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Abstract
Adolescence is a critical period during which the brain undergoes dramatic changes that ultimately influence life-long behavior and health. Concerningly, this period of maturation is increasingly accompanied by declines in physical activity, poor diets, and the development of obesity, type II diabetes, and cardiovascular disease (Andrade et al., 2016; Dumith et al., 2011; Goran et al., 2003). Investigations into the causes and consequences of (and the brain’s role in) such trends is essential to overcoming the escalating public health crises. Central to these problems is an imbalance in caloric intake and expenditure, or a disruption in energy homeostasis (World Health Organization [WHO], 2021). We therefore set out to explore the association between health behaviors related to energy homeostasis and cognition in adolescents. Our study comprised 3,143 children between the ages of 10-13 years old from the large cohort enrolled in the Adolescent Brain Cognitive Development® (ABCD) study; the analysis employed nested, 5-fold, cross-validated elastic-net regression models to test the hypothesis that two behaviors underlying energy homeostasis—diet and physical activity—are associated with crystallized and fluid cognitive outcomes in adolescents and brain activity in a number of regions of interest (ROIs) during the n-back working memory task. Further, we predicted that these findings would be generalizable to a held-out (“lockbox”) validation set containing 20% the original sample. After controlling for potential covariates, these predictive models suggest fluid cognition may be positively associated with physical activity and unrelated to diet (R2train = 0.048; R2validate =0.025), while crystallized cognition may be unassociated with physical activity, negatively associated with Western-style diets, and positively associated with healthy diets (R2 train = 0.059; R2 validate =0.056). However, models did not reliably predict brain activity during the n-back during cross-validation. The approach yielded generalizable non-imaging cognitive correlates of dietary patterns and physical activity levels, ultimately emphasizing the significance of these adaptable health behaviors to cognitive outcomes. Such research helps identify multimodal targets for public health policies required to combat these trends and minimize health inequity. 
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Introduction
The balance of energy intake and expenditure has been carefully regulated in humans to maintain weight and ensure survival throughout our evolution (Flier, 2004). However, this balance has become disrupted in high income countries where risk of overconsumption surpasses that of starvation (Houle, 2013). Industrialization and technological advances have facilitated this disruption by enabling increasingly sedentary lives and wide-spread access to calorie-dense but micronutrient-poor foods. In the United States, over 60% of adults and nearly 80% of adolescents are insufficiently physically active (Centers for Disease Control and Prevention [CDC], 2008). This fall in physical activity juxtaposes the tripling of consumption of fast-food meals, which has resulted in a quadrupling of energy intake from these foods (Lin et al., 1999; Rippe & Angelopoulos, 2012). The human body has not evolved to combat this positive energy balance, and skyrocketing rates of obesity, diabetes, and heart disease worldwide have accompanied such lifestyle changes (Cordain et al., 1998; Hill & Peters, 1998; Koplan & Dietz, 2000; Koplan et al., 2004; Kumanyika et al., 2000). A particularly concerning example is the quadrupling of childhood obesity rates in the United States in the last 50 years (CDC, 2021b). The United States’ future health climate appears even more grim when we add to these considerations that obese children are about five times more likely to be obese adults (Janssen et al., 2005; Simmonds et al., 2016), obesity increases the risk for other adverse health conditions (CDC, 2022b) and more serious complications of obesity do not emerge until adulthood (Di Angelantonio et al., 2016). 
While a multitude of factors (i.e., behavioral, genetic, environment, social) are involved in disease development, obesity is fundamentally caused by an imbalance in energy intake and expenditure (CDC, 2022b). Fortunately, energy balance can be achieved through lifestyle changes. However, the emergence of obesity in adolescence may make preserving this balance through lifestyle changes particularly difficult, as adolescence is a period during which the brain matures and lifestyle behaviors such as diet and physical activity become engrained (Telama et al., 1997; Lau et al., 1990). Research investigating functional and structural brain changes associated with adolescent obesity have found links between the disease and decreased attention, memory, and impulse control as well as altered white and gray matter volumes (Liang et al., 2014; Lu, 2016; Reyes et al., 2015). Concerningly, adolescent obesity may contribute to dysregulation in neural pathways involved in making dietary choices, leading to increased consumption of calorie dense food and further weight gain (Rapuano et al., 2020; Décarie-Spain et al., 2018).
 In addition to altered neurocognitive outcomes in youth, childhood obesity’s link to type II diabetes, hypertension, depression, and inflammation raises the risk of further cognitive decline and even dementia in adulthood (Gustafson, 2006; Luchsinger & Gustafson, 2009). The economic impact of these diseases and behaviors on society is alarming; the annual direct costs of childhood obesity in the US are estimated at about $14.3 billion and the current level of overweight adolescents is predicted to result in nearly $45 billion in direct medical costs from 2020 to 2050 (Hammond & Levine, 2010; Trasande & Chatterjee, 2009; Cawley, 2010). Disease burden is not shared equally in the United States, however; the greatest prevalence of obesity is found among ethnic and racial minorities, women, and individuals from lower socioeconomic backgrounds (Zhang and Wang, 2004). Factors that most influence the likelihood of developing obesity include income below poverty level, receipt of food stamps, unemployment, and general income level (Akil & Ahmad, 2011). Policies that hope to effectively prevent or reduce obesity and related disease will therefore need to offer solutions that address these disparities. 
The need for public health policies aimed at preventing obesity and diabetes in children is great. However, the research required to craft viable and sustainable strategies is lacking: the biological mechanisms underlying the causal pathway that links behavior to the brain to disease diagnosis (and the directionality of these relationships) is not well understood. Research focusing on behavioral factors associated with obesity in children and how those factors impact the developing brain is essential to understanding the full scope of consequences of the disease and may offer insights into more effective public health strategies. Many studies suggest the significance of diet and physical activity—behaviors underlying energy balance, or homeostasis—both to cognition and physical health (Andrade et al., 2016; Kim & Kang, 2017; Archer et al., 2014; Chaddock‐Heyman et al., 2014; Sibley & Etnier, 2003). Investigations that consider the relationships between the brain and behaviors involved in energy balance are essential to help identify dysregulation in neural pathways that may support the development of these comorbidities during adolescence and consequences for the future health of the population.
Previous work has focused on observing adult populations and the potential of diet and physical activity to address age-related cognitive decline. Understanding how health behaviors alter cognitive outcomes in children is an understudied area, but one that is essential to identifying primary prevention targets and improving population health from the base up. This project therefore investigates how two health behaviors involved in the pathophysiology of obesity and related cardiovascular diseases—energy expenditure and intake—affect neurocognition in adolescents.
To study this relationship, we used data from the Adolescent Brain Cognitive Development® (ABCD) study. The ABCD® study is an ongoing longitudinal study that allows for the investigation of such relationships by describing and tracing adolescent brain development through the collection of neurocognitive, psychological, biological, and functional and structural imaging data. Using data from a sample of 3,143 children from the ABCD® study, we performed a regression analysis to investigate how dietary patterns and physical activity levels were related to two cognitive outcomes and brain activity in two regions of interest during the n-back working memory task. Based on the role of positive energy balance in the pathophysiology of obesity, we predicted that dietary patterns higher in whole foods, fruits, and vegetables and higher physical activity levels would be correlated with higher cognitive task scores, while dietary patterns high in calorie dense, high-fat high-sugar foods and lower activity levels would be correlated with lower task scores.
 To confront the childhood obesity epidemic and the longer-term consequences of childhood obesity that will emerge as the population ages, understanding the impact of such lifestyle behaviors on cognition is an essential step to developing and optimizing primary prevention interventions. Studying how such factors affect the adolescent brain’s function and development is crucial to understanding the adult brain, how behaviors and habits are cemented, and why health equity is paramount to solving these problems.
Chapter 1: review of the Literature 

The following review of the current literature will focus on: (1) brain maturation and cognitive development during adolescence; (2) how obesity impacts the adolescent brain (3) connections between physical activity, diet, and cognition; (4) previous research in this area from the ABCD® study; and (5) implications for social equity and policy reform. Our project will fill an academic niche by focusing on a large and diverse adolescent population and considering both physical activity and diet. 
Adolescent Brain Development
	Though the brain changes throughout life, preadolescence and adolescence is linked to particularly rapid changes in brain structure and function. Current models of adolescent brain development describe adolescence as a critical time during which essential social and decision-making skills—or executive functions—are established (Anderson et al., 2001). The lagging development of the prefrontal cortex characterizes brain development in adolescence. This region of the brain is believed to be responsible for executive functions such as behavioral control, planning, and risk evaluation (Selemon, 2013). Because the prefrontal cortex matures later than other parts of the brain, adolescents may have developed sensory, motor, and reward circuitry but underdeveloped executive functions (Konrad et al., 2013). In addition to changes in prefrontal cortex function, results from a longitudinal MRI study demonstrated that adolescence is marked by linear increases in the volume of white matter in the brain, and non-linear changes in the volume of gray matter in the brain (Giedd et al., 1999). This shift results from synaptic pruning, the elimination of neuronal connections to tune neural circuits more finely. 
This time of increased neural plasticity, the growth and reorganization of the nervous system, is hypothesized to contribute to risky behaviors commonly seen in adolescence (Konrad et al., 2013). Such processes may also contribute to the brain’s sensitivity to environmental and experiential influences during adolescence (Blakemore & Choudhury., 2006). While the vulnerability of the adolescent brain warrants concern, the same vulnerability is an opportunity to introduce positive influences that result in lasting, healthy behavioral changes.
The Obese Brain
Many studies have demonstrated that overweight and obesity in children is negatively associated with several cognitive measures. However, specific features of cognition seem to be differentially related to overweight and obesity (Fergenbaum, 2009; Lu, 2016). Focusing on which components of cognitive function appear to be negatively associated with disease progression may help identify neural pathways that are particularly sensitive to obesity-related cognitive impairments and help us better understand how diet and physical activity might protect against or facilitate these impairments (Jones et al., 2018).  
Many of the neurocognitive tasks we will describe fall under three components of cognition: crystallized cognition, fluid cognition, and executive functions. Though these components share features, there are important distinctions. Crystallized cognition can be described as knowledge or skills developed over time through education and previous experiences (Stawski et al., 2013); fluid cognition involves adapting to novel situations and solving new problems using reason (Baltes et al., 1999); and executive functions are responsible for higher functions such as goal-oriented behavior, inhibition control, attentional control, and working memory (Horn & Cattell, 1966; Van Aken et al., 2016). Some authors, finding fluid cognition and executive functioning to be highly overlapping, consider them to be synonymous (Diamond, 2013; Van Aken et al., 2016). While this overlap is notable, for the purposes of this project they are referred to separately.
Many studies have found negative relationships between inhibitory control—an executive function and element of fluid cognition—and weight in children, such that higher body mass index (BMI) is associated with lower performance on tasks measuring inhibitory control. A study investigating the link between adiposity and cognition in a group of 126 pre-adolescents found higher BMI to be negatively associated with tasks demanding high levels of inhibitory control (Kamijo et al., 2012). Another study compared executive functions in 93 overweight/obese children to 92 normal weight children, finding that the overweight/obese children had slower reaction times during the Stroop task (a measure of attentional control) and higher reaction time variability on the go/no-go task (a measure of inhibitory control); the authors warn that such decreased inhibitory control associated with overweight might contribute to excessive food consumption, and ultimately lead to further increases in weight (Reyes et al., 2015). 
However, whether overweight leads to decreased inhibitory control or if decreased inhibitory control leads to overweight is unclear, and more longitudinal research is required to evaluate directionality and causality. A longitudinal study comparing executive functions (inhibitory control, working memory, cognitive flexibility) to BMI in 294 elementary schoolers addressed this problem, finding that better executive functions early in the study predicted lower BMI in the future, but that BMI early in the study did not predict future cognitive functions (Tomaso et al., 2022). This research suggested that executive function, particularly inhibitory control, may protect against weight gain. Decreased executive functioning is particularly concerning because lower cognitive ability can lead to poor health literacy and decisions about health behaviors, diet, and physical activity level (Kanoski et al., 2014). Despite the results of Tomaso et al.’s study, the authors themselves were in agreement with others that it is more likely that multidirectional and factorial influences on this dynamic exist across one’s lifespan, supported by findings including how weight loss has led to improved cognitive abilities in adolescence, certain diets are associated with cognitive deficits, and physical activity prevented cognitive decline even in those already overweight (Elias et al., 2012; Vantieghem et al., 2018; Martin & Davidson, 2014; Groppe & Elsner, 2017; Hartanto et al., 2019; Coll-Padrós et al., 2019). More longitudinal studies that measure cognitive outcomes and adiposity at multiple timepoints in children are needed to better understand these dynamics and how interventions can be the most impactful. 
Many studies specifically support obesity’s negative relationship with fluid cognition. A large study with a sample of 1,172 people aged 35-64 years used multiple logistic regression models to measure the association between cognitive performance and metabolic markers including insulin resistance and BMI (Sanz et al., 2013). The study found that elevated BMI was associated with reduced cognitive performance on tests evaluating processing speed, such that participants in the upper quartile of BMI were at a nearly doubled risk of scoring in the lowest quartile on the tests compared to participants in the lowest quartile of BMI (Sanz et al., 2013).  Another study found significant inverse associations between elevated BMI and fluid intelligence after comparing cognitive outcomes in 55 participants falling into either normal weight, overweight, or obese categories (Spyridaki et al., 2014). In the same study, chronic-low grade inflammation was identified as a potential mediator for this relationship. Chronic-low grade inflammation is suggested as one of the earliest consequences of weight gain and obesity and might contribute to all the other pathophysiological consequences of obesity; not incidentally, chronic-low grade inflammation is also associated with impaired cognition and increased risk of Alzheimer’s disease (Spyridaki et al., 2014; Luchsinger et al., 2004). Lower circulating concentrations of the inflammatory markers used to measure chronic low-grade inflammation are associated with healthy diets that feature whole grains, vegetables and fruits, and fish (Calder et al., 2011). On the other hand, foods high in saturated fats and refined sugars have been found to elevate inflammatory markers in the blood (Calder et al., 2011). Such findings may help explain how, through chronic low-grade inflammation, specific diets may lead to the deleterious outcomes of overweight and obesity.  
Whatever the causal direction may be, sedentary behavior and diets high in sugars and saturated fats seem to consistently be associated with both weight gain and impaired executive functions (Davis et al., 2011; Volkow et al., 2011). Figure 1 (Liang et al., 2014) shows a hypothetical relationship for how targeting these obesity-related behaviors may simultaneously support cognitive function and reduce weight. 
Figure 1 
Neurocognitive model of obesity and obesity-related behaviors
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Note. From “Neurocognitive correlates of obesity and obesity-related behaviors in children and adolescents” by J. Liang et al., 2014, Int J Obes 38, 494–506. (https://doi.org/10.1038/ijo.2013.142)
Though considering how overweight and obesity affect these modalities of cognition is important, ultimately preventing overweight before it becomes clinically diagnosable as “obesity” is desirable; therefore, research that investigates the behaviors that lead to weight gain and obesity will bolster the associations we will discuss with stronger modifiable, behavioral targets.
Physical Activity, Diet, and the Brain
Though prior research suggests that routine physical activity and healthy diets low in saturated fats and sugars are beneficial to cognition and mental health, the current body of work focuses mainly on the neuroprotective potential of such lifestyles for aging populations; there exists a gap in the literature for how these factors affect adolescent brain development. The belief that adolescents are at a “cognitive and physical peak” and therefore are not critical public health targets is a misconception; the alarming decline of children’s health in recent years necessitates more research dedicated specifically to this group. The onset of diseases such as obesity, which previously did not emerge before adulthood, has appeared in adolescents in tandem with substandard diets and levels of physical activity (Secretary of Health and Human Services and the Secretary of Education, 2006). In adolescence, diet is the poorest compared to all other age groups and physical activity (PA) declines relative to childhood (Andrade et al., 2016; Dumith et al., 2011). The economic burden of such trends in Western society is not trivial: annual healthcare costs associated with inadequate PA were estimated to be $117 billion in 2015 (Carlson et al., 2015). 
Concerningly, fewer than 40% of Americans seem to follow minimal dietary recommendations set out by the United States Department of Agriculture, which in 2006 included eating five servings of fruits and vegetables daily and consuming less than 10% of calories from saturated fat (Guenther et al., 2006; U.S. Department of Agriculture, 2006). Supporting healthy food choices early is a critical target for establishing more desirable dietary trends and reducing population weight gain and establishing more desirable dietary trends, as supported by the finding that healthy dietary patterns in adolescence are associated with weight loss 10 years later (Hu et al., 2016). The importance of forming healthy dietary habits early on is further heightened by the difficulty adults have with altering behavior to maintain weight loss; in a meta-analysis of 29 weight loss studies, more than half of the weight lost was regained within two years, and 80% of lost weight was regained by five years (Hall & Kahan, 2018). Research specific to adolescents may support health policies that optimize physical and cognitive health from a young age to minimize the potentially exponential burdens of such trends.
 In addition to focusing on cognitive decline in older populations, much of the available research focuses on the cognitive impact of one type of food or exercise on a small population or in animal models. In such studies, exercise has protective effects against the detriments of high fat diets (HFD) and rodent studies suggest that a diet rich in specific nutrients combined with routine exercise may provide a synergistic effect (Wu et al., 2008). While such work provides important support for our project, we will take a further step by considering both dietary patterns and physical activity (PA) in a large and diverse population of adolescents, which will enable us to better understand these differences in a variety of socioeconomic and demographic contexts.
Physical Activity and the Brain
The view of ‘exercise as medicine’ to reduce disease burden is becoming increasingly accepted; healthcare experts now recommend prescribing an ‘exercise pill’ to prevent disease, as exercise has no side effects but similar benefits as medication in terms of preventing several cardiovascular diseases associated with obesity (Khan et al., 2011; Warburton et al., 2006; Naci & Loannidis, 2015). However, these studies focus on improving diseases already in progress. Identifying how lifestyle behaviors affect cognitive outcomes in children prior to later stages of disease is critical to both understanding factors leading to disease progression and to minimizing disease burden at an early stage; determining the optimal dose and modality of physical activity for cognitive development and function will be essential to this process. 
We will therefore begin this discussion considering how regular physical activity (PA) improves cognition and cognitive health, physical health, and mortality (Archer et al., 2014; Chaddock‐Heyman et al., 2014; Sibley & Etnier, 2003). A promising study that focused on exercise in young adults found that working memory capacity in participants who met CDC exercise guidelines (defined at least 30 min of leisure-time PA at least five times per week or 20 min of vigorous PA at least three times/week) was higher than in those individuals who did not meet the guidelines (Lambourne, 2006). Another study saw a number of prefrontal cortex-dependent tasks improve with acute exercise, including the Eriksen Flanker task, the n-back task, and the go/no go task (Basso & Suzuki, 2017).  Furthermore, a longitudinal study by Sacker and Cable (2006) found a significant association between an individual’s PA in adolescence and their psychological well-being 15 years later. The implementation of a 12-week volleyball and gymnastics intervention program for Turkish 4th and 5th graders resulted in 83% higher attention levels for children on the intervention (Adsiz et al., 2012). Overall, such results offer compelling evidence of the benefit of PA on cognition. 
However, the dose-dependent nature of this relationship is not well understood: is more PA at a greater intensity always better? Is there some minimum of PA needed to reap the benefits? Such questions are important to consider when designing public health guidelines that are both effective and sustainable to adopt. A meta-analysis considering the effect of exercise intervention on cognition in adults aged 50 years or older identified that PA sessions needed to be at least 45 minutes long and performed at a moderate to vigorous intensity to have a positive effect (Northey et al., 2018). Some findings suggest the benefits of PA follow an inverted-U shaped curve, in which moderate intensity PA results in a larger effect than light and vigorous intensity PA (Lambourne & Tomporowski, 2010; McMorris & Hale, 2012). Other studies indicate that very light, light, and moderate intensity PA benefit cognition, but hard, very hard, and maximal intensity PA are not beneficial (Chang et al., 2012; Brown et al., 2017). Of importance to the consideration of PA intensity and cognitive outcomes, a study measuring PA intensity in 167 older adults found an association between moderate intensity PA and increased dorsolateral prefrontal cortex gray matter volume, an association that was not found for light or vigorous intensity physical activity (Northey et al., 2020). Combined, such results seem to suggest a happy medium exists, where moderate intensity PA has the largest benefit. 
 When considering PA’s more long-term effects, higher frequency and intensity seem to be beneficial and have been associated with declines in Alzheimer’s Disease, cancer, and cardiovascular disease. A meta-analysis involving pooled data from six studies in the National Cancer Institute Cohort Consortium used Cox proportional-hazards regression models to investigate the effect of PA intensity on mortality associated with these diseases (Arem et al., 2015). The study found that individuals performing one to two times the minimum PA recommended by the CDC (2008) had a 31% lower risk of mortality than individuals performing no exercise. Additionally, they found an upper threshold of benefits to mortality of 39% at 3 to 5 times the PA recommendation (Arem et al., 2015). Such research suggests that a moderate level of physical activity can have a dramatic impact on risk of mortality due to diseases such as cancer, Alzheimer’s, cardiovascular disease. Intervention strategies for these diseases, which rank among the leading causes of death in the United States (CDC, 2022a), that have no side effects, yet such dramatic results are incredibly appealing. The pathophysiological processes underlying disease progression can begin decades prior to diagnosis (Kanoski et al, 2014). Interventions that can still result in such a dramatic decreased risk of mortality in adults despite these changes may have even more protection if implemented in younger populations as primary prevention measures. 
Diet and the Brain
Specific diets are becoming increasingly associated with positive cognitive outcomes and reduced risk of disease. While some foods appear to enhance cognition, certain diets can diminish cognitive abilities (Martínez García et al., 2018). Many studies document the effect of nutrients in isolation, but multi-nutritional approaches that identify dietary patterns may be more reflective of “real world” data and help us understand the complex dynamics underlying how food affects cognition (Abbatecola et al., 2018); individual food items and nutrients are not consumed in isolation, so examining dietary patterns may be more representative of a ‘food matrix’ where some foods are antagonistic, some are additive, or some provide synergistic effects on benefiting cognition (Jacobs et al., 2009). This review will therefore focus primarily on dietary patterns with some references to individual nutrient components that have been demonstrated to affect cognition. 
 Overall, diets high in saturated fats and sugar seem to be negatively associated with cognition, while diets high in whole foods, fruits, and vegetables seem to be positively associated with cognition (Andrade et al., 2016; Kim & Kang, 2017). Western-style diets high in saturated fats and sugar and processed foods can result in chronic inflammation and higher levels of oxidative stress that ultimately can negatively impact cardiovascular and neural health (Romaguera et al., 2009; Gotsis et al., 2015). Such trends have also been identified in studies focusing specifically on children and adolescents: a study comprising children aged 7-9 years old found hippocampal-dependent memory accuracy to be positively correlated with intake of omega-3 fatty acids, negatively associated with saturated fatty acids, and negatively associated with intake of added sugar (Baym et al., 2014). A study investigating executive functions in 4th graders found higher scores on tasks measuring executive function were positively correlated with fruit and vegetable intake and negatively correlated with snack intake (Liang et al., 2014; Riggs et al., 2010). The link between a Western-style diet and cognitive deficits suggests concerning consequences of the increased consumption of these foods in the United States, the full scope of which will only emerge as the population ages and incidence of comorbidities can be determined.
The Mediterranean diet has been widely identified as having a positive effect on cognition. Martínez García et al. (2018) found associations between the Mediterranean diet, which involves a balance of omega-3 and omega-6 fatty acid intake, and better memory capacity and lower risk of cognitive deterioration. In a separate study, supplementation of omega-3 fatty acids in children with developmental coordination disorder resulted in significant improvements in reading, spelling, and behavior measures over three months of treatment (Richardson & Montgomery, 2005). In addition to the Mediterranean diet, dietary patterns such as the dietary approach to systolic hypertension (DASH) and Mediterranean diet intervention for neurodegenerative delay (MIND) are associated with lower risk of cognitive impairment and Alzheimer’s disease (Abbatecola et al., 2018). 
Another approach to examine the link between diet and cognitive function is to empirically derive patterns based on the data available. Using a data reduction technique called a principal component analysis (PCA), researchers can extract dietary patterns based on a population’s observed dietary consumption, rather than predefining a dietary pattern. This data-driven approach results in common dietary patterns that are independent of researchers’ previously held assumptions regarding the diet’s benefit or detriment (Allès et al., 2012). A PCA summarizes highly correlated food variables with principal components to determine how closely each individual’s diet matches the patterns. A recent study which considered how dietary patterns might be associated with cognitive outcomes in an older Chinese sample (n=1676) used a form of PCA called a factor analysis to derive three dietary patterns based on participants’ answers on a food survey (Yu et al., 2018). The study found that participants who followed a ‘Western style’ diet high in fats and sugars were at the greatest risk for cognitive impairment, while participants who followed a ‘grains-fruits-vegetables’ pattern were at the lowest risk for cognitive impairment. A similar study in Japan identified three dietary patterns from a cohort of 635 people aged 69–71 years: the ‘Plant, foods, and fish’, ‘Rice and miso soup’, and ‘Animal food’ patterns (Okubo et al., 2017). The ‘Plant, foods, and fish’ pattern included high consumption of vegetables, soy products, seaweeds, mushrooms, potatoes, fruit, fish, and green tea and was significantly associated with higher scores on cognitive assessments. Neither the ‘Rice and miso soup’ nor the ‘Animal food’ pattern was found to be related to cognitive function. 
A final study we will discuss here is Akbaraly et al.’s investigation of the association between diet and cognition in a sample of 4,693 white, European participants (2009). Using a PCA, the group extracted two dietary patterns: ‘whole food’ and ‘processed food’. The whole food diet had protective associations with lower risk of cognitive deficit, while high consumption of the processed food diet was associated with higher risk of cognitive deficit. Interestingly, adjusting for education significantly attenuated these results, suggesting education as a significant confounder in the relationship between diet and cognitive deficit.
Altered Brain Activity During Cognitive Tasks 
In addition to these behavioral measures of cognition associated with diet and physical activity, several studies have found associations to altered activity, measured by the blood oxygen level dependent (BOLD) response, in regions of interest (ROIs) in the brain during cognitive tasks. Though these studies are generally small they consistently show increased activation in particular ROIs, particularly areas in the prefrontal cortex, which supports executive functions including working memory and cognitive flexibility (Diamond, 2013); as dysfunction in the prefrontal area can lead to impaired synaptic neuroplasticity and ultimately cognitive decline, considering how behavioral factors influence brain activity in this region is an important step to identifying neural mechanisms that may link health behaviors to cognitive outcomes. 
Notably, activity in regions in the frontal and parietal cortices during the n-back working memory task has been linked to physical fitness (Ishihara et al., 2020). In a within-subjects study of 9 fifth grade children, acute bouts of exercise resulted in increased performance during the n-back task, accompanied by increased brain activities in bilateral parietal cortices, the left hippocampus, and bilateral cerebellum (Chen et al., 2016). Such altered activity has led researchers to suggest that the frontal and parietal cortices cooperate and provide a neural basis for working memory, as supported by the finding that working memory training increases and decreases activity in these regions during the n-back task (Constantinidis & Klingberg, 2016). Based on the finding that working memory capacity is significantly correlated with brain activity in the frontoparietal network, researchers have suggested that increased activity in these areas underlies working memory (Klingberg et al., 2002). 
Though research investigating the specific impact of diet on brain activity during the n-back task is limited, several studies have found significant associations between intake of nutrients and activity in ROIs. A randomized control trial (n = 32) investigating how intake of pomegranate juice affected performance on memory tasks found that, relative to a placebo, pomegranate juice supplementation led to greater activation in the frontal lobe among other areas during a memory task (Bookheimer et al., 2013). Pomegranate juice contains antioxidants (flavonoids) proposed to combat oxidative stress and thereby attenuate age-related cognitive deficits (Morris et al., 2002). Consistent with this finding was another study on 16 young, healthy participants that examined how intake of flavanol rich chocolate led to increased BOLD signal during a mental switching task in the prefrontal cortex, parietal cortex, anterior cingulate cortex, and cerebellum (Francis et al., 2006). Providing further evidence of increased activity in the prefrontal cortex during the n-back task following intake of specific foods, another study found that consumption of ulam, an Asian vegetable salad with high levels of antioxidants, was positively associated with bilateral DLPFC activation in a sample of 32 older adults (You et al., 2020). An additional study including 15 older adults found positive associations between dietary intake of energy, cholesterol, protein, vitamins B6 and B12, potassium, iron, phosphorus, magnesium, and brain activation in DLPFC during the n-back task (Lau et al., 2018).  Interestingly, a study considering the composition of energy intake and cognition found that participants whose energy came primarily from carbohydrates were at an increased risk for developing mild cognitive impairment or dementia, but participants whose energy came primarily from fats and protein were at a decreased risk (Roberts et al., 2012). Such findings highlight the need for further research that connects all these measures to clarify the relationship between health behaviors, behavioral measures of cognition, and brain activity. 
Altered dynamics in brain activity and neural circuits may underlie the everyday choices that make up one’s dietary pattern and physical activity level. Studying these dynamics might provide a clearer picture of how neural inputs (both excitatory and inhibitory) from various regions are decoded to ultimately support health behaviors, and how these behaviors can in turn alter activation patterns. Though such studies provide support that diet and physical activity can impact the functional dynamics of the brain, studies that extend such investigations to a larger population, and in particular children, are required to inform cognitively supported intervention strategies to promote healthy behaviors. 
Synergistic Potential
Few studies evaluate how both diet and exercise are related to cognitive outcomes (and none could be found specific to adolescents) but results from a small number of randomized control trials investigating the impact of both factors on cognition in adults offer promising preliminary results that with future research may apply to the adolescent population. Most of the research in this area is geared toward developing interventions to slow the progression of neurodegenerative diseases such as Alzheimer’s. In line with this goal, the Lifestyle Intervention in Independent Living Aged Care (LIILAC) study randomly assigned 102 participants to one of four intervention groups over a 6-month period (Hardman et al., 2020). The interventions included a control, Mediterranean diet, exercise, or a combination of both. Evaluating the impact of each intervention on cognition, mood, and general health, no significant changes in overall memory were found, but a significant improvement in spatial working memory performance was found in the combined exercise and diet group. The combined group and the exercise only group also showed overall improvement in emotional state. These results demonstrate the potential for intervention programs incorporating both exercise and diet, but future trials with larger samples are needed to fully evaluate the impact of these factors on cognition. 
Perhaps the largest study to date investigating these relationships is the 2-year Finnish Geriatric Intervention Study to Prevent Cognitive Impairment and Disability (FINGER). The study compared cognitive outcomes in 2,654 at-risk elderly people after they either participated in a multimodal intervention of diet, exercise, cognitive training, and vascular risk monitoring or received general health advice as a control (Ngandu et al., 2015). The study saw 25-150% better improvement in cognition in the intervention group than the control group, suggesting the protective potential of interventions that address several factors.
An interesting, randomized control trial conducted among active-duty airmen (n=148) investigated the relationship of physical activity to fluid and cognitive outcomes, as well as the impact of a nutritional beverage (which included lutein, phospholipids, the omega-3 fatty acid DHA, vitamin B12 and folic acid) on cognitive outcomes (Zwilling et al., 2020). The trial put individuals on a high-intensity interval aerobic fitness and strength training intervention program paired with either the nutritional beverage or a placebo and examined both groups pre- and post-intervention. After just three months, the researchers found that, on average, fluid intelligence accuracy increased by 11% due to exercise alone compared to pre-intervention, with further increases in heart rate, lean muscle mass, fluid intelligence reaction time, working memory, and processing speed in the group also receiving the nutritional beverage (Zwilling et al., 2020). Overall, such research supports the efficacy of multimodal interventions that include both physical activity and nutritional components to improve both physical health and cognition; future research that continues to investigate these relationships may help clarify the specificity and magnitude of the observed benefits.
Neurobiology: Role of BDNF
Though an in-depth neurobiological investigation is beyond the scope of this paper, a brief overview of potential mechanisms involved will help us understand why diet and physical activity are important to consider jointly, and why multimodal interventions may be particularly effective. Initial investigations offer exciting results and highlight how both physical activity and diet can alter levels of brain-derived neurotrophic factor (BDNF), a key protein for neuronal growth, maturation, and maintenance. BDNF is abundant in areas associated with cognitive and metabolic regulation, which include the hippocampus and hypothalamus (Nawa et al., 1995). In rodent models, increased levels of BDNF have reduced body weight and improved blood glucose control in obese, diabetic rodents (Ono et al., 1997). In another rodent study, diets rich in saturated fats were related to decreased hippocampal BDNF mRNA and protein (Molteni et al., 2002; Gómez-Pinilla, 2008). The decline in BDNF was associated with a reduction in synaptic function, neuronal growth, and cognitive function after only three weeks on a high fat diet. 

Excitingly, PA is believed to interact with the same molecular systems that high fat diets disrupt and has been seen to restore BDNF levels to normal (Molteni et al., 2004). If PA can mitigate the effect of high fat diets on health, the benefits of regular PA coupled with a healthy diet are encouraging; though this area requires more research, a study by Wu et al. (2008) demonstrated that supplementation of DHA (an omega-3 fatty acid commonly found in fish) enhanced PA’s ability to improve memory and BDNF mediated synaptic plasticity. 

BDNF is involved in both metabolism and synaptic plasticity, which can help explain its role in physical activity-induced cognitive enhancement. The association of increased or decreased levels of BDNF to physical activity and diet may be due to the protein’s hypothesized role in controlling energy metabolism. This proposed function of BDNF is supported by animal studies that found that blocking BDNF action during exercise prevents the increased levels of energy proteins in the hippocampus normally associated with PA, and hinders PA induced benefits to performance in learning a spatial task (Gómez-Pinilla et al., 2008). New evidence indicates that PA and dietary factors may have complementary actions during the control of energy homeostasis and synaptic plasticity which may lead to modified cognitive abilities (Gómez-Pinilla & Hillman, 2013; Gómez-Pinilla et al., 2008). A simplified pathway can be seen illustrated in Figure 2, which shows Gómez-Pinilla’s (2008) hypothesized model for how exercise and diet may affect energy metabolism, alter BDNF levels, impacting energy balance and synaptic plasticity and therefore affecting cognition. 
Figure 2 
Energy homeostasis and cognition

Note. From “Brain foods: the effects of nutrients on brain function” by F. Gómez-Pinilla F,  (2008), Nature reviews. Neuroscience, 9(7), 568–578 ( https://doi.org/10.1038/nrn2421) 
The long-term biological changes resulting from adopting such lifestyle behaviors (and the development of obesity) are also being investigated, with serious implications for the health of our population. Animal studies have suggested how childhood obesity can disrupt metabolic pathways and lead to irreversible epigenetic modifications in the brain (Wang et al., 2015). In a study by Wang et al., rodents were fed a high fat diet (HFD) to induce obesity and insulin resistance for 15 weeks, and then fed a normal diet to return to normal metabolic homeostasis. This short period of simulated childhood/adolescent obesity resulted in irreversible epigenetic modifications to their brain that remained even following restoration of normal metabolic homeostasis, leading to brain synaptic dysfunction and cognitive deficits (including learning and long term-memory consolidation) as the animals aged. Notably, epigenetic changes were associated with reduced expression of BDNF in the animals’ brains 61 weeks after they had been off the HFD. 
This study provides evidence that even short periods of early-life exposure to obesity and insulin resistance may have serious, long-term consequences on the brain and may contribute to the progression of cognitive dysfunction during aging (Wang et al., 2015). Such research highlights the urgency of primary prevention strategies, as once weight gain has progressed to the point of clinical significance of obesity lifelong genetic changes may have already occurred. 
Though beyond the scope of this study, disturbances in energy balance have been associated not only with obesity and cognition but also to the pathophysiology of several mental health disorders. Shimizu et al.’s finding that antidepressants elevate BDNF levels may help explain a mechanism—disruption of normal levels of BDNF—by which depression and metabolic disorders are related (2003). Due to this relationship, implementing dietary regulation as a potential treatment strategy for mental health disorders is already being implemented; the APA committee on research on psychiatric treatments recommended the use of omega-3 fatty acids to treat mood disorders (Freeman, 2006). As previously mentioned, the association between exercise and increased BDNF levels (as well as the association between HFD and decreased BDNF levels) provides an exciting connection between exercise, diet, and improved depressive symptoms through balanced BDNF levels. 
ABCD® Studies Reveal Associations Between Physical Health and Structural Brain Changes
The Adolescent Brain Cognitive Development® (ABCD) study provides an enormous quantity of data including fMRIs, MRIs, psychological surveys, demographic surveys, and biological data necessary to investigate how environmental factors impact brain development. The following ABCD® studies offer findings within the same population that are of relevance to our project.
Modabbernia et al.’s (2021) discovery of a significant association between cardiometabolic health and brain organization supports the relevance of our project’s focus on lifestyle factors known to improve cardiometabolic health. This ABCD® study performed a canonical correlation analysis to determine modes of covariation between brain organization and environmental factors. They concluded that among other factors, cardiometabolic health should become a target for interventions aimed at improving mental wellbeing in adolescents (Modabbernia et al., 2021). This association aligned with the relationship between cortical thickness and body mass index (BMI) that Laurent et al. (2020) determined from ABCD® data—a relationship that was further confirmed by Adise et al. at UVM, who found associations between BMI and reduced cortical thickness, reduced surface area, enlarged subcortical volumes, and smaller Diffusion Tensor Imaging (DTI) tissue estimates (2021). Such studies suggest that maintaining a healthy BMI is important for cognitive wellbeing and is correlated to specific anatomical changes in the brain. 
Hunger intensity and energy expenditure are carefully regulated to maintain weight (Flier, 2004). From an evolutionary perspective, this balance ensures survival—satisfying hunger gives us a sense of pleasure and activates reward pathways, which drives behavior and maintains population health. However, in societies where obesity and diabetes are more prevalent than starvation, studying how reward circuitry may be linked to disruptions in energy homeostasis is an important step toward understanding the comorbidities of many pathologies. Previous research by Rapuano et al. correlated reward regions of the brain with obesity and neuroinflammation (2020). This ABCD® group found increased cell density in the nucleus accumbens (a region of the brain associated with processing rewarding stimuli) in individuals with higher BMIs. They hypothesized that diets high in saturated fat and sugar lead to chronic stimulation in nucleus accumbens, resulting in increased cellularity (Rapuano et al., 2020). This work—which drew from previous animal studies that observed a cycle of diet-induced neuroinflammation, disruption of reward circuitry, and further unhealthy eating and weight gain—evidences how diet may influence structural changes in the developing brain (Décarie-Spain et al., 2018). However, further research is needed that explicitly tests diet to determine the directionality of this relationship. Overall, cognitive deficits from consuming unhealthy food appear to further dysregulate appetite control, cyclically promoting health-disrupting behaviors (Beilharz et al., 2015; Gómez-Pinilla, 2008).
Public Health Protocol and Equality
Research involving diet, physical activity, and the brain is particularly important when considering how unequal access to resources may exponentiate socioeconomic and racial disparities over time. Individuals with low socioeconomic status often lack access to nutritional foods, which can increase neuroinflammation and impact development (Hostinar et al., 2010). Of concern, obesity rates show divergence in both a socioeconomic and racial context: from 2011 to 2014, the prevalence of obesity was over 8% higher in children in the low and middle-income groups compared to the highest income group, and over 8% higher in Hispanic and non-Hispanic Black children compared to non-Hispanic white children and non-Hispanic Asian children (CDC, 2021a). As no biological grounds for race exist, research that identifies differences along racial lines should highlight how these differences are the consequences of systemic racism that have resulted in inequitable social determinants of health. Our project may highlight how lack of consumption healthy food and physical activity may negatively influence brain function and development, systematically disadvantaging groups whose access to these resources is not supported. Ultimately, such discrepancies early in life may lead to poorer outcomes across a range of measures later in life and exacerbate inequity over time. To oppose the rise of chronic health disorders in the United States, the health of all members of society will need to be taken into consideration and equal access to resources to ensure children from all socio-demographic backgrounds are not only surviving but thriving is imperative.
 
Our Study 
The present cross-sectional study examined the association between dietary patterns, physical activity, and neurocognitive outcomes. Using data from the ABCD® study, the study pursued two specific goals: to examine associations between dietary patterns and physical activity levels to fluid and crystallized cognitive task scores, and to identify differential activation recorded by fMRI in two regions of interest during the n-back working memory task. A 5-fold, nested cross-validated elastic net regression was performed to optimize model parameters and find the models that were best able to predict these outcomes, models which were further evaluated for generalizability on a held-out validation set. 
This research may help us understand how everyday choices around what we eat and how we move our bodies impact the brain, and how making these choices during critical periods of development may have serious consequences. If we can identify behaviors which contribute to the rise of conditions such as obesity during adolescence while the brain is more ‘plastic,’ we can optimize health policies and protocols to support healthy behaviors before unhealthy behaviors become habitual. Physical activity and proper nutrition are not set in stone; understanding how those two things can protect their own cognitive functions is the first step towards developing lifelong positive health behaviors.
Chapter 2: Methods 

Study Design
This cross-sectional study used data from ABCD® Data Release 3.0 (2020) to consider how dietary patterns and physical activity levels were related to neurocognitive outcomes. The ABCD studyⓇ is the largest longitudinal study in the United States to investigate adolescent brain development and health. The 10-year, ongoing study has collected neurocognitive, demographic, behavioral, biological, and imaging data for 11,880 children at a baseline age between 9.00 - 10.99 years old across its 21 study sites in the United States. Every year, each site conducts cognitive assessments and behavioral surveys. The sites collect MRI data every two years (Volkow et al., 2017). The de-identified data used in this project include anthropometric, demographic, behavioral, and neurocognitive data from the two-year follow-up data release. Dietary patterns, total energy expenditure (kcal/year), and physical activity levels along with potential covariates (sex, age, energy intake (kcal/day), BMI, study site, family income, parent education) were used within a nested, k-folds cross-validated elastic net regression framework to predict non-imaging measures of cognition (fully corrected  T-Scores on the NIH Toolbox© Cognition Battery (Luciana et al., 2018)) and an imaging measure describing activity in regions of interest (ROIs) for the n-back working memory task (Owen et al., 2005). 
Participants 
Demographics
After data cleaning, the sample used for the non-imaging portion of analysis included 3,143 children enrolled in the ABCD® study, aged 10-13 years M(SD) = 11.9 (0.65). Of these participants, 1716 were male and 1305 were female. Parental level of education was used as a proxy for socioeconomic status and measured by whether childrens’ parents had completed at least a bachelor’s degree. Additionally, whether participant’s household income relative to the number of household members was above or below the federal poverty level set by the Department of Health and Human Services was determined (www.healthcare.gov ). Table 1 provides a summary of participant characteristics for the non-imaging sample. As not all participants had fMRI data for the n-back task, the imaging analysis included a subsample from the non-imaging sample (n= 2353, for sample demographics see Table S1 in the Supplemental Materials). 
Inclusion and Exclusion Criteria
The ABCD® study inclusion criteria require children to be between 9 and 10.99 years old at the time of baseline assessments. Additionally, they must demonstrate fluency in English and be able to validly complete baseline assessments including MRI scanning. More detailed exclusion criteria for the ABCD® study can be found elsewhere (Casey et al., 2018; Auchter et al., 2018; Garavan et al., 2018). Children were excluded from the present analyses for the following additional reasons: 1) weight and height were outside of CDC percentile cutoffs (CDC, 2021b) total caloric intake reported was below one standard deviation from the mean 3) all data was missing for the physical activity surveys 4) any data was missing for the food survey, cognitive assessments, height, weight, parental education, family income, or number of household members. For the 2-year follow-up, data were available for a total of 6571 children. 3143 children passed the above-mentioned criteria and were included in this analysis.
Table 1 
Sample Demographics for the Non-Imaging Analysis 

	Variable
	 
	 
	 
	Mean (SD)
	

	
	
	
	
	
	

	Age (years)
	
	
	11.9 (0.64)
	

	BMI
	
	
	
	19.2 (3.2)
	

	Energy Input (Kcal/day) 
	
	1284.7 (411.8)

	Energy Expenditure (Kcal/year)
	67615.5 (60440)

	NIH Toolbox Pattern
	
	54.8 (13.8)
	

	NIH Toolbox Crystallized 
	
	49. 5(10.6)
	

	Healthy Diet 
	
	
	7.0 (3.3)
	

	Western-style Diet 
	
	
	6.6 (2.2)
	

	
	
	
	
	

	
	
	
	
	
	

	Sex
	
	
	
	n
	%

	Male
	
	
	
	1716
	56.8

	Female
	
	
	
	1305
	43.2

	
	
	
	
	
	

	Parent education
	
	
	
	

	Bachelor's or above
	
	
	2131
	67.8

	Less than bachelor's
	
	
	1012
	32.2

	
	
	
	
	
	

	Parent income 
	
	
	
	

	Above poverty
	
	
	2903
	92.4

	Below poverty
	
	
	240
	7.6

	
	
	
	
	
	

	Physical Activity (CDC)
	
	
	

	Above CDC recommendation 
	
	1303
	41.5

	Below CDC recommendation 
	 
	1840
	58.5

	
	
	
	
	
	


Note. Summary of characteristics of children included in the non-imaging analysis. The means and standard deviation (SD) or the sample size (n) and percentage (%) are reported. BMI = Body Mass Index

Measures 
Overview
The behavioral, demographic, and neurocognitive measures used in this study are described below. Additionally, study site IDs were recorded for each subject. Predictor variables included factor scores, physical activity levels, and energy expenditure. Potential covariates included in analysis were BMI, energy intake (kcal/day), sex, age, family income, parental education, and study site. Outcome variables were fully corrected T-scores on the NIH Toolbox Cognition Battery. 
Dummy Coding
To account for differences associated with the 21 ABCD® study sites, dummy coding was set up for the study sites. ABCD® site 16 was selected as a reference site based on the high number of participants from that site (n = 272), while binary indicator variables were created for the remaining sites and included as independent variables in the regression. For the imaging regression, dummy coding was set up to account for differences associated with MRI scanners. Data from 26 MRI scanners were used in this analysis, and the MRI scanner with ID HASH3935c89e was selected as the reference site (n = 236). 
Calculating BMI and BMI Exclusion Criteria
The ABCD® Youth Anthropometrics dataset contained the average of three weight and height data measurements for each participant. Children missing weight and height data were excluded from our analysis. Each child’s BMI was calculated according to Equation 1: 
                                                           

To address errors in measurement or data collection, the range of possible weight and height were limited to values within the CDC 3rd and 97th percentiles (CDC, 2021b). The sample was further refined after limiting the computed BMI range between 12-35, based on the CDC’s possible BMIs for girls and boys (CDC, 2021b). A Box-Cox transformation was then applied to normalize the right skewed distribution. 
Defining Education and Income Thresholds
The ABCD® Longitudinal Parent Demographics Survey provided household income data. Participants missing data, who answered “do not know,” or refused to answer were excluded from analysis. For the present analysis, household income was recorded as the mean of each of the survey income brackets (see Table 2). If participants listed income <$5,000, they were assigned $5,000 and if they listed income >$200,000, they were assigned $200,000. 
Table 2 
Household Income Values

	Reported
Income (mean)
	Range

	5,000
	<5,000

	8499.5
	5,000-11,999

	13999.5
	12,000-15,999

	20499.5
	16,000-24,999

	29999.5
	25,000-34,999

	42499.5
	35,000-49,999

	74999.5
	50,000-74,999

	87499.5
	75,000-99,999

	149999.5
	100,000-199,999

	200,000
	>= 200,000




Note. The mean of the income ranges provided by the demographic survey was used as a participant’s reported household income in this analysis.
Household income relative to the number of household members was used to determine whether families were above or below the federal poverty level set by the Department of Health and Human Services (www.healthcare.gov). If no household members were reported, participants were excluded from analyses. A binary variable was created recording whether participants were below or above the federal poverty level. 
Consistent with prior ABCD® studies, parental education level was used as a proxy for socioeconomic status (Adise et al., 2021). Parents’ highest level of education was determined, and whether parents had received a bachelor’s degree or higher (i.e a master’s degree, professional school degree, or doctorate) or less than a bachelor’s degree was recorded. 
Characterizing physical activity
Answers from the ABCD® Parent Sports and Activities Involvement Questionnaire (SAIQ) were used to measure children’s physical activity levels. The questionnaire asks parents about their children’s physical activity habits, including information regarding types and frequency of activity over a 12-month period.  If a participant had not answered this survey, they were excluded from our analyses. For each activity, parents were asked the following questions: “since we last saw you, about how many months did your child participate in this activity? About how many days per week? About how many minutes per session?” If participants had answers for some of the activities but were missing answers for others, it was assumed that participants did not engage in those activities. Participants reporting less than 30 minutes of activity in a session or less than one session per month were recorded as not engaging in an activity. Participants reporting greater than 180 minutes per session were recorded as engaging in 180 minutes of that activity. Table 3 reports the 23 physical activities used for our analyses and corresponding Metabolic Equivalent of Task (MET) values as described in the Compendium of Energy Expenditures for Youth (Ridley et al., 2008).
A MET describes the amount of metabolic energy expended by a given task (typically ranging from 1 to 12), with higher METs corresponding to more physically vigorous activities. The METs corresponding to moderate effort for each task were taken from the Compendium of Energy Expenditures for Youth (Ridley et al., 2008). If activities from the survey corresponded to multiple sports and possible MET values—as was the case for snowboarding/skiing (METs differed for downhill and cross-country skiing) and swimming/water polo (METs differed for swimming laps versus playing games like water volleyball, which is very similar to water polo) —the mean of the two values was used. Using the SAIQ data, two metrics were calculated to describe children’s physical activity levels: 1) Compliance with the CDC’s recommendation of 60 minutes of physical activity a day for children aged 6-17 (CDC, 2008) and 2) Children’s yearly energy expenditure measured in kcal/year. 


Table 3
Sports Activities and Corresponding METs

	Activity
	 
	MET

	Baseball/softball
	5.0

	Basketball
	8.2

	Climbing
	
	8.0

	Ballet
	
	4.8

	Football
	
	8.8

	Lacrosse
	
	6.4

	Ice skating
	7.0

	Martial arts
	10

	Mixed martial arts
	10

	Horseback riding
	4.0

	Rugby 
	
	8.8

	Running 
	
	8.5

	Skiing/snowboarding 
	7.0*

	Surfing
	
	5.0

	Soccer
	
	8.8

	Skateboarding
	5.0

	Volleyball
	4.0

	Tennis
	
	7.0

	Swimming/water polo 
	6.45**

	Yoga/tai chi
	2.5

	Ice hockey
	8.0

	Field hockey
	8.0

	Gymnastics
	4.0

	*mean of downhill (6) and cross country (8)

	**mean of swimming laps (9.9) and water volleyball (3.0)


Note. Sports activities from the SAIQ survey used in our analysis, and corresponding MET values. If more than one MET value was listed for an activity, the MET corresponding to moderate effort was used. The mean of METs for swimming (9.9) and water volleyball (3.0) was used for the swimming/water polo variable, and the mean of METs for downhill skiing (6) and cross-country skiing (8) were used for the skiing/snowboarding variable. 
To determine CDC compliance, the time children spent in a session for each activity was multiplied by the number of sessions they reported and divided by seven to determine an average daily exercise amount. This was used to see whether subjects met the CDC recommendation of 60 minutes of physical activity a day. 
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Description automatically generated with medium confidence]To determine yearly energy expenditure, we described the physical activity data in terms of MET minutes; previous research has suggested that physical activity intensity, rather than duration, is correlated with cognitive outcomes (Angevaren et al., 2007) Yearly MET minutes were calculated by multiplying the total minutes each child participated in an activity over a year by the MET value for that activity, and then summing these scores to produce a single metric. The Schofield equation (Equation 2) for 10–18-year-olds was used to predict Basal Metabolic Rates (BMR) in kcal/min, considering sex and weight (Schofield, 1985).








The amount of energy (in kilocalories) expended during a task differs based on someone's body weight. To account for this in our calculation of total energy expenditure, we took the product of their adjusted BMR and their total MET minutes (Equation 3). The Box Cox transformation was used to normalize the highly right skewed distribution for total energy output. 
Identifying Dietary Patterns via Factor Analysis
 The ABCD® Youth Block Food Screen is a survey that reports the frequency of consumption of various foods. Among other questions, it asks how many servings (0-5) children consumed of 39 possible foods. In order to investigate how trends in diet might be associated with cognitive outcomes, we conducted a factor analysis to identify major dietary patterns. A factor analysis is a form of principal component analysis (PCA) and is a data reduction technique that uses a smaller number of variables (or factors) to explain the covariance in many observed variables. Factor analysis involves extracting the covariance from all variables into a common score such that observed variables are modeled as a linear combination of factors and error terms (A Practical Introduction to Factor Analysis, n.d.). In this way, each variable becomes “loaded” onto a factor. Each loading (a correlation coefficient) explains how strongly variables are related to each other and the latent factor. Eigenvalues are used to describe the proportion of total variance a factor explains; factors with eigenvalues >1 explain more variance than a single observed variable. Factors were also rotated by an orthogonal transformation (varimax rotation) to force non-correlations between factors and achieve greater interpretability (Allen, 2017).
Before conducting the factor analyses, we used the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy and the Bartlett’s test of sphericity to evaluate the data’s suitability for a factor analysis; KMO measures what proportion of variance among variables might be common variance, while Bartlett's test compares the observed correlation matrix to the identity matrix. The null hypothesis for Bartlett’s test is that the correlation matrix is equal to the identity matrix, and the variables are uncorrelated. A Bartlett’s test resulting in a statistically significant p-value suggests that the variables are related and can in fact be summarized with a smaller number of factors. High KMO-values signify higher proportions of covariance, making a data set better suited for a factor analysis. Generally, a KMO value over 0.6 and a significance level for the Bartlett's test at p< 0.05 suggest there is substantial correlation in the data (IBM, 2021). With KMO = 0.75 and p<0.001 for Bartlett’s test, our data appeared suitable for a factor analysis. From the factor analysis, two major dietary patterns were extracted, and participants’ factor scores were used as predictor variables in the regression (scree plot and dietary patterns can be found in the Results section (Figure 3 and Figure 4) and factor loadings in supplementary material in Table S3). 
The Youth Food Block Screen also included a question about daily total caloric intake, measured in kilocalories. The highly right skewed distribution was log transformed to obtain a more normal distribution. 
NIH Toolbox® Cognition Battery
The National Institute of Health (NIH) Toolbox© Cognition Battery measures cognitive, emotional, sensory, and motor health across the lifespan (Weintraub et al., 2013). The battery comprises seven tasks that cover a range of cognitive abilities, including episodic memory, executive function, attention, working memory, processing speed, and language abilities associated with fluid and crystallized cognition (Bleck et al., 2013, Gershon et al., 2013, Hodes et al., 2013). The battery computes composite scores for fluid, crystallized, and total cognition, which show good test-retest reliability and validity in children (Akshoomoff et al., 2013; Heaton et al., 2014). The 2-year follow-up data included crystallized composite scores and tasks comprising crystallized cognition (a picture vocabulary and reading recognition test), however many of the fluid cognitive tasks were missing. The Pattern Comparison Processing Speed task scores (associated with fluid cognition) were available and were selected along with crystallized composite scores as outcomes of interest. The Pattern Comparison Processing Speed task asks participants to determine whether two visual patterns are the “same” or “not the same,” and scores participants based on the number of correct items they identified in 90s. The task therefore measures processing speed and has been shown in previous studies to be positively impacted by physical activity (Tam, 2013; Burzynska et al., 2020). This study used fully corrected T-Scores for the tasks, which have a mean of 50 and a standard deviation of 0 and account for demographic characteristics such as gender, education, and race/ethnicity (Luciana et al., 2018). 
fMRI N-back Task 
fMRI scans were acquired during the n-back task, a widely used task to measure working memory that shows reliable brain activations across subjects (Owen et al., 2005; Drobyshevsky et al., 2006). While in the MRI scanner, participants were told to attend to a series of stimuli and determine whether the current stimulus is the same as the stimulus presented “n” items before. The task’s high and low memory load conditions (2 back and 0 back) allow for assessing activation specifically associated with working memory rather than general cognitive function. 
fMRI Data Processing
fMRI data used in this analysis were previously cleaned, pre-processed, and ready for a volumetric analysis of voxels (3D pixels). Using Freesurfer software, pre-processing included motion correction and the averaging of multiple volumetric T1 weighted images, among other transformations. After cortical models were complete, surfaces were inflated and fit to cortical folding patterns and then parcellated into specific regions of interest (ROIs) - more detailed processing information is available on Freesurfer’s website (Dale et al., 1999) and ABCD® specific processing is described by Hagler et al. (2019). Each ROI had several metrics available for analysis, including structural measures and levels of activation during various tasks. The ABCD® data release included beta weights from the general linear model used to estimate the signal time series at each voxel, ultimately reflecting brain activity associated with the working memory task in each region of interest. In depth discussion concerning imaging acquisition across the 21 study sites are documented elsewhere (Casey et al., 2018).
fMRI N-back analysis 
Our image-analysis focused on comparing BOLD signals during the 2-back working memory condition to the 0-back condition in two regions of interest: bilateral precuneus (part of the parietal lobe) and dorsolateral rostral middle frontal gyrus (analogous to the dorsolateral prefrontal cortices or DLFPC) from the Freesurfer parcellation. The 2-versus-0-back contrast allows for the isolation of regional activity specific to working memory, as it subtracts out signals associated with the attentional monitoring required for the task (Li et al., 2021). The beta weights (representing brain activity associated with the task) for each ROI were used as outcome variables in the linear models. These regions were chosen based on a review of the literature and a meta-analysis that evaluated 29 different experiments’ reported activity in regions of the brain related to the n-back task in children (Yaple & Arsalidou, 2018), which found that significant increased activation in the frontal and parietal regions. The prefrontal cortex has been widely associated with working memory tasks and specific regions including DLFPC have shown increased activation during the n-back in association with physical activity and specific nutrients (Sarma et al., 2016; Ishihara et al., 2020; Bookheimer et al., 2013; Francis et al., 2006; You et al., 2020; Lau et al., 2018). The precuneus area has not been studied as much in association with diet and physical activity but is part of the parietal lobe involved in highly integrated tasks including memory retrieval. We were particularly interested in the precuneus, which consumes 35% more glucose than any other area of the cerebral cortex and shows increased activity during rest and decreased activity when performing goal directed tasks, to investigate how energy-dense diets might alter activity (Cavanna & Trimble, 2006). 
Statistical Analyses
Overview
A linear elastic net regression algorithm was used within a nested, 5-fold cross-validation framework to evaluate the effect of diet and physical activity on cognition; before testing the models, an exploratory phase of analysis involved looking at bivariate correlations to determine which cognitive measures the model might be able to predict well and then training models on a sample of the data. During this exploratory phase, for the non-imaging analysis the crystallized composite scores and pattern comparison processing speed scores were selected as outcomes of interest. For the imaging analysis, beta weights of bilateral precuneus and dorsolateral prefrontal cortex were selected as outcomes of interest. We hypothesized that the best performing models from the training phase would be able to generalize to an unseen validation sample we set aside prior to analysis. All statistical analyses were performed using Python 3.7.0. 
Covariates
To observe the effect of diet and physical activity independent of covariate influence, we included Body Mass Index (BMI), total kilocalories consumed daily, federal poverty status, parental education level, sex, age, and study site in our independent variables. 
Splitting Data
 Initially, the full sample (n=3143) was split into training (80%) and validation (20%) sets using Python’s Scikit-learn train_test_split function. The split was shuffled, and participants were stratified by study sites to ensure the training and validation samples were representative of all study sites. Table 5 depicts characteristics of the training and validation samples for the non-imaging analysis (for the imaging analysis training and validation samples see Table S2 in the Supplemental Materials). Data are presented as mean ± standard deviation for continuous variables, and as number of cases and percentages for categorical variables. For the normally distributed, continuous variables, we used analysis of variance (ANOVA) to describe mean differences between training and validation samples. To compare differences between categorical variable distributions, X2 tests were conducted. No variables were found to be statistically significantly different between the training and validation set.
Standardizing Variables 
Prior to running the regressions, all predictor variables in the training set were standardized using Scikit-learn’s StandardScaler function to produce comparable and interpretable coefficients. The mean and standard deviation of each variable from the training set was then used to standardize the test set, a process which avoids information from the test set influencing the training set.
Table 5
Sample Demographics for the Non-Imaging Train/Validation Split

	
	
	
	
	Training (n = 2514)
	Validation (n=629)

	Variable
	 
	 
	 
	Mean (SD)
	Mean (SD)

	
	
	
	
	
	
	
	

	Age (years)
	
	
	11.9 (0.64)
	11.9 (0.66)

	BMI
	
	
	
	19.3 (3.2)
	
	19.2 (3.1)
	

	Energy Input (Kcal/day) 
	
	1298.2 (413.9) 
	1262.9 (408.9)

	Energy Expenditure (Kcal/year)
	67569.8 (60750.7)
	67798.0 (59229.3)

	NIH Toolbox Pattern
	
	55.0 (13.8)
	54.1 (13.9)

	NIH Toolbox Crystallized 
	
	49.5 (10.5)
	49.2 (10.9)

	Healthy Diet
	
	
	7.0 (3.3)
	
	7.1 (3.4)
	

	Western-style Diet
	
	
	6.6 (2.2)
	
	6.5 (2.2)
	

	
	
	
	
	
	
	
	

	Sex
	
	
	
	n
	%
	n
	%

	Male
	
	
	
	1376
	57
	333
	52.9

	Female
	
	
	
	1040
	43
	296
	47.1

	
	
	
	
	
	
	
	

	Parent education
	
	
	
	
	
	

	Bachelor's or above
	
	
	1709
	68
	422
	67.1

	Less than bachelor's
	
	
	805
	32
	207
	32.9

	
	
	
	
	
	
	
	

	Parent income 
	
	
	
	
	
	

	Above poverty
	
	
	2328
	92.6
	575
	91.4

	Below poverty
	
	
	186
	7.4
	54
	8.6

	
	
	
	
	
	
	
	

	Physical Activity (CDC)
	
	
	
	
	

	Above CDC recommendation 
	
	964
	39.9
	262
	41.7

	Below CDC recommendation 
	 
	1452
	60.1
	367
	58.3


Note. Demographic characteristics of children who were included in the NIH Toolbox Cognitive Battery elastic net regression analysis (broken by training and validation samples). The mean and standard deviation (SD) or sample size and percentage are presented. 


Regression Analysis
Elastic Net algorithm 
Elastic net regression is a form of regularized regression that includes both a Lasso (L1) and a Ridge (L2) penalty, resulting in models more robust to outliers and overfitting than standard linear regression models (equation 6).  Due to these penalties, the algorithm can perform variable selection and regularization simultaneously (Zou & Hastie, 2017). Elastic net is suitable for large datasets and is employed widely in ABCD® studies (Adise et al., 2021; Laurent et al., 2020). The combined penalty introduces two hyperparameters, lambda and alpha as seen in Equation 4, that we can tune to find the best model. The lambda hyperparameter determines how heavily to weight the full loss term. The alpha hyperparameter weights the relative contribution of each penalty to the combined penalty term, and ranges from 0 to 1. 
[image: ]
             						(4)


K-folds Cross Validation 
The elastic net algorithm was used within a nested 5-folds cross-validation (CV) framework for hyperparameter optimization and model selection. K-folds CV increases the number of training samples on which a model can be trained by splitting a sample into k-folds; k-1 of the folds are used to train the algorithm, with the last fold held out for testing the fold, such that in any single split, the model is trained on 80% of the sample and tested on the remaining 20%. The testing fold is rotated so that for each split, the model is trained and tested on a different sample. Ultimately, the technique improves the reliability of how a model is expected to perform when making predictions on an unseen sample. Elastic net fitting and the nested CV were implemented using Scikit-learn version 1.0.2.
A nested k-folds CV comprises an inner and outer loop that allows for hyperparameter optimization in the inner CV loop and model selection in the outer CV loop. For our analysis, the outer fold training and testing splits were stratified by study site. Hyperparameter optimization in the inner loop was conducted via Python’s GridSearchCV, which performs an additional k-folds (k = 5) CV to evaluate the success of every possible hyperparameter combination for each lambda and alpha hyperparameter combination in a predefined parameter space (Table 6).
Table 6 
Hyperparameter Space 
	λ
	α

	0.00001
	0.1

	0.0001
	0.2

	0.001
	0.3

	0.01
	0.4

	0.1
	0.5

	1
	0.6

	10
	0.7

	100
	0.8

	10000
	0.9

	 
	1.0

	
	


Note. Predefined parameter space for lambda and alpha. All possible combinations were used within GridSearchCV to find the best parameter pair. 

For each inner fold, the parameter pair resulting in the lowest Mean Squared Error (MSE) were passed to the outer fold to be trained and tested. In this manner, the outer loop produced five models. The coefficient of determination (R2), and the MSE for each model were extracted, and the model with the highest R2 was selected to be tested on the validation set to determine the model’s ability to generalize to an unseen dataset. To evaluate the impact of covariates on the coefficient of determination, we tested model performance excluding variables of interest (the CDC physical activity, energy output, and two factor score variables) and including just the covariates, and recorded model performance (R2). After making predictions from the validation set, R2 for the model’s performance on the validation set was computed. The quality of each model fit was reported as the percent variance in cognitive outcomes explained by the model. The performance of the model was evaluated on how well it performed on the validation set, data not included in the model training, to quantify the model’s generalizability and reproducibility of our results. 

Chapter 3: Results 

Dietary Patterns Extracted Via Factor Analysis 
We selected two major dietary patterns based on the consumption of the 39 foods in our analyses. Eigenvalues for possible factors can be seen in Figure 3, and the two factors with the highest eigenvalues were selected for our analysis. The dietary patterns were labeled based on the foods with highest factor loadings for that pattern (Newby and Tucker, 2004). Those food variables with higher factor loadings within each dietary pattern indicated a higher consumption. Conversely, factor loadings with negative values indicated lower consumption.
Figure 3
Factor Analysis Scree Plot 
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Note. The y-axis shows the corresponding eigenvalue for factors; eigenvalues >1 indicate that a factor explains more variance than a single observed variable. Factor 1 and Factor 2 (which had the highest eigenvalues and therefore explained the most variance) were selected for analysis. 
The factor loadings were used to calculate factor scores for each factor using a weighted sum-score: scores were the product of the factor loadings for each item and the number of servings of that item, resulting in a scaled score for each item, which were then summed into a single score for each participant. Weighted sum scores result in items with the highest loadings on a factor having the largest effect on the factor score (Distefano et al., 2008); essentially the factor score reflects how strongly a participant complies with a given pattern. Figure 4 shows the relative loadings of our two factors on each of the 39 items on the questionnaire; based on these loadings, we have interpreted Factor 1 as a “healthy” diet, high in whole-foods, fruits, and vegetables, and Factor 2 as a “Western-style” diet, high in processed foods, calorie dense, high-fat, high-sugar. Computed factor loadings can be found in supplementary material in Table S3. 
Figure 4
Relative Factor Loadings
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Note. Organized in descending order for Factor 1, dietary patterns derived by factor analysis show two contradictory patterns: factor 1, the “healthy” diet is highly loaded on items such as vegetables, apples, and salad, and negatively loaded on items such as soda, fries, and pizza. Factor 2, the “Western-style” diet is highly loaded on items such as fries, burgers, and soda. 

Non-imaging Results for Predicting NIH Toolbox Cognitive Battery Measures
Model Selection and Hyperparameter Search
The 5-fold nested cross validation yielded top performing models and their associated hyperparameters for the two cognitive measures: crystallized composite cognition and pattern processing speed. Trained models were then tested on the validation set. Training and validation R2 for the NIH Toolbox Cognitive Battery analysis were recorded along with corresponding hyperparameters of both the best performing elastic net regression models (Table 7). 
Table 7
Top Elastic Net Regression Models and Hyperparameters 


	 
	Hyperparameters   
	Training 
	Validation 

	Outcome
	λ             α
	R2
	 
	R2
	 

	Crystallized Composite 
	   1         0.1
	0.059
	
	0.056
	

	Pattern Processing 
	0.1            1
	0.048
	 
	0.025
	 



Note. The R2 values for the training and validation datasets for non-imaging outcome variables. 
Crystallized Composite Cognition: 
To test whether physical activity level and diet were related to crystallized cognition, an elastic-net regression that included scores on the two dietary patterns, whether subjects had satisfied the CDC physical activity requirement, yearly energy output, sociodemographic variables, and study site was computed. The best model identified the healthy and Western-style dietary patterns, poverty status, and education level as features most highly associated with crystallized cognition (see Figure 5 and Table 8).
Figure 5 
Coefficients of the Best Crystallized Cognition Model 
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Note. Coefficients of best model predicting crystallized cognition scores (study site coefficients are omitted for clarity, see Table S4 in the supplementary material). 
Table 8 
Crystallized Cognition Model Coefficients


	Variable 
	 
	Coefficient

	Healthy Diet
	 0.438

	Western-Style Diet
	-0.594

	Sex
	
	 0.000

	Interview Age
	 0.064

	BMI
	
	-0.182

	CDC Physical Activity
	 0.000

	Energy Expenditure
	 0.000

	Energy Intake
	-0.199

	Income 
	
	 0.350

	Parental Education 
	 0.509




Note. Coefficients of predictor variables for the best crystallized cognition model. 

Parental education level, the healthy dietary pattern, and poverty status were most positively related to crystallized cognition, while the Western-style dietary pattern, BMI, and total kilocalories consumed were most negatively related to crystallized cognition. In the training dataset, this explained 5.9 % of the variance in crystallized cognition, which generalized to the validation set (5.6 %; see Table 7). Of note, the physical activity variables were made available to the model but were not selected. Coefficients for all five models identified during training are highly consistent (Figure 6). 
As seen in Table 9, including predictors of interest (the two dietary pattern factor scores and the two physical activity measures) during training increased average model performance by 33% for crystallized cognition compared to only including covariates.





Figure 6 
Comparing Coefficients of the Top Five Crystallized Cognition Models
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Note. Study site coefficients are omitted for clarity. 

Table 9 
Model Performance with Covariates vs All Predictors 

	

	 
	       Training dataset 
	

	Outcome
	R2:    M
	SD
	

	Crystallized Composite 
	
	
	

	Covariates only 
	0.030
	0.01
	

	All predictors 
	0.040
	0.02
	

	
	
	
	

	Processing Speed
	
	
	

	Covariates only 
	0.032
	0.01
	

	All predictors
	0.032
	0.01
	




Note. Average performance of models using covariates only as predictor variables versus all variables. The mean and standard deviation of the top five models’ R2 values are recorded. 
Pattern Comparison Processing Speed (Component of Fluid Cognition): 
To test whether physical activity level and diet were related to processing speed (a measure of fluid cognition) an elastic-net regression including the same predictor variables as those used for the crystallized cognitive outcome was computed. The best model identified interview age, sex, BMI, the CDC physical activity variable, kilocalories consumed, and poverty status as features most highly associated with crystallized cognition (see Figure. 7; for beta weights see Table S5 in the supplemental materials).
Figure 7 
Coefficients of the Best Processing Speed Model 
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Note. Coefficients of the highest performing model predicting processing speed scores (for study site coefficients, see Table S5 in the supplemental material). 




Table 10 
Processing Speed Model Coefficients


	Variable 
	 
	Coefficient 

	Healthy Diet
	 0.000

	Western-Style Diet
	 0.000

	Sex
	
	-0.635

	Interview Age
	 1.364

	BMI
	
	-0.520

	CDC Physical Activity
	 0.643

	Energy Expenditure
	 0.000

	Energy Intake
	-0.392

	Income 
	
	 0.480

	Parental Education 
	 0.000



Note. Coefficients (beta weights) of predictor variables for the best processing speed model. 

 Interview age, the CDC physical activity variable, and poverty status were positively related to crystalized cognition, while being male, BMI, and total calories consumed were most negatively related to crystallized cognition. In the training dataset, this explained 4.8 % of the variance in crystallized cognition, which generalized to the validation set (2.5 %; see Table 7). Table 9 shows how removing predictors of interest (variables for the two dietary pattern factor scores and the two physical activity measures) during training and only including covariates produced similarly performing models for processing speed. Of note, neither dietary pattern was selected as features by the model. Coefficients for all five models identified during training are relatively consistent (Figure 8).









Figure 8 
Comparing Coefficients of the Top Five Processing Speed Models
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Note. Study site coefficients are omitted for clarity. 

Imaging Results for Predicting Activation in ROIs During N-back Task 
To test whether physical activity level and diet were related to activity during the n-back working memory task, an elastic-net regression that included scores on the two dietary patterns, whether subjects had satisfied the CDC physical activity requirement, yearly energy output, sociodemographic variables, and fMRI scanner ID was computed. The models attempted to predict the 2-back vs 0-back contrast for bilateral precuneus and rostral middle frontal gyrus. As R2 for the best performing models all converged toward zero during cross validation, as seen in Table 11, the models were not tested on the lockbox. 


Table 11
N-back Task Model Performance 
	

	 
	Training dataset

	Outcome
	            R2
	 

	Precuneus LH
	      -0.0002
	

	Precuneus RH 
	      -0.0002
	

	Rostral Middle Frontal LH
	    -0.002
	

	Rostral Middle Frontal RH
	      -0.0001
	 



Note. The R2 values (variance explained) for the training datasets for each of the imaging outcome variables. Covariates were added to the models to account for differences in income, education, BMI, total kilocalories consumed, sex, age, and scanner ID.

Chapter 4: Discussion 

Using a large and diverse group of 10- to 13-year-old children enrolled in the ABCD® Study, we highlighted how dietary patterns and physical activity levels are related to scores on neurocognitive tasks from the NIH Toolbox Cognition Battery related to crystallized and fluid cognition. After performing a 5-fold, nested, cross-validated elastic net regression, we found top performing models for predicting each of these cognitive outcomes and validated their performance on a left-out validation dataset (a more in-depth discussion of model training and hyperparameter optimization along with results can be found in Table S6 and Table S7 in the supplementary material). The crystallized cognition model found positive associations with healthy diets, household income above the federal poverty level, and parental education and negative associations to Western-style diets, BMI, and daily energy intake (kilocalorie consumption). Our model found no association between crystallized cognition and physical activity levels. Figure 5 depicts the relative coefficients for each predictor variable found by the best performing crystallized cognition model (corresponding coefficient values can be found in Table 8). The processing speed model (a component of fluid cognition) found positive associations with age, whether participants had satisfied the CDC’s requirement of 60 minutes of physical activity a day, and income above the federal poverty level. Processing speed was negatively associated with being male, BMI, and daily energy intake, and unrelated to diet, yearly energy expenditure, and parents’ education (see Figure 7 and Table 10). As seen in Table 11, task-based fMRI activation (using the 2-back vs 0-back contrast in the bilateral precuneus and rostral middle frontal gyrus) on the n-back working memory task were not found to be associated with these predictor variables. 
Within training, the models found consistent relationships, as seen in Figures 6 and 8, supporting the likelihood that these relationships were not found due to chance alone. Furthermore, the models’ performance on the held-out validation set supports the model’s ability to generalize to an unseen dataset and therefore support the study’s external validity (see Table 7). The effect sizes found during validation (R2 = 0.056 and R2 = 0.025) may appear insignificantly small in the context of current standards in psychological research set out by Cohen’s effect size heuristics, which describe R2 = 0.1 to be small (Cohen, 1988); however, our findings are consistent with effect sizes found in previous ABCD® investigations and the relative effect sizes proposed by Owens et al (2021). Owens et al.’s formal investigation into effect sizes within the ABCD® data set found a median effect size of R2 = 0.05 and concluded that empirically determined effect sizes from large datasets such as those in ABCD® are smaller than would be expected based on Cohen’s heuristics. The study also commented on how even small effect sizes observed in large, longitudinal studies such as ABCD® may grow over time and have a long-term cumulative impact (Owens et al., 2021; Funder & Ozer, 2019). These results reset the expectation of finding a large effect size in this data, which supports the significance of the effect sizes found in the present study; evaluating how these effect sizes may grow over the course of the ABCD® study will be an interesting area of future research.
Non-Imaging Analysis: Key Predictor Variables Identified for Fluid and Crystallized Cognition 
Our approach yielded several key predictor variables for each of the cognitive outcomes measured. We will focus on describing predictors of interest and covariates, but coefficients associated with the ABCD® study site are found in the supplementary material (Table S4 and Table S5). 
 Beginning with the crystallized cognition model, as seen in Figure 5, the variables describing the two dietary patterns were two of the predictors with the highest absolute coefficients. The “healthy” diet, which featured higher intake of vegetables, apples, and salad, and lower intake of items such as soda, fries, and pizza was positively associated with crystallized cognition. In contrast, the “Western-style” diet which featured higher intake of items such as fries, burgers, soda, pizza, and chicken was negatively associated with crystallized cognition (for factor loadings on food items see Figure 4 and Table S3). This finding was consistent with our hypothesis that diets higher in wholes foods, fruits, and vegetables would be positively associated with cognitive outcomes while diets higher in saturated fat and sugar would be negatively associated with cognitive outcomes. 
The relationship of diet and crystallized cognition has been previously studied and may give insight into why diets high in fruits and vegetables could lead to better crystallized cognitive outcomes; a recent study focused on this relationship in older adults identified the importance of lutein, a naturally occurring pigment in plants, to crystallized cognition (Zamroziewicz et al., 2016). Lutein has been found to accumulate selectively in neural tissues over the entire lifespan and is believed to play a neuroprotective role in influencing neuronal membrane properties and communication (Renzi et al., 2014; Bovier & Hammond, 2015). Foods high in lutein include green leafy vegetables (which have previously been shown to improve cognition), other vegetables, and egg yolks (Kang et al., 2005; Morris et al., 2006). Using 122 cognitively intact subjects aged 65-75 years, the study found that high levels of lutein in blood serum was associated with better performance on crystallized cognitive tasks and that high levels of lutein in blood was associated with high gray matter volume in the parahippocampal cortex, ultimately suggesting that changes in brain structure may mediate lutein’s impact on crystallized cognition (Zamroziewicz et al., 2016). These results are highly interesting to our study; we found that vegetables had the highest loading for the healthy diet pattern (for factor loadings see Table S3 in the supplementary material), suggesting the possibility that increased consumption of lutein via vegetables may be involved in the positive association we observed. Additionally, Zamroziewicz et al.’s study suggests that intake of specific nutrients can have a lifelong impact on the brain, emphasizing the importance of adopting a healthy diet during adolescence when such behaviors become engrained. 
Contrary to our hypothesis, neither dietary pattern was selected as predictor variables in the processing speed regression. Though several studies have found associations between dietary patterns and more generalized cognitive outcomes (Yu et al., 2018; Martínez García et al, 2018; Okubo et al., 2017; Akbaraly et al., 2009), studies specifically looking at the association to fluid cognitive constructs offer conflicting results; Schulz et al. found no relationship between dietary patterns and fluid cognition in 104,898 participants in the UK Biobank study (2021), while Ozawa et al. (2017) identified that an inflammatory dietary pattern (high in red meat, processed meats, peas and legumes, and fried food) predicted faster fluid cognitive decline over ten years of follow-up in a smaller cohort (n = 5083). As Schulz et al’s investigation was cross-sectional while Ozawa et al’s study was longitudinal, one potential explanation is that dietary patterns may be more appropriate for predicting cognitive outcomes within-subjects than between them. Further research specifically studying both within and between subject differences in adolescents over time will be helpful for clarifying these results. 
Our finding that the two components of cognition (crystallized and fluid) seem to be differentially impacted by physical activity converges with several other studies. Cognitive abilities associated with fluid cognition, such as speed, executive function, and working memory, have been previously positively associated with physical activity (Hillman et al., 2008; Kramer et al., 2007; Erickson et al, 2019). A study which measured physical activity levels via sensors reported that moderate-to-vigorous physical activity was positively correlated with improved fluid intelligence abilities (tasks measuring perceptual speed and reasoning), while sedentariness was positively associated with crystallized cognition, and that time spent in light PA was not related to either fluid or crystallized abilities (Burzynska et al, 2020). Understanding cognitive reserve, a theory for how some people are resilient to pathologies like Alzheimer’s (Stern, 2012; Salas et al., 2021) may help explain why crystallized cognition was not found to be associated with physical activity. Cognitive reserve, which is associated with better cognition in older age, has been shown to benefit from more sedentary activities that are associated with crystallized cognition, including structured education, cognitively demanding jobs, and leisure time activities such as reading, solving riddles, and playing games (Clare et al., 2017; Stern, 2009; Stern et al., 1994, 2018). 
Interestingly, in our study the binary variable describing physical activity (whether children on average participated in above or below 60 minutes of physical activity a day) was found to be associated with processing speed, but the variable describing yearly energy expenditure (which takes into account both duration and intensity of activity) was not. One interpretation of this result is that meeting a certain threshold of physical activity is enough to reap the benefits; the relationship between physical activity intensity and cognition may not be linear, as proposed by the inverted-U hypothesis that suggests that moderate intensity physical activity results in higher benefits than light and vigorous intensity physical activity (Lambourne & Tomporowski, 2010; McMorris & Hale, 2012). These results are promising for supporting the efficacy of physical activity guidelines that are easy to implement and maintain. 
Age and gender also seem to play a differential role in predicting these components. Our finding that processing speed was positively related to age is supported by previous studies, which have found that fluid intelligence peaks around age 20, and in particular that processing speed peaks around age 18 or 19 (Van Aken et al, 2015; Hartshorne & Germine, 2015). Older individuals in our study may therefore have had more matured fluid abilities than younger participants. On the other hand, age was not a significant predictor of crystallized cognition. This was not surprising as crystallized intelligence appears to stay relatively constant throughout life, peaking much later in life, into one’s late 60s or 70s (Van Aken et al, 2015; Hartshorne & Germine, 2015). As we age, we build knowledge through education and spend more time participating in activities associated with crystallized cognition, such as puzzles and games (Hartshorne & Germine, 2015). At the ages of 10-13 years old, the oldest participants in our study may not have accumulated enough knowledge for crystallized abilities to diverge significantly by age, so age may not be an important feature. 
Both crystallized and fluid cognition were slightly negatively associated with BMI and daily energy intake (measured in kilocalories). This finding was not surprising, as increased calorie consumption is linked to higher weight, and much literature has identified a link between higher weight and lower cognitive performance (Tomaso et al., 2022; Kamijo et al., 2012; Reyes et al., 2015). Though not surprising, this result confirms the significance of childhood weight and calorie consumption to cognitive outcomes in both adolescence and adulthood; as childhood overweight and obesity are significant predictors of obesity and coronary heart disease in adulthood, the consequences of this relationship may extend into adulthood and promote cognitive decline (Janssen et al., 2005; Elias et al., 2012)
The association between being male and lower performance on the processing speed task was unexpected, as previous studies have suggested that sex and general measures of cognition are not significantly related (Colom & Garcı́a-López, 2002). However, studies that looked at sex differences in subcomponents of cognition were consistent with our results; females were found to outperform males for processing speed specifically, but not in fluid or crystallized abilities in general (Roivainen, 2011). Roivainen suggests this may be due to gender differences in reading and writing fluency prompted by females’ deeper involvement in language related activities. Based on the literature and our findings, we propose the importance of investigating the various subcomponents of fluid and crystallized cognition to uncover the effect of health behaviors, as these relationships might be masked when only composite cognitive constructs are considered in analysis. Identifying how these more specific domains of cognition are differentially related to such variables may help identify important mechanistic or environmental explanations that resolve the conflicting results we have observed in more broad cognitive measures. 
Our finding that education was associated with crystallized cognition highlights the importance of the social determinants of health. Akbaraly et al’s study investigating the association between diet and cognition in a sample of 4693 white, European participants supports the importance of socio-demographic factors (2009). The group found associations between a whole food diet and lower odds of cognitive deficit, and associations between a processed food diet and higher odds of cognitive deficit. After adjusting for education, these results were significantly attenuated, suggesting education as a significant confounder in the relationship between diet and cognitive deficit (Akbaraly et al., 2009). Furthermore, whether household income was above or below the federal poverty level was negatively associated with both crystallized and fluid cognition. This finding is unfortunately highly consistent with previous studies, which have observed that low socioeconomic status is associated with decreased cognition later in life (Peterson et al., 2021). Crystallized cognition in particular has been highly associated with education and income in other studies (Rindermann et al, 2010; Hartshorne & Germine, 2015). Our study purposefully included these socioeconomic variables and excluded a variable describing race in order to reflect how race in itself is not the cause of these differences, but rather systemic racism and inequities contribute to the racial divides we see appear across measures of education and income, and by extension the differences observed in cognitive outcomes, obesity, and BMI (Zang and Wang, 2004; Akil & Ahmad, 2011). Such factors seek to capture the differences that might appear to be associated with race without centering race as a causal explanation.
The decreased performance between training (R2 = 0.048) and validation (R2 = 0.025) we observed for the processing speed model were not entirely unexpected based on the relative R2 found in the outer folds of the CV, which ranged from 0.017 to 0.048 (for performance on each outer fold, see Table S7 in the supplementary material). This range of variance explained suggests that the best performing model may have been overfit to certain characteristics within the sample it was trained, and therefore failed to generalize as well to the validation set. Though stratifying the splits in the outer fold by study site and ensuring there were no statistically significant differences between the training set and validation set aimed to reduce the possibility of overfitting to differences in the training sample, it is possible that other measures were slightly imbalanced within splits, and further inquiry into the composition of the splits and validation set could be conducted to determine which differences may have resulted in the performance discrepancy.
After investigating how much covariates were contributing to the effects we observed, we found that diet adds about 1% of explained variance for predicting crystallized cognition, but there was no obvious benefit of adding the physical activity variables of interest to predicting processing speed (see Table 9). This finding suggests that when predicting processing speed, the variance explained by the other covariates cannot be disentangled from the variance explained by the physical activity variable. Determining which variables are driving the observed relationships could be a topic of future study.
Imaging Analysis: fMRI N-back Working Memory 
The analysis that attempted to predict activity in the precuneus and rostral middle frontal gyrus (dorsolateral prefrontal area) during the n-back task did not explain any of the variance in the data (see Table 11). These regions were selected based on literature which supported activation in frontal and parietal regions during the n-back task in children (Yaple & Arsalidou, 2018). Though finding differential activation in regions of interest has been a challenge, investigating the association between task-based activation in the brain and physical activity and diet is a subject that we plan to pursue further. An immediate next step to perform is to conduct a regression to predict participants’ performance on the n-back task; though non-imaging, this investigation would add a working memory probe to our analysis and provide insight as to whether our variables of interest are related to working memory abilities and not just brain activity during the task. Possible ways to improve the imaging analysis include looking at more regions of interest; extending the search to the basal ganglia may yield significant relationships, as observed by Dumas et al, who found increases in brain activation during the n-back task in the caudate and putamen (regions in the basal ganglia) in individuals with diets high in saturated fat (2016). Other considerations for future analysis include investigating vertex and voxel level activity instead of activity at ROI-level, and considering structural differences in addition to these functional differences in specific brain regions, supported by previous ABCD work that has found associations between weight gain and increased cell density in the nucleus accumbens (Rapuano et al., 2020) and associations between BMI and reduced cortical thickness, surface area, and enlarged subcortical volumes (Laurent et al., 2021).  
Limitations 
As this study is cross-sectional, cause and effect relationships between diet, physical activity, and cognition cannot be determined. Further prospective studies and randomized control trials should be conducted to confirm our findings. 
Additionally, any study that relies on survey data likely involves recall bias. Participants tend to underreport food intake and overreport physical activity levels (Durante & Ainsworth, 1996; Lichtman et al., 1992; Shephard, 2003). As an example, in our data, the average answer to the question regarding daily caloric intake was found to be 1285 calories. This is significantly lower than daily recommendation for adolescents set by the American Academy of Pediatrics’s Committee on Nutrition, which suggests that though individual calorie needs vary, moderately active boys require an average of about 2,800 calories a day and girls require an average of 2,000 calories a day (Greer, 2016). Reporting impossible values for food intake is a significant limitation of self-reported food surveys; self-reported kilocalorie consumption from the well-established National Health And Nutrition Examination Study (NHANES) was found to be 42.5% below the energy intake required for survival in a comatose patient (Archer, 2017). Despite the limited reliability of this metric, we hoped to account for high caloric intake in our models and chose to include this measure in our independent variables.  However, due to these limitations, our findings for average caloric intake support the potential for this bias to exist (see Table 1). Additionally, the data regarding yearly energy expenditure was highly spread out with a similar mean and standard deviation (see Table 1) and might not be the best metric to summarize physical activity intensity and duration. An alternative approach could be to use the FitBit data collected by the ABCD® study, which does not suffer from self-report errors. Future research might benefit from adding this metric to the measures with which to describe physical activity. Finally, the factor analysis method is subjective in terms of deciding the number of factors to extract and their interpretation (Hu, 2002).
If the project had allowed for more time and the data became available, we would have attempted to conduct a longitudinal comparison between the 2-year follow-up and either an earlier or later time point to better understand the directionality of these relationships. Additionally, we would like to include a variable representing clinical diagnoses such as type II diabetes and obesity in the models to evaluate the effect of physical activity and diet independent of disease. Though this data might not be available for several years, a longitudinal examination would enable us to consider children who became diabetic or obese during the study, and retrospectively evaluate their physical activity, dietary patterns, and cognition at an earlier time point.
Conclusions 
Though how health behaviors affect the brain is complex, research evaluating the impact of diet and physical activity on children is critically needed; the onset of obesity at increasingly earlier ages demands interventions to support the future health of the population. The consequences of childhood obesity are vast and alarming, including higher risk for obesity in adulthood, cardiovascular disease, and Alzheimer’s and ultimately earlier mortality. Evaluating the impact of diet and physical activity on fluid and crystallized cognition, the present study demonstrated how diet may be a significant predictor for crystallized cognition, while physical activity may be related to processing speed and fluid cognition.
These results offer preliminary support for future research that will focus on the effect of diet and physical activity on subtypes of cognition. Such work may help isolate areas of cognition that may be particularly sensitive to health behaviors, which may elucidate some of the mechanisms involved and help inform public health strategies aimed at decreasing the concerning rise of obesity in children. As increasingly specific cognitive associations are found, interventions that utilize such associations may be particularly effective; the potential of such cognitively informed, multimodal approaches is supported by a recent study which found that food-specific inhibitory control training was a particularly effective strategy for weight loss for people with low inhibitory control and high BMI (de Klerk et al, 2022). The future of obesity prevention may lie in such interventions that target dietary patterns, physical activity, and subcomponents of cognition to be maximally effective. As obesity prevalence shows socioeconomic disparities, it is critical that such future research involves a heterogenous population and interventions are made accessible.












SUPPLEMENTARY MATERIAL
Table S1
fMRI Sample Demographics 

	Variable
	 
	 
	 
	Mean (SD)

	
	
	
	
	
	

	Age (years)
	
	
	11.9 (0.63)

	BMI
	
	
	
	19.2 (3.2)
	

	Energy Input (Kcal/day) 
	
	1278.6 (402.8)

	Energy Expenditure (Kcal/year)
	67430.4 (60023.3)

	Factor 1 scores
	
	
	7.1 (3.3)
	

	Factor 2 scores
	
	
	6.5 (2.3)
	

	
	
	
	
	
	

	Sex
	
	
	
	n
	%

	Male
	
	
	
	1716
	56.8

	Female
	
	
	
	1305
	43.2

	
	
	
	
	
	

	Parent education
	
	
	
	

	Bachelor's or above
	
	
	1594
	67.7

	Less than bachelor's
	
	
	759
	32.3

	
	
	
	
	
	

	Parent income 
	
	
	
	

	Above poverty
	
	
	2174
	92.4

	Below poverty
	
	
	179
	7.6

	
	
	
	
	
	

	Physical Activity (CDC)
	
	
	

	Above CDC recommendation 
	
	1390
	59.1

	Below CDC recommendation 
	 
	963
	40.9



Note.  Summary of characteristics of children included in the imaging analysis. The means and standard deviation (SD) or the sample size (n) and percentage (%) are reported. BMI = Body Mass Index








Table S2
Sample Demographics for the Imaging Train/Validation Split

	 
	 
	 
	 
	Training (n = 1910)
	Validation (n=443)

	Variable
	 
	 
	 
	Mean (SD)
	Mean (SD)

	
	
	
	
	
	
	
	

	Age (years)
	
	
	11.9 (0.63)
	11.9 (0.63)

	BMI
	
	
	
	19.3 (3.2)
	
	19.1 (3.1)
	

	Energy Input (Kcal/day) 
	
	1279.9 (401.3) 
	1272.7 (409.6)

	Energy Expenditure (Kcal/year)
	67639.0 (60043.0)
	66530.9 (59997.9)

	Factor 1 scores
	
	
	7.0 (3.2)
	
	7.2 (3.4)
	

	Factor 2 scores
	
	
	6.5 (2.2)
	
	6.5 (2.3)
	

	
	
	
	
	
	
	
	

	Sex
	
	
	
	n
	%
	n
	%

	Male
	
	
	
	1095
	57.3
	242
	54.6

	Female
	
	
	
	815
	42.7
	201
	45.4

	
	
	
	
	
	
	
	

	Parent education
	
	
	
	
	
	

	Bachelor's or above
	
	
	1296
	67.9
	298
	67.3

	Less than bachelor's
	
	
	614
	32.1
	145
	32.7

	
	
	
	
	
	
	
	

	Parent income 
	
	
	
	
	
	

	Above poverty
	
	
	1772
	92.8
	402
	90.7

	Below poverty
	
	
	138
	7.2
	41
	9.3

	
	
	
	
	
	
	
	

	Physical Activity (CDC)
	
	
	
	
	

	Above CDC recommendation 
	
	1124
	58.8
	266
	60

	Below CDC recommendation 
	 
	786
	41.2
	177
	40




Note. Demographic characteristics of children who were included in the fMRI n-back working elastic net regression analysis (broken by training and validation samples). The mean and standard deviation (SD) or sample size (n)  and percentage are presented. 






Table S3
Factor Loadings

	Food Item
	Healthy Diet
	Western-style Diet 

	Vegetables
	 0.57
	 0.00

	Apples
	 0.52
	-0.06
	

	Salad
	 0.50
	 0.03
	

	Tomatoes
	 0.43
	-0.01
	

	Other Fruit
	 0.41
	 0.00
	

	Bread
	 0.35
	-0.08
	

	Beans
	 0.34
	 0.02
	

	Soup
	 0.33
	 0.05
	

	Green Beans
	 0.30
	 0.16
	

	Fish
	 0.24
	 0.11
	

	Eggs
	 0.21
	 0.17
	

	Potatoes
	 0.21
	 0.29
	

	Cooked Cereal
	 0.20
	-0.01
	

	Cheese
	 0.19
	 0.02
	

	Bars
	 0.16
	-0.02
	

	Refried Beans
	 0.15
	 0.05
	

	Beef
	 0.15
	 0.28
	

	Applesauce
	 0.14
	 0.10
	

	Milk
	 0.14
	-0.04
	

	Burritos
	 0.12
	 0.11
	

	Spaghetti
	 0.11
	 0.15
	

	Pork
	 0.10
	 0.28
	

	Meat
	 0.10
	 0.29
	

	Ketchup
	 0.10
	 0.31
	

	Juice
	 0.09
	 0.19
	

	Lunch Meat
	 0.05
	 0.18
	

	Ice Cream
	 0.05
	 0.11
	

	Cereal
	 0.04
	 0.00
	

	Chicken
	 0.01
	 0.35
	

	Popcorn
	 0.00
	 0.11
	

	Candy
	 0.00
	 0.15
	

	Cookies
	-0.02
	 0.25
	

	Mac&Cheese
	-0.05
	 0.21
	

	Hotdogs
	-0.09
	 0.32
	

	Chips
	-0.15
	 0.29
	

	Burgers
	-0.17
	 0.41
	

	Pizza
	-0.20
	 0.32
	

	Fries
	-0.24
	 0.51
	

	Soda
	-0.28
	 0.41
	



Note. Computed factor loadings for each the 23 items from the Youth Food Block Screen 
Table S4
All Coefficients for Crystallized Cognition Model

	Variable 
	 
	Coefficient

	Healthy Diet
	 0.438

	Western-Style Diet
	-0.594

	Sex
	
	 0.000

	Interview Age
	 0.064

	BMI
	
	-0.182

	CDC Physical Activity
	 0.000

	Energy Expenditure
	 0.000

	Energy Intake
	-0.199

	Income 
	
	 0.350

	Parental Education 
	 0.509

	Site 1
	
	 0.095

	Site 2
	
	 0.085

	Site 3
	
	 0.000

	Site 4
	
	-0.324

	Site 5
	
	 0.164

	Site 6
	
	-0.021

	Site 7
	
	 0.115

	Site 8
	
	 0.083

	Site 9
	
	 0.052

	Site 10
	
	 0.000

	Site 11
	
	 0.031

	Site 12
	
	 0.000

	Site 13
	
	-0.034

	Site 14
	
	-0.234

	Site 15
	
	-0.049

	Site 17
	
	 0.028

	Site 18
	
	 0.248

	Site 19
	
	-0.063

	Site 20
	
	-0.137

	Site 21 
	 
	-0.107

	
	
	




Note. Coefficients for all predictor variables (including study site) used for predicting crystallized cognition. Predictor variable coefficients are discussed in the Results section (Figure 5 and Table 8). Study sites 4 and 14 have relatively large negative coefficients while study site 18 has a relatively large positive coefficient. 


Table S5
All Coefficients for Processing Speed Model

	Variable 
	 
	Coefficient

	Healthy Diet
	 0.000
	

	Western-Style Diet
	 0.000
	

	Sex
	
	-0.635
	

	Interview Age
	 1.364
	

	BMI
	
	-0.520
	

	CDC Physical Activity
	 0.643
	

	Energy Expenditure
	 0.000
	

	Energy Intake
	-0.392
	

	Income 
	
	 0.480
	

	Parental Education 
	 0.000
	

	Site 1
	
	 0.900
	

	Site 2
	
	 0.210
	

	Site 3
	
	 0.203
	

	Site 4
	
	 0.076
	

	Site 5
	
	 0.000
	

	Site 6
	
	-0.109
	

	Site 7
	
	 0.208
	

	Site 8
	
	 0.816
	

	Site 9
	
	 0.070
	

	Site 10
	
	 0.517
	

	Site 11
	
	-0.235
	

	Site 12
	
	 0.000
	

	Site 13
	
	 0.000
	

	Site 14
	
	 0.408
	

	Site 15
	
	-0.804
	

	Site 17
	
	 0.114
	

	Site 18
	
	 1.069
	

	Site 19
	
	 0.485
	

	Site 20
	
	 0.000
	

	Site 21 
	 
	 0.000
	 

	
	
	
	




Note. Coefficients for all predictor variables (including study site) used for predicting processing speed. Predictor variable coefficients are discussed in the Results section (Figure 7 and Table 10). Study sites 1, 8, 18, 10, and 19 have relatively large positive coefficients while study site 15 has a relatively large negative coefficient. 

Model Selection and Training 
The hyperparameters yielded through the nested cross-validation offer a point of discussion for how the two successful algorithms penalized the data (Table 7). For the crystallized cognition prediction, finding 𝜆 = 1.0 and ⍺ = 0.1 as the optimal hyperparameter pair suggests that for this model, the Ridge penalty term contributes much more significantly to the overall penalty than the Lasso penalty term (when ⍺ = 0, the penalty term includes only the Ridge penalty). Ridge regression penalizes models with large coefficients, reducing variance.  For the pattern comparison processing speed prediction, finding 𝜆 = 0.1 and ⍺ = 1.0 as the optimal hyperparameter pair suggests that, overall, the Elastic Net penalty term is being weighted very little, and the algorithm is closer to that of an ordinary least square (OLS) regression (when 𝜆 = 0, the penalty term disappears, and the algorithm is equal to an OLS regression). With ⍺ set to 1, the penalty term only includes the Lasso penalty, and the Ridge penalty has been removed. The Lasso penalty allows some coefficients to be minimized, which removes features from the model and creates a less complex model

Table S6
Cross Validation Models: Crystallized Cognition

	 
	Hyperparameters
	 

	Model
	λ
	α
	R2

	1
	1.0
	0.1
	0.039

	2
	1.0
	0.1
	0.048

	3
	0.1
	0.8
	0.015

	4
	1.0
	0.1
	0.038

	5
	1.0
	0.1
	0.059



Note. The hyperparameters and associated R2 for the top five performing models. Lambda = 1 and alpha = 0.1 appear frequently with consistent R2. 



Table S7
Cross Validation Models: Processing Speed

	 
	Hyperparameters
	 

	Model
	λ
	α
	R2

	1
	1.0
	0.1
	0.035

	2
	0.1
	1.0
	0.048

	3
	0.1
	0.8
	0.042

	4
	0.1
	0.5
	0.017

	5
	0.1
	1.0
	0.017

	
	
	
	


Note. The hyperparameters and associated R2 for the top five performing models. Parameter pairs and R2 values vary, though lambda = 0.1 was a frequently favored parameter. 
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