

evidence of individual variation in growth trajectories over time. The fixed effects of time along 

with the lack of a random effect of time indicates that children differed in their their performance 

each year albeit the manner in which they changed appeared to be similar and did not differ 

according to problem difficulty level. All children changed at the same rate such that higher 

income children began the study solving problems faster than low-income children and this rate 

of performance was maintained throughout the study, even with maturation effects.  Children’s 

individual growth trajectories did not reveal that some children changed at a faster rate than other 

children. It was expected that the income by time interaction would indicate that this was not the 

case but rather middle-income children showed greater improvement over time when compared 

to low-income children but unfortunately the fixed effects of the interaction term (Model D) 

were not significant and the random effects could not be estimated. The second hypothesis was 

also supported by these nested models given the main effect of family income. Middle-income 

children solved problems faster at the first testing session though results from the conditional 

growth model in Model C indicate they changed at the same rate as low-income children 

throughout the course of the study. Thus, middle-income children began the study solving 

problems faster than low-income children and this speed difference was maintained each year. 

Lastly, the third prediction was also supported given that low-income children took longer to 

solve both easy and hard problems. Similar to the findings from the proportion solved variable, 

differences were smaller than expected yet the income coefficient for solution time showed an 

70 



income level performance gap given that a larger difference between the income groups was 

found for the harder problems.  

Describing and Predicting Change in the Efficiency of Moves Made 

The Unconditional Means Models 

The UMM (null model) was first tested for the efficiency of moves measure in Model A 

with results for easy problems shown in Table 4-8 and results of hard problems shown in Table 

4-9. Model A proved that forcing the data to show no change over time resulted in a poorly 

fitting model for both easy and hard problems. The random intercept for hard problems 

approached significance (p < .06) but was not truly significant thus the random effect of intercept 

was dropped from the model for hard problems such that results include only fixed effects. The 

grand mean (a fixed effect) for easy problems was Y00 =.656, p< .001 and was Y00 = .393, p< .001 

for hard problems. Essentially 85% of children’s moves made on easy problems were optimal 

(got them closer to a problem solution) and 70% of moves made on hard problems were optimal. 

The more important effects for both models were found in the random effects. For both easy and 

hard problems, the estimated within-person variances were σɛ
 2 =.032 and σɛ

 2 =.040, 

respectively, both p’s <.001. The significant variances indicate that time could be a significant 

factor in efficiency scores for both easy and hard problems. The estimated between-person 

variances also differed reliably from zero for the easy problems σ0
 2=.012, p <.003 thus 

suggesting significant individual differences in the extent to which time influenced the move 

efficiency scores. Given that the models included statistically significant within and between-

person variance when time was not included as a variable it was expected that additional 

predictors at both Level 1 and Level 2 of the UGM would improve the fit of each model.   
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The ICC was again calculated to better understand the magnitude of the variances. The 

ICC for the move efficiency score on easy problems was ρ = .952 and for hard problems was ρ = 

.908. The ICC results reveal that approximately 95% of total variation in correctly solved easy 

problems and 90% of variation in correctly solved hard problems was due to individual 

differences between children.  The ICC is also used as a measure of the average autocorrelation 

or stability of the dependent variable over time. Thus, the estimated average stability for easy 

problems was .95, while the estimated stability for hard problems was .90. Clearly more stability 

was found in the easy problems when compared to hard problems over time.  

The Unconditional Growth Models 

Next, the UGM (growth models) for the move efficiency scores were tested as Model B. 

Results of Model B are shown in the Model B column of Table 4-8 for easy problems and Table 

4-9 for hard problems. No estimate could be calculated for individual differences in the rate of 

change, consequently the random effect of time was then dropped from both the easy and hard 

models such that results include only fixed effects of time. The positive linear effect of time 

indicated that children did improve their move efficiency scores over the course of the study for 

both easy and hard problems. For easy problems, the intercept (initial status) was Y00 = .399, p < 

.001 and the slope, or rate of change, was Y10 =.038, p < .001. The significance of the intercept 

and slope indicate that on average 70% of moves made on easy problems were optimal and thus 

took them closer to the goal in the first testing session. Children improved their proportion of 

optimal moves by approximately 2% each year.  The Level 1 residual variance measures the 

overall scatter of children’s data around their change trajectory. The inclusion of time in the 

model increased the residual variance from σɛ
 2 =.033, p < .001 in Model A to σɛ

 2 =.042, p < 

.001 in Model B. Even with the slight increase this within-person variance was still significant 
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with the addition of time thus indicating that the addition of other predictors may explain random 

effects left in the model. Given that the Level 2 intercept and slope for easy problems remained 

significantly different from zero with the inclusion of time in the model, as did this within-person 

variance, it was expected that additional predictors would help to improve model fit and explain 

fixed effects left in the model. 

Results for the hard problems showed the same pattern as performance on the easy 

problems and the same pattern found for hard problems on the solution time variable. It was 

expected that children would have difficulty solving the harder problems and thus make less 

efficient moves while problem solving and the MLM results confirmed this hypothesis.  The 

intercept (initial status) for hard problems was Y00 = -.187, p < .001 and the slope, or rate of 

change, was Y10 =.085, p < .001. The negative intercept indicates that children were making more 

non optimal moves away from the goal and thus solving hard problems in a less efficient manner 

than easy problems. Essentially only 40% of children’s moves were optimal for hard problems 

when tested in the first testing session. The positive slope indicates that children improved the 

proportion of optimal moves by approximately 4% each year. The inclusion of time in the model 

reduced the residual variance a great deal from σɛ
 2 =.042, p < .001 in Model A to σɛ

 2 = .029, p 

< .001 in Model B. As with the easy problems, the Level 2 within-person variance remained 

significantly different from zero, which indicated that additional predictors would help to 

improve model fit and explain fixed effects left in the model.   

Fit statistics of the UMM and the UGM in both models for the move efficiency variable 

were statistically compared to determine if the time variable as a predictor significantly 

improved the fit of the model. For the easy problems, the inclusion of time resulted in a 

significant reduction in deviance (χ² (1) = 8.504, p < .001), along with reductions in AIC and 
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BIC. Similarly, the hard problems also resulted in a significant reduction in deviance (χ² (1) = 

114.426, p < .001) AIC and BIC. Clearly the addition of time resulted in a greater improvement 

in fit and explained much more within-person variance for the hard problems as compared to the 

easy problems. Taken together, the fixed effects of time along with the lack of a random effect of 

time in both easy and hard models indicates that children did improve their move efficiency 

scores each year though children did not show a significant difference in their individual 

variation in the rate at which they improved their scores each year.  

Main Effects of Family Income 

The main effects of family income on the move efficiency measure were tested in Model 

C for both easy and hard problems. Results of Model C are shown in the Model C columns of 

Table 4-8 and Table 4-9. The intercept for easy problems was Y00 = .369, p < .001 which indicates 

that in general 68% of moves made on easy problems brought low-income children closer to a 

solution at their first testing session. The slope or rate of change for easy problems (Y10 = .039, p 

< .001) indicated that on average children’s optimal moves increased by 2% each year.  The 

intercept for middle-income children may be calculated by adding the income coefficient (Y01 = 

.060, p < .008) to the intercept thus revealing that middle-income children made on average 72% 

of moves that were optimal at their first testing session. Family income thus had a significant 

positive effect on the move efficiency scores of easy problems solved such that middle-income 

children solved problems more efficiently at the first testing session than low-income children. 

The linear effect of time remained statistically significant and positive as in Model B thus 

indicating that children’s move efficiency scores increased over the course of this study even 

after income was accounted for. For the random effects, the addition of the Level 1 predictor 

reduced the within-person variance in easy problems from σɛ
 2 =.042, p < .001 in the UGM to σɛ
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2 =.041, p < .001. Although this was only a slight drop, the proportion was still statistically 

different from zero thus suggesting that additional predictors may further improve model fit. 

Because the UGM had no Level 1 predictors, it was not surprising that the inclusion of income at 

Level 2 did not reduce the variance in rate of change and because the variance in Model C was 

still reliably different from zero the inclusion of additional Level 2 predictors may improve 

model fit more.  

Family income also had a significant positive effect on the move efficiency score on hard 

problems (Y01= .051, p < .007) such that middle-income children made more efficient moves 

when solving hard problems at the first testing session. The intercept (Y00 = -.212, p < .001) 

indicated that on average only 38% of moves made by low-income children on hard problems 

were optimal while 42% of the moves made by middle-income children were optimal moves at 

the first testing session. The rate of change remained significant (Y10 = .085, p < .001) thus 

indicating that children made 4% more optimal moves each year of this study. For the random 

effects, the addition of the Level 1 income predictor also did not change the within-person 

variance in hard problems from the UGM (σɛ
 2 = .029, p < .001). Again given that this 

proportion was still statistically different from zero it is possible that additional predictors may 

further improve model fit. Lastly, Model C fit the data better for both easy (χ² (1) = 7.061, p < 

.001) and hard problems (χ² (1) = 7.271, p < .001) than the UGM in Model B and the addition of 

income also resulted in reductions in AIC and BIC.  

Summary of Findings 

In sum, modeling results from the move efficiency measure followed the same pattern as 

the other TOL measures and partially supported the first three hypotheses. It was first predicted 

that children’s executive functioning skills would improve each year as they matured and that 
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these differences would be more drastic for some children’s individual growth trajectories when 

compared to others. Children’s move efficiency did improve each year with maturation yet, 

contrary to expectations, significant differences were not found in relation to individual growth 

trajectories.  The random effects of time had to be dropped from modeling, most likely due to a 

lack of power, and as such individual differences in trajectories could not be examined. In terms 

of the second hypothesis, family income explained a significant amount of between and within-

person variance for both easy and hard problems. Middle-income children made more efficient 

moves at the first testing session and results from the conditional growth model in Model C 

indicate that there was no significant evidence to suggest that the rate of change over time 

differed from that of low-income children. Thus, the same pattern was found for the move 

efficiency measure as the other TOL measures examined with the exception of hard problems on 

this move efficiency measure. Middle-income children began the study solving with greater 

move efficiency than low-income children and the level of this performance difference was 

maintained each year. It was expected that the moderation of the rate of change by income would 

be further examined in a final Model D; however, once again the lack of a random effect of time 

prevented testing of the time by income interaction. Lastly, the prediction that low-income 

children would perform similarly to middle-income children on easy and more poorly than 

middle-income children on hard problems was not supported. Low-income children actually 

made less efficient moves than middle-income children on all problems regardless of difficulty 

level. Unlike the other variables, the performance gap was similar for both easy and hard 

problems.  

Mediation of Academic Achievement 

The final research question regarding the role of executive functioning skills in the 

relationship between family income status and children’s academic achievement was examined 
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using mediation analyses. It was expected that executive functioning performance would mediate 

or explain the relationship between family income status and their reading and also their math 

achievement. Results for reading achievement are presented first followed then by math 

achievement. Results for the second testing session (the first time the reading and math scores 

were available) will be presented in Table 4-10 (easy problems) and in Table 4-11 (hard 

problems). Results for the final session will be presented in Table 4-12 (easy problems) and in 

Table 4-13 (hard problems). As described earlier, the general test for mediation first involved a 

series of bivariate correlations with the goal of establishing significant relationships between the 

criterion, predictor, and mediator variables. If all three relationships were found to be significant, 

hierarchical regressions were then used to establish a mediation effect and the Sobel test was 

conducted to examine the degree of mediation (full versus partial).   

The three TOL performance variables, as measures of executive functioning, were the 

mediator variables, family income status was the predictor variable, and children’s reading and 

math scores were the criterion variables in this study. Mediation analyses were conducted for the 

last two testing sessions only since formal reading and math testing was not conducted by the 

school board in kindergarten. To begin, bivariate Pearson’s correlations were conducted for all of 

the variables to be used in mediation analyses: family income status, the TOL variables, and the 

academic achievement variables. Measures that met the criterion for mediation were then entered 

into hierarchical regression analyses. Regression results indicative of mediation were evaluated 

using the Sobel test to determine if partial or full mediation existed. Pearson correlations were 

conducted separately for each of the three TOL variables for both easy and hard problems using 

reading and math data from both the FCAT and the Stanford 10 tests for the last two years of the 

study.  Results for the FCAT and Stanford 10 were virtually identical so for the sake of 
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parsimony only Stanford 10 results are reported here given that more children had these scores 

available 

Mediation Results for Reading Achievement 

Correlation results for reading achievement in the second testing session revealed a similar 

pattern for each TOL measure although only the hard problems on the move efficiency measure 

met the mediation criteria (see Table 4-11). Correlations for easy problems on all three TOL 

measures indicated significant relationships only between reading and family income (p’s <.05). 

Correlations for hard problems showed the same pattern for the solution time measure but the 

proportion solved measure indicated significance in the relationship between family income and 

reading along with the relationship between reading and TOL performance. The move efficiency 

measure (hard problems) was the only measure met the correlation criteria for mediation 

analyses in the second testing session. The hierarchal regression performed indicated that 

executive functions did in fact partially mediate the relationship between TOL performance on 

this move efficiency measure and reading achievement (see Table 4-14 for regression 

coefficients). The Aroian version of the Sobel test confirmed partial mediation (z′= 1.90, SE= 

2.54, p< .05) revealing that the relationship between family income status and reading 

achievement was mediated by children’s efficiency of moves when problem solving (see Figure 

4-4).  

Correlation results for reading achievement in the final testing session did not follow the 

same pattern as in the previous testing session (see Tables 4-12 and 4-13). Correlations for both 

easy and hard problems indicated significant relationships only between reading and family 

income (p’s <.05).  The exception to this was the hard problems on the move efficiency measure. 

Results on these problems also showed that TOL performance and income were significantly 
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related. The lack of a significant relationship between TOL performance and reading prevented 

testing of the mediation models. Thus, none of the measures for reading in the final session met 

the mediation criteria.  

Generally speaking, the reading achievement mediation results were somewhat surprising. 

Mediation was not expected to be found for reading achievement simply based on the fact that 

executive functioning has been more closely related to mathematical abilities than reading 

abilities in the literature. It was anticipated that none of the TOL variables would be significantly 

associated with reading and thus would not meet the criteria for mediation, however as reported 

above this was not the case with the move efficiency measure.  

Mediation Results for Math Achievement 

The correlation results for math achievement differed from the pattern found for reading 

achievement. As expected, all TOL measures were significantly related to math achievement at 

both sessions for easy and hard problems with the exception of the easy problems on the 

proportion solved measure in the final session (see Tables 4-10 and 4-11). Correlations for hard 

problems on the move efficiency measure for both years indicated significance between all three 

variables and thus met the mediation criteria. It was expected that proportion correct and solution 

speed would have also met the mediation criteria but this was not the case and as such mediation 

models were only conducted on the move efficiency measure. The hierarchal regression 

performed for the second testing session indicated that performance on this move efficiency 

measure mediated the relationship between family income status and math achievement (see 

Table 4-14 for regression coefficients). The Aroian version of the Sobel test confirmed mediation 

(z′= 1.96, SE= 2.11, p< .05) revealing that relationship between family income status and math 

achievement was mediated by children’s efficiency of moves when solving hard problems (see 
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Figure 4-5). The hierarchal regression performed on the move efficiency measure in the final 

testing session also indicated that children’s efficiency when solving hard problems mediated the 

relationship between family income and math achievement (see Table 4-14 for regression 

coefficients). Interestingly, the Aroian version of the Sobel test confirmed that mediation was 

actually not achieved (z′= 1.80, SE= 1.53, p< .07). The Sobel test was close to significance 

however results do not permit us to conclude that mediation occurred.   

As with the results for the mediation of reading achievement, the results for math 

achievement were not as expected. Each TOL variable was expected to meet mediation criteria 

and as such executive functioning performance on each TOL measure was expected to mediate 

the relationship between family income status and children’s math achievement but this was only 

the case for the move efficiency measure. In both the second and final testing sessions the 

income and math relationship and the math and TOL relationships were significant for both easy 

and hard problems on all of the TOL measures (with the exception of easy problems on the 

proportion solved measure). In all of these it was the lack of a significant relationship between 

income and TOL that prevented mediation. Review of the data suggested a lack of power given 

the floor effects found on the most difficult problems for low-income children. Missing data was 

handled by employing list wise deletion in the correlation analyses and thus the number of 

subjects who contributed data for analyses was greatly diminished. Most likely with larger Ns 

this final correlation would have been found and mediation achieved.  

In sum, mediation effects for both reading and math in the second testing session and for 

math in the final testing session were limited to hard problems on the move efficiency measure. 

Each regression model indicated that the relationship between family income status and 

academic achievement was explained by efficiency when problem solving, however mediation 
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was only confirmed in the second testing session. Thus, executive functioning as measured by 

move efficiency mediated the effect of family income on both reading and math achievement in 

the second testing session.  

 

Table 4-1. Multilevel model building steps   
Nested Steps Model Variables added Description
Unconditional Means Model (UMM) A None Null model
Unconditional Growth Model (UGM) B Time Examines change over time in DV without inclusion of predictors
Conditional Intercept Model C Income Examines main effect of income on change over time in DV
Conditional Intercept and Slope Model D Income X Time Examines income by time interaction as a predictor of change in DV  

Note. Level 1 and Level 2 submodels are included within each nested model. These aspects of 
the models estimate the within and between-person change over time as a component of each 
modeling step. 
 

Table 4-2. Means and standard deviations for easy problems on the TOL 
      Year 1       Year 2       Year 3 

N Mean Std Dev N Mean Std Dev N Mean Std Dev
Proportion Solved
    Low-income 94 0.78 0.18 43 0.87 0.12 46 0.93 0.09
  Middle-income 69 0.82 0.16 36 0.91 0.10 43 0.94 0.09
Solution Speed (s)
    Low-income 95 18.73 6.13 43 15.44 5.79 46 12.61 5.19
  Middle-income 69 17.14 5.79 36 13.77 5.45 43 11.17 4.37
Move Efficiency
    Low-income 95 0.59 0.25 43 0.67 0.20 46 0.71 0.15
  Middle-income 69 0.66 0.21 36 0.71 0.18 43 0.74 0.14  

 

Table 4-3. Means and standard deviations for hard problems on the TOL 
      Year 1       Year 2       Year 3 

N Mean Std Dev N Mean Std Dev N Mean Std Dev
Proportion Solved
    Low-income 95 0.50 0.21 44 0.75 0.20 46 0.86 0.14
  Middle-income 69 0.51 0.22 36 0.81 0.17 43 0.91 0.12
Solution Speed (s)
    Low-income 95 30.73 4.57 44 25.60 5.26 46 21.68 6.07
  Middle-income 69 29.04 4.77 35 24.44 4.96 43 20.03 6.54
Move Efficiency
    Low-income 95 0.27 0.19 44 0.44 0.15 46 0.52 0.12
  Middle-income 69 0.28 0.19 35 0.52 0.14 43 0.57 0.11  
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Figure 4-1. Proportion Solved Simple Means 
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Figure 4-2. Solution Speed Simple Means 
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Figure 4-3. Move Efficiency Simple Means 
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Table 4-4. Results of model tests for easy problems on the proportion solved measure  
Parameters Model A Model B Model C Model D

Fixed Effects
Initial Status . �.

     Intercept Y 00 .849*(.01) .522*(.04) .503*(.04)

     Income Y 01 0.038*(.02)

Rate of Change
     Time (linear) Y 10 0.049*(.01) 0.049*(.01)

       X Income Y 30

Random Effects
Level 1
     Within Person σs ² 0.017*(.01) 0.019*(.01) 0.019*(.01)
Level 2
     In Initial Status σ 0 ² 0.007*(.01)
     In Rate of Change σ1²

Fit Statistics
     Deviance -310.621 -365.793 -371.913
     AIC -304.621 -359.793 -363.913
     BIC -304.547 -348.387 -348.705  

Note. *p<.001 
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Table 4-5. Results of model tests for hard problems on the proportion solved measure 

Parameters Model A Model B Model C Model D
Fixed Effects
Initial Status . �.

     Intercept Y 00 .667*(.01) -.177*(0.06) -.204*(.06)
     Income Y 01 .056*(.02)

Rate of Change
     Time (linear) Y 10 .124*(.01) .124*(.01)
       X Income Y 30

Random Effects
Level 1
     Within Person σs ² .059*(.01) .038*(.01) .037*(.01)
Level 2
     In Initial Status σ0² .004*(.01)
     In Rate of Change σ1 ²

Fit Statistics
     Deviance 27.299 -147.291 -154.093
     AIC 33.299 -141.291 -146.093
     BIC 44.723 -129.866 -145.971  
 
Note. *p<.001 
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Table 4-6. Results of model tests for easy problems on the solution time measure 
Parameters Model A Model B Model C Model D

Fixed Effects
Initial Status . �.

     Intercept Y 00 15.791*(.36) 29.019*(1.66) 30.001*(1.66)

     Income Y 01 -1.959*(.61)

Rate of Change
     Time (linear) Y 10 -1.957*(.24) --1.973*(.24)

       X Income Y 30

Random Effects
Level 1
     Within Person σs ² 31.470*(3.40) 31.884*(2.47) 30.936*(2.40)
Level 2
     In Initial Status σ 0 ² 6.99*(3.05)
     In Rate of Change σ1²

Fit Statistics
     Deviance 2147.136 2091.589 2081.575
     AIC 2153.136 2097.589 2089.575
     BIC 2164.551 2109.004 2104.796  

Note. *p<.001 
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Table 4-7. Results of model tests for solution speed on hard problems 
Parameters Model A Model B Model C Model D

Fixed Effects
Initial Status � � �

     Intercept Y 00 26.396*(.36) 45.875*(1.56) 46.875*(1.57)

     Income Y 01 -2.095*(.61)

Rate of Change
     Time (linear) Y 10 -2.835*(.23) -2.849*(.22)

       X Income Y 30

Random Effects
Level 1
     Within Person σs ² 42.73*(3.32) 26.094*(2.58) 25.941*(2.54)
Level 2
     In Initial Status σ 0 ² .062(.04) .043(.04)
     In Rate of Change σ1²

Fit Statistics
     Deviance 2188.784 2058.760 2047.478
     AIC 2192.784 2066.760 2057.478
     BIC 2200.394 2081.980 2076.504  

 
Note. *p<.001 
 

87 



Table 4-8. Results of model tests for move efficiency on easy problems 
Parameters Model A Model B Model C Model D

Fixed Effects
Initial Status � � �

     Intercept Y 00 .656*(.01) .399*(.06) .369*(.06)

     Income Y 01 .059*(.02)

Rate of Change
     Time (linear) Y 10 .038*(.01) .039*(.01)

       X Income Y 30

Random Effects
Level 1
     Within Person σs ² .033*(.01) .042*(.01) .041*(.01)
Level 2
     In Initial Status σ 0 ² .012*(.01)
     In Rate of Change σ1²

Fit Statistics
     Deviance -105.743 -114.247 -121.308
     AIC -99.743 -108.247 -113.308
     BIC -88.328 -96.832 -98.087  
Note. *p<.001 
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Table 4-9. Results of model tests for move efficiency on hard problems 
Parameters Model A Model B Model C Model D

Fixed Effects
Initial Status � � �

     Intercept Y 00 .393*(.01) -.187*(.05) -.212*(.05)

     Income Y 01 .051*(.02)

Rate of Change
     Time (linear) Y 10 .085*(.01) .085*(.01)

       X Income Y 30

Random Effects
Level 1
     Within Person σs ² .040*(.01) .030*(.01) .029*(.01)
Level 2
     In Initial Status σ 0 ² .002*(.01)
     In Rate of Change σ1²

Fit Statistics
     Deviance -109.606 -224.032 -231.303
     AIC -103.606 -218.032 -223.303
     BIC -92.191 -206.617 -208.083  
 Note. *p<.001 
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Table 4-10.  Associations between academic data, income, and executive functioning in Year 2 
on easy problems 

Reading Math
Income SAT-10 Income SAT-10

Easy Problems
Proportion Solved
   SAT-10 .50** .57**
   TOL 0.17 0.24 0.17 .48**
Solution Time
   SAT-10 .50** .57**
   TOL -0.15 -0.27 -0.15 -.43**
Move Efficiency
   SAT-10 .50** .57**
   TOL 0.12 0.11 0.12 0.25  
Note. **p<.001, *p<.05 
 
 
Table 4-11.  Associations between academic data, income, and executive functioning in Year 2 

on hard problems 
Reading Math
Income SAT-10 Income SAT-10

Hard Problems
Proportion Solved
   SAT-10 .50** .57**
   TOL 0.16 .31* 0.16 .43**
Solution Time
   SAT-10 .50** .57**
   TOL -0.11 -0.26 -0.13 -.29*
Move Efficiency
   SAT-10 .50** .57**
   TOL .26* .3* .26* .39**  
Note. **p<.001, *p<.05 
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Table 4-12.  Associations between academic data, income, and executive functioning in Year 3 
on easy problems 

Reading Math
Income SAT-10 Income SAT-10

Easy Problems
Proportion Solved
   SAT-10 .32** .53**
   TOL 0.04 -0.12 0.04 0.19
Solution Time
   SAT-10 .32** .53**
   TOL -0.15 -0.13 -0.15 -.37**
Move Efficiency
   SAT-10 .32** .53**
   TOL 0.09 0.07 0.09 .25*  
Note. **p<.001, *p<.05 
 
 
Table 4-13. Associations between academic data, income, and executive functioning in Year 3 
on hard problems 

Reading Math
Income SAT-10 Income SAT-10

Hard Problems
Proportion Solved
   SAT-10 .32** .53**
   TOL 0.17 0.13 0.17 .34**
Solution Time
   SAT-10 .32** .53**
   TOL -0.13 -0.14 -0.13 -.33**
Move Efficiency
   SAT-10 .32** .53**
   TOL .20* 0.15 .20* .27*  
Note. **p<.001, *p<.05 
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Table 4-14.  Regression coefficients estimated in academic achievement mediation models for 
hard problems on the move efficiency measure for the second testing session 

Reading Math
N b SE ß N b SE ß

Mediation Steps
   Second Session
     Step 1 90 59.43 11.2 0.49** 91 59.87 9.2 .57**
     Step 2 78 0.08 0.03 0.26* 78 0.08 0.03 0.26*
     Step 3 42 43
      Model 1
        Income 67.58 16.1 0.55** 60.85 12.81 .59**
     Model 2
        Income 62.72 17.61 0.50** 53.43 13.62 .52**
        TOL 41.53 59.06 0.1 66.65 45.5 0.19  
Note. Step 1 = SAT-10 entered as criterion and family income as predictor; Step 2= Move 
efficiency on hard problems entered as criterion and family income as predictor; Step 3= SAT-10 
as criterion and family income entered as first predictor with move efficiency on hard problems 
as the second predictor. 
**p<.001, *p<.05 
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Figure 4-4.  Conceptual diagram of the mediation analyses and standardized regression 
coefficients representing the estimated relationships for reading achievement in the 
second testing session (A) Direct effect of family income on reading achievement (B) 
Indirect effect of family income on reading achievement 
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Figure 4-5.  Conceptual diagram of the mediation analyses and standardized regression 

coefficients representing the estimated relationships for math achievement in the 
second testing session (A) Direct effect of family income on math achievement (B) 
Indirect effect of family income on math achievement 
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CHAPTER 4 
DISCUSSION 

The developmental risks associated with economic disadvantage have been well 

documented, yet relatively few studies have explored the effects of poverty on the specific 

cognitive skills involved in executive functioning.  Executive functioning skills are critical for 

learning in academic environments and as such delays in the development of these basic 

cognitive processes may place children from low-income families at an increased risk for 

academic failure and high school drop out, which limit their successes later in life (Buckner et a., 

2003; Stevenson & Newman, 1986). This study was designed to evaluate the effects of income 

on multiple aspects of executive functioning with the hope of better targeting intervention efforts 

geared towards children at risk for developmental delays in these skills. This study expanded 

previous research by examining performance on multiple aspects of a complex executive 

functioning task, the TOL.  These aspects include executive functions such as success, 

efficiency, and timing, as were identified by (Berg & Byrd, 2002). The major focus of this 

research was to thus examine the effect of family income level on the developmental trajectories 

of the executive functioning skills of children using growth curve modeling.  A secondary goal 

of this research was to determine the role of executive functioning skills in the relationship 

between family income status and children’s academic performance. Findings indicate that 

family income differences were associated with disparities in performance on each measure of 

executive functioning over the course of the study. Thus, low-income children were found to 

have poorer planning abilities than middle-income children and results suggest that the construct 

of planning may in fact have a slower developmental time table than other components of 

executive functioning. Furthermore, children’s efficiency when problem solving was found to 

mediate the relationship between their family income and their reading and math achievement.  
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Specific findings are discussed in detail below in two sections: (1) a discussion of results 

from growth curve modeling and (ii) the mediating role of executive skills in the relationship 

between family income status and academic achievement.  Study limitations and future 

directions are then discussed followed by a final section that provides implications of the study 

and overall conclusions. 

Findings from Growth Curve Modeling 

The Effects of Family Income on the Development of Executive Functioning Skills  

Planning is a critical aspect of executive functioning skills that involves multiple 

components such as attention, inhibition, working memory, and strategy use. Although a few 

recent studies have begun to explore the development of planning in children, a careful review of 

the literature revealed that research specific to low-income children’s planning abilities is not yet 

available.  Given the variety of components of executive skills that have been shown to be 

affected by SES, the goal of this study was to extend the existing literature by examining the 

effects of family income status on planning.   

Growth curve models allow researchers to study the shape of developmental trajectories 

while testing the effect of predictors on the rate of growth. These analyses examine the impact of 

predictors on initial and ending values of trajectories and essentially answer questions about 

developmental timing that traditional statistical methods can not address (Singer and Willett, 2003). 

The findings from the sequence of models tested for each measure of executive functions in this 

study are best summarized by the final models. Final models show similarities in the trajectories and 

predictors of each construct (see Tables 4-1 through 6-2). Linear change trajectories were found for 

the measures of proportion solved, solution speed, and move efficiency. This was coupled with the 

finding that family income status predicted children’s performance on both easy and hard problems 

for each measure. Highly significant SES differences were found on all measures of executive 
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functioning and were maintained throughout the study.  Low-income children solved fewer problems 

correctly and the problems they did solve correctly were solved less efficiently and these children 

needed longer to solve the problems when compared to middle-income children. Low-income 

children began the study performing worse on all three measures at the initial testing session and 

this performance gap was maintained throughout the course of the study. Low-income children’s 

executive functioning skills did improve with maturation in that they showed performance gains 

each year, but their performance never reached that of the middle-income children. Additionally, 

the effect of family income was much stronger for hard problems than easy problems. Results from 

the final models the current study are thus consistent with existing research and confirm that 

low-income children have less developed executive functioning skills when compared to average 

and high-income children (Davis & Ginsburg, 1993; Noble et al., 2005).   

The impressive pattern of results found for each of the three measures of executive functions 

are in line with the few studies that have examined the effects of family income on other executive 

skills. The prefrontal brain region involved in executive functions undergoes a prolonged period 

of development which provides an extended opportunity for the different environmental 

experiences of low versus middle-income children to influence development (Farah et al., 2006).  

The findings of the present study support existing work revealing that the most robust SES 

disparities are found in the executive components of working memory and cognitive control 

(Farah et al., 2004; Noble et al., 2005).  Low-income children in the present study performed 

worse in terms of overall success when problem solving and the efficiency of the moves they 

made. Success on the TOL is dependent upon efficient strategy use which involves holding plans 

in working memory and the ability to resist the urge to move balls into what looks like a good 

move for the moment, but in actuality would take one farther from the goal. For instance, an 

effective strategy for solving more difficult problems requires children to decide not to move a 
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ball into an obvious position that matches a goal ball but rather to temporarily place the ball on a 

different peg where it remains out of the way while other balls are manipulated. This particular 

strategy requires a great degree of inhibitory control as children resist the obvious move and it 

also depends on working memory while sequential moves are planned. Similarly, the ability to 

solve problems correctly in the fewest number of moves within the sixty second time frame, 

requires a great deal of cognitive flexibility and self regulation. Children must not only plan the 

most efficient strategies effectively but also attend to the task at hand and make use of multiple 

cognitive functions within a short time frame. The longer the children’s problem solving session 

continues the more likely it is that fatigue will deteriorate their sustained attention and control. 

This is supported in the literature related to the effect of income differences on children’s 

executive skills.  Economically disadvantaged children are at a greater risk for poor self 

regulation abilities and, as a result, basic cognitive functions such as cognitive flexibility, 

effortful control, and executive attention are delayed when compared to children from higher-

income families (Blair, 2003; Buckner et al., 2003; Chang & Burns, 2005; Kishiyama et al., 

2009; Mezzacappa, 2004; NICHD, 2003). This combined research thus explains the strong SES 

effects found in the final growth curve models. 

 These modeling results only partially supported the hypothesis related to income 

differences in that low-children did perform more poorly overall when compared to middle-

income children yet significant income differences were not found for the rate at children 

improved their executive functioning performance. It is quite possible that low-income children 

in this study were less able to remain focused on the task and less able than middle-income 

children to inhibit initial responses to problems which would thus explain their inability to reach 

the same performance levels on difficult problems. Previous analyses of the present data 
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conducted only on the first testing session (DeLucca, 2007) revealed that low-income children’s 

performance was greatly diminished by the third set of problems when compared to the middle-

income children who improved with each set of problems. Results for that study demonstrated 

that low-income children lacked the same levels of sustained attention as middle-income children 

which resulted in them being less focused at the end of the task. This conclusion was confirmed 

with analyses of the heart rate variability data (DeLucca et al., 2006). Given this, it is very 

possible that for this study, the significant income effects found in the growth models were at 

least in part related to this lack of sustained attention. Although the three measures of executive 

functioning were derived from a planning task, the measures of general success, speed, and 

efficiency each involve multiple components of executive skills. The pattern of results found for 

the success and efficiency measures may very well be explained by the literature focused on the 

attention and self-regulatory aspects of executive functions. Based on this it is reasonable to 

expect that the lower level of executive functioning skills that low-income children seen initially 

occurred because they are less able to remain focused on the task and as a result are less able to 

develop efficient strategies than middle-income children. Similarly, children’s performance on 

the solution speed measure may be explained in terms of planning and inhibition abilities. 

Effective planning and strategy use should translate to fewer moves being made and less time 

needed to correctly solve problems, which is exactly what was found for middle-income 

children. Conversely, children with well developed inhibitory skills should be able to inhibit the 

urge to move balls until they have developed an effective strategy for solving problems. Such 

skills would then be reflected in the move efficiency score in that failure to inhibit a non optimal 

move which would take the child away from the goal position would result in a lower move 

efficiency score.  Thus, in addition to planning, not only strategy selection but also inhibition 
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may well have played a role in the pattern of results. Although inhibition is distinct from 

attention, it is evident that less inhibitory control may result in less task focus and thus the 

interaction of the two skills may also account for the varied performance of lower-income 

children (Bull, Espy, & Senn, 2004).  

Developmental Trajectories of Executive Functioning Skills 

The developmental trajectories of specific executive functioning skills are a major focus of 

the cognitive development literature, however research on the specific trajectories involved in the 

multistage development of executive functions have yielded inconsistent results.  The inconsistencies 

in the literature make sense when the individual nature of executive skills and the plethora of factors 

that combine to affect development are considered. Clearly the development of executive functioning 

is one of the domains for which longitudinal data and growth curve analyses are important. With the 

plethora of factors that may impact the course of developmental trajectories these sophisticated 

statistical analyses can paint a clearer picture of how development is impacted by SES. The period of 

development selected for this study was expected to capture a time when income effects on planning 

may be the most pronounced and have largest impact.   

Growth curve models simultaneously examined two aspects of the developmental 

trajectories of executive functions. In addition to examining SES differences in children’s rate of 

change, analyses examined both fixed effects (the overall effect averaged across all subjects) and 

random effects (an estimation of the size of individual variation of the effect) of how children’s 

executive functioning trajectories differed by family income. It was unclear how low-income 

children’s development of executive functions would compare to middle-income children’s 

development. It was expected that income differences would be found in children’s rates of 

change such that middle-income children would improve faster than low-income children; 

however this was not the case. Children’s executive functioning skills did improve with 

100 



maturation but generally speaking, all children changed at the same rate given that no individual 

variation in rates of change were found for any of the executive function measures. In other 

words, low-income children’s rate of change did not fall behind that of the middle-income 

children nor did it catch up. It is possible that there simply are no income differences in the rate 

of change of executive skills but it is expected that the lack of statistical power that resulted from 

the small sample size prevented the random effects of time from being estimated.  

The linear developmental trend of growth found for all children was particularly 

interesting. Existing research reports a rather rapid development of most executive skills during 

early and middle childhood however findings from this study are in stark contrast (Anderson, 

2002; Garon et al., 2008; Lehto et al., 2003). Significant change and thus growth in the 

development of executive skills was found but this change was minimal which was rather 

unexpected. This pattern was consistently found for developmental trends on all three executive 

functioning measures.  Children solved problems only a few seconds faster each year and made a 

small percentage of more efficient moves each year which resulted in them solving on average 

between only one and two additional problems with each testing session. The minimal rates of 

change are suggestive of a slower maturation for planning abilities than other aspects of 

executive functioning, a finding that is supported by existing research.  Researchers within the 

NICHD Early Child Care Research Network (2003) found that the quality of the early home 

environment was not related to children’s planning abilities in first grade and suggested the late 

biological maturation of planning as an explanation.  Huizinga et al (2006) determined that 

planning abilities measured by the number of additional moves and the time used to make the 

first move on the TOL did not reach maturation until age 11. When these investigators looked at 

the number of perfect solutions on the TOL, maturation actually did not occur until adolescence. 
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Together these studies suggest that the specific skills utilized when solving TOL problems such 

as inhibition, working memory, attention, strategy use, and cognitive flexibility may develop 

rapidly in early childhood as previous research has evidenced but that the skills do not become 

fully integrated as a unified construct of planning until much later in development. Some 

proponents of the unified and diversified nature of executive skills have argued that executive 

functions may not actually be structured the same way during the preschool period as they are 

during later childhood. Miyake et al (2000) attributed the overlapping variance of executive 

components to common processes such as attention. Thus, given what is known about the 

development of executive functions in general and the findings of this study, it is quite possible 

that executive skills involved in planning are not yet fully integrated by this stage of 

development. The use of latent growth curve modeling in the future would provide interesting 

insight into this speculation.  

Lastly, it is important to note that the linear effects of time discussed above should be 

interpreted with caution. Non linear effects could not be examined within this study although it is 

highly likely that non linear change may exist and would have been detected had more time 

points been included. Similarly, an interesting research question could have been addressed had 

children been tested over a longer developmental period. It is possible low-income children’s 

performance may have eventually caught up to middle-income children’s with time and it is 

equally likely their performance may have diverged with greater income differences found. It is 

expected however that regardless of the effects of income, eventually developmental effects 

would asymptote for all children (Garon et al., 2008).   

Income Level Gap in Performance on Hard Problems 

Largely as predicted, low-income children performed more poorly than middle-income 

children on the easy problems for each measure of executive functioning; however there was 
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very little difference in these performance levels (e.g., children solved between one and two 

more problems correctly with each test session). This was not the case for difficult problems as 

the income coefficient revealed a greater disparity between the groups on more difficult 

problems. For instance, the increase in the income gap was a little less than two times that of the 

easy problems on the proportion solved variable. In general, low-income children were unable to 

maintain a similar level of performance on both the proportion solved and solution time 

measures.  Although low-income children showed improvement in their performances with each 

year, their performance was never fully comparable to their more affluent peers on difficult 

problems.  All children in the study solved fewer hard than easy problems.  Although the low-

income children solved significantly fewer easy problems correctly than middle-income children, 

their performance was comparable to the middle-income children in that both income groups 

solved approximately half of the easy problems. The unconditional growth model (Model B) 

indicates that all children solved on average half of the easy problems yet virtually no hard 

problems were solved correctly.  This difference in performance for easy and hard problems was 

explained when income was entered as a predictor in the final growth model. Middle-income 

children were able to solve on average a few of the hard problems correctly while the low-

income children were on average unable to solve the majority of hard problems. Thus it was the 

low-income children who had the most difficulty solving the hard problems correctly and the 

final model made clear that the floor effect on the hard problems found in Model B was a 

resulted mostly from the low-income children.  

It is interesting that this gap in performance was not apparent for the easy problems but 

became evident for the hard. The hard TOL problems were much more difficult in that they 

required increasingly more moves and complex planning and strategy development. Thus income 
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had the strongest effect at the problems that relied most heavily on planning abilities, a finding 

supported by previous research. Waber et al (1984) determined that stylistic differences in 

children’s cognitive approach to problem solving are dependent on economic background.  The 

authors showed that children from high-income families used the left cerebral hemisphere when 

problem solving which resulted in faster processing and the use of more analytical processes 

when compared to low-income children. Conversely, low-income children were found to depend 

more on their right cerebral hemisphere while solving problems and as a result they solved 

problems slower, were more impulsive, and relied more heavily on global processes than high-

income children. With these results in mind it is reasonable to expect that the performance gap 

found in this study on this measure of general success when problems solving resulted from 

differences in children’s overall stylistic approach to problems solving. Such stylistic differences 

may elucidate why low-income children in our study struggled to solve very few hard problems 

correctly. Significant income differences were also found for hard problems on the solution 

speed and move efficiency measures. Results from these two measures can aid the interpretation 

of the results from the proportion solved measure.  Low-income children did take significantly 

longer to solve problems and they made significantly fewer efficient moves than middle-income 

children. They seemed to be “wandering” their way through the problem searching for a solution 

(and therefore making many inefficient moves) whereas middle-income children clearly planned 

their moves more carefully resulting in more efficient moves and faster solutions.  The end result 

was more effective information processing by middle income children and many more hard 

problems solved correctly. Thus, in line with the findings of Waber et al (1984), stylistic 

differences in problem solving provide a valid explanation for this performance gap. The results 
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suggest that low-income children in this study appeared to use a more global approach to 

problem solving whereas middle-income children appeared to use a more analytical approach.  

Why might the growth curve models have given different results than are suggested by the 
simple means in the first year? 

The performance gap described above was perhaps the most interesting result yielded by 

the growth curve models. This finding was rather unexpected given the simple means reported in 

Tables 4-2 and 4-3. Figures 4-1 through 4-3 portray the plots of the means for each measure of 

executive functioning in the first year of the study and the income level performance gap is not 

quite as evident and in some instances questionable. It is important to remember that estimates 

from the growth curve models are based on the assumption of a linear time trend. The intercept 

or initial level at the first testing session in the growth models is calculated using the slope which 

is based on all three years of data combined. Thus, the implications of the growth models for 

each measure are quite different than what is represented in the simple means tables (Tables 4-2 

and 4-3).  This discrepancy in the data supports the value of using multilevel modeling over 

traditional statistical analyses because it tells a clearer story that would not have been evident 

otherwise. It could be argued that the simple means better represent change over time and that 

the MLM approach takes away from the actual data. The MLM approach actually gives a more 

general prediction of the results over time as it imputes the missing data for children.  For the 

simple means this developmental data would be lost or those subjects with missing data (104 

children) would be excluded from the analyses.   

Given that the growth curve models are based on the assumption of best linear fit it is 

surely possible that the linear fit is not the best representation of the data. The non linear trends 

suggested in Figures 4-1 through 4-3 suggest this may be the case, however in the case of growth 

curve modeling calculations more than three time points of data are necessary to statistically 
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model curvilinear functions. Either way, the findings from growth curve models raise an 

interesting question of a possible performance gap on the hard problems that would not have 

been evident using means alone.  

Also, though it would have been preferable to have had fewer subjects lost to attrition, 

high drop out is extremely common within low-income samples. The question for the researcher 

then becomes difficult: Is it better to avoid data imputation and analyze the raw data that includes 

subject loss or is it best to use multilevel modeling and impute missing data? For this study, 

given the number of subjects who dropped out, the greatest statistical power was gained by 

estimating values for the subjects who dropped out.  Nonetheless, results should be interpreted 

with caution given the discrepancy between model results and simple means from the first year 

of testing.  

Mediation of Executive Functions in the Relationship between Family Income and 
Academic Achievement 

Mediation analyses examined whether executive functioning was important in the 

pathway between academic success and family income. Indeed, results of this analysis provided 

support for the idea that executive skills mediate the relationship between family income and 

children’s reading and math achievement.  However, this support was evident only for the move 

efficiency measure and then only for more difficult problems.  In contrast, evidence of mediation 

was not found for the proportion solved and solution speed variables. That is, instead of 

executive functioning performance on all measures acting as mediators, only children’s 

efficiency when solving problems mediated the relationship between children’s family income 

and their reading and math achievement for the second year of the study. The executive skills 

used to solve problems efficiently are likely to be among the skills critical for success in reading 

and math.  Efficient problem solving is heavily dependent on several aspects of effortful control 
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such as attention, inhibition, working memory, strategy use, and planning.  Children who have 

poor executive control have problems paying attention in class, inhibiting impulsive behaviors, 

and completing assignments correctly (Blair and Diamond, 2008).  As was reviewed in the 

introduction section of this paper, children from low-income families enter school with less 

developed executive control and the mediation results from this study demonstrate that skills 

involved in successful planning when problem solving mediated the relationship between family 

income and children’s reading and math achievement.  

It is interesting that results did not follow the expected pattern.  Mediation was not found 

for the proportion solved and solution time measures and mediation also did not occur in the 

final year of the study. Examination of the correlation results showed that in most cases income 

was related to reading and math achievements and this achievement was related to TOL. The 

relationship that was not significant was the relationship between the TOL and income. One 

explanation for the unexpected results is very simply that family income may have not played a 

mediating role.  A more plausible caveat to accepting the null hypothesis that there is no 

mediation, however, is the critical role that missing data played in this study.  Unlike with the 

modeling data, missing data in these relationships in the regression analyses were addressed 

using list wise deletion. The second and third testing sessions clearly had significantly fewer 

children included in the sample. The amount of data included in the analyses was reduced further 

since children who did not solve problems correctly did not receive a score when the statistical 

program excluded their data from analyses. Fortunately, the information gathered in this study 

from multilevel modeling can aid in the interpretation of this finding. The lack of mediation 

results for the proportion solved and solution time variables may be considered in relation to the 

income effects found in the growth curve models. As such, it seems most likely that the 
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statistical lack in power is a viable explanation for the inability to find significant mediation in 

most cases.  This provides additional support for the use of multilevel modeling as the primary 

statistical approach for this study.  

In sum, mediation results from this study, to the extent they were found, are in line with 

previous work centered on the executive functions of children raised in poverty. A longitudinal 

study of low-income first through third graders showed that effortful control predicted reading 

achievement two years later (Liew, McTigue, Barrois, and Hughes, 2008).  Correspondingly, the 

relations between executive functions and the acquisition of early mathematical skills have been 

documented in low-income children (Blair and Razza, 2007). Since the majority of existing 

research in this area has only been conducted within low-income samples, this study 

purposefully compared low-income children to their more affluent peers and as such made a 

significant contribution to existing research. The implications of these mediation results have 

implications for school readiness and early intervention which will be discussed in the 

conclusion section below.  

Critical Evaluation of Findings and Future Implications 

A critical evaluation of the findings from this study will be discussed in terms of 

limitations and future directions. Suggestions for how the limitations may be addressed in future 

research will be discussed below. These limitations were related to attrition due to drop out, 

issues within the TOL task, and concerns with the design of the study. Implications and an 

overall summary and concluding remarks will follow this section. 

Attrition due to Drop Out 

 Although the study of income effects on children’s development is crucial to expanding 

our understanding of development, longitudinal studies that include low-income samples are 

rather difficult given that it is notoriously difficult to keep low-income children enrolled in a 
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longitudinal study. High attrition rates were expected for this study and to offset the attrition 30 

additional low-income children were tested initially. Although almost equal numbers of low and 

middle-income children were enrolled in the study at the final testing session, attrition overall 

was much higher than expected. A greater number of both low and middle-income children 

dropped out for a variety of reasons but these reasons tended to differ according to family 

income status. The majority of middle-income children who did not remain in the study did so 

because their parents did not agree for them to be tested in follow up testing sessions or their 

family moved out of the area. The most common reason for drop out in the low-income sample 

was because the children simply could not be found for additional testing. Low-income families 

in this study moved within the area more frequently than middle-income families and as a result 

children transferred schools more often and possibly primary care takers as well. Preliminary 

analyses were conducted to show that at the initial testing session children who did not subsequently 

remain in the study were not significantly different from those who did complete the study. It is not 

possible, however, to know if the obtained sample is different from children who received 

recruitment letters for the initial session but did not participate. Recruitment efforts were quite 

different based on income.  At the beginning of the study approximately 70% of children who 

received recruitment letters in middle-income schools participated compared to only 20% of those in 

low-income schools.  In an effort to increase enrollment, an incentive of a free ice cream cup was 

offered to any child from a low-income school who returned consent forms, regardless of whether 

permission was received. This incentive increased the enrollment of low-income children to 50 

percent.  This is still well below the level for middle-income schools and demonstrates that despite 

the special effort with the low-income group, half of the eligible children were never enrolled.  We 

would recommend, therefore, that when working with a low-income group in a longitudinal study, 
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plan special incentives for the group, and then plan to recruit from a larger pool to account for 

reduced enrollment in the study. 

The lack of statistical power that resulted from missing data was mentioned several times 

previously. This loss of statistical power surely contributed to the failure to detect significant 

random effects of time in the growth curve models and thus to estimate the interaction between 

family income and children’s rate of change. Imputation methods were employed to account for 

missing data since the data loss was assumed to be for random reasons more than relevant 

systematic ones.  However, the number of iterations involved in calculating random effects is far 

greater than those for fixed effects given that analyses of random aspects considers individual 

growth trajectories. Of course, it is quite possible that there simply is not be an interaction of 

family income and children’s rate of change. In their study on the relationship between 

childhood attention problems and later executive functions, Friedman et al. (2007), found that 

differences in children’s attentional skills were stable over time and it was children’s initial 

levels of attention problems rather than change over time that predicted later executive functions. 

The authors did not investigate family income as a predictor, however.  Their results suggest that 

it is possible that children’s initial levels of executive skills in this study may be more important 

to later functioning than the rates at which they changed over time.  In any case, future research 

should employ the use of power analyses to determine the appropriate number of participants to 

include in the study so that a loss of statistical power is not an issue. 

Advantages and Disadvantages Related to Using the Tower of London Task 

 Although a great deal is known about the development of skills involved in executive 

functioning in childhood, there is limited knowledge of how the components of executive skills 

function as an integrated and complex cognitive process. Planning involves multiple cognitive 

processes and as such the TOL task is considered primarily a planning task because success on 
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the task is essentially dependent on the integration of attention, processing speed, working 

memory, strategy use, cognitive flexibility, and response inhibition. The TOL is one of the most 

widely used tasks to assess planning and problem solving in adults and children in the last 

decade, and is a valuable tool to explore the effects of SES. Perhaps one of the largest 

advantages of the TOL, especially for low-income children, is that the task is minimally 

dependent on language proficiency or knowledge, so the language environment of the home or 

school is unlikely to be reflected in task performance.  The TOL was selected for use in this 

study primarily because it allows for the examination of multiple components of executive 

functioning within one task.  

Executive functioning researchers agree that one of the major problems with the 

assessment of executive skills is the so called task impurity issue. That is, that a task that may be 

identified as, say, testing working memory, may actually require a variety of other skills as well 

as working memory.  In fact task impurity is more likely the than not to be the case.  The 

majority of research on executive functions in both children and adults employs multiple tasks 

(i.e., Stroop, WCT, Trails, etc) within one study yet most studies report very low correlations 

among tasks.  Executive functions typically manifest themselves by operating in conjunction 

with other cognitive processes and thus one executive task measures other cognitive processes 

that are not directly involved in the executive component of interest (Miyake et al., 2000).  The 

task impurity issue is also complicated by the fact that most executive tasks yield low internal 

reliability most likely because individuals rely on different strategies to complete tasks in 

different situations and repeated exposure to a task reduces the novelty of the task and greatly 

reduce the task’s effectiveness in measuring the intended executive component (Miyake et al., 

2000). The use of the TOL greatly diminished the task impurity issue within this study.  
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However, it is somewhat of a trade off in that with the reduced impurity that results from 

the use of multiple measures come the issue of mulitcolinearity among measures become a 

concern. Multicolinearity refers to a situation in which data from two or more variables are 

perfectly or near perfectly correlated (Pedhazur, 1997). Since the measures in this study were 

obtained within the same task it was possible that mulitcolinearity would exist and bias results. 

Bivariate correlations of the predictor variables investigated in preliminary analyses revealed 

variables were correlated but not to the degree that required the data to be orthoganalized so that 

only the unique contributions of variables would be compared.  

Similarly, the fact that the income level performance gap was found for the measure of 

general success when problem solving but not for the more specific measures of speed and move 

efficiency provides a clear advantage for using the TOL to measure change in the development 

of executive functions. One of the unique advantages of the TOL is the ability to measure both 

overall problems solving as well as more specific executive skills. The clear income level 

performance gap found for hard problems on the measure of general success at problem solving 

may not have been as evident had a more focused executive task been selected.   

 Additionally, preliminary analyses indicated that at least some of the executive 

functioning measures examined in this study were relatively stable over time. The 

intercorrelations confirmed by the ICCs in the unconditional growth models (Model A) indicated 

that the proportion solved and move efficiency measures were comparable and much more stable 

over time than the measure of solution time. The poorer stability of solution time may well be 

attributed to the fact that maturation is well known to have strong effects on motor speed, and if 

this rate of maturation varies substantially across participants, than it will reduce the stability of 

this measure.  Differences were within each measure were found for difficulty levels with the 
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hard problems on the solution time and move efficiency measures showing more stability over 

time than easy problems. This makes sense because all children consistently struggled more with 

the most difficult problems as compared to the easy problems.  The proportion solved measure 

showed the opposite pattern in that the easy problems proved slightly more stable than hard 

problems.   

 A second important decision was to collapse the TOL data across the three sets of 

problems. This was advantageous as it allowed for a general overview of task performance to be 

examined but it was not without a cost. Important information related to the benefit of repeated 

task exposure in children’s problem solving skills can be gleaned from examining performance 

across the three sets of data. Analyses conducted on the first year of this data as part of a 

preliminary investigation indicated income differences related to this repeated task exposure 

such that middle-income children were better able to learn from the first set of problems and 

greatly improved task performance. Low-income children also improved their performance but 

to a much smaller degree.  Their performance at the end of the task was far from comparable to 

the middle-income children and was shown to be reflective of differences in sustained attention 

(DeLucca, 2007). This data clearly has important implications for children’s executive 

functioning capabilities in learning environments. Unfortunately, the decision to collapse over 

sets in this study prevented analyses of the effects of repeated task exposure over time. Future 

research that includes a much larger sample may wish to examine children’s performance across 

sets as a third level of nested modeling.    

It is important to note that decisions made within this study regarding the handling of 

TOL data greatly impacted conclusions made regarding the development of executive skills over 

time. One of these decisions was to limit the study to just three measures of task performance.  
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But the TOL can generate a plethora of data, especially when computerized, and it is possible to 

examine many more research questions with these data. Thus, another aspect of this study that 

may be extended in future research is related to the specific measures of executive functioning 

included within analyses. Initial analyses of this study examined children’s performance on 

seven available measures however only three were reported as part of this dissertation given time 

and space limitations. The decision regarding which measures to include has a bearing on an 

important general theoretical issue in the field of executive functioning research.  This issue, 

perhaps the most debated issue within the executive functioning literature, is that of the unified 

verses diverse nature of executive functions that is discussed within the introduction section of 

this paper. Recently several theorists have adopted the framework of Miyake et al (2000) that 

executive functions are both separable but integrated constructs. A few research groups have 

extended examination of this framework by testing children and early adolescents (Huzzinga et 

al., 2006; Letho et al., 2003) however both have used the same constructs of working memory, 

inhibition, and shifting. As of yet, the latent constructs involved in planning have yet to be 

examined. An interesting extension of the current study would be to conduct latent growth curve 

modeling to examine what latent constructs of planning are found within the TOL and how the 

predictor of family income affects development of the constructs over time. Doing so would 

contribute to the debate regarding the unity and diversity of executive functions by providing 

insight on the unique nature of planning abilities. 

Design of the Study 

The longitudinal design of the study was of great importance to understanding the 

development of executive functions over time and is much preferred over cross sectional data 

analyses. However, there were improvements to our longitudinal design that would have added 

to its value.  For example, the study was designed to measure children’s development over three 
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testing sessions within early childhood but, as noted earlier, at the testing at just three time points 

did produce some limitations. Curvilinear effects of change over time within the MLM analyses 

may only be estimated with more than three waves of data. The inclusion of more waves of data 

would not only allow nonlinear rates of change to be evaluated but would also improve the 

precision of individuals’ rates of change. Thus additional waves of data points allow researchers 

to better judge if fluctuations within the data are due to true change or random error (Singer and 

Willet, 2003). Another design improvement would be to include additional age groups, both 

younger and older.  Testing children at the start of preschool would provide valuable information 

on the development of planning as an indicator of school readiness. Similarly, research that 

extended the results of the existing study by examining children as they progressed in school and 

entered adolescence would add to the understanding of the planning trajectory. Lastly, the 

examination of children twice a year, once at the start of school and then again at the end of the 

school year would allow researchers to determine the influence of schooling on low-income 

children’s executive functioning development throughout each year. Each of these suggestions is 

idealistic given the large investment of time and finances that would accompany endeavors such 

as these.  

A final limitation of the design of this study is related to the collection of demographic 

information. A more complete measurement of income variables such as background and 

contextual variables.  This would have allowed for a better understanding of the ecological 

processes influencing family income and it effects on children’s executive functioning 

trajectories. This was in fact the intent of the initial design of the study.  That design involved the 

use of the Hollingshead Four Factor Index (1975) as a measure of socio economic status that was 

accompanied by multiple background questions (i.e., measures of the stability the home 
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environment, children’s enrollment in early intervention programs, etc.). Because complete 

Hollingshead data was not available, these challenging circumstances prompted the adoption of 

children’s enrollment in the free and reduced lunch program as a method of determining income 

status. Given the challenges associated with determining income status within low-income 

samples, this method is becoming more widely accepted (Blair, 2003;Waber et al, 2006).  Some 

authors have even suggested this more simple approach to the measurement of SES as preferable 

given how outdated the Hollingshead scale is, whereas others have argued for much more precise 

measurements of economic well being such as an income to needs ratio (Cirno, Chin, Sevcik, 

Wolf, Lovett, Morris, 2002; Gottfreid, Gottfreid, Bathurst, Guerin, and Parramore, 2003; 

McLoyd, 1998). Future research should consider the distinction between SES and income status 

and then employ the conceptual distinction that is of greatest importance to the research 

questions examined and overall goals of the study.  

Despite the limitations of using the school-based percentage of school lunch recipients, all 

of the random effects variance components in the final models for each measure were still 

significantly different from zero which indicated that the between-person predictor of family 

income reduced unexplained variance and improved model fit. The results from final models still 

suggest a need for additional predictors at both the within and between-person levels. To further 

understand the effects of income, receptive vocabulary as measured by the PPVT was entered 

after income. The addition of this predictor did not improve model fit and essentially removed 

the effect of family income (see results section for detailed explanation), yet the additional 

variance was left begging to be explained. Thus, future research should examine additional 

predictors such as family background variables to further explain the developmental trajectories 

of executive skills. Contextual measures that may explain aspects of children’s home 
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environment such as (i.e., parent interaction, stress level) would extend the contribution of this 

study. Such contextual data was collected in the parent interview portion of this study however 

the data was not used in analyses given the low number of low-income parents who completed 

interviews. For future studies, the inclusion of a measurement of the quality of the home 

environment (e.g., the HOME Observation Scale) would allow for more rich understanding of 

the effect of family income. Although a measure of the home environment could be interpreted 

as a measure of SES, it would allow more careful examination of the specific aspects of the low-

income environment contribute to the performance gap. Existing research suggests parent 

education level, occupation, and other factors have all played a role in SES disparities while the 

quality of the home environment was not found to effect the development of planning.    

Lastly, future research could benefit in important ways by including physiological data to 

provide additional support of behavioral findings. Although children’s behavioral performance 

may appear to be comparable with changes in a condition, examination of physiological data can 

provide more comprehensive information which may indicate that despite this appearance, one 

child may have cognitively struggled much more than another to arrive at the same end result. As 

noted above, heart rate variability or vagal tone is one common index of self-regulation and 

attention in children (Blair & Peters, 2003). Given that such data was collected for this study, 

additional analyses which examine the behavioral and physiological data together over time 

would provide valuable additional information related to low-income children’s executive 

functioning skills.  

Conclusion 

In sum, this study extended the existing research by adopting a multifaceted approach to 

executive functioning using children’s performance on a planning task.  The results of the 

current study shed light on three aspects of executive functioning performance in low-income 
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children: general success at problem solving, efficient use of moves when solving problems, and 

speed or time needed to correctly solve problems.  The study examined children’s executive 

functioning by employing multilevel growth curve modeling to provide an explanation of the 

effect of family income on the developmental trajectories of executive skills. Findings from this 

study demonstrated that family income significantly affects the development of executive 

functioning skills in middle childhood. Low-income children have poorer executive functioning 

skills in kindergarten and, although they improved their executive functioning performance with 

maturation, they were not able to perform at the same levels as middle-income children. It is 

important to note that the income level performance gap in these deficits was larger for the more 

difficult problems on the measure of general success when problem solving. Successfully solving 

a problem required the ability to develop and switch between new strategies and a great deal of 

inhibitory control. Thus when problem solving involved the integration of executive functioning 

components in complex planning low-income children fell behind. Findings also suggested that 

individual children in this study changed at approximately the same rate over time. That is, 

individual variation in rates of change were not significantly present which suggests that income 

influenced executive functioning performance through differences in performances levels for 

each measure rather than through differences in their individual rates of change. 

Thus, in line with previous research, results from this study confirm that low-income 

children enter schools without the same levels of executive functioning skills as their more 

affluent peers. Deficits in the executive functions of low-income children are not biological but 

rather a result of growing up in economically disadvantaged environments (Waber et al., 2006). 

This study demonstrated that in some circumstances executive functioning, as measured by 

children’s efficiency when problem solving, was found to mediate the relationship between 
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family income and their reading and math achievement.  Variations in the early learning 

experiences provided in home environments place children from low-income families at an 

increased risk for delays in the development of executive functioning skills (Waber et al., 2006). 

Numerous studies have demonstrated that low-income children begin school at disadvantage 

with delayed cognitive skills and with less developed reading and math skills (Stipek & Ryan, 

1997).  This study not only confirmed the strong association between family income and reading 

and math skills but demonstrated that executive functions can likely mediate the relationship. 

That is, a critical aspect of school success is the ability to plan effectively and these findings 

show that planning skills are less developed for low-income than for middle-income children.  

These results have important implications for early intervention programs targeted at 

lower-income children. Such programs should consider school readiness as encompassing not 

only academic cognitive factors such as letter and number knowledge, but more basic cognitive 

skills, namely executive functions, which serve as foundational skills in academic environments.   

The preschool years are a time in which the prolonged period of development for executive 

functioning skills is at an elevated period of vulnerability from the effects of poverty (Stipek and 

Ryan, 1997). These findings demonstrated a generally slower timetable for the development of 

planning abilities than previously expected. But there are probably multiple trajectories of planning 

depending on what aspect of planning the task focuses on.  This, like the different trajectories of the 

executive functioning components allow for multiple impacts of family income differences to 

impact children’s development of these skills. Low-income children were found to lack the same 

levels of the executive skills involved in planning in kindergarten and the differences in 

performance were maintained throughout the course of the study. Low-income children clearly 

lack experience with executive functioning skills before they enter kindergarten for variety of reasons 

and as a result they begin school at a disadvantage. To compound this, our study also provided 
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evidence that low-income children’s performance did not “catch up” to that of middle-income 

children after they have had several years of schooling and thus suggests low-income children could 

benefit from additional practice with using these skills efficiently.  

The findings from this study have important implications for intervention programs. Taken 

together, results support the need for early training of executive functioning skills which could 

help low-income children begin school at more comparable levels to middle-income children.  

Similarly, repeated practice with problems and situations requiring the use of executive planning 

abilities in the early elementary years could help close the performance gap in academic 

achievement. Since low-income children are at an increased risk for deficits in these skills the 

results of this study suggest it is important that programs incorporate early training of planning 

skills.  Planning is a foundational cognitive skill necessary for academic success. Children with 

poor planning abilities typically complete easier problems on planning tasks, but struggle with 

more difficult, multi-step planning tasks (Byrd & Berg, 2002). Planning deficits can, for 

example, affect children’s abilities to organize strategies for completing assignments, their 

ability to maintain attention throughout task completion, and their ability to inhibit inappropriate 

behaviors. The inclusion of training which would teach children how to inhibit initial responses 

and plan effective strategies towards reaching goals would not only improve attention regulation 

but perhaps improve low-income children’s overall potential for academic success. 

 Although there is still much work to be done, educational intervention programs geared 

towards these children have succeeded in narrowing the gap in achievement.  The few 

intervention studies that have trained children in executive skills have reported marked 

improvement in children’s abilities (Dowsett & Livesey,2000; Polderman, Posthuma, De 

Sonneville, Stins, Verhulst, and Boomsma, 2007; Thorell, Lindqvist, Bergman Nutley, Bohlin, 

and Klingberg, 2009).  It is imperative that interventions focus on closing the gap in cognitive 
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abilities that has been repeatedly observed in low-income children especially given the impact 

found for reading and math achievement.  Interventions must target more specific cognitive 

abilities in order to be the most efficient. Given the results of this study and previous research, it 

is clear that the inclusion of executive skills training in early intervention programs would likely 

have far reaching implications for low-income children. Such programs would improve their 

intellectual development and thus give these children a better chance at academic success and 

improved opportunities in life. 
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