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ABSTRACT

Children with learning disabilities frequently have comorbid anxiety, with some 

experiencing Math Anxiety (MA). Presently, research on MA in children with a math 

learning disability (MLD) is limited, and there are no childhood electroencephalography 

(EEG) studies of MA exploring the neurobiological basis of MA. The current study 

sought (1) to examine the relationship between MA and math achievement, working 

memory (WM), and EEG variables; (2) to clarify the distinction between MA and MLD 

by controlling for GAD; and (3) to examine if WM mediates the relationship between 

MA and math achievement. The study included 30 children with MLD and 29 typical 

learners (N = 59), ages 7 to 12 years. Results suggest that MA decreases as math 

achievement increases, and that EEG coherence data is predictive of MA, where 

exploratory analyses identified frontal-posterior coherence as an important indicator of 

MA. Additionally, children with MLD had higher MA than typical learners, and when 

controlling for GAD, children with MLD had increased MA that typical learners did not 

experience. Thus, it appears that children with MLD have anxiety conditions specifically 

surrounding the skill of learning math. Finally, the relationship between MA and math 

achievement was partially mediated by WM. An increase in MA resulted in a decrease in 

WM, which in turn decreased math achievement. These findings have implications for 

improving our understanding of MA and directions for future research. 
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CHAPTER 1 

INTRODUCTION

Children with specific learning disabilities have a number of challenges that go 

beyond learning, including commonly co-occurring emotional problems (APA, 2013; 

Bryan, Burstein, & Ergul, 2004; Elksnin & Elksnin, 2004; Mammarella et al., 2016; 

Margari et al., 2013; Mayes & Calhoun, 2006; Spreen, 1989), such as the frequent 

appearance of anxiety and depression within this population (Bender, Rosenkrans, & 

Crane, 1999; Huntington & Bender, 1993; Mammarella et al., 2016; Margari et al., 2013 

Nelson & Harwood, 2011). Math learning disability (MLD), also referred to as 

developmental dyscalculia (Kucian et al., 2006), is a specific learning disability that 

reportedly occurs in approximately 5% to 8% of children (APA, 2013). MLD is 

characterized by significant difficulties learning academic skills related to mathematics, 

where math performance falls below that of same-age peers, and is not better explained 

by lower intellectual ability (APA, 2013). Research suggests that children with MLD 

have significant difficulties with anxiety (Margari et al., 2013; Mayes & Calhoun, 2006). 

One specific type of anxiety observed in children with MLD that is less 

understood is math anxiety (MA). Richardson and Suinn (1972) defined MA as involving 

“feelings of tension and anxiety that interfere with the manipulation of numbers and the 

solving of mathematical problems in a wide variety of ordinary life and academic 

situations” (p.551). Research indicates that MA negatively impacts academic 

achievement in mathematics (Cates & Rhymer, 2003; Meece, Wigfield, & Eccles, 1990; 
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Miller & Bichsel, 2004) above and beyond intellectual ability (Ashcraft & Ridley, 2005), 

with a weak correlation of -0.17 (Hembree, 1990). Individuals with high MA avoid math, 

potentially resulting in math incompetence and subsequent poor achievement (Fennema, 

1989). However, research indicates that individuals who exhibit high MA do not have a 

global math competence deficit, as high MA individuals perform whole-number 

arithmetic problems as well as non-anxious peers (Ashcraft, Kirk, & Hopko, 1998; Faust, 

Ashcraft, & Flex, 1996). Further, due to MA’s relation to mathematics, MA has 

significant long-term implications for successful functioning in society. Specifically, 

performance in mathematics is predictive of later achievement (Duncan et al., 2007) and 

occupational choices (Meece, Parsons, Kaczala, & Goff, 1982), and mathematical skills 

contribute to full-time employment (Rivera-Batiz, 1992). 

Additionally, MA is distinct from similar constructs, such as generalized anxiety 

disorder (GAD; Ashcraft & Krause, 2007). GAD occurs in approximately 1% to 5% of 

children and adolescents (Beesdo, Knappe, & Pine, 2009), and involves excessive (i.e., 

increased intensity, duration, or frequency) worry or anxiety about a variety of events or 

activities (APA, 2013). The construct of GAD does not account for specific anxiety like 

MA, but MA and GAD appear to be minimally-to-moderately correlated at 0.35 

(Hembree, 1990). Despite the association between MA and GAD, MA is qualitatively 

different (Ashcraft & Krause, 2007), and continues to significantly impact math 

achievement after controlling for trait anxiety (Ashcraft & Kirk, 2001).  

The relationship between MA and MLD has not been extensively studied; 

however, research suggests that MA is also distinct from MLD. Specifically, several 

studies indicated that individuals with MLD demonstrate increased MA when compared 
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to individuals without MLD (Nelson & Harwood, 2011; Wu et al., 2014). Further, poor 

math abilities associated with MLD have been found to impact MA, but MA does not 

appear to impact math abilities (Krinzinger, Kaufmann, & Willmes, 2010; Rubinsten & 

Tannock, 2010).  

MA is also significantly associated with the cognitive ability of working memory 

(WM; Ashcraft, 1995; Ashcraft & Kirk, 2001). WM is highly correlated with intelligence 

(Colom, Flores-Mendoza, & Rebollo, 2003; Oberauer, Schulze, Wilhem, & Süß, 2005), 

and involves the ability to mentally represent information and manipulate it for some 

purpose. Research indicates that WM does not influence MA, but high MA negatively 

influences WM (Ashcraft & Kirk, 2001; Ashcraft & Krause, 2007). Relatedly, GAD 

negatively impacts WM (Eysneck & Calvo, 1992; Eysneck, Derakshan, Santos, & Calvo, 

2007), and individuals with MLD also display deficits in WM (Geary et al., 2007; Geary 

et al., 2012; Proctor, Floyd, & Shaver, 2005). 

Finally, literature regarding the neurobiological basis of MA is in its infancy.  

Research indicates that the development of MA may stem from unique genetic factors. In 

a twin study conducted by Wang and colleagues (2014), data was collected from a total 

of 216 monozygotic and 298 dizygotic twins to examine the relationship between MA 

and GAD, as well as MA and math cognition. Results found that unique genetic factors 

accounted for 20% of the total variance in MA independent of generalized anxiety and 

math problem solving ability, and math problem solving accounted for 12% of the total 

variance in MA (Wang et al., 2014). These findings provide biological evidence that 

differentiates MA from other disorders.  
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Young and colleagues (2012) conducted the only known child study that 

specifically examines the development of MA using functional magnetic resonance 

imaging (fMRI). Data was collected from 46 children, ranging from ages 7- to 9-years-

old, who had high MA or low MA. FMRI scans were completed while the children 

determined if addition or subtraction problems were correct. Results indicated that 

children within the high MA group had significantly elevated activity in the amygdala, 

which is associated with negative emotions (Phelps & LeDoux, 2005). Additionally, 

results indicated the high MA group had significantly decreased activity within the 

intraparietal sulcus and dorsolateral pre-fontal cortex regions, which are associated with 

mathematical reasoning (Menon, Rivera, White, Glover, & Reiss, 2000).  

Given the lack of research on the neurobiology of MA, examining neurobiological 

research for MLD and GAD may help guide the development of theory for MA, as 

several studies have investigated the neurobiological basis for MLD and GAD 

independently (Kucian, Loenneker, Martin, & von Aster, 2010; Kaufmann, Wood, 

Rubinsten, & Henik, 2011). The neural foundations of MLD (e.g., activity within 

intraparietal sulcus) provide a biological explanation for poor math ability and low math 

achievement (Ashkenazi et al., 2012). Subsequently, the biology associated with MLD 

may explain why some students begin school with poor math abilities that result in low 

math achievement, which may subsequently lead to MA (Young et al., 2014). If children 

are predisposed to struggle with numbers based on their brain biology, then they are more 

susceptible to experience difficulty in mathematics at school, and this increased difficulty 

in successfully performing math may eventually result in MA if not addressed. Although 
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MA can occur independently of MLD, it is important to examine MA in individuals with 

MLD given this group has a high likelihood of developing MA. 

The lack of research regarding the neurobiology of MA is further evident when 

considering studies of MA using electroencephalography (EEG) techniques. EEG is a 

well-endorsed method for measuring brain activity (Thatcher, North, & Biver, 2012), and 

has been used with studies examining a wide variety of clinical conditions like Attention 

Deficit/Hyperactivity Disorder (ADHD; Chabot & Serfontein, 1996), learning disabilities 

(Lubar et al., 1985), and brain injuries (Thatcher, North, & Curtin, 2001). EEG has been 

used for research within clinical populations, but to date there are only four known 

studies of MA using EEG, (Klados, Simos, Micheloyannis, Margulies, & Bamidis, 2015; 

Nunez-Pena & Suarez-Pellicioni, 2014; Suarez-Pellicioni, Nunez-Pena, & Colome, 2013; 

Suarez-Pellicioni, Nunez-Pena, & Colome, 2014), none of which were conducted using a 

childhood population.  

Overall, the current literature indicates that anxiety is a significant issue for 

children with MLD (Margari et al., 2013; Mayes & Calhoun, 2006), negatively impacting 

math achievement (Cates & Rhymer, 2003; Meece et al., 1990; Miller & Bichsel, 2004). 

MA is distinct from GAD (Ashcraft & Krause, 2007) and MLD (Krinzinger et al., 2010; 

Rubinsten & Tannock, 2010), despite similar concerns (i.e., individuals with both MA 

and MLD demonstrate poor math performance, and individuals with MA and GAD 

demonstrate anxious thinking). MA also has a negative impact on WM (Ashcraft, 1995; 

Ashcraft & Kirk, 2001), which is also negatively associated MLD (Geary et al., 2012) 

and GAD (Eysneck et al., 2007). However, the literature regarding the neurobiological 

mechanisms that contribute to the development of MA in children is limited, especially 
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within the area of EEG research. If researchers have a better understanding of the 

neurobiological mechanisms, as well as how WM and achievement are related to MA, 

then children with MA may be identified earlier and interventions with higher specificity 

may be developed to minimize the known long-term negative impacts effectively and 

rapidly.  

In an effort to expand upon the literature discussed thus far, research will be 

reviewed across several areas with the goal of integrating findings to support the aims of 

the current study (to be discussed later). First, research on the relationship between MA 

related to WM and achievement will be discussed. Next, research on the relationship 

between MLD related to cognition (i.e., WM) and achievement will be highlighted, 

followed by EEG research on mathematics and anxiety. Finally, the aims for the current 

study will be discussed.  

MA Research on WM and Achievement  

MA has been extensively studied for decades, and research suggests MA 

negatively impacts academic achievement, yet there are few studies that have examined 

the relationship between MA and specific cognitive factors. However, within the research 

that does exist for MA, the cognitive factor of WM appears to be significantly impacted 

by MA. Understanding the relationship between MA, WM, and math achievement has 

critical implications for early intervention efforts for children who struggle with math, 

especially given that math performance is predictive of later academic achievement 

(Duncan et al., 2007). As such, in an effort to better understand the relationship between 

these variables, research related to MA and WM will be discussed first, followed by the 

research highlighting the significant negative relationship between MA and achievement. 
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MA and Working Memory. To date, the only significant cognitive factor 

associated with MA within the literature is that of WM (Ashcraft, 1995). WM is a 

limited-capacity mental process that helps individuals retain information over very short 

periods of time to perform mental operations (i.e., involves both storage and 

manipulation of information; Gazzaniga, Ivry, & Mangun, 2014). For example, 

individuals asked to repeat numbers backwards utilize WM capabilities by first retaining 

the originally presented numbers briefly before mentally manipulating the numbers to 

determine the reverse order that should be stated.  

WM is believed to play a critical role in math performance for multi-step problem-

solving (Hitch, 1978), where problems increase in complexity and subsequently tax WM 

(Ashcraft, 1995; LeFevre, DeStefano, Coleman, & Shanahan, 2005). Ashcraft and Kirk 

(2001), found that high MA is associated with decreased WM capacity, where individuals 

with high MA demonstrated increased errors and reaction time on a mental computation 

task with an added WM component. Specifically, performance-based math was found to 

rely on automatic memory retrieval, while strategy-based math required more WM. 

Anxious individuals demonstrated decreased performance on computation-based WM 

span tasks, where high MA individuals are thought to use more WM resources by 

focusing on anxious thoughts. Thus, WM is understood to be impaired in individuals with 

MA because anxious thoughts intrude on appropriate task-related thoughts, distracting 

high MA individuals (Ashcraft & Kirk, 2001; Eysneck & Calvo, 1992).  

MA and Math Achievement. The relationship between anxiety and academic 

achievement began through research on test anxiety (Cassady & Johnson, 2002) and 

academic motivation (Gottfried, 1983; Eccles, Lord, & Midgley, 1991; Eccles, 1993). 
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Anxiety related to academics involves difficulty with internalized thoughts (i.e., cognitive 

distortions; Cartwright-Hatton, Tschernitz, & Gomersall, 2003), which is problematic 

because individuals internalize achievement due to its high value within society (Hofer & 

Peetsma, 2005; Ryan & Connell, 1989). A societal value of achievement may seem 

problematic due to varying cognitive abilities, but fortunately, success in academics can 

occur for reasons other than intelligence (Tracey & Sedlacek, 1994). Specifically, 

research suggests that individuals with high MA do not have difficulty with math 

achievement solely because of lower intelligence, as the relationship between MA and IQ 

is minimal (i.e., reported r = -0.17; Hembree, 1990).  

Ample literature indicates that MA impairs achievement in several ways. First, 

and foremost, MA significantly impacts math performance. Math achievement and MA 

are negatively related, where students with high MA have decreased math performance 

(i.e., math achievement; Ashcraft, 2002; Ma & Xu, 2004; Meece et al., 1990; Miller & 

Bichsel, 2004; Richardson & Suinn, 1972; Wigfield & Meece, 1998). Some might 

assume that this negative association is based on a deficit in math ability, but math 

competency does not fully explain the relationship between MA and achievement 

(Ashcraft & Kirk, 2002; Ashcraft, Kirk & Hopko, 1998), despite a low-to-moderate 

correlation of -0.31 (Hembree, 1990).   

Second, MA impacts math achievement by influencing student attitudes towards 

learning (Chinn, 2009). Children have increased error rates on math tasks due to non-

response, where children did not respond to avoid failure on difficult items (Chinn, 

1995). Additionally, the nature of math typically only allows one correct answer, which 

may negatively influence individuals’ attitudes because they are fearful that risk-taking in 
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problem-solving may result in failure. Learning challenges individuals’ current 

knowledge, but the fear of failure increases individuals’ feelings of anxiety, resulting in 

decreased risk-taking that would likely assist with learning (Chinn, 2009). Thus, MA 

influences learning attitudes.  

Third, MA impacts math achievement due to the influence of WM (Ashcraft & 

Kirk, 2001). As previously discussed, MA negatively impacts WM (Ashcraft & Kirk, 

2011) and WM is important for math performance (Ashcraft, 1995; Hitch, 1978). Thus, 

MA impacts math achievement because it impacts WM. Ramirez and colleagues (2013) 

examined the relationship between MA, WM, and math achievement in 1st and 2nd grade 

students (N = 162). A negative relationship between MA and math achievement was seen 

in children with high WM capabilities, but not for children with lower WM. These 

findings suggest that children with higher WM abilities use problem-solving strategies, 

utilizing available WM capacity. Thus, it appears that MA impacts WM capacity by 

altering the information being put into WM. Specifically, children with higher WM 

capacities are using strategies that require more WM, and these strategies become 

disrupted by MA (Ramirez, Gunderson, Levine, & Beilock, 2013). Thus, children with 

higher WM are more likely experience math achievement difficulties with MA. 

 Summary of MA Research. Overall, MA significantly interferes with WM, 

especially when math problems increase in complexity and when anxious thoughts 

interrupt and interfere with task-related thoughts. Research also indicates that MA 

negatively impacts math achievement by decreasing math performance, attitudes towards 

learning, and WM functioning. These findings relate to Aim 1 of the current study 

(discussed later).   
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Additionally, findings within this section relate to Aim 3 (discussed later). 

Specifically, research demonstrates that MA negatively influences math achievement and 

WM, and WM is predictive of math performance (Floyd et al., 2003; Taub et al., 2008). 

The directionality of these relationships supports the hypothesized mediation model 

within Aim 3, which hopes to clarify the potential for WM to act as a mediator within the 

relationship between MA and math achievement. If MA negatively impacts math 

achievement because of its effect on WM, there are significant implications for 

intervention efforts for children who struggle with MA. Specifically, if children have 

high MA, we would anticipate intervention efforts on MA to improve math achievement 

because it reduces the effect that MA has on an individuals WM abilities, which in turn 

influence math achievement. To adequately support Aim 2, research on MLD regarding 

WM and achievement will be reviewed next.  

MLD Research on Cognition and Achievement  

MLD is a type of specific learning disability where individuals demonstrate 

difficulty processing numerical information, learning math facts, and performing math 

calculations fluently and accurately (APA, 2013). MLD and MA share similar 

characteristics in that they are both associated with anxiety, deficits in mathematics, and 

deficits in WM. Understanding the relationship between MLD, cognitive abilities (i.e., 

WM), and math achievement has critical implications for improving our understanding of 

how MA varies from MLD given their similarities, as well as implications for early 

intervention efforts for children who struggle with math.  

Research indicates that WM and processing speed are the two most significant 

cognitive predictors associated with MLD (Geary, Hoard, Byrd-Craven, Nugent & 
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Numtee, 2007; Geary, Hoard, Nugent, & Bailey, 2012). As such, the relationship 

between MLD and the cognitive factors of WM and processing speed will be discussed 

first. Then a discussion of how academic achievement is significantly impacted by MLD 

in the areas of math reasoning, math calculations, as well as in the abilities to learn and 

retrieve math facts and accurately utilize math problem-solving procedures, will occur.  

 MLD and Cognitive Factors of WM and Processing Speed. Research suggests 

that math is significantly associated with WM ability (Floyd et al., 2003; Swanson & 

Sachse-Lee, 2001) and individuals with MLD display deficits in WM (Geary et al., 2007; 

Geary et al., 2012; Proctor, Floyd, & Shaver, 2005). WM involves the ability to mentally 

represent information and manipulate it for some purpose. Geary and Widaman (1992), 

found that WM capacity is related to individual’s’ ability to solve arithmetic problems, 

and children with MLD struggle in their ability to maintain information in WM, and to 

fluently carry out task that involve WM (Bull & Scerif, 2001; Murphy, Mazzocco, 

Hanich, & Early, 2007).  

 Additionally, high achievement is associated with increased processing speed 

(Geary, 2005), and MLD is reportedly associated with deficits in processing speed (Bull 

& Johnston, 1997; Geary et al., 2007; Geary et al., 2012). Processing speed involves the 

ability to quickly and accurately solve relatively simple cognitive tasks. One simple 

method used to assess processing speed is rapid automatized naming (RAN) tasks, where 

individuals are timed while naming as many colors, objects, numbers, etc. as quickly as 

possible. Geary (1990) gave children with MLD a RAN task, and asked them to name 

numbers and letters as quickly as possible from a 5x10 matrix. When performance was 

compared to typically developing children, children with MLD were found to be 
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significantly slower at solving math problems (Geary, 1990). Thus, the reduced 

performance on the RAN task for children with MLD was indicative of deficits in their 

processing speed. Further, this decrease in processing speed may be related to difficulty 

in fact retrieval from memory, where children with math deficits are thought to either be 

slower at processing information in general or they may lack automaticity with basic 

math operations that results in slower performance on task involving math (Bull & 

Johnston, 1997; Geary, 2011). The relationship between MLD and achievement will be 

discussed next. 

 MLD and Achievement. The core feature of MLD is significant impairment in 

academic achievement (APA, 2013). These academic deficits are not attributed to 

intelligence, which can be seen from research associated with the Missouri Longitudinal 

Study of Mathematical Development and Disability, which studied children with MLD 

and children with low-average IQ from first to fifth grade (Geary, 2010). This research 

demonstrates how children with MLD consistently perform lower academically than 

children with low-average IQ, indicating that math achievement difficulties are not 

attributed to lower intelligence (Geary et al., 2012). 

Additionally, math achievement relates to previously discussed cognitive factors 

associated with MLD (i.e., WM and processing speed). Specifically, Floyd and 

colleagues (2003) examined CHC abilities associated with math reasoning ability and 

math calculation skills using the standardization sample of the Woodcock-Johnson III, 

Tests of Achievement (Woodcock, McGrew, & Mather, 2001). Math reasoning involves 

the ability to apply math knowledge and reasoning to solve problems, and math 

calculation skills involves the ability to compute basic math and to fluently use math 
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facts. Results suggest that both WM and processing speed are associated with math 

reasoning and math calculation skills (Floyd et al., 2003). Thus, children with MLD 

likely demonstrate deficits in these areas of math achievement.  

MLD is also associated with difficulty in the ability to learn math facts and to 

successfully use calculation procedures (APA, 2013). Specifically, children with MLD 

are reportedly slower in completing math and significantly struggle with encoding 

numbers for simple arithmetic problems (Kirby & Becker, 1988), and they have difficulty 

in recalling addition facts (Russell & Ginsburg, 1984). When compared to typical 

children, children with MLD struggle to use counting-based procedures (e.g., using your 

fingers or verbal counting) and have more errors when solving basic math problems 

(Geary & Hoard, 2001).  

Summary of MLD Research.  Overall research on MLD related to WM and 

math achievement suggests there are significant deficits within these domains. 

Specifically, research suggests that poor WM and processing speed contribute to the 

difficulties associated with learning mathematics for children with MLD. Children with 

MLD have difficulty in their ability to utilize WM and to rapidly process information 

related to math, impairing their ability to successfully calculate and learn math. Further, 

the core tenant of MLD is significant impairment in math achievement, which research 

supports.  

Interestingly, the research reviewed on MLD is fairly similar to MA, where both 

demonstrate WM deficits and poor math achievement. MLD and MA are also similar in 

that children with MLD commonly struggle with anxiety, and MA and GAD both involve 

anxiety. Subsequently, Aim 2 of the current study hopes to differentiate MLD and MA, 
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by controlling for GAD. However, to further support Aim 2, and to help clarify the 

relationship between EEG variables and MA for Aim 1, EEG research on mathematics 

and anxiety will be examined next, followed by a description of the current study’s aims.   

EEG Research on Mathematics and Anxiety 

Presently, there is a significant lack of research on the neurobiological markers 

associated with MA, especially in regards to understanding MA using EEG. Given the 

previously discussed similarities between MLD and MA, understanding the neurobiology 

associated with mathematics and anxiety may help improve our understanding of 

neurobiology of MA, which also has important implications for early identification of 

and interventions for MA.  

When reviewing the current literature for studies that utilize EEG methods with 

children, the lack of available research was evident in that: (1) there are currently no 

childhood studies of EEG and MA; (2) there is only one childhood study of EEG for 

GAD (Demerdzieva, 2011); and (3) there are only two childhood studies using EEG for 

Developmental Dyscalculia (i.e., MLD; Heine et al., 2013; Soltesz, Szucs, Dekany, 

Markus, & Csepe, 2007). The paucity of research surrounding potential neurobiological 

mechanisms underlying these disorders demonstrates the clear need for future research. 

Thus, in an effort to explore the relationship between MA and EEG variables within Aim 

1 of the current study, the childhood EEG research related to mathematics, as well as 

anxiety are discussed.  

EEG and Mathematics. Mathematics compromises a variety of activities, 

uniquely represented within brain activity. Due to the lack research with children, EEG 

research on mathematics within adult populations will be briefly discussed prior to 
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highlighting the available childhood research on MLD, which is frequently referred to as 

Developmental Dyscalculia (i.e., MLD and Developmental Dyscalculia [or DD] are used 

interchangeably within this section; Kucian et al., 2006).  

Adult EEG research discusses band activity (i.e., delta, theta, alpha, beta, gamma) 

for mental mathematics, where band activity refers to the frequency range for brain 

activity. Specifically, frequency bands represent how brain waves are classified and are 

defined as follows: delta ranges from 0.5 to 3.5 Hz, theta ranges from 3.5 to 7 Hz, alpha 

ranges from 7.5 to 13 Hz, and beta ranges from 13 to 22 Hz (Thatcher, 2011). Studies 

demonstrate that as complexity or workload increases delta increases (Dolce & Waldeier, 

1974; Harmony et al., 1996; Klados et al., 2013), with significant hemispheric 

asymmetry, where the left hemisphere displays increased activation (Micheloyannis et 

al., 2005; Sammer et al., 2007). Theta in frontal regions increases (Micheloyannis et al., 

2005; Sammer et al., 2007), while alpha 1 activity decreases and alpha 2 activity 

increases in frontal and frontoparietal regions (Klados et al., 2013). Note that alpha 1 

represents the lower range of alpha bandwidth frequency, while alpha 2 represents the 

higher range. Additionally, alpha power is reduced at central and parietal regions, and 

gamma shows increased power within the left hemisphere (Micheloyannis et al., 2005).  

The two childhood studies of EEG do not specifically address EEG band activity. 

Rather they use EEG to examine DD by looking at event related potentials (ERP). ERP is 

a measure of brain activity related to sensory, motor, or cognitive stimuli, where a signal 

occurs at a specific time within an EEG recording in response to the presentation of a 

stimulus (Gazzaniga et al., 2014). Identifying when and where a signal occurs following a 

stimulus allows researchers to make inferences about cognition (e.g., automatic vs. 
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selective attention; Gazzaniga et al., 2014). The child EEG studies do match child fMRI 

research, where reduced gray and white matter in both the frontal and parietal regions 

indicates significant connectivity and communication difficulties within and across brain 

regions, impairing mathematics for those with DD (Rotzer et al., 2008). Subsequently, 

the available childhood research in this area will be described in detail.  

The first study of MLD examined individuals with DD by investigating the ERPs 

of adolescents with pure DD (i.e., no other impairments; n = 7) to a matched control 

group (n = 7; Soltesz, Szucs, Dekany, Markus, & Csepe, 2007).  DD participants’ had 

typical performance regarding the numerical distance effect, where tasks that examine 

numerical distance involve selecting a target value from two presented values to 

determine which number is numerically closer to a reference value (e.g., reference value 

is two and presented values are three and four). DD participants’ typical performance on 

these tasks indicates that numerical semantic magnitude relationships rely on appropriate 

magnitude representation in DD. However, individuals with DD did not demonstrate 

right-parietal ERP distance effects like controls between 400 and 440ms.  

One potential explanation for this finding is that DD is associated with difficulty 

in complex controlled processing, but automatic processing of digits early on is not 

problematic (Soltesz et al., 2007). Specifically, research indicates that attention to 

numerical material in individuals with DD is difficult because executive functioning for 

complex tasks slows down (Dehaene, Piazza, Pinel, & Cohen, 2003). Other research 

indicates that attention to number magnitude may be reflected in fMRI activation 

differences between typical and DD individuals (Kucian et al., 2006). Thus, controlled 
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processing for more complex math would be difficult for individuals with DD due to 

problems with attentional processes.  

Heine and colleagues (2013) conducted the second study of MLD using EEG 

techniques, where they examined non-symbolic number processing in children with DD 

(n = 20) and without MLD (n = 20). Results showed that DD and control children did not 

differ in DE. However, the DD group was less accurate and slower for non-symbolic 

comparisons (both small- and large-number comparisons), as well as for small numerical 

distance comparisons (i.e., numerical distance effect). This result supports research 

indicating non-symbolic number comparisons are not related to math achievement (De 

Smedt & Gilmore, 2011).  

Results indicated that the magnitude for quantity influenced amplitudes of late 

positive parietal ERP waveforms for the control group but not DD group (Heine et al., 

2013), supporting previous research on the numerical distance effect in typical adults 

(Paulsen and Neville, 2008). Specifically, large numerical distance resulted in more 

positive ERP amplitudes within the right inferior parietal regions. This effect was not 

found in the DD group, indicating waveforms were affected by non-symbolic and 

symbolic stimuli within the subitizing range (i.e., automatic determination of quantity; 

Heine et al., 2013). This finding supports previously discussed research by Soltesz and 

colleagues on automatic vs. controlled processing (Soltesz et al., 2007). 

EEG and Anxiety. There is little research examining anxiety in childhood 

populations using EEG, but adult EEG research is more robust when considering anxiety 

broadly. Specifically anxiety is associated with increased parietal activation in the right 

hemisphere (Davidson, Marshall, Tomarken, & Henriques, 2000; Metzger et al., 2004), 
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and anxious adults demonstrate increased theta in right prefrontal regions (Aftanas, 

Pavlov, Reva, & Varlamov, 2003; Karadag et al., 2003), increased right hemispheric 

activation with resting alpha in frontal regions (Thibodeau, Jorgensen, & Kim, 2006), and 

increased gamma activity (Oathes et al., 2008). In a longitudinal study conducted by 

Hannesdottir and colleagues (2009), results suggest that frontal asymmetry in early 

childhood is associated with later anxiety in middle childhood (Hannesdottir, Doxie, Bell, 

Ollendick, & Wolfe, 2009). This study parallels adult EEG research, suggesting alpha 

asymmetry within right frontal regions of the brain is clearly an important indicator of 

anxiety. 

However, when considering more specific types of anxiety like GAD, within 

childhood populations there is significantly less research. Demerdzieva (2011) conducted 

the only known study with EEG in childhood/adolescent populations for GAD. Power 

spectra and spectrum weighted frequency between adolescents with GAD (n = 30) and 

without GAD (n = 30) was examined. Results suggest that central and midline regions 

were associated with decreased alpha and theta power. Results also indicate that, 

compared to controls, participants with GAD have decreased midline mean absolute beta 

power (Demerdzieva, 2011). Interestingly, decreased alpha and theta is associated with 

arousal (i.e., anxiety), and decreased theta and beta indicate dysfunction in WM and 

attentional processes due to intrusive thoughts interfering with attention (Eysneck & 

Calvo, 1992). Thus, Demerdzieva’s findings seem to be appropriate for anxiety, as 

anxious thoughts can interfere with attention. Further, research has also indicated midline 

frontal theta is related to WM (Onton, Delorme, & Makeig, 2005). Beta activity (13-30 
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hz) is typically associated with arousal (Carlson, 2011), and is related to attention 

(Kropotov, 2009).  

Additionally, there are no childhood studies of EEG coherence, but there are some 

adult studies. EEG coherence ranges from 0 to 1, and determines if signals from brain 

regions are significantly correlated (i.e., coherent; Bowyer, 2016). Essentially, coherence 

is a measure of the simultaneous communication between two EEG electrodes or two 

regions of the brain. Previous research has indicated that delta-beta coherence was 

indicative of limbic and cortical regions of the brain synchronizing (Knyazev et al., 2006; 

Schutter and van Hook, 2005b; Van Peer, Roelofs, & Spinhoven, 2008), and a study by 

Putman (2011) sought to support this research. Specifically, coherence was examined in 

adult females (N = 40), in regard to anxiety, behavioral inhibition, and selective 

attentional processing of threatening stimuli. Results indicated decreased delta-beta 

coherence for anxious individuals in regard to avoidance of threatening pictorial stimuli 

(Putnam, 2011). Reiser and colleagues (2012) also examined EEG coherence within 

adults in regard to how social-emotional information impacts prefrontal and posterior 

cortical brain regions. Two separate studies were conducted, one for participants to 

visually watch “emotionally-contagious films” (n = 35) and another to auditorily listen to 

“emotionally-contagious sound clips” (n = 53). Results were consistent across both 

studies, indicating anxiety and sadness persisted in individuals who demonstrated 

decreased prefrontal-posterior coherence. This finding suggests that lower 

communication between these brain regions allow for less control over incoming social-

emotional information, increasing emotional experience (Reiser et al., 2012).  
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Regarding EEG research and MA, there are several adult studies, but currently no 

childhood studies. Further, these EEG studies do not specifically address EEG band 

activity, rather they examine ERP. First, Klados and colleagues (2015) examined how 

ERP amplitude was impacted by MA in university students with high MA (n = 16) and 

low MA (n = 16) while completing WM and math calculation tasks. There were three 

levels of the WM task, increasing in difficulty, where participants had to indicate whether 

a single digit was either the same as the presented digit immediately before, or if it was 

two, or three positions earlier on a screen. Additionally, there were four computerized 

calculation tasks involving addition (one- and two-digit) and multiplication (one- and 

two-digit), where participants had to indicate whether the calculation was correct. All 

tasks consisted of 40 trials, other than the double-digit multiplication task, which 

consisted of 20 trials. EEG recordings were collected during each of the study’s tasks. 

Overall, individuals with high MA had reduced ERP amplitude at fronto-central regions 

between 180 to 320 ms, as well as centro-pariateal regions between 380 and 420 ms. 

Further, individuals with high-MA had ERP within the first 200 ms after stimulus 

presentation, indicating that MA interferes with the allocation of cognitive resources (i.e., 

attention and WM; Klados, Simos, Micheloyannis, Margulies, & Bamidis, 2015).  

 Nunez-Pena and Suarez-Pellicioni (2014) also examined ERP in adults with high 

(n = 26) and low MA (n = 27) on a numerical magnitude task. This magnitude task 

manipulated both the size of the number and the distance between the numbers. 

Specifically, two single digit numbers were displayed on a screen, and the individual had 

to click a left or right button to indicate what side of the screen displayed the number 

with the greatest numerical magnitude (e.g., would click right button for 3 if numbers 2 
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and 3 were displayed). EEG data was recorded during the computer task. Results 

indicated individuals in the high MA group had slower response times than the low MA 

group, but they did not differ in their accuracy. Further, differences in ERP for the high 

MA group were only found within fronto-central electrode positions. Specifically, there 

was a larger ERP amplitude for individuals with high MA for both the size and distance 

effects. Given that this component has been associated with the processing of numerical 

magnitude (Maloney, Ansari, & Fugelsang, 2011), it appears that individuals with high 

MA are less accurate with this task (Nunez-Pena & Suarez-Pellicioni, 2014). 

Suarez-Pellicioni and colleagues (2013) examined error monitoring in adults with 

high MA (n = 17) and low MA (n = 16) using a traditional Stroop task or a numerical 

stroop task. Results suggest that only the numerical Stroop task resulted in increased 

error-related negativity (ERN) for individuals with high MA. Specifically, higher 

negative amplitude for ERN was associated with increased MA. These findings suggest 

that test anxiety may be associated with increased ERN for individuals with high MA, as 

previous research indicated increased ERN with performance evaluation (Hajcak, Moser, 

Yeung, & Simmons, 2005). Magnetoencephalography (MEG) results within this study 

found that the insula in individuals with high MA had increased activation to errors only 

for numerical task. Further, the ACC, medial and middle frontal gyrus, and SMA were 

associated with ERN activity (Suarez-Pellicioni et al., 2013), supporting previous 

research (Dehaene, Posner, & Tucker, 1994). Interestingly, the ACC is known to be 

involved in emotion via its association with the limbic system, the middle frontal gyrus 

assists with executive functions, and the SMA is associated with experiencing empathy 

(Gazzaniga et al., 2014).  
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Finally, Suarez-Pellicioni and colleagues (2014) examined numerical conflict 

monitoring in adults with high MA (n = 17) and low MA (n = 17) using a numerical 

stroop task to clarify whether or not MA impacts early and/or late stage conflict 

processing. Numbers for the stroop task were presented in either large or small font, and 

participants had to indicate which number had a higher numerical magnitude, ignoring 

the font size of the number. Individuals had to click either the left or right button of a 

mouse to indicate which side of the screen the larger numerical magnitude appeared. The 

N450 component is a negative-going response that occurs front-central electrode sites 

between approximately 350 to 500 ms, and was used to establish early conflict detection. 

The N-450 is followed by a positive conflict sustained-potential, which was used to 

establish later response-related conflict. Results indicated a greater negative N450 for the 

low MA group with incongruence occurring after congruence. However, the high MA 

group did not show a difference with the N450 component in regard to congruence or 

incongruence. However, results indicated a greater conflict sustained-potential for the 

high MA group associated with task incongruence or interference when it occurred 

immediately following task congruence. These findings suggest that when presented with 

conflicting information, high MA is associated with reactive or compensatory use of 

attentional control resources (i.e., are more susceptible to distraction; Suarez-Pellicioni, 

Nunez-Pena, & Colome, 2014).  

Summary of EEG Research. Overall, there is little EEG research describing the 

neurobiological mechanisms underlying mathematics and anxiety within childhood 

populations. However, based on the known studies, there appear to be several unique 

EEG characteristics. Specifically, results from the two child studies of DD (i.e., MLD) 
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found significant differences within the parietal regions of the brain for processing large 

magnitudes of quantity, but performance on numerical DE tasks is appropriate for 

individuals with DD (Heine et al., 2013; Soltesz et al., 2007). Findings from child EEG 

research support childhood fMRI studies of DD, where children with DD have been 

found to have reduced gray and white matter in both the frontal and parietal regions of 

the brain (Rotzer et al., 2008). When comparing the adult and childhood EEG studies 

readers should realize that drawing parallels is very difficult. However, it appears that the 

childhood studies somewhat match the adult EEG research indicating decreased alpha 1 

activity and increased alpha 2 activity in frontal and frontoparietal regions for 

mathematics (Klados et al., 2013). Thus, it appears that frontal and parietal regions of the 

brain may potentially be associated with mathematics, and we could potentially anticipate 

significant delta, theta, alpha, and gamma band activity with childhood populations for 

mathematics based on the adult EEG literature.  

Regarding EEG research for anxiety, it appears that alpha asymmetry with 

increased right frontal activation is indicative of anxiety in EEG research in child and 

adult populations (Thibodeau et al., 2006; Hannesdottir et al., 2009). Adult research also 

indicates right parietal activation (Davidson et al., 2000; Metzger et al., 2004), and 

increased alpha, theta, and gamma activity are associated with anxiety, but there is 

currently no research available to compare these findings within children. Children with 

GAD were found to demonstrate decreased alpha, theta, and beta power, indicating 

increased anxiety and deficits in attention/WM (Demerdzieva, 2011). EEG coherence 

research in adults indicates decreased delta-beta coherence for anxious individuals 
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(Putnam, 2011), and that decreased coherence for prefrontal-posterior regions is 

associated with increased emotional experience (Reiser et al., 2012). 

For MA, there are currently no child EEG studies. However, the available adult 

research suggests several things regarding the neurological findings of MA. First, 

reviewed research suggests frontal regions of the brain appear to be associated with MA 

in regard to WM, math calculation, processing of numerical magnitude, and numerical 

conflict monitoring. Specifically, Klados and colleagues (2015) suggested that 

individuals with high MA have reduced ERP amplitude within fronto-central and central-

parietal regions of the brain when given WM and math calculation tasks, especially 

within the first 200 ms. This findings indicate that MA interferes with cognitive resources 

like attention and WM (Klados et al., 2015). Nunez-Pena and Suarez-Pellicioni (2014) 

suggested that individuals with high MA have larger ERP amplitude for numerical 

magnitude within fronto-central regions of the brain than individuals with low MA, 

suggesting MA is associated with poor processing of numerical magnitude. Additionally, 

Suarez-Pellicioni and colleagues (2014) suggested that individuals with high MA have a 

greater conflict sustained-potential for a numerical stroop task, indicating high MA 

individuals are more reactive in their use of attentional control resources, making them 

more easily distracted.  

Second, individuals with high MA show increased ERN for numerical task 

(Suarez-Pellicioni et al., 2013), and previous research indicates performance evaluation is 

associated with increased ERN (Hajcak et al., 2005). Third, increased ERN with high 

MA suggests atypical activation within the ACC, medial and middle frontal gyrus, and 

SMA, indicating MA is related to deficits in emotional processing (Suarez-Pellicioni et 
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al., 2013). Finally, it is evident that there is a need for childhood EEG studies of MA as 

there is currently no available research in this area. Future research would improve the 

current understanding of the neurobiological mechanisms behind MA, which is 

associated with Aim 1 of the current study. Further, there are significant implications for 

intervention development when the relationship between MA and EEG variables are 

better understood along with the relationship of MA to both WM and academic 

achievement. In an effort to clarify all aims based on the reviewed research, the current 

study will be discussed next.  

The Current Study 

As indicated by the reviewed research, MA is still not well understood. Therefore, 

Aim 1 seeks to examine the degree to which the variance in MA can be explained by 

math achievement, WM, and EEG factors. The literature review demonstrated inter-

relationships among these variables, and hypotheses 1a, 1b, and 1c map directly on to 

Aim 1 (See Figure 1.1). Specifically, reviewed research suggests that academic 

achievement is significantly associated with MA, where math skills significantly impact 

MA (Krinzinger, Kaufmann, & Willmes, 2010). However, can math skills can predict 

MA? Thus, for hypothesis 1a: it is predicted that as MA increases, academic performance 

on tasks that require mathematics will decrease. We are anticipating that poor math 

performance will be reflective of higher MA because of the demonstrated association 

between MA and academic achievement on math computation task.  

Additionally, reviewed research discussed the significant role that WM plays in 

both math cognition (i.e., math achievement; Ashcraft, 1995; LeFevre, DeStefano, 

Coleman, & Shanahan, 2005) and MA (Ashcraft & Kirk, 2001), and that increased MA 
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affects WM (Ramirez et al., 2013). Thus, for hypothesis 1b it is predicted that as MA 

increases, WM performance will decrease. We are anticipating that poor WM will be 

reflective of higher MA because of the demonstrated association between MA and WM.  

Also, the literature for MA demonstrates a clear gap in research investigating the 

neurobiological mechanisms associated with MA in children, especially with EEG 

techniques. EEG research of mathematics indicated significant differences in the frontal 

and parietal regions of the brain for both childhood and adult studies of DD (i.e., MLD; 

Heine et al., 2013; Klados et al., 2013; Micheloyannis et al., 2005; Sammer et al., 2007; 

Soltesz, 2007). The anxiety research also demonstrated significant differences in these 

regions for both adults and children (Hannesdottir et al., 2009; Suarez-Pellicioni et al., 

2013; Thibodeau et al., 2006). Further, adult coherence research on anxiety indicated 

decreased coherence is associated with anxiety (Putnam, 2011) and increased emotional 

experience (Reiser et al., 2012). Thus, for hypothesis 1c it is predicated that as MA 

increases, there will be a decrease in frontal parietal coherence, due to adult EEG 

research indicating an association between MA and frontal regions of the brain. Overall, 

if research advances enough it is possible that children with MA could be identified 

rapidly via a brief EEG recording that would identify specific patterns of brain activity 

associated with MA. This information would allow for faster identification, earlier 

intervention, and interventions with higher specificity given the potential to target 

specific areas of the brain that are either under- or over-activated. 

Aim 2 seeks to clarify the relationship between MLD and MA. The reviewed 

literature suggests that many children with MLD have the potential to manifest symptoms 

of MA based on deficits in math (Wu et al., 2014) and/or GAD because it is also a form 
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of anxiety (Elksnin & Elksnin, 2004; Nelson & Harwood, 2011). Despite the similarities 

between these concerns, MA appears to be a unique from MLD (Krinzinger et al., 2010) 

and GAD (Ashcraft & Kirk, 2001). An analysis that accounts for and/or controls for 

GAD may more clearly examine the relationship between MA and MLD, potentially 

illuminating how best to intervene with these particular concerns. Thus, for hypothesis 2 

it is predicted that children with MLD will score higher on MA than children without 

MLD, when controlling for generalized anxiety. We anticipate that children who 

demonstrate deficits in mathematics will score higher on a measure of MA than children 

without MLD because any effects from generalized anxiety will be removed, clarifying 

the relationship between MLD and MA. Overall, if children with MLD demonstrate 

anxiety specific for mathematics, there are important implications for intervention efforts, 

where interventions need to focus on MA verses generalized anxiety. 

Finally, Aim 3 seeks to clarify the relationship between MA, WM, and math 

achievement. Specifically, it seeks to investigate the degree to which WM mediates the 

relationship between MA and math achievement (See Figure 1.2). The literature review 

discussed the significant negative relationship between MA and math achievement 

(Ashcraft, 2002; Ma & Xu, 2004; Meece et al., 1990; Miller & Bichsel, 2004; Richardson 

& Suinn, 1972; Wigfield & Meece, 1998), and that MA negatively impacts WM 

(Ashcraft & Kirk, 2011; Krinzinger et al., 2010). However, WM does not appear to 

influence MA (Hembree, 1990), yet it is predictive of math achievement (Floyd et al., 

2003; Taub et al., 2008).  

Therefore, hypothesis 3 is that MA will predict math achievement, with WM 

acting as a mediating factor. Given that we anticipate WM will act as a mediator, perhaps 
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we should seek to understand a child’s WM level first to help determine the most 

beneficial math achievement intervention. Specifically, if WM is in fact a mediator then 

math intervention efforts may need to account for the relationship between WM and MA, 

especially given previous research that suggests children with higher WM are more likely 

experience math achievement difficulties when they have MA (Ramirez et al., 2013). If 

WM has a significant impact on the relationship between MA and math achievement, 

assessment for children with lower math achievement needs to rule out the impact that 

MA has an WM, as well as how MA negatively impacts math achievement. 

Overall, findings for the current study will have significant implications for 

improving our understanding of the neurobiological mechanisms of MA, as well as 

aiding the available literature surrounding WM and achievement for MA. Further, the 

current study will also clarify the relationship between shared characteristics of MA, 

MLD, and GAD, which has significant implications for intervention efforts. This study 

hopes to strengthen the current literature so that children struggling with MA can be 

identified more accurately and earlier, minimizing the known negative impacts of MA. 
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Figure 1.1.  Multiple regression model for Aim 1 
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Figure 1.2. Mediation model for Aim 3
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CHAPTER 2 

METHOD

Participants 

Participants for the current study included school age children (ages 7 to 12 

years), with a goal of collecting data on 30 children with math learning difficulties (i.e., 

MLD) and 30 typically developing children (N = 60). This age range was selected given 

children with specific learning disabilities and anxiety disorders are typically identified 

during this age range (APA, 2013). Children were recruited through local advertisements 

and agencies in the Columbia, SC area that serve children with MLD. Specifically, the 

Sandhills School for Learning Disabilities and Tutor Eau Claire supported and assisted 

with recruitment efforts. Inclusion criteria for children classified as having MLD 

included: (1) appropriate study age, (2) currently and/or previously identified as a child 

with a specific learning disability in math (i.e., provide documentation for an 

Individualized Education Plan [IEP]), and/or (3) scored below the 25th percentile on the 

WJ-III ACH Math Calculation test and/or Math Fluency test within data collection for the 

current study. Additionally, inclusion criteria for typically developing children (i.e., 

children without MLD) included children: (1) with no current or previous IEP in school 

or qualification for special education; and (2) score at or above the 25th percentile the WJ-

III ACH Math Calculation and Math Fluency test. Children were excluded from the 

current study if they were deemed to have an intellectual disability, where the Broad 
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Cognitive Ability score from the WJ-III COG was less than or equal to a standard score 

of 70.  

 Data collection resulted in sample that included a total of 30 children with MLD 

and 30 typically learning children. However, data for one child that was categorized as a 

typical learner was excluded from analyses due to their score for MA being a significant 

outlier amongst an otherwise normal distribution. Had their data been included it would 

have compromised all other data analyses by preventing analyses from meeting basic 

assumptions. Subsequently, the final study sample (i.e., dataset excluding one outlying 

case) consisted of 59 children, ages 7 to 12 years. Table 2.1 provides more detail on 

demographic variables of the final study sample (N = 59).  

Study Measures  

Cognitive and Academic Measures. The current study used the Woodcock-

Johnson Tests, Third Edition (WJ-III Tests of Cognitive Ability [COG], WJ-III Tests of 

Achievement [ACH]) in order to determine WM ability, and math ability. Both measures 

are used with individuals ages two to 90 or more years of age, and these two tests have 

been shown to consistently perform well in reliability and validity studies. The core 

subtests have median reliability coefficients of r11 = .81 - .94. Note, the Broad Cognitive 

Ability score on the WJ-III COG will be used as an estimate of IQ, to rule-out general 

cognitive impairment for children scoring low on math measures used in the inclusion 

criteria. Table 2.2 presents a complete listing of the WJ-III COG and ACH subtests used 

within the current study. The variable of math achievement was represented by the WJ-III 

ACH Broad Math cluster score, which combines the Calculation, Math Fluency, and 

Applied Problems subtests. This score is for all intensive purposes the average of these 
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three subtests. Additionally, the WJ-III COG Numbers Reversed subtest score 

represented WM ability (Woodcock et al., 2001).  

 Math Anxiety Measures. The current literature surrounding MA indicates that 

there is no single best measure of MA that captures the current study’s age range. 

Therefore, two measures of MA were used in the current study: the Scale for Early 

Mathematics Anxiety (SEMA) for students in 2nd and 3rd grade; and the Math Anxiety 

Rating Scale for Elementary School Students (MARS-E) for children in 4th, 5th, and 6th 

grades.  

 The SEMA is a self-report measure and it is currently the only measure of MA 

available and designed for use with children in 2nd and 3rd grades. The SEMA has a total 

of 20 items. The first ten items assess anxiety associated within completing math-related 

work and problems, and the second set of 10 items assesses anxiety related to social and 

testing situations involving math. Students are instructed to respond to each item using a 

5-point response format (1 = “not nervous at all;” 2 = “a little nervous;” 3 = “somewhat 

nervous;” 4 = “very nervous;” 5 = “very, very nervous). The sum of the child’s ratings 

determines an individual’s SEMA score. The SEMA is thought to be a reliable and valid 

measure when used with 2nd and 3rd grades students. Specifically, internal consistency 

reliability was measured via Chronbach’s α of 0.87, and structural validity was examined 

using Principal Components Analysis with varimax rotation, which confirmed two factor 

structure (i.e., numerical processing anxiety, and situational and performance anxiety) 

that was comparable to that of MARS (Richardson & Suinn, 1972) and MARS-E (Suinn, 

Taylor, & Edwards, 1988). Further, the Cronbach’s α for the numerical processing 
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anxiety factor was 0.80, while the Cronbach’s α for the situational and performance 

anxiety factor was 0.77 (Wu, Barth, Amin, Malcarne, & Menon, 2012). 

 The MARS-E was used with upper elementary students in the current study. It is 

the most well validated measure of MA to date for this age range. Specifically, the 

MARS-E is a self-report measure designed for use with children in 4th, 5th, and 6th grades. 

There are a total of 26 items that were created to capture the degree of anxiety in 

situations related to mathematics inside and outside the classroom. Students are instructed 

to respond to each item using a 5-point response format (1 = “not at all nervous;” 2 = 

“not very nervous;” 3 = “fairly nervous;” 4 = “very nervous;” 5 = “very, very nervous”). 

The sum of the child’s ratings determines an individual’s MARS-E score. Psychometric 

studies of the MARS-E are dated, so it is important to acknowledge the possibility that 

MA difficulties of children in the 1980’s may not align with the difficulties that students 

face today. However, the MARS-E appears to be a reliable and valid measure when used 

with 4th, 5th, and 6th grade students. Specifically, reliability was measured via 

Chronbach’s α of 0.88, which was comparable to the test-retest reliability of 0.78 for the 

MARS (Richardson & Suinn, 1972). Validity was established via principal components 

analysis with oblique rotation, which confirmed two factor structure (i.e., mathematics 

test anxiety and mathematics performance adequacy anxiety) that was comparable to that 

of MARS (Richardson & Suinn, 1972; Suinn et al., 1988).  

Generalized Anxiety Measure. The Revised Children’s Manifest Anxiety Scale, 

Second Edition (RCMAS-2) is a self-report measure of general anxiety and is available 

for use with children from ages 6 to 19 years old. Children are instructed to respond to a 

total of 49 using a “yes” or “no” format. The RCMAS-2 yields a Total Anxiety score, 
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which is based on three scales that assess Physiological Anxiety, Worry, and Social 

Anxiety symptoms. Additionally, the RCMAS-2 yields a Defensiveness scale score, 

which indicates whether or not a child is presenting an overly positive self-image, as well 

as an Inconsistent Responding Index, where a high index score indicates that the child did 

not provide an accurate representation of their symptoms. 

The RCMAS-2 manual reported data to demonstrate reliability and validity based 

on the normative sample of N = 3,086 (Reynolds & Richmond, 2008). Cronbach’s α 

estimates were reported for the internal consistency of the Total Anxiety (TOT) score to 

be 0.91, for the Physiological Anxiety (PHY) score to be 0.73, for the Worry (WOR) 

scale score to be 0.85, for the Social Anxiety (SOC) scale score to be 0.78, and for the 

Defensiveness (DEF) scale score to be 0.78.  Re-test reliability was estimated based on a 

sub-sample of 100 school children who completed the RCMAS-2 two times with one 

week between reports. The TOT score was found to have a Cronbach’s α of 0.76, the 

PHY score was 0.73, the WOR score was 0.71, the SOC score was 0.64, and the DEF 

scale score was 0.67. Evidence for the construct validity of the RCMAS-2 was also 

reported within the manual, where factor analytic research supports a general anxiety 

factor represented by the TOT score, along with the three anxiety scales and the DEF 

scale (for specific details see RCMAS-2 manual; Reynolds & Richmond, 2008). 

QEEG Measurement. EEG data were collected to examine whether specific 

bands (i.e., delta, theta, alpha, etc.) and connectivity patterns are able to predict the 

occurrence of MA. EEG data was recorded from 19 channel electrodes (Electro-cap) 

distributed across the scalp (in relation to location of nasion and inion) using the 10/20 

placement system. The standard placement of each of the 19 electrodes is illustrated in 
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Figure 2.1. FP1 and FP2 are electrodes placed over the prefrontal cortex, while F3, F4, 

F7, and F8 are electrodes placed over the frontal lobe. Electrodes T3, T4, T5, and T6 are 

placed over the temporal lobe, while the parietal lobe has electrodes P3 and P4. O1 and 

O2 are placed over the occipital lobe, while FZ, CZ, and PZ measure midline brain 

activity. C3 and C4 are placed between the temporal lobe to measure centro-temporal 

brain activity. Finally, A1 and A2 represent ground leads (i.e., ear clips). 

Data was sampled at 1026Hz using a Brain Master Discovery amplifier, which is 

an FDA approved device. A 60Hz notch filter was used to filter out electrical noise in the 

room. Bandwidth range was set at .05 to 30Hz. Frequency bands are defined as follows: 

delta (.5 to 3.5 Hz), theta (3.5 to 7 Hz), alpha (7.5 to 13 Hz), and beta (13 to 22 Hz). 

Impedance values for the A1 and A2 (ear) electrodes were kept below 5KΩ, and all other 

electrode impedance values were kept below 10KΩ for all subjects. Once collected, 

Neuroguide 2.7.0 (Thatcher, 2011) was used for artifacting and obtaining normative 

values of QEEG spectral coherence. MATLAB version 2007b (Mathworks, Inc.) was 

used for data transformation and organization.  

Procedures 

The current study received approval from the University of South Carolina’s 

institutional review board. Subjects were provided child assent and parental consent 

forms. Upon agreement to participate in the study, preliminary measures were 

administered to determine eligibility for participation. Specifically, participants were 

administered the WJ-III ACH and WJ-III COG measures. If a child met inclusion criteria, 

all other questionnaires were administered (SEMA or MARS-E, and the RCMAS-2), 

followed by QEEG data collection. For QEEG, participants were fitted with the Electro-
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Cap and ground leads (as previously described). Two EEG recordings were collected 

while the participants’ eyes were closed, with each recording lasting three minutes. 

Recordings occurred with eyes closed as this data represents a resting state. Additionally, 

the second recording was collected in case data from the first recording was not 

acceptable for analysis. All study data was collected over the course of one or two study 

sessions, which cumulatively amounted to approximately a 4-hour study. Note, following 

data collection procedures, participant data was de-identified (i.e., participants assigned 

subject ID numbers) to protect the subjects’ confidentiality.  

Data Analysis Plan 

Data analysis for Aim 1 used the first eyes closed QEEG recording for each 

participant, and the QEEG data required different steps from other data to allow analysis 

within SPSS. Specifically, the first minute of each QEEG sample was visually inspected 

to find a minimum of 10-seconds of artifact-free data. Next, the Neuroguide software 

options to reject drowsiness and eye movement were used, followed by the function to 

automatically select data. This function allows the recorded data file to have a minimum 

of one minute of artifact-free data, because the visually selected artifact-free data (i.e., 

10-seconds) is used to automatically identify and select data within the whole three 

minute sample that is comparable to the 10-seconds of data. Next, the QEEG data went 

through fast-fourier analysis within Neuroguide to determine specific QEEG metrics, like 

the percentage of different bandwidths (delta, theta, alpha, etc.) within the three-minute 

recording. Neuroguide was also used to obtain coherence values that are a z-score metric. 

The z-score metric is achieved by comparing the individual’s recording, based on their 

age, to a normative database within Neuroguide. This database has a total of 625 
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participants ranging in age from birth to 82 years (Thatcher, 2011). Next, MATLAB 

2007b (Mathworks, Inc.) was used to format and organize data to be suitable for import 

into statistical software for data analysis. Data was then exported into Microsoft Excel, 

and formatted for final analyses with IBM SPSS Statistics, Version 24.0 (SPSS, 2016).  

The following steps were taken for data analyses for the current study using 

SPSS, and which study aim applies to what components of a step is specified: 

1. Outlier removal: As previous stated, the current study’s dataset removed one 

case from all analyses. Specifically a child without learning difficulties was 

excluded, as their score for math anxiety was a significant outlier amongst 

MA scores for children without learning difficulties (i.e., almost two standard 

deviations away from mean MA score for children within the typical learning 

group).  

2. Descriptive statistics including means and standard deviations were calculated 

for variables of interests.  

3. As previously stated, there was no one measure of MA that captured the 

current study’s age range, and MA was a variable of interest in all analyses. 

Therefore, due to the use of two separate measures of MA (i.e., SEMA and 

MARS-E), analyses of the variable of MA were conducted based on a 

computed z-score that was derived from the raw scores (i.e., the total sum of 

likert ratings) of the SEMA and MARS-E.  

4. Presently, there are no models illustrating the relationship between MA and 

EEG coherence in relation to Aim 1 of the current study. Further, EEG 

coherence recordings include all possible combinations of 19 electrodes at 
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each of their bandwidths, resulting in approximately 1,700 potential EEG 

coherence variables. Given the exploratory nature of Aim 1 regarding MA and 

EEG coherence, and to reduce the number of variables to a manageable 

selection for a linear regression, a stepwise regression was conducted with all 

potential combinations for delta, theta, alpha, and beta EEG coherence 

variables. EEG coherence variables were selected from the stepwise 

regression for analysis within the hierarchical regression for Aim 1. 

5. Correlations were calculated to examine the strength and directionality 

between all variables of interests for each aim. Reported effect sizes are based 

off of Cohen (1988), who indicated correlations less than 0.30 demonstrated a 

small effect size, while correlations less than 0.50 but greater than or equal to 

0.30 had a moderate effect size. Any correlations greater than or equal to 0.50 

have large effect sizes (Cohen, 1988).  

6. For Aim 2, the dichotomous variable of math learning group was dummy 

coded (0 = typical children, or children without math learning difficulties; 1 = 

children with math learning difficulties). 

7. All other variables used within the analyses were mean-centered to aid model 

parameter interpretations. Specifically, the following variables were mean-

centered prior to their use within analyses: math achievement (WJ-III ACH 

Broad Math Achievement cluster score) for Aim 1 and Aim 3, WM (WJ-III 

COG Numbers Reversed subtest score) for Aim 1 and Aim 3, and generalized 

anxiety (RCMAS-2 Total Score) for Aim 2.  
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8. For Aim 2 an interaction term was created (the product of the centered 

generalized anxiety variable and the dummy coded learning group variable) to 

understand how generalized anxiety effects math anxiety based on learning 

group (i.e., typical learner vs. child with MLD). 

9. Preliminary analyses were conducted to check for potential assumption 

violations for each of the study’s aims (Aim 1, Aim 2, and Aim 3).  

10. Prior to regression analysis for Aim 2, two independent-sample t-tests were 

conducted to establish whether there were significant group differences for 

MA and for GAD between children with and without MLD. If significant 

group differences occur, then the multiple linear regression analysis associated 

with Aim 2 is meaningful and warranted, as the relationship between MA and 

MLD could be further clarified by conducting an analysis that controls for 

GAD.  

11. Finally, multiple linear regression analyses were conducted for Aim 1 and Aim 

2, while Aim 3 involved a simple mediation analysis using ordinary least 

squares path analysis with regression via Andrew Hayes PROCESS macro 

Version 2.16.1 for SPSS (Hayes, 2013). 
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Table 2.1. Demographic Variable Frequencies  

 Group  
 

Typical 
Learners MLD  Total 

Variables n % n %  n % 
Gender Male 17 53.1 15 46.9  32 54.2 
 Female 12 44.4 15 55.6  27 45.8 
Age 7-years-old 3 100.0 0 0.0  3 5.1 
 8-years-old 8 72.7 3 27.3  11 18.6 
 9-years-old 8 47.1 9 52.9  17 28.8 
 10-years-old 2 22.2 7 77.8  9 15.3 
 11-years-old 7 50.0 7 50.0  14 23.7 
 12-years-old 1 20.0 4 80.0  5 8.5 
Ethnicity African-American 1 20.0 4 80.0  5 8.5 
 Asian 3 100.0 0 0.0  3 5.0 
 Caucasian 24 49.0 25 51.0  49 83.1 
 Hispanic 0 0.0 1 100.0  1 1.7 
 Other 1 100.0 0 0.0  1 1.7 
Note. Total sample size N = 59 
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Table 2.2. WJ-III COG and WJ-III ACH Subtests Used Within the Current Study 

Test Domain Test Number Subtest Name 

   
   WJ-III COG           Test 1               Verbal Comprehension 
           Test 2               Visual-Auditory Learning 
           Test 3               Spatial Relations 
           Test 4               Sound Blending 
           Test 5               Concept Formation 
           Test 6               Visual Matching 
           Test 7               Numbers Reversed 
   WJ-III ACH           Test 5               Calculation 
           Test 6               Math Fluency 
           Test 10               Applied Problems 
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Figure 2.1. Standard Electrode Placement for 10-20 System 
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CHAPTER 3 

RESULTS

Descriptive statistics for each of the three aims are described together. However, 

findings for correlations amongst variables, model assumptions, and results of specific 

model analyses are described sequentially and separately when applicable for each aim.  

Descriptive Statistics.  

Means and standard deviations for all variables of interest are reported in Table 

3.1. It should be noted for later analyses that: (1) the variable of Math Achievement was 

represented by the Broad Math Achievement Cluster standard score from the WJ-III 

ACH; (2) the variable of WM was represented by the Numbers Reversed subtest standard 

score from the WJ-III COG; (3) the variable of MA was represented by a computed z-

score based on the raw score total of either the SEMA (2nd and 3rd graders) or MARS-E 

(4th, 5th, and 6th graders); and (4) the variable of GAD (i.e., generalized anxiety) was 

represented by the RCMAS-2 Total t-score. Across both typical learners and children 

with MLD, the total mean for the math achievement variable was 101.53, and the total 

mean for the WM variable was 97.78, which are both close to the expected mean of 100 

for a standard score. Additionally, the mean of raw scores for the SEMA was 19.27, 

which is lower than expected given the mean of raw scores for the original sample used 

to create the SEMA (M = 34.36; Wu et al., 2012). Subsequently, younger children for the 

current study demonstrate less MA than would be anticipated. The mean of raw scores 

for the MARS-E was 59.18, which is comparable to the mean of 54.8 for raw scores of 
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the original sample of the MARS-E (Suinn et al., 1988). However, the raw scores of the 

SEMA and MARS-E were not used within any analyses for the current study. Rather, the 

computed z-score for MA was used for analyses, which had a mean of -0.03 and is close 

to the expected mean of zero for a z-score. Next, results for each aim are discussed 

separately. 

Results Aim 1 

EEG Coherence Variable Selection (Aim 1). As previously stated, Aim 1 sought 

to examine the degree to which the variance in MA can be explained by math 

achievement, WM, and EEG factors. However, there is presently is no model that 

illustrates the relationship between MA and EEG coherence. Subsequently, prior to 

conducting correlations and a hierarchical regression for Aim 1, a stepwise regression 

occurred between MA and all potential EEG coherence variables for the delta, theta, 

alpha, and beta bandwidths. The stepwise regression resulted in the selection of the 

following electrode combinations for EEG coherence at a specified bandwidth: theta 

O2_F7, alpha FP1_T6, delta F3_F4, theta F3_O1, delta FP2_C4, theta O2_F8, delta 

C3_O2, and delta T5_CZ (See table Table 3.2). While stepwise regression is useful for 

exploratory purposes, caution is needed in interpreting variables due to potential chance 

variation in results. However, as indicated by the order of variables, it is noted the first 5 

and strongest variables associated with MA involved electrodes in the frontal region, and 

most with frontal-posterior coherence recordings. There is no evident pattern by 

spectrum; however, frontal to occipital regions (long-range connectivity) were all in 

theta. These results provide some support that long-range connectivity between frontal 

and posterior regions in slow wave activity (theta) may have some relevance for 
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understanding MA. Math performance heavily involves WM thinking capacity 

(Passolunghi & Siegel, 2004; Passolunghi, Vercelloni, & Schadee, 2007; Raghubar, 

Barnes, & Hecht, 2010), as well as visual processing (Campbell, Collis, & Watson, 1995; 

Taub et al., 2008). EEG correlates of WM are more associated with frontal regions 

(Jonides et al., 1993; Owen, McMillan, Laird, & Bullmore, 2005), and visual processing 

is associated with occipital regions (Gazzaniga et al., 2014). It could be the case that 

disruptions in long-range connectivity between visual-processing areas (occipital), and 

thinking areas (frontal), produce disruptions in math cognition and in turn contribute to 

math anxiety.    

Correlations (Aim 1). Bivariate correlation results are reported in Table 3.3. 

Results indicated positive statistically significant correlations between MA and the 

following: EEG coherence for theta O2_F7 (r = 0.48, p <.01), EEG coherence for delta 

F3_F4 (r = 0.37, p <.01), and EEG coherence for theta O2_F8 (r = 0.27, p <.05). These 

relationships demonstrated moderate, moderate, and small effect sizes, respectively. 

Results also indicated negative statistically significant correlations between MA and the 

following: math achievement (r = -0.54, p <.01), WM (r = -0.42, p <.01), and EEG 

coherence for delta C3_O2 (r = -0.26, p <.05). These relationships demonstrated large, 

moderate, and small effect sizes, respectively. Correlation results indicated positive 

statistically significant correlations between Math Achievement and the following: WM 

(r = 0.55, p <.01), EEG coherence for theta O2_F7 (r = 0.37, p <.01), and EEG coherence 

for delta F3_F4 (r = 0.33, p <.05). These relationships demonstrated large, moderate, and 

moderate effect sizes, respectively. There was a negative statistically significant 

correlation between WM and EEG coherence for delta F3_F4 (r = -0.26, p <.05). This 
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relationship demonstrated a small effect size. There were positive statistically significant 

correlations between theta O2_F7 and EEG coherence for alpha FP1_T6 (r = 0.33, p 

<.05) and EEG coherence for theta O2_F8 (r = 0.35, p <.01). These relationships 

demonstrated moderate effect sizes. There was a negative statistically significant 

relationship between theta O2_F7 and EEG coherence for delta T5_CZ (r = -0.41, p 

<.01). This relationship demonstrated a moderate effect size. There was a negative 

statistically significant correlation between alpha FP1_T6 and theta F3_O1 (r = -0.29, p 

<.05). This relationship demonstrated a small effect size. There was a positive 

statistically significant correlation between delta F3_F4 and delta FP2_C4 (r = 0.33, p 

<.01). This relationship demonstrated a moderate effect size. There was a positive 

statistically significant correlation between theta F3_O1 and delta C3_O2 (r = 0.26, p 

<.05). This relationship demonstrated a small effect size. There was a negative 

statistically significant correlation between delta C3_O2 and delta T5_CZ (r = -0.48, p 

<.01). This relationship demonstrated a moderate effect size. 

Model Assumptions (Aim 1). Hierarchical linear regression assumptions were 

checked for potential violations. The assumption of linearity was met via visually 

inspection of a plot of residuals against the predicted values, as well as partial regression 

plots. The study design, as well as a Durbin-Watson statistic of 2.06 confirmed 

independence of residuals. Visual inspection of a plot of standardized residuals against 

standardized predicted values indicated homoscedasticity. Further, multicollinearity was 

not an issue given tolerance values greater than 0.1. Additionally, as previous reported, 

there was one outlier that was removed from the data. This individual was not included in 

analysis as their score for math anxiety was a significant outlier and it would compromise 
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all other data analyses and prevent assumptions from being met. There was one case 

(LD_38_EC1) with a studentized deleted residuals greater than ± 3 standard deviations. 

Additionally, there were 17 cases with leverage values greater than 0.2. However, given 

the small sample size for the current study, these values were left within analyses. 

Finally, all Cook’s distance values were less than 1, and visual inspection of a Q-Q Plot 

indicated the assumption of normality was met.  

Hierarchical Linear Regression Analysis Findings (Aim 1). A hierarchical 

linear regression analysis was conducted to assess the relationship between math 

achievement, WM, and EEG coherence as predictors of MA, as well as to assess 

hypotheses 1a, 1b, and 1c. Hypothesis 1a predicts that as MA increases, academic 

performance on tasks that require mathematics will decrease. Hypothesis 1b predicts that 

as MA increases performance on WM will decrease. Hypothesis 1c predicts that as MA 

increases there will be a decrease in frontal parietal coherence, due to adult EEG research 

indicating an association between MA and frontal regions of the brain. 

The results of the three-step regression are reported in Table 3.4. Results of the 

analyses indicate that math achievement (Model 1) was statistically significant (R2 = 

0.30, F(1, 57) = 23.98, p <.01; adjusted R2 = 0.28), suggesting that math achievement 

significantly predicts MA. The coefficient for math achievement was statistically 

significant for model 1 (B = -0.03, t(57)= -4.90, p <.01), model 2 (B = -0.02, t(56)= -3.42, 

p <.01), and model 3 (B = -0.02, t(48)= -3.14, p <.01), supporting hypothesis 1a of the 

current study. Specifically, MA appears to decrease as math achievement increases, 

which also means that as math achievement decreases we would predict to see an 

increase in MA. 
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Results of the analyses indicate that math achievement and WM (Model 2) 

statistically significant predicted MA (R2 = 0.32, F(2, 56) = 12.96, p <.01; adjusted R2 = 

0.29). However, the addition of WM did not add statistically significant variance to the 

prediction of MA, above and beyond math achievement, change R2 of 0.02, F(1, 56) = 

1.66, p = 0.20.  Further, the coefficient for WM was not statistically significant for model 

2 (B = -0.01, t(57)= -1.29, p = 0.20) or for model 3 (B = 0.01, t(56)= 0.87, p = 0.39). 

Subsequently, these findings do not support hypothesis 1b of the current study, that lower 

WM would be reflective of higher MA. However, this finding is in agreement with 

previous research regarding the directionality of the relationship between WM and MA. 

Specifically, that high MA negatively influences WM, but WM does not appear to 

influence MA (Ashcraft & Kirk, 2001; Ashcraft & Krause, 2007). 

Results of the analyses indicate that math achievement, WM, and EEG coherence 

variables (Model 3) statistically significant predicted MA (R2 = 0.76, F(10, 48) = 15.16, p 

<.01; adjusted R2 = 0.71). Further, the addition of the EEG variables let to a statistically 

significant increase in in the prediction of MA, change R2 of 0.44, F(8, 48) = 11.06, p < 

0.1. However, this finding should be interpreted with caution given the use of stepwise 

regression in selecting these variables. The coefficient for WM was again not significant 

within this model (B = 0.01, t(57)= 0.87, p = 0.39). However, it is also important to note 

that out of the EEG coherence variables entered into Model 3 (or step 3) of the 

hierarchical regression, the only non-significant coefficient was for delta FP2_C4 was not 

significant (B = -0.15, t(57)= -1.54, p = 0.13). Overall, findings from Model 3 (or step 3) 

support hypothesis 1c of the current study, and suggest that EEG coherence is predictive 

of MA. As previously discussed, the stepwise regression resulted in the first 5 variables 
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(which had the strongest association with MA), involving electrodes from the frontal 

region, and most with frontal-posterior coherence recordings. Subsequently, the inclusion 

of EEG coherence variables within an exploratory model to predict MA has important 

implications for both understanding the neurobiological underpinnings of MA and for 

future research. 

Results Aim 2 

Independent Sample t-test (Aim 2). As previously stated, Aim 2 seeks to clarify 

the relationship between MLD and MA. Two independent sample t-test were conducted 

to determine if there were significant differences between children with and without 

MLD for MA and for GAD. This analysis was conducted first to determine if a more 

sophisticated analysis that examines the relationship between MLD and MA, by 

controlling for GAD, was warranted. 

T-test Assumptions (Aim 2). Independent sample t-test assumptions were checked 

for potential violations. The assumption for a normal distribution for each analysis was 

assessed by Shapiro-Wilk’s test (p > .05), and visual inspection of a boxplots indicated 

that there were no significant outliers. However, Levene’s test for equality of variances 

indicated that the assumption of homogeneity of variances was violated for the t-test for 

MA (p = 0.01). Given the unequal sample size between groups (typical learners n = 29; 

LD n = 30), a Welch’s t-test was conducted to examine group differences for MA 

(Howell, 2009).  

T-test Findings (Aim 2). Results from the t-tests are reported in Table 3.5. The t-

test examining group differences on MA, suggest that MA is higher for children with 

MLD (M = 0.29, SD = 1.11) than typical learners (M = -0.36, SD = 0.68), and this 
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difference is statistically significant, t(48.304) = -2.74, p < .01. Additionally, results from 

the t-test examining group differences for GAD suggest that GAD is higher for children 

with MLD (M = 1.78, SD = 10.25) than typical learners (M =-1.85, SD = 10.95), but this 

difference is not statistically significant, t(57) = -1.32, p = 0.19.  These findings are in 

agreement with literature that suggests children with MLD struggle with anxiety (Margari 

et al., 2013; Mayes & Calhoun, 2006), but do not fully support research that children with 

MLD struggle with GAD (Elksnin & Elksnin, 2004; Nelson & Harwood, 2011). Overall, 

given that group differences were significant for MA, but not for GAD, MA may be a 

unique issue for children with MLD that is not present in typical learners. Thus, a 

multiple regression analysis is warranted to further explore group differences on MA by 

controlling for GAD. 

Multiple Linear Regression (Aim 2). A multiple linear regression analysis was 

conducted to examine the relationship between MA and MLD, by controlling for GAD. 

An analysis that accounts for and/or controls for GAD may more clearly examine the 

relationship between MA and MLD, and may clarify how best to intervene with these 

particular concerns. 

Regression Assumptions (Aim 2). Multiple linear regression assumptions were 

checked for potential violations. The assumption of linearity was met via visually 

inspection of a plot of residuals against the predicted values, as well as partial regression 

plots. The study design, as well as a Durbin-Watson statistic of 1.681 confirmed 

independence of residuals. Visual inspection of a plot of standardized residuals against 

standardized predicted values indicated homoscedasticity. Further, multicollinearity was 

not an issue given tolerance values greater than 0.1. Additionally, as previous reported, 
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there was one outlier that was removed from the data. This individual was not included in 

analysis as their score for math anxiety was a significant outlier and it would compromise 

all other data analyses and prevent assumptions from being met. There were no 

significant issues with studentized deleted residuals (none greater than ± 3 standard 

deviations), leverage values (none grater than 0.2), or Cook’s distance (all values were 

less than 1). Q-Q Plot indicated the assumption of normality was met.  

Multiple Linear Regression Analysis Findings (Aim 2). Hypothesis 2 predicted 

that children with math learning difficulties would score higher on MA than children 

without math learning difficulties, when controlling for generalized anxiety. Regression 

coefficients for Aim 2 are reported in Table 3.6. The overall multiple linear regression 

model was statistically significant, suggesting that math learning group and generalized 

anxiety significantly predict math anxiety F(3,55) = 21.19, p < .01, adj. R2 = 0.511. The 

coefficient for math learning group was also statistically significant, B = 0.48, t(55)= 

2.53, p = 0.014, supporting hypothesis 2 of the current study. Specifically, children with 

MLD will have a predicted 0.46 unit increase in math anxiety that typically learning 

children will not experience, when controlling for generalized anxiety. This finding 

suggests that children with MLD have anxiety conditions specifically surrounding the 

skill of learning math that is not present at same level as children without MLD. 

Additionally, the coefficient for generalized anxiety was statistically significant, B = 

0.03, t(55)= 2.38, p = 0.021, suggesting that a one unit increase in generalized anxiety 

will have a predicted 0.03 increase in math anxiety for typically learning children. 

Finally, the coefficient for the interaction term was statistically significant, B = 0.05, 

t(55)= 3.18, p < .01, suggesting that for every one unit increase in generalized anxiety we 
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can predict a 0.05 unit increase in math anxiety in children with math learning 

difficulties, over and above any effect we see in typical children.  

Results Aim 3 

Correlations (Aim 3). As previously stated, Aim 3 seeks to investigating the 

degree to which WM mediates the relationship between MA and math achievement. Prior 

to running the mediation analysis for Aim 3, a bivariate correlation was conducted 

between MA and Math achievement, which indicated a significant negative association 

between MA and math achievement (r = -0.54, p < .01). The relationship between MA 

and math achievement demonstrated a large effect size.  

Model Assumptions (Aim 3). Model assumptions for the mediation analysis were 

checked for potential violations. There were no violations of regression assumptions 

(e.g., linearity, normality, homoscedasticity, or independence of errors). Additionally, 

there was no interaction between the predictor variable of MA and the mediator variable 

of WM. Figure 3.1 shows the current study’s mediation model with pathways for 

analyses based on the recommendations of Baron and Kenny (1986), as well as 

MacKinnon (2008), the following paths were checked for significance: (1) path c, which 

is a model where WM predicts math achievement; (2) path a, which is a model where 

WM predicts MA; and (3) path b, which is a model where MA predicts math 

achievement. All path analyses were significant, and details on specific findings are 

reported next.  

Mediation Analysis Findings (Aim 3). Table 3.7 shows the standardized 

regression coefficients for the mediation model, while Figure 3.2 shows all path analyses 

with coefficients. Findings indicate that the regression of MA on math achievement, 
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ignoring the mediator of WM (path c), was significant, b = -11.73, t(57) = -6.07, p = < 

.01. This coefficient represents the total effect (path c’ + path a * path b), which was 

statistically significant from zero, t(57) = -6.07, p = < .01, with a 95% bias-corrected 

confidence interval completely below zero (-15.60 to -7.86). The total effect indicates 

that as MA increases by one unit, it’s estimated that math achievement will significantly 

decrease by 11.73 units. 

The indirect effect (i.e., the mediated effect) of the mediation model is the product 

of coefficients for path a and path b.  First, MA was regressed on WM, and results 

indicated path a was significant, b = -5.92, t(57) = -4.34, p = < .01, which suggest that as 

MA increases by one unit there will be a significant decrease of 5.92 units in WM. Next, 

WM was regressed on math achievement, and results indicated path b was also 

significant, b = 0.59, t(56) = 3.00, p = < .01, which suggest that as WM increases by one 

unit there will be a significant increase of 0.59 units in math achievement. Further, the 

significance of the indirect effect of -3.47 (i.e., product of path a and path b generated 

from non-rounded beta coefficients) was confirmed by a normal theory-based Sobel test 

(Z = -2.42, p = < .05). Further, a 95% bias-corrected bootstrap confidence interval was in 

agreement with the significance of the Sobel test as the confidence interval was 

completely below zero (-7.06 to -1.31). This significant indirect effect indicates that as 

two cases differ by one unit of MA, they are estimated to significantly differ in their math 

achievement by 3.47 units as a result of the effect of MA on WM, which in turn affects 

math achievement. In essence, as math anxiety increases we see a significant decrease in 

WM, which then predicts a significant, but smaller decrease in math achievement. The 

decrease in math achievement is smaller when WM is accounted for within the model, 
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suggesting that WM appears to significantly affect the relationship between MA and 

math achievement. 

Finally, the direct effect (path c’) represents the effect of MA on math 

achievement, controlling for WM. The direct effect was significant, b = -8.26, t(56) =      

-4.15, p = < .01, and statistically different from zero, t(56) = -4.15, p < .01, with a 95% 

bias-corrected confidence interval completely below zero from -12.25 to -4.27. This 

finding suggests that two individuals who differ by one unit on MA, but are equal in 

WM, are estimated to differ by 8.26 units on math achievement, where the individual 

with higher MA will have the lower math achievement score. 

Overall, results somewhat support the hypothesized mediation model. 

Specifically, the relationship between MA and math achievement was partially mediated 

by WM (i.e., there was a significant decrease in coefficients between path c and path c’). 

Findings suggest that as MA increases math achievement significantly decreases. Further, 

when WM is considered within the relationship between MA and math achievement, it 

appears that an increase in MA results in a decrease in WM ability, which then 

significantly predicted a decrease in math achievement. Subsequently, it appears that 

WM is an important factor to consider within the relationship between MA and math 

achievement. These findings support previous research that MA negatively impacts WM 

(Ashcraft & Kirk, 2011), WM negatively impacts math achievement (Ashcraft, 1995; 

Hitch, 1978), and that MA impacts math achievement because of its influence on WM 

(Ramirez et al., 2013).  
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Table 3.1. Descriptive Statistics  

  Group   

 Typical 
Learners MLD  Total 

Variables aScale M SD M SD  M SD 

Broad Math Cluster SS 117.10 14.45 86.47 14.42  101.53 21.06 

Numbers Reversed  SS 103.66 13.08 92.10 12.38  97.78 13.90 
bMath Anxiety  Z -0.36 0.68 0.30 1.11  -0.03 0.98 

cSEMA R 15.40 10.64 24.55 18.21  19.27 14.74 
dMARS-E R 50.50 13.44 65.58 22.29  59.18 20.25 

RCMAS-2 Total Score T 46.10 10.95 49.73 10.25  47.95 10.67 

Note. Total sample size N = 59 

aThe scale column represents the type of scale associated with scores for each measure. 

The following abbreviations are used: SS - Standard Score (M = 100, SD = 15); Z - z-

score (M = 0, SD = ±1.0); R - raw score; T- t-score (M = 50, SD = 10). 

bThe reader is reminded that as no single measure of MA captured the study’s age range, 

the Math Anxiety variable used for analyses was a computed z-score value created from 

the raw score total of either the SEMA or MARS-E. 

cSEMA: Scale for Early Mathematics Anxiety, administered to 2nd and 3rd graders. 

 dMARS-E: Math Anxiety Rating Scale for Elementary School Students, administered to 

3rd, 4th, and 5th graders. 
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Table 3.2. Stepwise Regression Analysis Results for EEG Coherence Variables (Aim 1) 

Step Variable β SE Adjusted R2 Change R2 
1    0.22  
 Intercept     0.25 0.13   
 Theta O2_F7 0.62** 0.15   
2    0.36 0.15** 
 Intercept     0.05 0.13   
 Theta O2_F7 0.79** 0.14   
 Alpha FP1_T6 -0.50** 0.14   
3    0.44 0.09** 
 Intercept     0.14 0.13   
 Theta O2_F7 0.74** 0.13   
 Alpha FP1_T6 -0.48** 0.13   
 Delta F3_F4 0.38** 0.13   
4    0.52 0.08** 
 Intercept     0.02 0.12   
 Theta O2_F7 0.72** 0.13   
 Alpha FP1_T6    -0.58** 0.12   
 Delta F3_F4 0.42** 0.12   
 Theta F3_O1 -0.35** 0.11   
5    0.55 0.04* 
 Intercept     0.10 0.12   
 Theta O2_F7 0.77** 0.12   
 Alpha FP1_T6 -0.57** 0.12   
 Delta F3_F4 0.50** 0.12   
 Theta F3_O1 -0.30** 0.11   
 Delta FP2_C4    -0.24* 0.11   
6    0.60 0.04* 
 Intercept     0.14 0.12   
 Theta O2_F7 0.66** 0.13   
 Alpha FP1_T6 -0.58** 0.11   
 Delta F3_F4 0.52** 0.11   
 Theta F3_O1 -0.38** 0.11   
 Delta FP2_C4    -0.26* 0.10   
 Theta O2_F8     0.27* 0.11   

Note. ** p <.01; * p <.05 
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Table 3.2. Continued Stepwise Regression Analysis Results for EEG Coherence (Aim 1) 

Step Variable β SE Adjusted R2 Change R2 

7    0.63 0.04* 
 Intercept     0.15 0.11   
 Theta O2_F7 0.63** 0.12   
 Alpha FP1_T6    -0.61** 0.11   
 Delta F3_F4 0.52** 0.11   
 Theta F3_O1    -0.32** 0.11   
 Delta FP2_C4 -0.29** 0.10   
 Theta O2_F8      0.27* 0.10   
 Delta C3_O2     -0.24* 0.10   
8    0.66 0.03* 
 Intercept     0.09 0.11   
 Theta O2_F7 0.73** 0.12   
 Alpha FP1_T6 -0.64** 0.10   
 Delta F3_F4  0.47** 0.11   
 Theta F3_O1 -0.33** 0.10   
 Delta FP2_C4     -0.23* 0.10   
 Theta O2_F8 0.25* 0.10   
 Delta C3_O2 -0.35** 0.10   
 Delta T5_CZ      0.27* 0.11   

Note. ** p <.01; * p <.05 
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Table 3.3. Intercorrelations Between Aim 1 Variables 

 

Variable 1 2 3 4 5 6 7 8 9 10 11 

1. Math Anxiety -           

2. Math Achievement -0.54** -          

3. Working Memory -0.42**  0.55** -         

4. Theta O2_F7  0.48** -0.37** -0.21 -        

5. Alpha FP1_T6 -0.21  0.10  0.17  0.33* -       

6. Delta F3_F4  0.37** -0.33* -0.26*  0.11 -0.02 -      

7. Theta F3_O1 -0.21  0.12  0.09 -0.14 -0.29*  0.09 -     

8. Delta FP2_C4 -0.03  0.07  0.08  0.19  0.01  0.33** 0.21 -    

9. Theta O2_F8  0.27*  0.05 -0.12  0.35**  0.08  0.04 0.24  0.19 -   

10. Delta C3_O2 -0.26*  0.04  0.06 -0.22 -0.24 -0.02 0.26* -0.09 -0.02 -  

11. Delta T5_CZ -0.07  0.25  0.04 -0.41** -0.14  0.04 0.15 -0.25 -0.09 -0.48** - 

Note. ** p <.01; * p <.05 
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Table 3.4. Multiple Regression Analysis Results Predicting MA (Aim 1) 

 

 

 

 

 

Step Variable β SE Adjusted R2 Change R2 

1    0.28  

 Intercept    -0.03 0.11   

 Math Achievement -0.03** 0.01   

2    0.29 0.02 

 Intercept    -0.03 0.11   

 Math Achievement -0.02** 0.01   

 Working Memory    -0.01 0.01   

3    0.71 0.44** 

 Intercept     0.02 0.11   

 Math Achievement -0.02** 0.01   

 Working Memory     0.01 0.01   

 Theta O2_F7   0.58** 0.12   

 Alpha FP1_T6 -0.57** 0.10   

 Delta F3_F4  0.34** 0.11   

 Theta F3_O1 -0.32** 0.10   

 Delta FP2_C4   -0.15 0.10   

 Theta O2_F8 0.31** 0.09   

 Delta C3_O2   -0.39** 0.10   

 Delta T5_CZ 0.37** 0.11   
Note. ** p < .01; * p < .05; β = unstandardized regression coefficient; SE = standard 
error of the coefficient 
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Table 3.5. Group Differences for Children with and without MLD on MA (Aim 2). 

       Control          MLD  

Dependent Variable      M SD   M  SD t-test 
a Math Anxiety  -0.36 0.68  0.30 1.11 -2.74** 

  Generalized Anxiety -1.85 10.95  1.78 10.25       -1.32 

Note. ** p < .01  
a Unequal variances assumed because homogeneity of variance was violated 
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Table 3.6. Multiple Regression Analysis Results Predicting MA (Aim 2) 

Variable B SE B β 

Intercept - 0.31 0.13  

Learning Group   0.46 0.18 0.24* 

Generalized Anxiety    0.03 0.01 0.31* 

Learning Group × Generalized Anxiety   0.05 0.02 0.41** 

Note. ** p < .01; * p < .05; B = unstandardized regression coefficients; SE B = standard 
error of the coefficient; β = standardized regression coefficient 
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Table 3.7. Mediation Model Coefficients (Aim 3) 

 Outcome Variable 

M (Working Memory)   Y (Math Achievement) 

Predictor Variable b SE p   b SE p 

X (Math Anxiety) a -5.92 1.37 < .01**  c' -8.26 1.99 < .01** 

M (Working Memory)  — — —  b 0.59 0.20 < .01** 

Constant i1 -0.16 1.67 0.92  i2 -0.23 2.170 0.92 

          
 R2 = 0.17   R2 = 0.42 

 F(1,57) = 18.80, p = < .01**   F(2,56) = 21.68, p = < .01** 

Note. ** p < .01; * p < .05 
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Figure 3.1. Mediation model with pathways labeled for path analyses (Aim 3) 
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Figure 3.2. Path analysis results for mediation model (Aim 3). Note that path c represents 
the total effect of math anxiety on math achievement (path c = c’ + ab). Additionally, 
path c’ represents the direct effect of math anxiety on math achievement, while the 
product of path a and path b represents the indirect effect.  
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 CHAPTER 4 

DISCUSSION 

Although MA has been extensively studied, there is a significant lack of research 

on MA using EEG. A stronger understanding of the neurobiological basis of MA should 

be developed, and the present study sought to contribute to this line of research. 

Establishing biological underpinnings related to MA may help clarify features of MA and 

differentiate it from similar constructs like GAD and MLD.  

Aim 1 of the current study sought to examine the degree to which the variance of 

MA can be explained by math achievement, WM, and EEG coherence. Hypothesis 1a 

predicted that as MA increased, academic performance on tasks that require mathematics 

would decrease. Hypothesis 1b predicted that as MA increased performance on WM 

would decrease. Hypothesis 1c predicted that as MA increased there would be a decrease 

in frontal parietal coherence, due to adult EEG research indicating an association between 

MA and frontal regions of the brain.  

Significant findings from Aim 1 of the current study found that as MA increased, 

academic performance on tasks that require mathematics decreased, which supported 

hypothesis 1a. This finding is in agreement with research that MA negatively impacts 

math achievement (Ashcraft, 2002; Chinn, 2009; Ma & Xu, 2004; Meece et al., 1990; 

Miller & Bichsel, 2004; Richardson & Suinn, 1972; Wigfield & Meece, 1998), and 

suggests that children with higher MA have lower performance on math. Additionally, 

results from the hierarchical linear regression suggest that WM does not add statistically 
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significant variance to the prediction of MA, above and beyond math achievement. 

Subsequently, hypothesis 1b was not supported, but this finding is in agreement with 

research that suggests WM does not influence MA, but MA influences WM (Ashcraft & 

Kirk, 2001; Ashcraft & Krause, 2007). Additionally, the addition of EEG coherence 

variables selected from stepwise regression resulted in a statistically significant increase 

in the amount of explained variance in the prediction of MA, which supports hypothesis 

1c. As this study is believed to be the first investigation of EEG coherence and MA in a 

childhood population, findings from Aim 1 may support literature regarding the 

neurobiological underpinnings of MA. 

The Stepwise regression indicated EEG coherence for theta O2_F7, alpha 

FP1_T6, delta F3_F4, theta F3_O1, theta O2_F8, delta C3_O2, and delta T5_CZ were 

significant for the prediction of MA. Again, given that there are no other studies of EEG 

coherence with MA, a stepwise regression was used for exploratory analyses. However, 

caution is needed in interpreting these variables due to potential chance variation in 

findings from the stepwise regression. Despite potential limitations associated with a 

stepwise regression, it is noted the first 5 and strongest variables associated with MA (as 

indicated by the order of variables), involved electrodes in the frontal region, and most 

included frontal-posterior coherence recordings. Despite no clear pattern for EEG 

bandwidth, frontal to occipital regions (long-range connectivity) were all in theta. 

Subsequently it appears that long-range connectivity between frontal and posterior 

regions in slow wave activity (theta) may be important for understanding MA. 

Specifically, mathematics requires WM (Passolunghi & Siegel, 2004; Passolunghi, 

Vercelloni, & Schadee, 2007; Raghubar, Barnes, & Hecht, 2010), as well as visual 
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processing (Campbell, Collis, & Watson, 1995; Taub et al., 2008). Frontal regions are 

associated with WM (Jonides et al., 1993; Owen, McMillan, Laird, & Bullmore, 2005), 

and occipital regions are associated with visual processing (Gazzaniga et al., 2014). Thus, 

disruptions in long-range connectivity between visual-processing areas (occipital), and 

thinking areas (frontal), may produce disruptions in math cognition, which in turn 

contributes to math anxiety. However, given that this is the first study to examine MA in 

children using EEG coherence, future research is needed to confirm and expand upon 

these findings.   

Aim 2 of the current study also sought to clarify the relationship between MA and 

MLD, as previous research has indicated these are distinct constructs (Krinzinger, 

Kaufmann, & Willmes, 2010; Rubinsten & Tannock, 2010).  Results from the t-tests 

indicated significant group differences between children with and without MLD for MA, 

but not for GAD. Specifically, children with MLD had higher levels of MA, and 

differences were noted for GAD, but they were not statistically significant. However, 

given that significant group differences were noted for MA, a multiple linear regression 

analysis was conducted to further clarify the relationship between MA and MLD. Results 

from the multiple linear regression for Aim 2, supported hypothesis 2, which predicted 

that children with MLD would score higher on MA than children without MLD, when 

controlling for GAD. This finding suggests that children with MLD have anxiety 

conditions specific to learning math that does not occur at the same level as children 

without MLD. Subsequently, findings from Aim 2 of the current study have important 

implications for understanding the relationship between MA and MLD. Additionally, 

there are presently no evidence-based interventions for MA, and findings from Aim 2 
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suggest there is a high need for intervention efforts that directly target MA verses 

generalized anxiety.  

Finally, Aim 3 of the current study sought to clarify the relationship between MA, 

WM, and Math achievement. Hypothesis 3 anticipated that MA would predict math 

achievement, with WM acting as a mediator. Results for this hypothesis were somewhat 

supported in that WM acted as a partial mediator for the significant negative relationship 

between MA and math achievement. These findings suggest that when children have 

higher MA, their WM abilities decrease, which in turn results in a decrease in their math 

achievement. If children’s WM is occupied by anxious thoughts then they are less able to 

manage the incoming information necessary to successfully complete math tasks 

(Ashcraft & Kirk, 2001; Eysneck & Calvo, 1992). Subsequently, the relationship between 

these variables has important implications for assessment and interventions within the 

school, as well as future research. However, limitations of the present study are discussed 

next. 

Limitations 

 The findings from the current study are interesting and exciting for the literature 

surround MA; however, this research is not without limitations. First, given the 

exploratory nature of the current study, the overall sample size was small (N =59). This 

sample size is likely not sufficient for statistical power, especially for the mediation 

analysis, which requires a significantly larger sample (Fritz & McKinnon, 2007). Second, 

as previously discussed within the assumptions section for the hierarchical linear 

regression associated with Aim 1, the sample used for analysis included some unusual 

data points. However, the data was not removed given the current study’s small sample 
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size. Third, the current study involved cross-sectional data, which does allow causal 

inferences to be made. Subsequently, given these limitations, caution should be used in 

generalizing findings from the current study to the general population within the United 

States. Future research should be conducted with a significantly larger sample to allow 

for improved representation of the general population within the US, to improve 

statistical power, and allow for a better understanding of unusual data points, which were 

noted within the current study. 

Additionally, there was no one measure of MA that captured the current study’s 

age range, which resulted in the conversion of raw score totals from the SEMA 

(administered to 2nd and 3rd graders) and MARS-E (administered to 4th, 5th, and 6th 

graders) into z-scores to allow scores to be comparable. Subsequently, future research 

could focus on the creation of a single measure of MA that captures this construct during 

the elementary school ages. Finally, the exploratory nature of Aim 1 involving the use of 

a stepwise regression method for the selection of EEG coherence variables was not ideal. 

Again, stepwise regression is useful for exploratory purposes, but variables must be 

interpreted with caution because of the potential for chance variation in results. A 

potential future study could specifically select frontal-parietal electrode pairs to examine 

whether coherence between them is modulated by MA. More research is needed to either 

confirm or discredit findings from the current study and to guide theory on the 

neurobiological underpinnings of MA.  

Implications and Future Directions for Research 

There is great promise for future research in the area of MA, as we need to 

increase the breadth and depth of neurobiological research within this area. By continuing 
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research on MA we will hopefully improve our understanding of the etiology and 

neurobiological contributors to MA. This will further differentiate MA from other 

similar, but unique constructs like MLD and GAD. Additionally, increasing our 

knowledge of neurobiological mechanisms associated with MA will improve intervention 

efforts and help children with MA and comorbid MLD achieve greater personal and 

academic success. If research regarding the neurobiological underpinnings of MA 

advances enough, it could be possible to one day reliably identify patterns of brain 

activity associated with MA. If researchers are able to achieve this potential goal, then 

children could be identified rapidly via a brief EEG recoding, and subsequent 

intervention efforts could begin sooner and could be more specific by focusing on areas 

of the brain that are under- or over-activated. 

From a more practical stance, the hope for all children in schools is to achieve 

academic success, which involves accurately learning and using academic skills that will 

have real-world applicability within their future. However, some children struggle with 

the acquisition of academic skills like mathematics, which has significant negative 

implications for their adult lives. Within the current era of evaluation, children who have 

trouble learning are often put through a rigorous evidenced-based model of intervention 

(e.g., Response-To-Intervention) without regard or knowledge to their emotional needs. 

Little research exists examining how interventions strategies like RTI may increase 

distress in individuals who struggle with domain-specific anxiety, which is problematic 

for children with comorbid learning disabilities and MA. 

 When engaging in RTI, if behaviors associated with anxiety are noticed then 

schools need to be aware that those behaviors indicate anxiety and that they should refer 
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the child for a comprehensive evaluation sooner, as opposed to continuing to challenge 

them, potentially decreasing motivation and self-esteem surrounding academics like 

math. Examples of behaviors to look for include: task avoidance (Elliot & Sheldon, 

1997); negative self-talk (e.g., criticizing; Treadwell & Kendall, 1996); low attendance 

(could be sign of school refusal; Last & Strauss, 1990); worry, which may manifest by 

seeking approval from teachers or peers or difficulty transitioning between task because 

thoughts are occupied (APA, 2013); and/or an agitated appearance when working 

(Ashcraft, 2002).  

When kids continue to struggle to learn within RTI, comprehensive assessment 

occurs to (a) identify potential reasons for why a child continues to struggle with an 

academic area, and (b) to identify alternate interventions that will remediate the academic 

issue. Findings from the current study support previous research that suggests MA 

negatively impacts math achievement (Ashcraft, 2002; Chinn, 2009; Ma & Xu, 2004; 

Meece et al., 1990; Miller & Bichsel, 2004; Richardson & Suinn, 1972; Wigfield & 

Meece, 1998). This finding has significant implications for assessment and interventions 

with children who have a specific learning disability in mathematics. 

Specifically, assessment of children who struggle with mathematics should rule 

out concerns for MA. Additionally, assessment for math learning difficulties should also 

account for the influence of WM ability and it’s influence on math achievement 

(Ashcraft, 1995; Hitch, 1978). Findings from the current study suggest that when WM is 

accounted for within the relationship between MA and math achievement, there appears 

to be a smaller decrease in math achievement. Thus, it is critical to assess both WM and 

MA as factors that potentially contribute to poor math achievement. If assessment 
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suggests that the child has high MA and high WM ability, we could anticipate 

interventions focused on improving MA to improve math achievement.  

Additionally, there are important implications regarding the development and 

implementation of specific interventions within the school for students with MA. MLD 

has several widely accepted interventions, (e.g., PALS—Peer Assisted Learning 

Strategies; Calhoon & Fuchs, 2003; Fuchs, Fuchs, Mathes, & Simmons, 1997), but these 

interventions should incorporate a component targeting MA, especially since children 

with math learning difficulties are also more likely to struggle with MA (Nelson & 

Harwood, 2011; Wu et al., 2014). Further, findings from the current study also suggests 

that children with MLD have anxiety specifically surrounding the skill of learning math 

that is not present at same level as children without MLD. Unfortunately, there are 

currently no evidence-based interventions specifically for MA, so interventions regarding 

reduction of generalized anxiety are discussed.  

Reducing general anxiety helps to reduce the role that negative cognitions (i.e., 

interfering thoughts) plays on learning (Eysneck & Calvo, 1992). Additionally, 

addressing general anxiety within interventions may help reduce significant negative 

implications of MA on self-confidence (Hembree, 1990), increased motivation via 

improved perceptions of competence (Eccles & Wigfield, 1995; Eccles et al., 1993), and 

decrease task avoidance (Chinn, 2009; Hembree, 1990). All of these factors are 

influencing a child’s ability to be academically successful. Therefore, interventions 

should consider incorporating self-regulation strategies, as they are currently used and 

effective for decreasing anxiety in children with GAD (e.g., mindfulness; Miller, 

Fletcher, Kabat-Zinn, 1995).  
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Specifically, self-regulation is needed to help calm students, because if children 

are not in a relaxed state when completing an intervention, it will be difficult for them to 

learn. MA children can become distracted by negative thoughts, which increases their 

odds for failure, reinforcing anxious thinking (Chinn, 2008). Further, if they are more 

anxious and not experiencing success they will likely experience decreased motivation 

towards academics (Wigfield & Eccles; 2002). Also, if a child has high MA, it would not 

be beneficial to subject the child to repetitive intervention efforts for mathematics (e.g., 

math fact drills), as this would have the potential to elevate their MA and further harm 

their math achievement. Rather, intervention efforts focused on improving math 

achievement need to carefully account for MA.  

Again, there are currently no standardized evidence-based interventions 

specifically for MA. However, a recent study by Supekar and colleagues (2015), 

examined the use of a one-on-one math tutoring program as a potential intervention for 

the reduction of MA. Data from 28 third grade students were used for analyses, with the 

SEMA being used to divide students into either a high MA (n = 14) or low MA group (n 

= 14). Of interests, MRI scans were completed for each child before and after the tutoring 

program to better understand how the tutoring intervention impacted neural circuits. 

During the scans children completed a control task where they identified numbers, as 

well as an addition task. Children were allowed to being the tutoring program following 

successful MRI scans.  The program incurred for a total of 22 tutoring sessions, 

approximately 3 per week, which equated to 15 to 20 hours of intervention over the 

course of 8 weeks. Sessions 1-4 involved the familiarization of manipulative used during 

tutoring, conceptual components of addition and subtraction, as well as practicing math. 
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Sessions 5 and 6 taught an addition strategy and a subtraction strategy. Sessions 7 

through 22 each followed the same structure and involved practicing the use of math 

strategies with problems that increased in difficulty (see Supekar, Iuculano, Chen, & 

Menon, 2015 for specific details). 

 Results from Supekar and colleagues (2015) study found that children had greater 

reductions in MA when scans indicated a significant reduction post-tutoring in amygdala 

reactivity, which is a brain region involved in the regulation of emotion (Young et al., 

2012). Additionally, results found that children within the high MA group had 

significantly lower ratings of MA on the SEMA following the tutoring program, which 

the authors suggested was consistent to exposure-based therapy (Wolitzky-Taylor, 

Horowitz, Powers, & Telch, 2008). Specifically, children who struggle with MA are also 

avoidant of math, so the tutoring program was believed to reduce MA by decreasing the 

anxiety response to exposure of math stimuli. This study is instrumental in beginning a 

line of research geared specifically towards interventions for MA, but it is important to 

note that children in the high and low MA groups did not differ in their math achievement 

(Supekar et al., 2015). Subsequently, it is plausible that the children within the high MA 

group did not have true MA. Additionally, there is a concern that for children with 

extremely elevated MA, exposure-based therapy may exacerbate symptoms if other 

anxiety-reduction techniques (e.g., deep breathing) are not incorporated within the 

intervention. 

Another potential anxiety-reduction intervention that could help decrease MA to 

improve math achievement involves the use of cognitive re-appraisal. This strategy 

involves individuals adjust or “re-appraising” their interpretation of an anxiety-provoking 
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situation, which can lead to a decrease in an increase positive emotional experience 

(Gross & Thompson, 2007). Young children are able to use cognitive reappraisal to cope 

with negative emotions (Davis, Levine, Lench, & Quas, 2010), so it’s plausible that 

children who struggle with MA could use such an approach. For example, if children 

with high MA were to re-appraise an anxiety-provoking math stimulus or scenario as 

non-threatening, then perhaps they would experience less anxiety. A child might 

originally state, “I can’t do this math problem. It’s too hard and I’ll get it wrong.” A 

cognitive re-appraisal of that scenario might be “This is a hard math problem, but I’ll use 

my best effort, and learn from any mistakes I make.” However, as previously stated, the 

literature on MA interventions is presently limited to non-existent, indicating future MA 

research is needed within this area to reduce the negative effects of MA on both WM and 

math achievement.  
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