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The Roles of Genetic Variation and Exercise on Dietary Patterns among 

Sedentary Young Adults 

 

Jaehyun Joo, Ph.D. 
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Supervisor:  Molly S. Bray 

 

Researchers from health care to basic science are interested in determining how 

people can improve their overall eating patterns. This dissertation concerns the roles of 

genetic variation and exercise in influencing dietary patterns, with three specific aims.  

1. Characterize dietary patterns using sparse latent factor models, addressing the 

methodological shortcomings of the current dietary pattern approach.   

2. Examine the influence of a 15-week aerobic exercise training protocol on dietary 

patterns among young adults.  

3. Examine the contribution of genetic variation to the variability of dietary patterns 

using genome-wide single nucleotide polymorphism (SNP) data. 

Since foods and beverages are consumed in a variety of combinations under free-

living circumstances, analysis performed on a per-food or per-nutrient basis can be 

misleading. Thus, it is important to consider not only research related individual dietary 

component, but also research that examines dietary patterns that represent the real-life 
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manner in which foods are consumed in a variety of combinations. With this idea in 

mind, dietary pattern analysis was performed to identify habitual dietary patterns among 

young adults. In this research project, sparse latent factor modeling was applied to dietary 

pattern analysis an alternative approach to overcome the methodological shortcomings of 

the current dietary pattern methods in which several steps are performed sequentially, and 

each step involves in an arbitrary decision rule. 

Once dietary patterns were identified, the influence of exercise on patterns of food 

consumption was evaluated. Changes in dietary patterns among young adults after 15 

weeks of exercise training were examined using the time-varying factor scores of dietary 

patterns. The results suggest that engaging in regular exercise may motivate individuals 

to regulate overall food intake as well as pursue healthier dietary preferences. 

Finally, the SNP-based heritability of dietary patterns was examined using 

genome-wide SNP data. The proportion of variance in dietary patterns accounted for by 

genetic variation was calculated, which produced estimates of SNP-based heritability. 

The heritability of both the Snacking and Western patterns was greater than that of the 

Prudent pattern, suggesting a stronger biological underpinning for preference of foods 

high in fat and sugar.  

Dietary patterns are more than the sum of their part; they represent what people 

habitually eat and drink in daily lives, and these dietary components act synergistically to 

affect health. Understanding the roles of exercise and genetic variation in influencing 

dietary patterns as a whole would be a significant step toward the goal of providing a 
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robust behavioral and biological basis for healthy eating patterns that both reduce risk of 

preventable chronic disease and promote overall health.   
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Chapter 1. Introduction 

A healthy diet plays a critical role in maintaining overall well-being. 

Today’s obesogenic food environment, however, promotes unhealthy nutritional 

habits and increases the risk for preventable chronic diseases. It is, therefore, 

important to analyze the factors that drive specific eating behaviors to bring about 

effective dietary modifications that favor beneficial health outcomes.  

Much work on this topic has focused on single nutrients and foods. 

Although this evidence base continues to be substantial, individually examining 

dietary components may fail to acknowledge complex interrelationships among 

foods and nutrients. In addition, simply linking a large number of isolated dietary 

measures to clinical covariates may make the inferred results less translatable to 

individuals and health professionals.  

Latent factor models help to expose patterns in data by allowing the 

collection of observed variables to be modeled via a linear superposition of latent 

factors. In dietary pattern analysis, principal component analysis (PCA) and 

exploratory factor analysis (EFA) are the most popular of these models, and have 

been used to elucidate patterns of foods that individuals habitually eat and drink 

together. Nonetheless, numerous drawbacks of the current dietary pattern methods 

have been pointed out in the literature. A major limitation associated with both 

PCA and EFA is a series of arbitrary decisions involved at various steps of the 
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modeling effort. In this dissertation, a sparse variant of latent factor models was 

employed in a Bayesian context, to provide a more coherent procedure for 

identifying dietary patterns. The applicability and advantages of this approach 

were demonstrated with an empirical study in comparison with PCA. 

With this dietary pattern modeling framework in hand, the influence of a 

15-week exercise training protocol on dietary patterns among young adults was 

investigated. Most studies to date have centered on changes in single 

nutrients/foods in response to exercise. Nevertheless, modifying one dietary 

component is generally accompanied by changes in other aspects of diet, and 

therefore, the impact of exercise on dietary intake may be more complicated than 

previously described. Of key interest was to reveal the role of exercise on changes 

in overall dietary patterns, accommodating the complex interrelationships in an 

individual’s total diet. Changes of dietary patterns in response to aerobic exercise 

training were analyzed in relation to different components of exercise 

characteristics, including duration, intensity, and dose. 

Genetic association studies have identified a number of SNPs associated 

with food consumption. However, the functional contributions of individual SNPs 

have not been clearly elucidated and explain only a small proportion of total 

phenotypic variance. For this reason, an alternative approach was taken to infer 

the genetic underpinnings of a specific pattern of food intake. Specifically, the 

proportion of genetic variance for dietary patterns was estimated using a set of 
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SNPs collectively, which provides a means for accounting for far more of the 

genetic contribution to phenotypic variability than the small set of putatively 

casual SNPs found thus far. 

This dissertation is organized as follows: 

• Chapter 2 reviews the published literature related to the aims of this 

dissertation project.  

• Chapter 3 describes the application of Bayesian sparse latent factor 

models to dietary pattern analysis and discusses the advantages and 

disadvantages of the proposed framework, in comparison with the 

current dietary pattern approach.  

• Chapter 4 presents the analysis of changes in dietary patterns in 

response to a 15-week exercise training protocol and addresses how 

these changes are associated with different components of exercise 

characteristics, including intensity, duration, and dose. 

• Chapter 5 describes the SNP-based heritability of dietary patterns, 

adhering to the assumption that dietary phenotypes are dependent on 

the cumulative action of many small-effect genes. Keeping this in 

mind, the SNP-based heritability estimates for dietary patterns using 

all common SNPs simultaneously were examined and interpreted.   

• Finally, Chapter 6 provides a summary of this dissertation and 

directions for future work.  
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Chapter 2. Literature Review 

2.1. DIETARY PATTERN ANALYSIS 

 In recent years, dietary pattern analysis has been used to represent what 

individuals habitually eat and drink (Hu, 2002). Dietary pattern analysis aims to 

address complex interrelationships among nutrients and foods, assuming a 

relatively small number of underlying patterns of dietary intake. Dietary patterns 

can be assessed in several ways, such as clustering, latent factor analysis, and 

reduced rank regression (Hoffmann, Schulze, Schienkiewitz, Nöthlings, & 

Boeing, 2004; Moeller et al., 2007; Newby & Tucker, 2004; Reedy et al., 2010).  

This dissertation focuses on latent factor analysis, which is the most frequently 

used method to find dietary patterns.  

2.1.1 Latent Factor Models 

Latent factor models aim to explain observed data in terms of a linear 

superposition of latent factors. In the context of a dietary pattern, these factors 

represent a set of food combinations that are habitually consumed together, which 

is are not directly observable. The traditional setup for factor analysis consists of 

𝑥𝑖 = (𝑥1,𝑖, . . . , 𝑥𝑝,𝑖)
′, a 𝑝-vector of the observed intake of food 𝑓 = 1: 𝑝 on sample 

𝑖 = 1: 𝑛. For a fixed dimension 𝑘, the model is of the form  

𝑥𝑖 = 𝐴𝜆𝑖 +  𝜈𝑖 
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where 𝐴 is the factor loading matrix, 𝜆𝑖 = (𝜆1,𝑖, . . . , 𝜆𝑘,𝑖)
′ is the 𝑘-vector of latent 

factor scores, and 𝜈𝑖 = (𝜈1,𝑖, . . . , 𝜈𝑝,𝑖)
′ is a 𝑝-vector of noise. The associations 

between each food and each of the underlying dietary patterns are indicated via 

the inference on the factor loading matrix 𝐴. The activity of each latent factor is 

expressed by the latent factor score 𝜆𝑖. In the field of nutritional epidemiology, 

the most popular of these models has been principal component analysis (PCA) 

(Pearson, 1901) and exploratory factor analysis (EFA) (Spearman, 1904). As a 

non-probabilistic model, PCA does not explicitly model 𝜈𝑖, which may lead to the 

confounding of noise due to its inherent empirical estimation of latent factors. In 

contrast, EFA aims to decouple these noise components from the assessment of 

the latent factor structure by assuming that 𝜈𝑖 is a vector of idiosyncratic, 

variable-specific noise (Spearman, 1904).  

2.1.2 Procedure of Dietary Pattern Analysis 

 Currently, the standard PCA/EFA-based procedure for assessing dietary 

patterns consists of several sequential steps (Martinez, Marshall, & Sechrest, 

1998; Moeller et al., 2007). For entry the analysis, measured intakes of food items 

are typically aggregated to a smaller number of food groups (Moeller et al., 2007; 

Newby & Tucker, 2004). These aggregated food groups are further processed to 

better approximate normal distributions because the distributions of food intake 
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for many food items are typically positively skewed (Theobald, Chatterjee, & 

Horgan, 2012).  

After the construction of input variables, factor analysis of dietary patterns 

proceeds in four separate steps: (i) choosing the number of the latent factors (i.e., 

dietary patterns); (ii) estimation of factor loadings from a latent factor model; (iii) 

factor rotation to search for a simple structure; (iv) loading truncation to facilitate 

interpretation.  

Once the structure of latent factors is determined, each factor is annotated 

according to its associations with food variables. The annotated factors (i.e., 

dietary patterns) are then used to summarize, organize, and understand the dietary 

data. Factor scores are also calculated based on the estimates of factor loadings. 

These scores are generally used as explanatory variables for studying associations 

between dietary patterns and health outcomes of interest in future analyses.  

2.1.3 Methodological Issues in the Current Dietary Pattern Analysis 

The major limitation of conventional dietary pattern analysis methods, 

PCA and EFA, is that the various steps are involved in a certain degree of 

arbitrariness, which may have non-negligible influence on the estimated factor 

structure (Browne, 2001; Martinez et al., 1998; Newby & Tucker, 2004).  

One of key decisions in dietary pattern analysis is how to collapse 

measured intake of food items into food groups (Martinez et al., 1998; Newby & 
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Tucker, 2004). Collapsing food items may be useful in dealing with multi-

modality of food intake distributions, which are generally a mixture of positively 

skewed distributions for consumers and point mass at zero for non-consumers. 

However, this process depends on judgmental decisions by researchers since there 

are numerous ways of aggregating food items into different numbers of food 

groups (Martinez et al., 1998). Indeed, food-grouping strategies have not been 

consistent across studies, although researchers may have considered how other 

studies have previously defined food groups (Newby & Tucker, 2004).   

Both PCA and EFA assume that the number of latent factor are known in 

advance. Various criteria have been proposed to determine the number of latent 

factors to retain in the model. In dietary pattern analysis, Kaiser’s rule (Kaiser, 

1960) and Cattell’s scree test (Raymond B. Cattell, 1966) have been the most 

utilized methods in practice (Moeller et al., 2007). Kaiser’s rule computes the 

eigenvalues for the correlation matrix of input variables and keeps the factors that 

have eigenvalues greater than one. Cattell’s scree test (Figure 2.1), on the other 

hand, plots the eigenvalues of the correlation matrix in descending order and finds 

the place where these values level off to the right of the graph to select the 

number of latent factors. However, despite their widespread use, both Kaiser’s 

rule and Cattell’s scree test, have long been criticized due to their ambiguity and 

subjectivity (Fabrigar, Wegener, MacCallum, & Strahan, 1999).  
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Figure 2.1: The scree test displays the eigenvalues in descending order of magnitude and 

determine where they appear to level off to the right of the plot to graphically select the 

number of meaningful factors. However, picking the “elbow” point can be subjective. 

 

The traditional approach for obtaining interpretable patterns of factor 

loadings have entailed post-hoc rotations of the original estimates and loading 

truncations. It has been well known that traditional factor analysis can estimate 

latent factors and factor loadings only up to an orthogonal transformation, since  

𝑥𝑖 = 𝐴𝜆𝑖 + 𝜈𝑖 = 𝐴𝑃𝑃′𝜆𝑖 + 𝜈𝑖 = (𝐴𝑃)(𝑃′𝜆𝑖) + 𝜈𝑖 = 𝐴∗𝜆𝑖
∗ + 𝜈𝑖 

for any orthogonal matrix 𝑃 that satisfies 𝑃𝑃′ = 𝐼 if we set 𝐴∗ = 𝐴𝑃 and 𝜆𝑖
∗ =

𝑃′𝜆𝑖. Hence, there is an infinite number of solutions that explain the implied 
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covariance structure in the data equally. Factor rotation is motivated to find a 

single solution that can simplify the factor structure and, thus, facilitate its 

interpretation (Raymond Bernard Cattell, 1978; Thurstone, 1947). Loosely 

speaking, a simple structure is achieved when the elements of the factor loading 

matrix have high contrast and many zeros so that each input variable is strongly 

associated with only one factor (Kano, Miyamoto, & Shimizu, 2003). Several 

factor rotation methods have been developed to accomplish this structure. 

Although the varimax rotation (Kaiser, 1958) is most common in dietary pattern 

analysis, the choice of rotation method is somewhat arbitrary due to the lack of a 

clear definition of a “simple” structure (Martinez et al., 1998). In addition, how 

the choice of a rotation method influences interpretation of dietary patterns has 

not been addressed well in the literature.  

 The obvious drawback of standard PCA and EFA approaches is that the 

factor loadings are typically non-zero, and therefore all input variables appear in 

all latent factors (Rasmussen & Bro, 2012; Zou, Hastie, & Tibshirani, 2006); 

Thus, it is often difficult to evaluate which food variables are most relevant to a 

given factor in interpreting the results. In dietary pattern analysis, it is a common 

practice to reduce the number of explicitly used food variables in describing latent 

factors by artificially setting the factor loadings with absolute values smaller than 

an arbitrary threshold to zero (Zou et al., 2006). In most studies, a threshold is 

typically chosen based on interpretation of the latent factors, but there is no 
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objective criteria that would explicitly define interpretability (Cadima & Jolliffe, 

2001).  

 Other shortcomings of the current approaches include the lack of a 

rigorous strategy for dealing with missing values and limited flexibility to 

incorporate covariate information, such as gender, age, and cultural background, 

known or hypothesized to influence the dietary patterns.  

2.1.4 Bayesian Sparsity and Latent Factor Models 

  The concept of sparsity has received attention as a mean of achieving 

simpler, and interpretable solutions in the field of statistics and machine learning 

(Rasmussen & Bro, 2012). A sparse statistical model assumes that only a small 

proportion of parameters will be non-zero. Sparsity can be one way of dealing 

with the rotational invariance in ordinary latent factor models via regularization 

that prioritizes a factor modeling matrix with zeros using a penalty or sparsity 

prior (Carvalho et al., 2008; Gao, Brown, & Engelhardt, 2013; Ročková & 

George, 2016). In the Bayesian context, sparse latent factor models have taken 

advantage of a sparsity-inducing prior. This prior in general has substantial 

probability mass around zero to provide strong shrinkage to zero, but also has 

heavy tails on plausible values to allow important factor loadings to escape 

shrinkage (Carvalho, Polson, & Scott, 2009; Lucas et al., 2006; Scott & Berger, 

2006; West, 2003). Lucas et al. (Lucas et al., 2006) proposed the use of a 
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hierarchical sparsity prior on each element of the factor loading matrix, which 

induce sparsity using a two-component mixture model inducing a point mass at 

zero and a normal distribution. The prior takes the form 

𝛼𝑓,𝑗 ~ (1 − 𝜋𝑓,𝑗)𝛿0(𝛼𝑓,𝑗  ) +  𝜋𝑖,𝑗𝑁(𝛼𝑓,𝑗 | 0, 𝜏𝑗) 

𝜋𝑓,𝑗  ~ (1 − 𝜌𝑗)𝛿0(𝜋𝑓,𝑗  ) +  𝜌𝑗𝐵𝑒(𝜋𝑓,𝑗  | 𝑎𝑗𝑚𝑗 , 𝑎𝑗(1 − 𝑚𝑗)) 

where 𝛼𝑓,𝑗 is an element of the factor loading matrix; 𝜋𝑓,𝑗 is the probability of 𝛼𝑓,𝑗 

being non-zero; 𝛿0(∙) is a point-mass at zero; 𝐵𝑒(𝜋𝑓,𝑗 | 𝑎𝑗𝑚𝑗 , 𝑎𝑗(1 − 𝑚𝑗)) is a 

beta distribution with factor-specific mean 𝑚𝑗 and precision parameter  𝑎𝑗 > 0; 

By integrating out the variable-specific probabilities 𝜋𝑓,𝑗 from the prior for 𝛼𝑓,𝑗, 

𝜋𝑓,𝑗 can be simply replaced by 𝐸(𝜋𝑓,𝑗  | 𝜌𝑗) = 𝜌𝑗𝑚𝑗, which represents the 

common base-rate of non-zero factor loadings. This hierarchical prior naturally 

shrinks the posterior probability �̂�𝑓,𝑗 = Pr(𝛼𝑓,𝑗 ≠ 0 | 𝑥1:𝑛) towards zero for 

variables showing little evidence of association with 𝑗-th factor, while shrinking 

the non-zero �̂�𝑓,𝑗  towards the estimated base-rate. The posterior probability �̂�𝑓,𝑗 

allows a probabilistic assessment of variable 𝑓 being associated with 𝑗-th factor. 

Several alternatives may also be considered. A soft approach to incorporating 

sparsity is to place a Gamma prior on the precision of each element of the factor 

loading matrix, resulting in the elements being marginally student-t distributed (J. 

Geweke, 1993; Tipping, 2001). Such a construction does not impose exact zeros 
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on factor loadings, but many of them will be negligibly small. Another interesting 

construction is the use of the Indian Buffet Process (IBP), which defines a 

distribution over infinite binary matrices, in order to provide sparsity and define a 

generative process for the number of latent factors (Ghahramani & Griffiths, 

2005; Knowles & Ghahramani, 2011). The basic form is 

Pr(𝛼𝑓,𝑗 | 𝑍𝑓,𝑗, 𝜏𝑗) ~ (1 − 𝑍𝑓,𝑗)𝛿0(𝛼𝑓,𝑗  ) +  𝑍𝑓,𝑗𝑁(𝛼𝑓,𝑗;  0, 𝜏𝑗
−1) 

where 𝑍 is a binary matrix whose (𝑓, 𝑗)-th element 𝑍𝑓,𝑗 represents whether 

observed variable 𝑓 is associated with 𝑗-th factor; 𝜏𝑗 is the precision of the 𝑗-th 

factor; 𝛿0(∙) is a point-mass at zero; The IBP functions as an infinite-capacity 

prior that allows an unbounded number of latent factors, although only a finite 

number will have non-zero loadings (Knowles & Ghahramani, 2011).  

Sparsity can be a useful add-on to dietary pattern analysis by providing an 

alternative approach to derive dietary patterns that include only a subset of food 

variables, instead of using a post hoc factor rotation and a threshold-based loading 

truncation. In chapter 3, the hierarchical sparsity-inducing priors proposed by 

Lucas et al. (Lucas et al., 2006) will be applied to dietary pattern analysis, in order 

to overcome several methodological shortcomings of the current dietary pattern 

methods.  
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2.2. EFFECTS OF EXERCISE ON DIETARY INTAKE 

Exercise has the potential to regulate food intake in order to compensate 

the energy expended through physical activity (Blundell, Gibbons, Caudwell, 

Finlayson, & Hopkins, 2015; Horsch et al., 2015; Panek, Jones, & Temple, 2014). 

Most studies have focused on the effect of exercise on total energy intake and 

energy balance (Schubert, Desbrow, Sabapathy, & Leveritt, 2013), although 

exercise-induced health benefits are not necessarily dependent on changes in body 

weight or adiposity (King, Hopkins, Caudwell, Stubbs, & Blundell, 2009). 

Several cross-sectional studies have presented that physical activity was 

positively associated with consumption of healthy foods (Ax et al., 2016; Eaton et 

al., 1995; Oppert et al., 2006). Household survey data collected from southeastern 

New England communities showed that physically active individuals consumed 

more fiber, fruits, and vegetables, and ate less total fat (Eaton et al., 1995). In 

French adults, leisure-time and occupational physical activity were positively 

associated with increased frequency of fruits and vegetable consumption (Oppert 

et al., 2006). In Swedish adults, physical activity was positively associated with 

vegetables, fruits and seafood and inversely associated with foods high in sugar 

and fat (Oppert et al., 2006). In addition, Emmons et al. (Emmons et al., 2005) 

reported that physical activity promotes individuals’ self-efficacy and motivation 

to modify diet. Similarly, Wilcox et al. (Wilcox, King, Castro, & Bortz, 2000) 

reported that participation in clinical trials of physical activity could result in 
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adoption of healthy diets beyond just the behavior targeted by intervention. Based 

on these data, one can formulate a hypothesis that exercise induces healthy dietary 

modification to counteract obesity, but a prospective relationship remains 

understudied. 

2.2.1 Energy Intake 

 A fundamental principle of nutrition and metabolism is that body weight 

change results from an imbalance between energy intake and energy expenditure 

(Hall et al., 2012). It was previously thought that individuals show a 

compensatory increase in energy intake in response to exercise training; however, 

most studies of short exercise duration (< 2 weeks) showed little effect on energy 

intake (Blundell et al., 2015; King, Lluch, Stubbs, & Blundell, 1997; C. Martins, 

Morgan, & Truby, 2008). Conversely, several studies have reported a transient 

decrease in hunger after intense exercise, which is known as exercise-induced 

anorexia (Blundell, Stubbs, Hughes, Whybrow, & King, 2003; Broom, Stensel, 

Bishop, Burns, & Miyashita, 2007; Pomerleau, Imbeault, Parker, & Doucet, 

2004), but such change was not consistently associated with a decrease in overall 

food intake (Schubert et al., 2013). 

 Longer studies (> 2 weeks) have demonstrated a partial compensation of 

energy intake in both men and women, which accounted for approximately 30% 

of the energy cost associated with exercise (Stubbs et al., 2002; Whybrow et al., 
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2008). Thus, exercise can produce a negative energy balance and some degree of 

weight loss, though exercise alone has a small effect on body weight (Laskowski, 

2012; K. Shaw, Gennat, O’Rourke, & Del Mar, 2006). Additionally, a recent 

systematic review found that there were significant limitations in the ability to 

make definite conclusions regarding the effects of exercise on dietary intake 

primarily due to methodological differences and statistically low power across 

studies (Donnelly et al., 2014).  

2.2.2 Macronutrient Intake 

 Irrespective of study design, there has been limited reliable evidence that 

exercise changes macronutrient intake and composition (Donnelly et al., 2014; 

Washburn et al., 2015). To date, only a few studies observed a significant 

influence of exercise on absolute and/or composition of macronutrient intake 

(Donnelly et al., 2014).  

Farah et al. (Farah, Malkova, & Gill, 2010) reported that carbohydrate and 

protein intake at lunch were higher in a 3-day exercise group than the no-exercise 

control group, although there was no difference in macronutrient intake at 

breakfast. Stubbs et al. (Stubbs et al., 2002) reported an elevation of fat and 

carbohydrate intake following a 7-day exercise regimen. A 16-week brisk walking 

intervention was associated with an increased in carbohydrate intake in sedentary 
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and obese white women, although this relationship was not observed in African 

Americans (Brandon & Elliott-Lloyd, 2006). 

 Conversely, some studies have shown decreases in the absolute intake of 

macronutrients (Bales et al., 2012; B. S. Shaw, Shaw, & Mamen, 2010). In males, 

16-weeks of resistant training was associated with decreases in daily protein, 

carbohydrate, and fat intake, while endurance training was only associated with a 

decrease in fat intake (B. S. Shaw et al., 2010). In the STRRIDE AT/RT trial, 

individuals who received an 8-month aerobic exercise training intervention 

showed decreases in fat and protein intake, and those who performed resistance 

exercise training showed a decrease in carbohydrate intake (Bales et al., 2012).  

 In a 12-week controlled intervention study, female participants who were 

assigned to the 60 min/day brisk walking group increased the percentage energy 

from fat by 4.0%, with no significant percent change in carbohydrate and protein 

(Kirkwood, Aldujaili, & Drummond, 2007). In the Oslo Diet and Exercise Study, 

the exercise group showed a lower percentage of fat intake, compared to the 

control group (Reseland et al., 2001).  

2.2.3 Food Preference 

In humans, a limited number of studies have examined exercise-induced 

changes in food preference with isolated categories of foods and nutrients, in 

particular, preferences for foods with varying levels of salt and fat (Kanarek, Ryu, 
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& Przypek, 1995). An acute session of exercise was associated with an increase in 

the preference for salt, which might be due to sodium loss (Leshem, Abutbul, & 

Eilon, 1999). In addition, exercise was associated with a decrease in the relative 

preference for high fat vs. low fat foods, regardless of exercise modality (McNeil, 

Cadieux, Finlayson, Blundell, & Doucet, 2015). Similarly, short-term aerobic 

exercise (< 2 weeks) altered a motivation to consume high energy density foods in 

sedentary adults (Panek et al., 2014). Brisk walking was also shown to reduce the 

urge to consume sugary snacks and chocolate (Taylor & Oliver, 2009; Thayer, 

Peters, Takahashi, & Birkhead-Flight, 1993).  

In animal studies, wheel running resulted in a reduction in the preference 

for a high-fat diet (Liang, Bello, & Moran, 2015; Scarpace, Matheny, & Zhang, 

2010; T. Yang, Xu, York, & Liang, 2017). When rodents were presented with 

access to both normal chow and high-fat diet, they preferred the high-fat diet to 

normal chow in the sedentary condition. With wheel running access, rodents 

reduced the preference for the high-fat diet significantly (Liang et al., 2015; 

Scarpace et al., 2010; T. Yang et al., 2017). In obese mice, eight weeks of 

treadmill exercise led to decreases in the preference for a high-fat diet, along with 

increases in the preferences for sucrose and milk (Chen et al., 2017). With four 

weeks of swimming exercise, male mice showed a reduced preference for a high-

fat diet and a slower rate of weight gain (H.-J. Wang, Yang, & Chen, 2017).  
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Although both human and animal studies support that exercise has a 

potential to alter not only energy intake but also food preferences, most studies to 

date have examined the influence of exercise on isolated categories of diet or 

single nutrients. Thus, of key interest in chapter 4 is to examine changes of overall 

dietary intake in response to exercise using dietary patterns, accounting for 

complex interrelationships of multiple dietary components.  

2.3. GENETICS OF DIETARY INTAKE PHENOTYPES IN HUMAN 

Genetic differences may predispose certain individuals more than others to 

unhealthy dietary habits, such as increased preferences for energy-dense, and high 

fat foods (Rankinen & Bouchard, 2006). Family and twin studies have provided 

compelling evidence that multiple dietary intake phenotypes, such as energy and 

macronutrient intake, are clearly heritable (Grimm & Steinle, 2011; Rankinen & 

Bouchard, 2006). In addition, recent progress in genomics technologies has led to 

the identification of genes related to specific dietary behaviors via genetic 

association studies (Grimm & Steinle, 2011). Several studies have identified 

genes associated with patterns of dietary intake (Krom et al., 2007; J. M. 

McCaffery et al., 2017; Melhorn et al., 2018). However, the small contributions of 

each identified SNP to overall heritability limit our ability to robustly identify 

individuals who are at risk for unhealthy food intake phenotypes.  
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2.3.1 Genetics of Obesity and the Satiety Signaling 

Human food intake is not an entirely voluntary process, but instead, is also 

driven by underlying biological processes (Farooqi & O’Rahilly, 2006). It has 

been well established that almost all forms of human monogenic obesity, which 

displays a Mendelian pattern of inheritance, have hyperphagia, or uncontrolled 

eating, as a common feature (Hu, 2008; O’rahilly & Farooqi, 2008). Genetic 

mutations responsible for monogenic obesity identified to date have been shown 

participate in a complex and highly redundant set of pathways that play a pivotal 

role in the neural control of food intake.   

Leptin is secreted by adipose tissue in proportion to the amount of stored 

fat in the body (Zhang et al., 1994). In the brain, leptin protein binds to the leptin 

located on the surface of neurons of the arcuate nucleus. The downstream signals 

are involved in both catabolic and anabolic pathways, each consisting of distinct 

classes of neurons (Hu, 2008; Huvenne & Dubern, 2014; Oswal & Yeo, 2007). 

The catabolic pathway includes pro-opiomelanocortin (POMC) and the cocaine- 

and amphetamine-regulated transcript (CART), which reduce appetite and food 

intake via activation of the melanocortin 4 receptor (MC4R). The anabolic 

pathway includes the neuropeptide-Y (NPY) and agouti-related protein (AGRP), 

which increase appetite and food intake by reducing MC4R signaling.  

The mutations in genes coding for leptin (LEP) and leptin receptor (LEPR) 

have been associated with rapid and dramatic increase in weight from the first 
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month of life (Clément et al., 1998; Fatima et al., 2011; Montague et al., 1997, 

1997; Strosberg & Issad, 1999). In children from a consanguineous family of 

Pakistani origin, a LEP gene mutation was associated with early-onset severe 

obesity and hyperphagia (Montague et al., 1997). LEPR mutation carriers showed 

severe obesity, with a large amount of total body fat mass (> 50%) (Hu, 2008; 

Huvenne & Dubern, 2014). In addition, Krude et al. (Krude et al., 1998) reported 

that mutations in the POMC gene led to a defect in POMC function, resulting in 

severe obesity, alteration in pigmentation, and adrenocorticotropic hormone 

(ACTH) deficiency. A frameshift mutation in MC4R gene was associated with 

dominantly inherited obesity(Vaisse, Clement, Guy-Grand, & Froguel, 1998; Yeo 

et al., 1998). Later studies revealed that multiple common (allele frequency ~5%) 

mutations in MC4R are also associated with severe forms of obesity and food 

intake (Loos et al., 2008; Stutzmann et al., 2009; Valladares et al., 2010). 

Additional genes associated with monogenic forms of obesity and hyperphagia 

include neurotropic tyrosine kinase receptor type 2 (NTRK2), brain-derived 

neurotrophic factor (BDNF), and single-minded homologue 1 (SIM 1) (Saeed et 

al., 2018).  

Studies of monogenic forms of obesity provide evidence that food intake 

is a heritable phenotype, and genetic variations in the leptin/melanocortin axis 

may have a potential to influence a variety of aspects of food intake. While 

complete disruption of satiety signaling pathway genes results in profound 
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hyperphagia and extreme forms of obesity, additional studies (described below) 

support the hypothesis that multiple genes, each with small effects, likely 

influence common patterns and preference for food intake.  

Several family-based studies have examined the genetic basis of eating 

behavior using the Three-Factor Eating Questionnaire (TFEQ) (Stunkard & 

Messick, 1985). TFEQ measures three distinct traits: cognitive restraint, 

disinhibition, and susceptibility to hunger. In the Amish Family Study, heritability 

was estimated to be 0.28 for cognitive restraint, 0.40 for disinhibition, and 0.23 

for hunger (Steinle et al., 2002). In the Quebec Family study, the estimated 

heritability was 0.06 for cognitive restraint, 0.18 for disinhibition, and 0.28 for 

hunger (Provencher et al., 2005). In the Virginia Twin Registry, the estimated 

heritability was 0.45 for disinhibition and 0.8 for hunger, but cognitive restraint 

had an insignificant value of heritability (Neale, Mazzeo, & Bulik, 2003).  

Evidence supports that genetic variation in fat mass and obesity-associated 

gene (FTO) contributes obesity risk by influence satiety and hunger (Grimm & 

Steinle, 2011). Hoed et al.(den Hoed, Westerterp-Plantenga, Bouwman, Mariman, 

& Westerterp, 2009) reported that the A allele of rs9939609 SNP in FTO was 

associated with reduced postprandial responses in hunger and satiety, and its 

effect appeared to be mediated by an epistatic interaction involving variants in 

LEPR and DNA methyltransferase 3 beta gene (DNMT3B). In Scottish children, 

the TA/AA genotype of rs9939609 SNP in FTO was linked with increased energy 



22 

 

intake as a result of the increased intake of energy-dense foods (Cecil, Tavendale, 

Watt, Hetherington, & Palmer, 2008). In another study, children with TA/AA 

genotype were associated with more frequent “loss of control” eating episodes 

(e.g., binge eating) (Tanofsky-Kraff et al., 2009).  

In addition, studies on genetic variants in digestive neuroendocrine 

hormones, such as ghrelin and leptin, provided insight into how their hormones 

and their genetic variants are associated with eating behavior (Grimm & Steinle, 

2011). Ghrelin is a peptide hormone that promotes hunger and food intake 

through its receptor in the hypothalamus (Nakazato et al., 2001). In female 

Caucasian individuals, the Leu72Met polymorphism of the ghrelin gene, known 

as a risk variant for obesity and metabolic syndrome (Hinney et al., 2002; 

Korbonits et al., 2002; Steinle, Pollin, O’Connell, Mitchell, & Shuldiner, 2005), 

was associated with the prevalence of binge eating disorder (Monteleone, 

Tortorella, Castaldo, Di Filippo, & Maj, 2007).  

Leptin and cholecystokinin work in opposition to ghrelin to stimulate 

satiety and have been implicated in the control of meal size and meal frequency 

(Berthoud, Sutton, Townsend, Patterson, & Zheng, 2006; Zorrilla, Inoue, Valdez, 

Tabarin, & Koob, 2005). In the EPIC study, genetic variants at cholecystokinin 

gene (CCK) and haplotypes were associated with extreme meal size (Krom et al., 

2007). In this study, common variant at LEP was associated with extreme 

snacking behavior, but not with increased meal size.  
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2.3.2 Heritability of Dietary Intake 

Heritability is defined as the proportion of the phenotypic variance that is 

attributable to genetic variation in a given population, taken at a particular time or 

age (J. Yang, Zeng, Goddard, Wray, & Visscher, 2017). Heritability is a key 

parameter in evaluating the efficiency of genetic risk prediction for a given trait 

and comparing the contribution of genetic factors on the same trait across 

populations and of different traits within a population (Visscher, Hill, & Wray, 

2008). An important caveat is that heritability does not tell us about the magnitude 

of genetic variance, since it is a ratio of variances.  

Heritability of various dietary traits has been reported from family-based 

studies (Pallister, Spector, & Menni, 2014; Rankinen & Bouchard, 2006). Total 

energy and macronutrient intakes, thus far, have been the most studied dietary 

traits, with studies reporting a sizable contribution of genetic variation to the 

variability for those phenotypes (Chmurzynska & Mlodzik, 2017; Pallister et al., 

2014; Rankinen & Bouchard, 2006). The estimated heritability of energy intake 

ranged from 0.65 in 390 individuals (mean age 38.8 y) from the Minnesota Twin 

Registry (de Castro, 1993) to approximately half that value in 1,212 individuals 

(mean age 38 y) from the Danish Twin Registry in which the heritability in males 

was estimated to be 0.38 and in females 0.32 (Hasselbalch, Heitmann, Kyvik, & 

Sørensen, 2008). The heritability estimates of macronutrient intakes varied from 

0.25 to 0.67 for carbohydrate, from 0.28 to 0.70 for protein, and from 0.35 to 0.54 
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for fat (de Castro, 1993; Hasselbalch et al., 2008; Hur, Bouchard, & Eckert, 1998; 

Pallister et al., 2014; Wade, Milner, & Krondl, 1981).  

The heritability of energy and macronutrient intake appear to be dependent 

on age (Pallister et al., 2014). The relative importance of genetic variation 

increased with age, with genetic variance accounting for only about one tenth of 

the total variation for dietary phenotypes in twins aged 21 months from the 

Gemini twin birth cohort (Pimpin et al., 2013), whereas it explained a higher 

proportion, ranging from 0.31 for fat intake to 0.48 for total energy intake, in 

twins aged 11-13 years from the University of Southern California Twin study 

(Liu, Tuvblad, Raine, & Baker, 2013). The lower heritability of pre-school 

children could be explained by their reliance on immediate family for food in 

which parental intake and feeding styles, the availability of food in the home, or 

the foods offered to the children are the principal drivers of food consumption 

(McGowan, Croker, Wardle, & Cooke, 2012; Pimpin et al., 2013) .  

Recently, several studies have investigated the heritability for individual 

foods or food groups (Pallister et al., 2014); however, the heritability of individual 

food consumption should be evaluated with a great deal of caution since there will 

be no capacity for food intake to be genetically influenced if food availability is 

limited in a study population. Although the heritability estimates varied across 

food groups (e.g., vegetables, fruits, meat, fish, dairy products, and snacks), the 

results from multiple studies suggests that genetic factors play a significant role in 
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explaining the variability of food intake phenotypes (Fildes et al., 2014; 

Hasselbalch et al., 2008; Keskitalo et al., 2008; Pimpin et al., 2013). There was 

evidence of age effects on the heritability of food intake phenotypes. In the 

Gemini study, twins aged 21 months showed lower estimates of heritability in 

which a heritability was estimated to be 0.15 for vegetables, 0.10 for fruits, 0.17 

for dairy products, and 0.04 for snacks, compared to twins aged 3 years in which a 

heritability was estimated to be 0.54 for vegetables, 0.53 for fruits, 0.27 for dairy 

products, and 0.29 for snacks (Fildes et al., 2014; Pimpin et al., 2013). In adults, 

the heritability was, in general, higher than 0.20 for most food groups, including 

vegetables, potatoes, fruits, meat, fish, dairy products, cereal, sweets, and snacks 

(Hasselbalch et al., 2008; Keskitalo et al., 2008; Teucher et al., 2007).  

The heritability of dietary patterns has been studied less often than for 

other food intake phenotypes. Most studies that have examined the heritability of 

dietary intake patterns performed factor analysis to identify a set of dietary 

patterns and used factor scores as phenotype measures (Pallister et al., 2014). In 

children, the heritability estimates of dietary patterns vary widely ranging from 

0.12 to 0.79 in twins aged 7 y from the MacArthur Longitudinal study (Faith, 

Rhea, Corley, & Hewitt, 2008), from 0.20 to 0.78 in twins aged 4-5 y from the 

Twins Early Development study (Breen, Plomin, & Wardle, 2006), and from 0.00 

to 0.90 in twins aged 7-15 y enrolled in the China Birth Defects and Child Health 

Care Surveillance System (Li et al., 2016). Studies in adults have produced 
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relatively stable estimates of dietary patterns (Bree, Eaves, & Dwyer, 1999; 

Keskitalo et al., 2008; Teucher et al., 2007). Although each study used the 

different labels for similar patterns, both healthy and unhealthy dietary patterns 

had heritability estimates ranging from about one-third to one-half. The 

heritability of “healthy foods” pattern (frequent intakes of vegetables, fruits and 

low-fat dairy products) was approximately 0.49 for males, and 0.54 for females, 

and that of “high-fat foods” pattern (frequent intakes of fried foods, fast foods, 

salty snacks) was 0.44 for males, and 0.47 for females in twins aged 22-27 y from 

the Finnish Twin Registry (Keskitalo et al., 2008). In twins aged 18-79 y from the 

UK female twin cohort, the estimated heritability was 0.43 for “fruit and 

vegetable” pattern (frequent intakes of vegetable and fruits; low consumption of 

fried potatoes), 0.41 for “traditional English” pattern (frequent intakes of fried 

foods, meats, and cruciferous vegetables), and 0.48 for “high alcohol” pattern. 

The heritability of both “less healthful” (frequent intakes of foods high in fat and 

sugar) and “healthful” (frequent intakes of vegetable, fruit, rice, and dairy 

products) patterns were estimated to be 0.33 in twins aged ≥ 50 y from twins 

enrolled in a twin registry at Virginia Commonwealth University (Bree et al., 

1999). 
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2.3.3 Genetic Association Studies 

 Genetic association studies test relationships between polymorphic 

markers and phenotypes of interest (Lunetta, 2008). In the field of genetic 

epidemiology, these studies can be divided roughly into two major categories: 

candidate gene association studies and genome-wide association studies (GWAS). 

Candidate gene association studies focus on a set of single nucleotide 

polymorphisms (SNPs) within a single gene or a candidate region. GWAS, on the 

other hand, is a more encompassing and less hypothesis-driven approach which 

involves the analysis of a dense set of SNPs across the genome to facilitate the 

discovery of genotype-phenotype associations. Many results reported to date for 

dietary phenotypes have used a candidate gene approach, focusing on genes 

involved in obesity susceptibility and energy homeostasis (Grimm & Steinle, 

2011).   

 The FTO has been associated with risk for obesity in multiple populations, 

with multiple lines of evidence supporting its role in energy balance and eating 

behavior (Fawcett & Barroso, 2010). Several studies have been performed to 

interrogate the association between variation in FTO and dietary phenotypes. 

These studies have shown that genetic variants at the FTO locus are associated 

with a variety of dietary traits, including satiety, meal frequency, total caloric and 

fat intake, and consumption of oils, sweets, and snacks (Cecil et al., 2008; J. M. 
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McCaffery et al., 2017; Jeanne M. McCaffery et al., 2012; Park et al., 2013; 

Timpson et al., 2008; Wardle et al., 2008).  

 Many studies have also focused on genes involved in the satiety signaling 

pathway, which includes BDNF, LEP, and MC4R (Walley, Asher, & Froguel, 

2009). Genetic variants at the BDNF, which plays a prominent role in food intake 

regulation through central mechanisms, was associated with total caloric intake, 

dietary calcium intake, and snacking behavior (Dušátková et al., 2015; J. M. 

McCaffery et al., 2017; Jeanne M. McCaffery et al., 2012; Robiou-du-Pont et al., 

2013). In the EPIC study, allelic variations in the LEP were found to be associated 

with extreme snacking (Krom et al., 2007). In the Nurses’ Health Study, a 

common obesity variant near MC4R was associated with higher intake of calories 

and dietary fat (Qi, Kraft, Hunter, & Hu, 2008).  

 Genetic variations in the taste receptor genes have also been associated 

with food intake phenotypes (Chamoun et al., 2018; Grimm & Steinle, 2011). In 

particular, polymorphisms in the taste 2 receptor member 3 gene (TAS2R38) were 

involved in the perception of bitter taste (Kim, 2003), which may contribute to 

over-consumption of unhealthy foods in individuals who are genetically 

predisposed to avoid consumption of bitter vegetables (Chamoun et al., 2018). A 

significant association between a genetic variant in the taste 1 receptor member 2 

gene (TAS1R2) and habitual consumption of sugars was also observed in two 
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distinct populations: diabetes-free young adults and individuals with type 2 

diabetes (Eny, Wolever, Corey, & El-Sohemy, 2010).  

2.3.4 Whole-genome Regression 

 Although genome-wide association studies have identified many loci 

associated with dietary intake phenotypes, the functional contributions of 

individual genes have not been clearly elucidated and/or explain only a small 

portion of the variability in dietary phenotypes. The “unexplained” heritability not 

accounted for in GWAS to date may be represented by thousands of unidentified 

variants whose effect sizes are too small to reach a genome-wide significance 

level (Gibson, 2010). To address this issue, whole-genome regression models 

have been applied to estimate the joint contribution of SNPs across all effect sizes 

rather than testing the association of any particular SNP to the trait of interest (J. 

Yang, Lee, Goddard, & Visscher, 2011). The basic concept behind this approach 

is to fit all the SNPs as random effects in a mixed linear model 

y = 𝐖𝐮 + 𝐞 

where y is a 𝑛-vector of phenotypes with 𝑛 being the sample size, 𝐖 is the 

standardized 𝑛 × 𝑀 SNP genotype matrix with 𝑀 being the number of SNPs, 𝐮 is 

a vector of SNPs effects with 𝐮~ 𝑁(0, 𝐈𝜎u
2) and 𝐞 is a vector of residual effects 
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with 𝐞~ 𝑁(0, 𝐈𝜎e
2), with var(y) = 𝐕 = 𝐖𝐖′𝜎u

2 +  𝐈𝜎e
2. If we define 𝐀 = 𝐖𝐖′/𝑀 

and 𝜎G
2 = 𝑀𝜎u

2 as the variance explained by all the SNPs  

y = 𝐠 + 𝐞  with 𝐕 = 𝐀𝜎G
2 +  𝐈𝜎e

2  

where 𝐠~ 𝑁(0, 𝐀𝜎G
2) and 𝐀 is a SNP-derived genetic (genomic) relationship 

matrix, which is estimated from genome-wide SNP data. Typically, whole-

genome regression models use a sample of unrelated individuals. 𝜎G
2 is interpreted 

as the estimated genetic variance by contrasting the phenotypic similarity between 

samples to their genetic similarity. SNP-based heritability is defined as ℎ𝑆𝑁𝑃
2 =

𝜎G
2/(𝜎G

2 + 𝜎e
2) and represents the proportion of phenotypic variance explained by 

a set of SNPs considered in the model (J. Yang et al., 2017). 

Indeed, several studies have shown that analyses on genome-wide SNP 

data can account for a large proportion of heritability for quantitative traits, 

suggesting that most heritability is hiding rather than missing (Gibson, 2010; J. 

Yang et al., 2010; J. Yang, Manolio, et al., 2011). For example, Yang et al. (J. 

Yang, Manolio, et al., 2011) reported the heritability estimates of height, BMI, 

von Willebrand factor (vWF) and QT Interval (QTi) using 585,898 SNPs 

genotypes on 11,586 unrelated individuals. The joint contribution of these SNPs 

accounted for 45% of phenotypic variance in height, 17% of phenotypic variance 

in BMI, 25% of phenotypic variance in vWF, and 21% of phenotypic variance in 

QTi. In contrast, the set of individual causal variants identified from GWAS 
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cumulatively explained 10% of the phenotypic variance in height, 1.5% of 

phenotypic variance in BMI, 13% of phenotypic variance in vWF, and 7% of 

phenotypic variance in QTi.  

Since whole-genome regression models use all available genetic markers 

jointly, their use opened new opportunities for improving the prediction of genetic 

predisposition to health-related traits (de los Campos, Gianola, & Allison, 2010). 

However, whole-gnome regression models have not been used to evaluate the 

contribution of genetic variation to the variability of dietary intake phenotypes in 

humans. In chapter 5, SNP-based heritability of dietary patterns will be estimated 

using whole-genome regression models with the genome-wide SNP data. 
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Chapter 3. Identifying Dietary Patterns among Young Adults 

using Sparse Latent Factor Models 

ABSTRACT 

Background/Objectives: Principal component analysis (PCA) has been the most 

widely used method in deriving dietary patterns. However, PCA requires arbitrary 

ad hoc decisions for selecting food variables in interpreting dietary patterns and 

does not easily accommodate other covariates. Sparse latent factor models can be 

utilized to address these issues. The aim of this study was to compare Bayesian 

sparse latent factor models to PCA for identifying dietary patterns among young 

adults. 

Methods: Habitual food intakes were estimated using a food frequency 

questionnaire, generating the frequency intakes of 102 food items among 2,730 

sedentary young adults aged 18-35 y (mean ± SD BMI: 26.5 ± 6.1) who exercised 

less than 30-min/wk for the previous 30 days without restricting caloric intake 

before study enrollment. Sparse latent factor modeling was applied to the 

standardized food intakes to derive dietary patterns, incorporating additional 

covariates (gender, race/ethnicity, and BMI). The identified dietary patterns via 

sparse latent factor modeling were compared to the PCA-driven dietary patterns.   

Results: Seven dietary patterns were identified in both PCA and the sparse latent 

factor analysis. In contrast to PCA, the sparse latent factor analysis allowed the 
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covariate information to be jointly accounted for in the estimation of dietary 

patterns in the model and offered probabilistic criterion to determine the food 

relevant to each dietary pattern. The derived patterns from both methods generally 

described common dietary behaviors, but overall, the sparse latent factor analysis 

produced more distinct dietary patterns.  

Conclusion: Sparse latent factor models can be useful in future studies of dietary 

patterns by reducing the intrinsic arbitrariness involving the choice of food 

variables in interpreting dietary patterns, and incorporating covariates in the 

assessment of dietary patterns.  

  



34 

 

3.1 INTRODUCTION 

Dietary pattern studies have been undertaken in nutritional epidemiology 

to examine potential cumulative and interactive effects of individual components 

of an overall diet, in which foods are consumed in combination (Hu, 2002). In 

previous research, dietary patterns have been inferred theoretically based on 

qualitative assessments (e.g., the Healthy Eating Index (Guenther et al., 2013)), or 

empirically using statistical methods to extract information about dietary patterns 

in data (Newby & Tucker, 2004). Principal component analysis (PCA) is the most 

commonly used method to empirically derive dietary patterns (Gorst-Rasmussen, 

Dahm, Dethlefsen, Scheike, & Overvad, 2011; Varraso et al., 2012). In a dietary 

pattern analysis, PCA assumes that each dietary observation is characterized by a 

small number of latent factors (i.e., dietary patterns). Each factor is assumed to 

represent a multi-faceted picture of dietary consumption and to have a natural 

interpretation as an unobserved dietary characteristic.   

Despite its popularity in dietary pattern studies, PCA has some 

shortcomings. The first is that it is often difficult to interpret the derived dietary 

patterns because they are, in general, linear combinations of all food variables in 

the observed data (Gorst-Rasmussen et al., 2011). It is a common practice to 

ignore foods that are weakly associated with a given pattern to simplify the 

interpretation. However, setting an appropriate inclusion threshold is often based 
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on intuition rather than on well-defined criteria (Cadima & Jolliffe, 2001; Zou et 

al., 2006).  

Another shortcoming is that it is difficult to extend the scope of PCA to 

incorporate covariates that may confound measurements of dietary intake. In 

practice, PCA generally characterizes dietary patterns solely based on reported 

dietary intake and does not account for several covariates influencing individuals’ 

dietary practices, such as age, gender, and sociocultural factors. Lack of inclusion 

of these covariates may lead to improper identification of latent pattern structures, 

since PCA attempts to find dietary patterns that explain the total variation in the 

dietary data as much as possible, ignoring any covariate-based trends that might 

contribute to this variation. To deal with non-food factors associated with dietary 

intake, some studies have performed stratified analyses by gender (Balder et al., 

2003; Cutler, Flood, Hannan, Slavin, & Neumark-Sztainer, 2012; Flood et al., 

2008; Handa & Kreiger, 2002; Nanri et al., 2017; Schulze, Hoffmann, Kroke, & 

Boeing, 2001; Slattery, Boucher, Caan, Potter, & Ma, 1998; Thorpe, Milte, 

Crawford, & McNaughton, 2016) and less often by ethnicity (Dekker et al., 2015; 

Nettleton, Steffen, Ni, Liu, & Jacobs, 2008; Williams et al., 2009) or age (Cutler 

et al., 2012; Gallagher et al., 1993), and then searched for dietary patterns therein. 

This strategy may not be appropriate when the global patterns are of interest in a 

mixed population (Fahey, Thane, Bramwell, & Coward, 2007) and it is generally 

limited to account for a few categorical covariates, with a small number of levels 
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within each category. Even if the primary interest is in the local patterns of a 

subpopulation, there could be unwanted sources of variance that need to be 

accounted for in the assessment of dietary patterns. However, simultaneous 

modeling of different sources of variation using both covariates and latent 

patterns is not a common practice in dietary pattern analysis. 

Sparse latent factor models (Carvalho et al., 2008; Lucas et al., 2006; 

West, 2003) can be utilized to address these methodological shortcomings of 

PCA. West (West, 2003) initiated the idea of sparse factor modeling based on a 

Bayesian modeling framework, which aims to provide parsimonious relationships 

between high-dimensional variables and latent factors by forcing less influential 

associations to have a zero association in the model. This modeling framework 

has mainly been used in gene expression studies, but its approach is generic and 

broadly applicable in other fields (Carvalho et al., 2008; Lucas et al., 2006; Seo, 

Goldschmidt-Clermont, & West, 2007; West, 2003). Unlike PCA, sparse latent 

factor models naturally produce latent factors with only a subset of foods being 

included. Sparsity modeling is appealing in dietary pattern analysis because each 

pattern is typically described by a small subset of food variables in data. Taking a 

Bayesian approach provides a quantitative probabilistic approach for identifying 

the members of each subset rather than ad hoc threshold-based decisions that may 

obscure some relationships in the data. Additionally, sparse latent factor models 

provide a way to address potential influences of covariates. Lucas et al. (Lucas et 
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al., 2006) extended a sparse latent factor model by coupling it with a sparse 

regression model framework, where observed responses were expressed as a 

linear superposition of latent factors and other regressors, based on covariates. 

This approach allows for jointly identifying the contribution that is due to each 

source of variance, taking other components into account.  

In this paper, we applied a sparse latent factor model to dietary pattern 

analysis using data from the Training Intervention and Genetics of Exercise 

Response (TIGER) study. Specific characteristics of participants, including 

gender, race/ethnicity, and BMI, were hypothesized to account for a portion of the 

variation observed in dietary data and jointly modeled to isolate their effects from 

the assessment of underlying patterns. The derived dietary patterns from sparse 

latent factor analysis were compared with those obtained from the classical PCA 

procedure.   

3.2 METHODS 

3.2.1 Study population 

 The TIGER study is a prospective cohort study, with the primary goal of 

identifying genetic factors that influence physiological responses to a 15-week, 3 

d/wk aerobic exercise training protocol. Participant enrollment in the TIGER 

study was initiated in 2003 and completed in 2015. Participants were drawn from 

the University of Houston (2003-2008) and the University of Alabama at 
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Birmingham (2010-2015) in 15 cohorts ascertained each Fall or Spring semester. 

The target participant from this study was a sedentary individual aged 18-35 y 

(mean ± SD BMI: 26.5 ± 6.1) who exercised less than 30-min/wk for the previous 

30 days without restricting caloric intake before enrollment. The exclusion criteria 

for enrollment included a physical contra-indication to exercise (e.g., 

cardiomyopathy), a metabolic disorder known to alter body composition (e.g., 

lipodystrophy), and/or pregnancy. The TIGER study was approved by the 

respective Institutional Review Boards, and informed consent was obtained from 

all participants. Details on the study protocol have been described elsewhere 

(Sailors et al., 2010). The present study focused on the subset of participants (n = 

2,828) who reported their average intake of different foods and beverage items 

using a self-administered Block Food Frequency Questionnaire (FFQ, 

NutritionQuest, Berkeley, CA) at the baseline assessment. The FFQ was used to 

characterize habitual intakes of 102 food items of study participants. Food intake 

was measured using nine frequency categories, ranging from “never” to “every 

day”, which were converted to frequency/day scale for each item. Participants 

were excluded from the analyses if they did not complete at least 90% of the food 

item questions, and/or were missing anthropometric or demographic data. After 

all exclusions, 2,730 participants were available for analysis. Participants included 

1,769 female and 961 males from diverse racial/ethnic groups, including non-

Hispanic white (n = 1150), African-American (n = 788), Hispanic (n = 382), 
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Asian (n = 166), Asian Indian (n = 81), Native American (n = 12), and others (n = 

151).  

3.2.2 Bayesian formulation of sparse latent factor models 

Basic model form. Latent factor models aim to explain observed data in terms of 

a linear superposition of latent factors. Suppose that the number of observed food 

items is 𝑝, and the number of latent factor is 𝑘, in which 𝑘 ≪ 𝑝 . For individual 𝑖, 

the observed food intake 𝑥𝑖 is then expressed as  

𝑥𝑖 = 𝐴𝜆𝑖 +  𝜈𝑖 

where 𝐴 is the factor loading matrix, 𝜆𝑖 is latent factor scores, and 𝜈𝑖 is the 

residual noise term. Within a dietary pattern context, the factor loading matrix 

expresses how each dietary pattern is associated with the original food intake, 

factor scores represent an individual’s relative position on each dietary pattern. 

Non-probabilistic models such as PCA do not explicitly model the noise term, but 

in a Bayesian context, it is usually assumed to be normal. Explicitly modeling the 

confounding of noise allows us to decouple variation that is unique to each food 

from the structure of the dietary patterns. 

In order to learn the model parameters in a Bayesian context, we place 

prior distributions over those parameters and update these distributions with the 

observed data, following Bayes’ law. The resulting posterior distribution then 

appropriately captures our beliefs and uncertainties about the parameters, and can 
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be used to make predictions. The model properties follow from the choice of prior 

distribution.  

Sparse factor loadings. When modeling dietary patterns, we typically want our 

factor loadings to be sparse, to facilitate interpretation – if the factor loadings are 

sparse, each factor or dietary pattern contains only a relatively small number of 

significant foods. A Bayesian approach for imposing explicit sparseness on factor 

loadings is to assume that each loading may be zero or have non-zero with a prior 

probability (i.e., the probability of a factor loading being non-zero) (Carvalho et 

al., 2008; Lucas et al., 2006; West, 2003). More specifically, our prior 

distributions over individual probabilities are chosen to have substantial 

probability mass at zero to induce shrinkage of negligible loadings to zero. 

However, they also ensure that probability mass is spread over a wide range of 

plausible values so that important loadings escape shrinkage and take non-zero 

values. In our case, if a food is associated with a specific dietary pattern, the non-

zero values of factor loading are modeled as arising from a normal distribution. If 

such is not the case, the loading will be exact zero. This reflects the fundamental 

view behind dietary pattern analysis that each food is expected to be largely 

associated with one, or at most, two pattern(s), but unrelated with the other 

patterns. From a modeling perspective, the loading matrix will have many zeros 

since each row has very few salient loadings. PCA achieves this structure in a 

post hoc manner with the use of various factor rotation techniques and loading 
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truncations in which the factor loadings with absolute values smaller than an 

arbitrary threshold are ignored. Sparse latent factor models, on the other hand, 

exploits sparsity-inducing priors as an integral part of the identification of dietary 

patterns, as described above. Based on this specification and our data, we can 

calculate the posterior distribution over the inclusion probabilities that are central 

to defining a set of foods showing significant association with specific dietary 

patterns. More details on sparsity-inducing priors are available in Appendix A.  

Non-normality in food intake and flexible factor scores. To specify our model, 

we must place a prior distribution on the factor scores. This prior distribution 

needs to account for the arbitrary non-normal structure in dietary data that may 

arise from strong positive skewness and/or large proportions of zeros for many 

food items. A Dirichlet Process mixture model was used for the modeling of the 

factor score distributions in order to respond to observed non-normal structure in 

data (Carvalho et al., 2008). A Dirichlet Process mixture model can be thought of 

as a mixture of infinitely many normal distributions, and can capture any 

continuous distribution. The number of component distributions used is finite and 

determined by the data, allowing for flexible adaptation to the arbitrary non-

normal structure without overfitting. It also has the feature of cutting back to 

normality if the data suggests that is appropriate. Full details of this approach are 

available in (Carvalho et al., 2008).  
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Incorporation of covariates. To incorporate covariate information, sparse latent 

factor models can be extended as described in (Carvalho et al., 2008; Lucas et al., 

2006). That is,  

𝑥𝑖 = Bℎ𝑖 + 𝐴𝜆𝑖 +  𝜈𝑖 

where ℎ𝑖 is a vector of known regressors, including an intercept and 𝐵 is the 

matrix of regression coefficients. The prior structure on regression coefficients 

has the same form for the factor loadings that imposes sparsity on food-covariate 

associations. 

Inference and missing value imputations. Direct analysis of the posterior 

distributions over the factor loading matrix and factor scores is not feasible. 

Instead, we use Markov chain Monte Carlo (MCMC) methods. MCMC is a class 

of algorithms that generate samples from the posterior distribution over 

parameters. We can use these samples to make inference based on posterior 

means and characterize the uncertainty of model parameters. The full details of 

MCMC analysis for the model described in this paper are available in (Carvalho 

et al., 2008). 

The Bayesian framework described in this paper provides a model-based 

solution for dealing with missing data. If the intake of some foods is missing, the 

missing values are treated as additional unknown parameters to be estimated. We 

can either integrate these parameters out, or explicitly sample them as part of our 

MCMC algorithm.  
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3.2.3 Statistical analysis 

 Both PCA and the sparse latent factor model were applied to the 

standardized intakes of 102 food items. For PCA, the missing values (0.6% of the 

total observations) were replaced with the median of each food item in the 

remaining observations. The number of components to retain was chosen based 

on Velicer’s (Velicer, 1976) minimum average partial (MAP) test, yielding 7 

dietary patterns. Varimax rotation (Kaiser, 1958) was applied to the component 

loadings to increase interpretability. Food items with an absolute value of 

loadings above 0.3 on a factor were considered a meaningful association to 

describe dietary patterns. PCA was performed using R, version 3.3.0 (R Core 

Team, 2017). 

 For the sparse latent factor analysis, the number of factors to retain was 

chosen by restricting any pattern to have at least 3 foods showing a significant 

association in order to make the patterns interpretable. This yielded 7 dietary 

patterns. The factor loading matrix was constrained to be a lower triangular 

matrix with positive diagonal elements to uniquely determine its structure 

(Aguilar & West, 2000; Carvalho et al., 2008; John Geweke & Zhou, 1996; Lucas 

et al., 2006). Gender, race/ethnicity, and BMI were jointly modeled to account for 

their contributions to the dietary measures. Cohort information was included in 

the model to control for subtle confounding from data collection effects. The 
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BFRM software (Q. Wang, Carvalho, Lucas, & West, 2007) was used to fit the 

sparse latent factor model.  

 

 

Figure 3.1: The standard interpretation of dietary patterns using PCA procedure interpret 

is performed by setting arbitrary thresholds, whereas sparse latent factor model uses the 

posterior inclusion probability that a food and a specific dietary pattern has non-zero 

association. (A) Histogram of absolute values of the rotated PCA loadings obtained from 

PCA with Varimax rotation. (B) Histogram of posterior inclusion probabilities obtained 

from the sparse latent factor analysis. The stronger contrast observed in (B) facilitates 

identifying meaningful food-pattern associations by separating them from negligible 

associations, compared to (A).  

 

3.3 RESULTS 

 Figure 3.1A displays the absolute values of the rotated loadings from PCA 

with Varimax rotation that utilizes the loading-based selection of food subsets for 

dietary patterns. These values ranged from 0 to 0.7 without clear separation, 

providing little information for distinguishing which food items meaningfully 
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contributed to interpreting dietary patterns. Figure 3.1B displays the posterior 

inclusion probability that a given food is included in a specific dietary pattern. 

The bimodal shape of the histogram provided a strong basis for interpreting 

dietary patterns by screening out insignificant food-pattern pairs while 

highlighting those having meaningful associations.  

 Figure 3.2 provides a visual summary of the underlying latent factors 

(dietary patterns) that were ordered to increase comparability between PCA 

(Figure 3.2A) and the sparse latent factor analysis (Figure 3.2B). The posterior 

inclusion probability and the posterior mean of factor loadings with their 

uncertainty intervals, are available in Appendix B, which provides an image of the 

manner in which food items are distinctly clustered into dietary patterns. In Figure 

3.2B, we show foods that have a posterior inclusion probability > 0.95 (i.e., that 

are relevant to a given dietary pattern with high probabilities). It should be noted 

that the resulting loadings between PCA and sparse latent factor model are not 

directly comparable since their scales are different. PCA loadings are scaled to lie 

between -1 and 1, but this is not the case in our approach in which each factor has 

its own scale that is learned from the data. In both approaches, Factor 1 displayed 

meaningful associations with fruit, nuts, and several vegetables. Additional foods 

such as fish and poultry were contained in the sparse latent factor solution, but 

overall, both identified a set of foods considered generally healthy. In the sparse 

factor analysis, Factor 2 pertained to red and processed meat, potatoes, fried 
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foods, pasta dishes, and breads, and Factor 3 was associated with a cluster of 

snacks and sweets. The PCA factors 2 and 3 also provided similar food subsets 

but had smaller sets of foods with more cross-loading elements between the two 

factors. The structure of Factor 4 was comparable between the sparse latent factor 

analysis and PCA, as both factors included a group of Hispanic foods, but the 

sparse latent factor solution formed a more concise and uncluttered cluster of 

foods. In PCA, it was not clear how to interpret the remaining factors. For 

example, Factor 5 is comprised of proteins, Factor 6 consists of beverages, and 

Factor 7 is a composite of somewhat unrelated foods. None of these factors would 

be considered as patterns of eating behavior. Conversely, the sparse latent factor 

model provided compact clusters of foods with clear interpretations, 

characterizing meat and dietary alternatives, alcoholic beverages, and cereal with 

milk, respectively. In addition, slight changes in the choice of cut-off had a non-

negligible influence on the final pattern structures (Figure 3.3). A small decrease 

in the cut-off produced a more complex solution, creating many new cross-

loading elements. A small increase in the cut-off provided seven clearly distinct 

blocks, but many foods were unrelated with any pattern. The qualitative 

comparison of the food subsets between two approaches is shown in Figure 3.4.  

 Figure 3.5, which is presented in the identical order to Figure 3.2B, 

displays groups of food subsets significantly associated with each of covariates. 

The food-covariate associations were simultaneously identified through the sparse 
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latent factor analysis, providing insight into the covariate-specific trends in food 

intake. Males consumed eggs, meat and meat products more frequently and ate 

vegetables, salad, yogurt, coffee, and chocolate less frequently than females. 

Race/ethnicity also appeared to contribute to the variation in food consumptions. 

African Americans consumed meat and processed foods more frequently 

compared to non-Hispanic whites, while consuming low-fat dairy products, fruit, 

and vegetables less frequently. As anticipated, Hispanics tended to eat greater 

amounts of traditional Hispanic foods (e.g., tortillas, beans, and tacos), and rice, 

compared to non-Hispanic whites. In Asian and Asian Indian groups, rice was the 

most notable food that distinguished both groups from the non-Hispanic white 

group. Asian participants consumed seafood and some vegetables more frequently 

than non-Hispanic whites, but such contrast was not apparent between Asian 

Indians and non-Hispanic whites. BMI showed little association with the 

frequencies of food intake. 
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Figure 3.2 
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Figure 3.2: The structure of latent factors is visualized using the heatmap where row 

correspond to food items and columns correspond to dietary patterns.  Dietary patterns 

were identified based on the loadings for each food item using the dietary data obtained 

from young adults (n = 2,730) in the TIGER study. The food items were ordered to 

clarify the structure of dietary patterns. (A) The dietary patterns derived by PCA with 

Varimax rotation. The Foods with the absolute values of the rotated loading > 0.30 were 

used to define dietary patterns. (B) The dietary patterns derived by sparse latent factor 

model. Foods with the posterior mean of loadings that pass the threshold of posterior 

inclusion probability > 0.95 were used to define dietary patterns. 
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Figure 3.3: The simplified PCA-driven dietary patterns with the different values of cut-

off on the magnitude of the rotated PCA loadings. 



51 

 

 

Figure 3.4: The qualitative comparison of food subsets for dietary patterns between PCA 

with Varimax rotation and the sparse latent factor analysis. 
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Figure 3.5 
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Figure 3.5: The influences of gender, race/ethnicity, and BMI were simultaneously 

quantified via the sparse latent factor analysis. Gender, and race/ethnicity were dummy 

coded in which each of reference groups is male participants for gender category and 

non-Hispanic white participants for race/ethnicity category, respectively. A coefficient 

was set to zero if the posterior inclusion probability < 0.95. Each regressor represents the 

followings: (F) female, (AA) African American, (H) Hispanic (A) Asian (AI) Asian 

Indian (N) Native American (O) Other racial/ethnic groups, (BMI) BMI. 
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3.4 DISCUSSION  

 We performed a dietary pattern analysis using a sparse latent factor model 

that imposes sparsity on factor loadings to produce distinct factors comprised of 

only a subset of foods, while allowing for the incorporation of covariates. This 

sparse latent factor model was implemented in a Bayesian modeling framework 

that uses probability theory to represent all forms of uncertainty in the model, 

which in turn, allows the probabilistic assessments for the choice of food 

variables in interpreting dietary patterns. The sparsity-inducing prior provides 

strong shrinkage toward zero for foods showing trivial associations, effectively 

separating them from non-zero associations.  

In PCA, sparsity on factor loading is typically enforced in a post hoc 

manner, by choosing a cut-off and ignoring the values below that point to define 

meaningful food-pattern associations. In the present study, we observed that this 

simple loading truncation approach may be misleading. Due to the observed weak 

contrast of the factor loadings in PCA, it was difficult to choose the optimal cut-

off to differentiate between significant and negligible loadings, and small changes 

of the loading cut-point led to notable changes in the final pattern structures. In 

practice, the cut-off value for PCA is often determined by the ease of 

interpretation, but there are no objective criteria that explicitly define 

interpretability.  
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In general, nutritional epidemiological studies produce dietary data in 

addition to other types of data, such as demographic, anthropometric, or study 

design factors that may provide important information when exploring dietary 

patterns. In contrast to PCA, one important advantage of sparse latent factor 

models is their modularity that links several sub-models to address a more 

complex setting. A sparse latent factor model can be viewed as a multivariate 

regression model through a linear combination of latent factors in which 

regressors are themselves uncertain. Covariate information is directly integrated 

in this regression framework as additional predictors. Importantly, the shrinkage 

of our Bayesian analysis automatically takes care of the implicit multiple tests 

(Lucas et al., 2006; Scott & Berger, 2006) arising from the simultaneous 

inferences of many food-covariate associations. 

In the present study, a comparison of the resulting outputs is rather 

complex due to their different ability to incorporate phenotypic information, but 

some of the factors are similar and comparable to what has been shown in the 

literature. In both results, Factor 1 of each result was similar to a prudent dietary 

pattern (Newby & Tucker, 2004; K. L. Tucker, 2010) while Factors 2 and 3 were 

related to a Western dietary pattern (Newby & Tucker, 2004; K. L. Tucker, 2010). 

A cluster of Hispanic foods was also identified in both outputs that may reflect 

their popularity among college students in the study cohorts (southern US). The 

sparse latent factor analysis produced the clusters of dairy alternatives, alcoholic 
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beverages, and cereal with milk, but the PCA output was not as clearly 

interpretable. PCA may have produced spurious associations that do not 

adequately reflect underlying dietary patterns, as it extracts latent factors by 

decomposing the total variation in the dietary intake data, without any treatment 

for covariate effects or measurement error.  

 In the sparse latent factor analysis, the identified contributions of 

covariates generally agree with the findings in literature. In the present study, 

females tended to make healthier dietary choices, which has been reported in 

several studies (Baker & Wardle, 2003; Fraser, Welch, Luben, Bingham, & Day, 

2000; Liebman et al., 2003; Prättälä et al., 2007; Räty & Carlsson-Kanyama, 

2010; Wardle et al., 2004). Comprehensive research on racial/ethnic disparities in 

dietary intake are still needed, but some studies have reported that non-Hispanic 

blacks had lower Healthy Eating Index scores (Y. Wang & Chen, 2011), as well 

as consumed fewer daily servings of fruits and vegetables, compared to non-

Hispanic whites (Dubowitz et al., 2008). A higher consumption of rice in Asians 

compared to other racial/ethnic groups in the United States has also been reported 

(Batres-Marquez, Jensen, & Upton, 2009). Previous studies have yielded mixed 

results regarding the associations between dietary intake and BMI (Charlton et al., 

2014; Field, Gillman, Rosner, Rockett, & Colditz, 2003; Sachithananthan & Gad, 

2016; Togo, Osler, Sørensen, & Heitmann, 2001). Here, we observed little 

association between the food intake frequencies and BMI.  
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Dietary patterns are sometimes viewed as broader lifestyle patterns rather 

than simple diets (Martinez et al., 1998), and hence, influences of covariates are 

expected to be absorbed in latent pattern structures. Also, if categorical covariates, 

such as gender or race/ethnicity, are notably associated with food consumption, 

some researchers may prefer to derive dietary patterns separately for each level, 

instead of finding global patterns of the whole study population. Viewed in this 

light, it seems that the ability to accommodate covariate information is less useful. 

Nonetheless, the advantage of spare latent factor analysis is in its ability to 

robustly derive dietary patterns while simultaneously controlling for potential 

confounding covariates. A two-step covariate-adjustment approach has often been 

used in dietary pattern analysis in which each food consumption is regressed on 

the predefined covariate(s) and the residuals are then used as new input variables 

(Fahey et al., 2007; Moeller et al., 2007; Willett, Howe, & Kushi, 1997). Sparse 

latent factor models can provide a single-step approach to adjust for covariates by 

directly including them as additional regressors. The practical advantage of this 

approach is that it not only controls for influence of covariates, but utilizes its 

information jointly to derive dietary patterns. In addition, sparse latent factor 

models can be used without covariates. In this setting, these models are a more 

direct alternative to PCA. 

In dietary pattern studies, one practical drawback of PCA is its inability to 

appropriately deal with missing values (Roweis, 1998). Since standard PCA 
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cannot be performed with missing values, some studies replaced missing values 

with the median of each food consumption or zeros before it is processed 

(Northstone, Ness, Emmett, & Rogers, 2008; Thorpe et al., 2016; Varraso et al., 

2012). However, this strategy does not account for multivariate relationships in 

data. In contrast, the Bayesian aspect of sparse latent factor models allows 

considering missing values as unknown parameters that can be sampled in a 

MCMC simulation, preserving their potential dependence on other food variables, 

and observed covariates. The uncertainty in the imputation of missing items is 

propagated to other parts of the model and taken into account in the estimation of 

model parameters. 

A common issue in modeling dietary data is that many dietary variables 

are often positively skewed (Hu et al., 1999). The log transformation is typically 

used to reduce the skewness in data, but the presence of zeros in dietary 

observations often requires adding an arbitrary constant to each food intake item 

(e.g., log(g/day intake + 1)). One other key feature of sparse latent factor models 

is its ability to adapt to arbitrary non-Gaussian structure in data via a Dirichlet 

process mixture model for the distributions of factor scores (Carvalho et al., 

2008). The model exhibits non-normality distributions of factor scores when non-

normality is evident in data, whereas it cuts back to normality if data is consistent 

with normality.  
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In practice, of key interest is the examination of associations between 

dietary pattern and health outcomes. In PCA, component scores are calculated 

sequentially based on the rotated loadings, which are used as explanatory 

variables in a regression model, including a health outcome of interest as a 

response variable. Sparse latent factor models also produce factor scores, but 

instead, they are simultaneously estimated with factor loadings. A health outcome 

can then be regressed on these factors scores. Other clinical predictors known a 

priori to be associated with a health outcome or for which they have a strong 

clinical rational can also be bundled with factor scores in this regression model, 

which is consistent with the conventional PCA-based approach. The ability to 

accommodate covariates in sparse latent factor models may offer an advantage in 

future health outcome analyses. The reason for incorporating covariates into 

sparse latent factor analysis is to derive dietary patterns that are independent of 

those covariates. For example, including gender in sparse latent factor analysis 

ensures that none of dietary patterns are highly correlated with gender. When 

these dietary patterns are used in conjunction with gender as regressors in the 

examination of relationships between dietary patterns and a health outcome, this 

health outcome analysis is less likely to experience a multicollinearity problem. 

The inclusion of gender in sparse latent factor analysis does not preclude the use 

of gender in health outcome analyses, since gender may have its own influence on 

health outcomes, independent of its relationships with dietary patterns. Moreover, 
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as a probabilistic module, these models have a potential to be further extended to 

include health outcome variables so that estimations of factor loadings and scores, 

and examination of pattern-health relationships are jointly performed in one 

coherent procedure. Coupling predictive regression components for different 

types of health outcomes (e.g., binary, categorical, and censored) to dietary 

pattern modeling would be an interesting area of future work.  

While we demonstrated that sparse latent factor models may offer several 

advantages over PCA, there is still an ongoing debate as to whether the use of 

sparsity is appropriate in dietary pattern analysis (Gorst-Rasmussen et al., 2011; 

Imamura & Jacques, 2011). Imamura and Jacques (Imamura & Jacques, 2011) 

argue that sparsity may be less useful than other methods because the cumulative 

effect of all foods is important when considering outcomes and risk associated 

with dietary intake. Nevertheless, interpretable pattern structures are obtained via 

selection of food variables in practice. This is the rationale behind the use of 

loading truncations on the dietary patterns produced by PCA with subsequent 

rotation. Sparsity can be thought of as an alternative way of regularizing dietary 

pattern modeling in an attempt to better explain the variation structure in data, not 

to make a statement that associations are truly zero. The sparsity approach helps 

to pull out the foods with dominant effects by allowing many others to be zero if 

their contributions are small enough.  
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The current study comes with limitations. The present analysis used single 

food items as input variables for dietary pattern analysis, whereas food items are 

commonly collapsed into the smaller number of food groups in the PCA 

approach. Moeller et al. (Moeller et al., 2007) pointed out that using too many 

food variables may lead to odd combinations with undue influence. However, an 

investigator-driven food grouping strategy can be subject to arbitrary choices, 

since there are numerous ways of aggregating food items differently into different 

numbers of food groups (Martinez et al., 1998; Scientific Report of the 2015 

Dietary Guidelines Advisory Committee, 2015). Indeed, the Nutrition Evidence 

Library review (A Series of Systematic Reviews on the Relationship Between 

Dietary Patterns and Health Outcomes, 2014) reported that there were variations 

in the number and type of food grouping across dietary pattern studies. Future 

studies designed to evaluate the performance of two methods in different input 

variables settings and improve standardization of food grouping scheme would 

greatly enrich our understanding of dietary pattern analysis. It also should be 

noted that the present study relied on self-reported food frequency questionnaire 

to assess food intakes, which are subject to measurement errors.  

A potential barrier of the use of sparse latent factor models could be its 

mathematical complexity in comparison to PCA. It is true that PCA is relatively 

simple, and works in many settings with careful scrutiny. However, it is also 

clearly desirable to have a flexible, extensible approach that can be adapted 
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individually to specific study situations and formalize our intuition as well-

defined criteria. In this respect, sparse latent factor models can be complementary 

to PCA by allowing investigators to move closer to modeling the complex 

situations when it is necessary.  

The proper characterization of dietary patterns is important in accounting 

for inherent interactions among foods that may have synergistic and cumulative 

effects on health outcomes, describing common characteristics of eating 

behaviors, and identifying features belonging to a healthy diet to provide guidance 

for nutrition intervention. The classical PCA procedure in dietary pattern analysis 

does not properly handle the intrinsic arbitrariness inherent in the choice of food 

variables for characterizing dietary patterns, the contribution of covariates to 

variation in data, and other sources of uncertainty arising from noise and missing 

values in the measurement process. Progress can be made in understanding 

patterns of dietary intake if all reasonable sources of uncertainty and variation are 

incorporated in the evaluation of dietary patterns. The sparse latent factor models 

can be a useful addition to dietary pattern modeling by addressing the practical 

issues in PCA.
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Chapter 4. The Influence of 15-week Exercise Training on Dietary 

Preferences among Young Adults 

ABSTRACT 

Background/Objectives: Little is currently known about how exercise may 

influence dietary patterns and/or food preferences. The present study aimed to 

examine the effect of 15-week exercise training on overall dietary preferences 

among young adults. 

Methods: This study consisted of 2,680 young adults drawn from the Training 

Intervention and Genetics of Exercise Response (TIGER) study. Subjects 

underwent 15 weeks of aerobic exercise training, and exercise duration, intensity, 

and dose were recorded for each session using computerized heart rate monitors. 

In total, 4,355 dietary observations with 102 food items were collected using a 

self-administered food frequency questionnaire before and after exercise training 

(n = 2,476 at baseline; n = 1,859 at 15 week). Dietary patterns were identified 

using a Bayesian sparse latent factor model. Changes in dietary preferences were 

evaluated based on the pre/post-training differences in dietary pattern scores, 

accounting for the effects of gender, race/ethnicity, and BMI.  

Results: Within each of the seven dietary patterns identified, most dietary pattern 

scores were decreased following exercise training, consistent with increased 
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voluntary regulation of food intake. A longer duration of exercise was associated 

with decreased preferences for the Western (𝛽: -0.0793; 95% credible interval: -

0.1568, -0.0017) and Snacking (𝛽: -0.1280; 95% credible interval: -0.1877, -

0.0637) patterns, while a higher intensity of exercise was linked to an increased 

preference for the Prudent pattern (𝛽: 0.0623; 95% credible interval: 0.0159, 

0.1111). Consequently, a higher dose of exercise was related to a decreased 

preference for the Snacking pattern (𝛽: -0.0023; 95% credible interval: -0.0042, -

0.0004) and an increased preference for the Prudent pattern (𝛽: 0.0029; 95% 

credible interval: 0.0009, 0.0048).   

Conclusion: The 15-week exercise training appeared to motivate young adults to 

pursue healthier dietary preferences and to regulate their food intake. 
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4.1 INTRODUCTION  

The transition from adolescence to young adulthood is associated with a 

variety of major lifestyle changes that are likely to influence health-related 

behaviors (Gordon-Larsen, Nelson, & Popkin, 2004). Young adults have more 

independence over their dietary choices, while still being financially limited, 

which may lead to poor eating habits, and positive energy balance (D. A. 

Anderson, Shapiro, & Lundgren, 2003; Deliens, Clarys, De Bourdeaudhuij, & 

Deforche, 2014; Franko et al., 2008; Kattelmann et al., 2014; Kolodinsky, 

Harvey-Berino, Berlin, Johnson, & Reynolds, 2007; Plotnikoff et al., 2015; 

Wengreen & Moncur, 2009). Previous studies have reported that considerable 

weight gain takes place during the college years, and being mildly to moderately 

overweight at age 20 to 22 years is associated with increased risk for obesity in 

later years (Fedewa, Das, Evans, & Dishman, 2014; Gropper, Simmons, Connell, 

& Ulrich, 2012; Kattelmann et al., 2014; McTigue, Garrett, & Popkin, 2002; 

Plotnikoff et al., 2015). Thus, it is important to identify an effective intervention 

strategy targeting this life cycle transition to prevent weight gain and obesity that 

may be less malleable in adulthood. 

Exercise contributes to both the prevention and treatment of obesity. One 

potential mechanism associated with exercise for improving health is through 

altering dietary behavior (Blundell et al., 2015; C. Martins et al., 2008). The 

majority of studies that have measured the influence of exercise on dietary 
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behaviors have been focused on energy intake in relation to appetite (Blundell et 

al., 2015; Donnelly et al., 2014; Elder & Roberts, 2007; King, Burley, Blundell, & 

others, 1994; C. Martins et al., 2008). To date, there is no definite consensus that 

exercise modulates appetite or energy intake (Donnelly et al., 2014). The 

influence of exercise on dietary preference has been studied less often than energy 

intake. Previous studies showed inconsistent results regarding whether exercise 

motivates people to alter their macronutrient intake (Donnelly et al., 2014; Elder 

& Roberts, 2007; Catia Martins et al., 2015; Schubert et al., 2013). However, 

evidence suggests that exercise may play a role in specific dietary preferences. In 

rodents, wheel running led to a decrease in preferences for a high fat diet that was, 

in part, sex dependent (Chen et al., 2017; Lee et al., 2017; Liang et al., 2015; 

Moody, Liang, Choi, Moran, & Liang, 2015; H.-J. Wang et al., 2017; T. Yang et 

al., 2017). In humans, physical exercise has been associated with dietary 

preferences for sweet substances, salt, high fat foods, and high energy density 

foods (Horio, 2004; Horio & Kawamura, 1998; Horsch et al., 2015; Kanarek et 

al., 1995; Leshem et al., 1999; McNeil et al., 2015; Panek et al., 2014). 

Considering its role in healthy weight maintenance and weight loss (J. W. 

Anderson, Konz, Frederich, & Wood, 2001; Swift, Johannsen, Lavie, Earnest, & 

Church, 2014), exercise may provide behavioral adaptation to counteract obesity, 

partly through changes in dietary preference. Taken together, understanding the 
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role of exercise in dietary preferences among young adults is important in 

maintaining lifelong health and designing effective health intervention programs.  

Though the available evidence supports the potential role of exercise on 

dietary preferences, most of the research on this topic has focused on isolated 

categories within a diet or on single nutrients. The primary limitation of this 

approach is that it may fail to acknowledge the interactive effects of multiple 

dietary components. When an individual increases or restrains his/her intake of 

one dietary component, it is often accompanied by changes in other aspects of 

eating behavior. Given that individuals eat foods and nutrients in a variety of 

combinations under free-living circumstances, the impact of exercise on dietary 

preferences may be more complicated than previously described. Accordingly, it 

is necessary to examine how exercise and its characteristics influence individuals’ 

preferences for overall eating patterns. 

A data-driven dietary pattern analysis has been used in the field of 

nutritional epidemiology as a means of characterizing habitual eating patterns. 

This approach typically assumes that the collection of observed food intakes can 

be expressed as a small set of underlying patterns in data, in which each pattern is 

comprised of a multi-faceted composite of dietary consumption that has a natural 

interpretation as an unobserved dietary characteristic. Importantly, pattern 

analysis generates a vector of pattern scores that describes how much each dietary 

pattern contributes to observed dietary intake, allowing for the examination of the 
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transition of dietary preferences quantitatively by evaluating the changes in these 

scores.  

In the present study, we examined the influence of a 15-week exercise 

training protocol on dietary preferences in young adults with different exercise 

characteristics including exercise intensity, duration, and dose. Habitual dietary 

patterns were derived using data from the Training Intervention and Genetics of 

Exercise Response (TIGER) study, and transitions of dietary preferences 

following exercise training were evaluated using data-driven dietary pattern 

analysis. We also examined how gender and race/ethnicity interact with exercise 

in influencing dietary preferences.   

4.2 METHODS 

4.2.1 Study population 

The data were collected as part of the TIGER study, which is a prospective 

cohort study with the goal of introducing sedentary young adults to regular 

exercise via a 15-week, 3 d/wk aerobic exercise training provided in the form of a 

course for college credit. Between 2003 and 2015, sedentary college students who 

had exercised less than 30 min/wk without caloric restriction for the last 30 days 

prior to participation were recruited at the University of Houston (2003-2008) and 

the University of Alabama at Birmingham (2010-2015). Exclusion criteria for 

study participation included: a physical contraindication to exercise (e.g., 
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cardiomyopathy), pregnancy, and/or a known metabolic disorder that may 

influence body composition. The study was approved by the Institutional Review 

Board of each participating institution, and written informed consent was obtained 

from all study participants. 

4.2.2 Exercise assessments 

The prescribed exercise sessions consisted of 30 min aerobic exercise at 

65%-85% of age- and gender-specific maximum heart rate reserve, along with a 5 

min warm-up and a 5 min cool-down. During each exercise session, participants 

wore computerized heart rate monitors (Polar Inc, Bethpage, NY) that recorded 

minute-to-minute heart rate, date, time and duration of each exercise session. 

Participants chose from a variety of aerobic exercise modes, including treadmill, 

elliptical trainer, stair stepper, or exercise bike. Participants were permitted to 

exercise for longer durations (up to 60 min) than the prescribed session. More 

details on the exercise protocol are available elsewhere (Miller et al., 2014; 

Sailors et al., 2010). 

In this study, exercise duration was recorded in minutes, and an average 

exercise intensity for each session was calculated based on percent of heart rate 

reserve (%HRR). Total exercise dose was quantified using a heart rate physical 

activity score (HRPAS) that adjusts exercise duration in minutes by exercise 

intensity for each session, which were then summed over all workout sessions 

(Miller et al., 2014). Exercise compliance was evaluated by comparing observed 
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values of the HRPAS score to prescribed values, calculated on the basis of a 

minimum %HRR of 65% for at least 30 min per session, summed over all 

possible sessions.  

4.2.3 Dietary assessment 

Dietary intake was assessed via the Block Food Frequency Questionnaire 

(FFQ, NutritionQuest, Berkeley, CA), providing habitual intakes of 102 food 

items of study participants. Participants were asked to answer how often they 

consumed each food item using nine frequency categories, ranging from “never” 

to “every day” at baseline and at 15 weeks. Each food intake was converted to a 

daily frequency and then was standardized by subtracting its mean and dividing 

the difference by its standard deviation. In the present analysis, dietary 

observations were excluded if participants were missing demographic or 

anthropometric data, had invalid exercise data (e.g., technical errors with the heart 

rate monitors), and/or had more than 10 missing responses of FFQ food item 

questions. In total, 4,355 dietary observations (n = 2,476 at baseline; n = 1,859 at 

15 weeks) were available, where 1,655 participants had valid dietary observations 

at both baseline and 15 weeks, 821 participants had an observation only at 

baseline, and 204 participants had an observation only at 15 weeks for a total of 2 

680 individuals. This samples included 1,730 women and 950 men from diverse 

racial/ethnic groups, including non-Hispanic white (n = 1,145), African-American 
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(n = 784), Hispanic (n = 361), Asian (n = 156), Asian Indian (n = 78), and others 

(n = 156). 

4.2.4 Statistical analysis 

The average changes of anthropometric measures and exercise parameters 

are summarized using means and standard deviations (SD). A Bayesian sparse 

latent factor model was applied to the baseline dietary data in order to derive 

habitual dietary patterns. In this model, a factor loading matrix expresses how 

each dietary pattern is associated with observed food intakes, and factor score 

(i.e., dietary pattern score) represents an individual’s relative position on a given 

dietary pattern. In the present study, sparsity constraints enforced via a Bayesian 

variable selection technique were imposed on factor loadings, providing a 

posterior inclusion probability for each factor loading (Carvalho et al., 2008; 

Lucas et al., 2006; West, 2003). This probability reflects the degree to which 

model favors the inclusion of a food in each of latent factors, which are central to 

interpreting dietary patterns. Here, food with posterior inclusion probability (i.e., 

food relevant to a given dietary pattern with a high probability) were used to 

define a food subset for each dietary pattern. The number of dietary pattern were 

determined by retaining all factors including at least 3 foods with posterior 

inclusion probability above the cut-off. The factor loading matrix were assumed 

to remained unchanged after 15 weeks so that the interpretation of dietary patterns 

does not changes over time, and factor scores at different time points are 
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comparable on the same basis. On the other hand, factor scores are assumed to 

vary at different time points, allowing the changes of dietary patterns are captured 

by scores differences before and after the 15-week exercise training. A 

multivariate linear mixed-effects model was used to estimate factor scores at 

baseline and at 15 weeks. In this study, the random effects component was used to 

account for individual-dependent and cohort-dependent variation not capture by 

the fixed effects component that includes linear predictor, such as gender, 

race/ethnicity, and exercise parameters. More details on the model specification 

for the estimation of factor scores are available in Appendix C.  

We first evaluated the general trend of the exercise intervention effect on 

dietary preferences among all participants, with covariates including gender, 

race/ethnicity, and BMI. Gender and race/ethnicity were dummy-coded, with 

male and non-Hispanic white acting as the reference group of each category, 

respectively. Next, we investigated how the influence of exercise training on 

dietary preferences varies with different components of exercise characteristics, 

gender, and race/ethnicity by evaluating their interactions with the time variable. 

Model parameters were estimated in a Bayesian context by placing prior 

distributions over those parameters and updating these distributions with the 

observed data. Inference is based on the posterior distribution via samples 

obtained from a Markov Chain Monte Carlo method. Model estimates were 

summarized using their posterior means with 95% credible intervals that 



 73 

represented an interval having a 95% probability of containing the true value of 

the model parameter. Missing values in food intakes were dealt with using a 

model-based imputation approach in which missing values were imputed at each 

iteration of the Markov Chain Monte Carlo sampler. All analyses were performed 

using the BFRM software (Q. Wang et al., 2007) and Stan (Carpenter et al., 

2017). Figures were generated using the ggplot2 package (Wickham, 2009, p. 2) 

in R version 3.4.3 (R Core Team, 2017).  

4.3 RESULTS 

Table 4.1 shows the descriptive statistics of exercise parameters and 

changes of anthropometric measurements following the exercise treatment. 

Among 2,680 participants, 2,053 participants were identified as exercise 

compliant, while 627 participants were classified as noncompliant on the basis of 

the prescribed exercise dose. Exercise compliance was associated with generally 

more positive changes in anthropometric measures, compared to noncompliance 

(Herring, Sailors, & Bray, 2014). 
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Table 4.1: Descriptive statistics of exercise characteristics and changes of 

anthropometric variables (n = 2,680). 

 Mean (SD) 

Exercise Measures  

 Mean duration (min/session) 38.05 (4.65) 

 Mean intensity (%HRR) 66.70 (5.80) 

 Total dose (HRPAS) 774.66 (223.63) 

 Attendance rate (%) 83.11 (20.91) 

Anthropometric Measures   

 BMI change (kg·m-2)* -0.19 (0.95) 

 Body Mass change (kg)** -0.38 (2.66) 

 Hip change (cm)** -0.67 (4.10) 

 Waist change (cm)* -0.99 (3.84) 

 DXA fat change (%)** -0.59 (1.73) 

DXA: Dual-energy X-ray absorptiometry 
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Figure 4.1: Dietary patterns among young adults identified in the TIGER study. (A) 

Posterior inclusion probabilities of individual food-factor pairs. Foods showing posterior 

inclusion probability > 0.95 (boldface) for each factor were considered in defining dietary 

patterns. (B) Posterior means of significant factor loadings with 95% credible intervals 

are displayed for each dietary pattern, respectively. 
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Figure 4.1 displays seven habitual dietary patterns identified from the 

TIGER study participants, which were labeled as Prudent, Western, Snacking, 

Ethnic, Meat and Dairy Alternatives, Alcohol, and Milk and Cereal. Dietary 

patterns were interpreted based on posterior inclusion probabilities of individual 

food-factor pairs (Figure 4.1A) and the factor loading estimates above the 

probability threshold (Figure 4.1B). The Prudent pattern was mainly associated 

with a high frequency intake of fruits, vegetables, and low-fat foods and a low 

frequency intake of fried foods, and soft drinks. The Western pattern was 

primarily associated with a high frequency intake of red meat, processed meat, 

fried foods, soft drinks, breads, and pasta dishes. The Snacking pattern was 

associated with a high frequency intake of foods such as cookies, sweets, and 

salty snacks. The Ethnic pattern showed positive associations with foods such as 

tacos, burritos, tortillas, and salsa. The remaining patterns were designated based 

on their food subsets. 

Figure 4.2 displays the treatment effects of exercise training on dietary 

pattern scores. Most dietary patterns scores were decreased or unchanged after the 

exercise intervention. This trend was confirmed in the analysis performed at the 

individual food item level in which most of food frequency intakes were 

decreased at 15 weeks, as shown in Figure 4.3. There were insignificant changes 

in the scores of Meat and Dairy Alternatives and Alcohol patterns between before 

and after exercise training.  
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Figure 4.2: Exercise treatment effect on dietary preferences based on changes in dietary 

pattern scores for all participants. Changes of pattern scores were summarized using their 

posterior means with 95% credible intervals. Most dietary pattern scores were decreased 

following exercise training, except for the Meat and Dairy Alternative and Alcohol 

patterns. 

 

Figure 4.4 displays how changes in dietary pattern scores vary with 

different values of exercise duration, intensity, and dose. A longer duration of 

exercise was associated with a decrease in preferences for foods in the Western 

(𝛽: -0.0793; 95% credible interval: -0.1568, -0.0017), and Snacking (𝛽: -0.1280; 

95% credible interval: -0.1877, -0.0637) patterns and an increase in preference for 

the Milk and Cereal pattern (𝛽: 0.0700; 95% credible interval: 0.0107, 0.1258) 

(Figure 3A). A higher intensity of exercise was linked with a greater preference 

for the Prudent pattern (𝛽: 0.0623; 95% credible interval: 0.0159, 0.1111) (Figure 
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4.4B). Accordingly, participants who achieved a higher dose of exercise were 

more likely to increase their preference for the Prudent pattern (𝛽: 0.0029; 95% 

credible interval: 0.0009, 0.0048) but reduce the preference for the Snacking 

pattern (𝛽: -0.0023; 95% credible interval: -0.0042, -0.0004) (Figure 4.4C). 

Figure 3D displays the effects of exercise on dietary pattern preferences as a 

function of exercise compliance. Participants who achieved the prescribed dose of 

exercise (i.e., compliant), were more likely to maintain their preferences for the 

Prudent pattern following exercise training, compared to their non-compliant 

counterparts. In addition, participants who were exercise compliant showed a 

decrease in the preference for the Snacking pattern, whereas those who were 

noncompliant exhibited an increased in the Snacking pattern.    

Figure 4.5 displays how the influence of exercise on dietary preference 

varies by gender or race/ethnicity. In this study, no gender differences were 

observed in the changes in dietary preferences following exercise training (Figure 

4.6A). In contrast, the race/ethnicity of participants appeared to be associated with 

different patterns in dietary preferences. Asian participants showed a distinct 

trend in which the Western pattern score was increased after exercise training (𝛽 

= 1.9006; 95% credible interval = 0.3093, 3.4390), in contrast to all other 

racial/ethnic groups which experienced a decrease in the Western pattern 

following exercise training (Figure 4.5B). Hispanic participants showed a 

decreasing trend in the Ethnic pattern score, which was not seen in other 
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racial/ethnic groups (𝛽 = -1.0153; 95% credible interval = -1.5565, -0.4775) 

(Figure 4.5C). Asian Indians showed a similar trend for the Ethnic pattern score, 

but with weaker evidence (𝛽 = -0.9186; 95% credible interval = -2.0636, 0.1555).  
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Figure 4.3: Changes of individual food item intakes based on a multivariate linear mixed 

model. Gender, race/ethnicity, and BMI were adjusted. The results were summarized 

using their posterior means with 95% credible intervals. 



 81 

 

Figure 4.4: Influences of exercise characteristics on the treatment effect of exercise intervention on dietary preferences. Subfigures A-C represent 

how treatment effect on dietary preferences vary by each one-unit increase of exercise duration, intensity, and dose. Results were summarized with 

their posterior means of 95% credible intervals. (A) Influence of exercise duration (min). (B) Influence of exercise intensity (%HRR). (C) 

Influence of exercise dose (HRPAS) (D) Changes of the Prudent and Snacking pattern scores by a dose-based exercise compliance status. 
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Figure 4.5: Influence of gender and race/ethnicity on exercise treatment effect on dietary preferences. Gender and race/ethnicity were dummy-

coded where the reference groups were male and non-Hispanic white, respectively. Estimates were summarized using their posterior means with 

95% credible interval. (A) Influence of gender on the treatment effect of exercise training. (B) Changes of the Western and Ethnic pattern scores 

by race/ethnicity.
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4.4 DISCUSSION 

In this study, we examined the influence of exercise training on habitual 

dietary preferences of young adults and its associations with exercise 

characteristics, including exercise duration, intensity, and dose. To describe 

overall dietary preferences, we used data-driven dietary patterns identified using a 

Bayesian sparse latent factor modeling. Seven dietary patterns were identified, 

including Prudent, Western, Snacking, Ethnic, Meat and Dairy Alternatives, 

Alcohol, and Milk and Cereal. Each dietary pattern score reflects an individual’s 

relative standing regarding their frequency of making choices on a given dietary 

pattern. Changes in dietary preferences were evaluated before and after the 15-

week exercise training protocol. 

 The current literature primarily focuses on the role of exercise in 

contributing to a negative energy balance via increasing energy expenditure, 

whereas there is still some controversy regarding the role of exercise on food 

intake (Blundell et al., 2015; Donnelly et al., 2014). At a physiological level, it 

has been established that exercise can influence appetite-regulating hormones 

(Stensel, 2010). However, such hormonal changes in response to exercise are not 

necessarily linked with post-exercise food intake because exercise may influence 

or be influenced by other behavioral, and environmental factors that are thought 

to affect their dietary intake. In the present study, most of dietary pattern scores 

were decreased after exercise training, which was consistent with the overall 
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decreasing trend in intake frequency of a wide array of food items. Although the 

15-week exercise training did not result in substantial mean changes in 

anthropometric measures in the total cohort, the more positive changes in 

body/size were observed in those were exercise compliant, indicating that 

engaging in regular exercise may influence participants to regulate food intake as 

a means of controlling their body shape or improving health. 

The influence of exercise training on dietary preferences was dependent 

on different components of exercise. We observed that a longer duration of 

exercise provides a motive for restraining dietary preferences in the Snacking and 

Western patterns, while a higher intensity of exercise induces an increased 

preference for the Prudent pattern. Although the current analyses linked exercise 

duration and intensity to different aspects of dietary preferences, the overall trend 

indicated an increased preference for healthier diets. This tendency was more 

pronounced in exercise dose where individuals with a higher exercise dose were 

more likely to prefer the Prudent pattern, while less likely to favor the Snacking 

pattern. These results support previous findings that exercise motivates 

individuals to pursue healthier nutritional habits (Blakely, Dunnagan, Haynes, 

Moore, & Pelican, 2004; Nigg et al., 1999; M. Tucker & Reicks, 2002). It is 

important to acknowledge that that there might be people who are vulnerable to 

failure in self-regulation of food intake. Those individuals may exhibit  increased 

consumption of palatable but unhealthy foods following exercise, on the basis of 
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compensatory health beliefs (Knäuper, Rabiau, Cohen, & Patriciu, 2004). Thus, 

future research should address not only linear relationships between exercise 

characteristics and dietary responses, but also investigate the optimal level of 

exercise training that can lead to positive dietary changes, accounting for 

individual variability in response to exercise. Exercise duration was also linked 

with the increased preference for the Milk and Cereal pattern, but it was not 

possible to conclude its clinical implication due to the limited information on 

types and compositions of cereals that participants consumed.  

When transitions of dietary preferences were compared between non-

compliant and compliant individuals, those who were non-compliant showed a 

steeper decrease in the preference for the Prudent pattern and an increased 

preference for the Snacking pattern. Those who were compliant with the exercise 

prescription had a more moderate decrease in the preference for the Prudent 

pattern and a reduced preference for the Snacking pattern following exercise 

training. For young adults, snack foods are cheap, easy to access (e.g., off-campus 

grocer, on-campus cafeteria, and vending machines), and easy to store, compared 

to healthier options, such as fruits and vegetables. Indeed, students may not have 

the necessary skill set for planning their meals, and the college years have been 

associated with skipping meals, diminished food variety, and frequent 

consumption of salty and sugary snacks (Plotnikoff et al., 2015; Schweitzer, Ross, 

Klein, Lei, & Mackey, 2016; Strong, Parks, Anderson, Winett, & Davy, 2008). 



 86 

The reduced preference for the Snacking pattern following exercise is parallel 

with the findings from previous research claiming that exercise may reduce 

snacking urges (Oh & Taylor, 2012, 2014; Taylor & Oliver, 2009; Thayer et al., 

1993). Given that a majority of snack foods are high in sugar, sodium, and/or fat 

and snacking often occurs in the absence of hunger due to external factors such as 

pleasure, taste, and convenience (Hess, Jonnalagadda, & Slavin, 2016; Marquis, 

2005; Roininen & Tuorila, 1999), a reduced urge to eat snack foods following 

exercise could have a significant impact on health.  

Changes in dietary preferences in response to exercise varied by 

race/ethnicity. Hispanic participants showed a greater decrease in the preference 

for the Ethnic pattern. As indicated in the Ethnic pattern score at the baseline, this 

may simply due to their higher habitual consumption of foods belonging to the 

Ethnic pattern that consist of a group of Hispanic foods. It would have been easier 

for Hispanic participants to decrease consumption of food that they consumed 

more frequently. Asian participants exhibited a slight increase in the preference 

for the Western pattern following exercise training. It is not possible to explicitly 

identify the underlying mechanism and clinical significance of these observations, 

justifying more research on this topic. We did not identify a role of gender in 

influencing post-exercise dietary preferences, unlike previous animal studies that 

suggest sex-dependent effects on dietary preferences (Lee et al., 2017; T. Yang et 

al., 2017). 
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The present study has some limitations. First, the current analyses relied 

on the participants’ self-report dietary intake, that may be subject to measurement 

errors. Second, there might have been a selection bias since students voluntarily 

participated in the study for which they received college course credit, within a 

limited course load. The participants of this study might have been more 

interested in improving their health behaviors. Finally, additional follow-up 

measurements were not collected after the end of study, making it difficult to 

evaluate whether or not the observed transitions persist. It may be possible that a 

participant engages in compensatory eating behaviors after the completion of 

intervention program, nullifying the observed positive trend for health brought on 

by exercise training.  

In conclusion, the results of present study revealed that the15-week 

exercise training program motivated young adult participants to change their 

dietary preferences. The exercise-induced changes were associated with 

regulating food intake as well as encouraging healthier dietary preferences. Such a 

sequential relationship may assist individuals who feel pressured to improve their 

diet and physical activity at once, since imposing multiple goals often 

discourages, rather than motivates people to improve their health behaviors within 

a busy schedule. More research is required to better elucidate clinical significance 

and underlying mechanisms involved in the exercise-induced changes in dietary 

preferences. 
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Chapter 5. Genetics of Dietary Patterns among College Students 

ABSTRACT 

Background/Objectives: Among the many factors that influence eating behavior, 

genetic variation has consistently been shown to play a role, but few studies have 

examined genetic variation on a genome-wide scale. This study aimed to examine 

the contribution of genetic variation to dietary patterns among college students to 

better understand the determinants of eating behavior. 

Methods: This study utilized data collected from 1,591 non-Hispanic white, 

African American, and Hispanic college students, who were defined as unrelated 

individuals based on their genomic relationships. Genome-wide single nucleotide 

polymorphism (SNP) data were used to estimate the contribution of genetic 

variation to the phenotypic variance of seven dietary patterns obtained from 

dietary pattern analysis based on self-administered food frequency questionnaire 

(FFQ) data. 

Results: The estimated SNP-based heritability of dietary patterns ranged from 

0.09 for the Alcohol pattern to 0.46 for the Snacking pattern. The SNP-based 

analyses explained a substantial portion of the total variance of the Western (0.42; 

95% credible interval: 0.24, 0.60) and Snacking (0.46; 95% credible interval: 

0.28, 0.64) patterns. In contrast, the Prudent pattern, which contained primarily 
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fruits, vegetable, and low-fat dairy foods, showed a lower heritability (0.14; 95% 

credible interval: 0.05, 0.24). 

Conclusion: Genetic influences on dietary patterns among college students were 

apparent, but the range of the heritabilities across dietary pattern suggests that 

environmental exposures may also contribute substantially, especially for healthy 

foods. Increasing the accessibility and availability of healthy foods may be 

important in crafting dietary recommendations and interventions in this 

population. 
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5.1 INTRODUCTION  

Understanding drivers of healthy and balanced eating is central to prevent 

and reduce the risk of obesity throughout all stages of the lifespan. In humans, 

substantial variability exists in dietary phenotypes, and research efforts have been 

made to dissect the sources of this variation and to examine why there are huge 

interindividual differences in response to dietary interventions and treatments 

(Rankinen & Bouchard, 2006). Twin and family studies have been used to 

establish heritability of dietary phenotypes (Pallister et al., 2014; Rankinen & 

Bouchard, 2006; Reed, Bachmanov, Beauchamp, Tordoff, & Price, 1997). In 

most studies, genetic effects accounted for variation in multiple diet-related 

phenotypes (e.g., energy intake, macronutrient selection, meal size, and meal 

frequency), albeit with varying heritability estimates across different age groups 

(Grimm & Steinle, 2011; Keller, Pietrobelli, Must, & Faith, 2002; Pallister et al., 

2014; Rankinen & Bouchard, 2006). The substantial heritability of multiple 

dietary phenotypes suggests that robust prediction of genetic predisposition to 

dietary phenotypes will be of value in the development of effective clinical 

practice and dietary recommendations. 

Previous studies has suggested that dietary patterns can be a useful means 

of representing phenotypes of overall dietary intake, accounting for 

interrelationships among multiple dietary components (Hu, 2002). Dietary 

patterns represent combinations of foods and beverages that people habitually 
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consume together and may be more predictive of overall health outcomes (U.S. 

Department of Health and Human Services and U.S. Department of Agriculture, 

2015). Until now, a limited number of studies have examined the heritability of 

dietary patterns and have shown that a substantial proportion of phenotypic 

variance can be explained by genetic variation for both healthy and unhealthy 

types of dietary patterns, ranging from 0.12 to 0.79 in children and 0.33 to 0.54 in 

adults, despite distinct dietary patterns identified in each study (Bree et al., 1999; 

Breen et al., 2006; Faith et al., 2008; Gunderson et al., 2006; Keskitalo et al., 

2008; Teucher et al., 2007; van den Berg et al., 2013). However, knowledge about 

the genetic contribution to dietary patterns among college students is still lacking 

in the literature. The college years are an important transitional period associated 

with various lifestyle changes (Gordon-Larsen et al., 2004). Given the unhealthy 

changes in eating behaviors and weight gain often observed in this life cycle 

period (Deliens et al., 2014), exploring the heritability of dietary patterns in 

college students may have significance for understanding genetic risk for 

unhealthy dietary behaviors and establishing appropriate environments for diet 

and weight management to prevent obesity, which may be less malleable in 

adulthood. 

Recently, the literature suggests that the heritability of human traits can be 

estimated using genome-wide SNP data that enables the estimation of genetic 

associations for unrelated individuals (Campos, Vazquez, Fernando, Klimentidis, 
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& Sorensen, 2013; J. Yang et al., 2010). Indeed, previous studies have shown that 

a large proportion of the estimated heritability for quantitative traits (e.g., height) 

from twin studies can be captured using all the common SNPs concurrently (J. 

Yang et al., 2010; J. Yang, Manolio, et al., 2011). SNP-based heritability can 

provide a complementary approach for studying genetic predisposition to dietary 

traits, as it is not dependent on the assumptions of the family-based methods (e.g., 

equal environments assumption) that are often difficult to verify (Barnes et al., 

2014). SNP-based heritability can also give some indication of which traits will 

be fruitful in future genome-wide association studies (GWAS). The estimated 

heritability derived from SNP-based genetic variation can indicate whether 

variation in a given population is likely to be explained by GWAS analyses (J. 

Yang et al., 2017). Although several candidate gene association studies revealed 

risk alleles in/near obesity susceptibility genes (e.g. FTO) that influence a 

multitude of dietary phenotypes (Cecil et al., 2008; J. M. McCaffery et al., 2017; 

Jeanne M. McCaffery et al., 2012; Speakman, Rance, & Johnstone, 2008; 

Timpson et al., 2008; Wardle et al., 2008), there might be a large number of 

common variants with small effects yet to be identified in other regions. However, 

this approach has not been applied to the evaluation of the genetic underpinnigs 

for human eating patterns.  

In this study, we aimed to investigate SNP-based heritability of dietary 

patterns among college students using data from the Training Intervention and 
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Genetics of Exercise Response (TIGER) study. To estimate the genetic 

contribution to variation in dietary patterns, we used genome-wide SNPs obtained 

from unrelated individuals in the study population. We also examined the 

heritability estimates of consumption for food groups, including vegetables, fruits, 

meat, dairy products, grains, fats and oils. 

5.2 METHODS  

5.2.1 Study population 

Data used in these analyses were drawn from the TIGER study, which 

aimed to investigate the genetic underpinnings of response to exercise training 

and introduce college students to regular exercise via a 15-week aerobic exercise 

training protocol. The target subjects were sedentary college-age students who did 

not engage in caloric restriction and exercised less than 30 min/wk during the 30 

days prior to study enrollment. Fifteen multi-racial cohorts were recruited from 

the University of Houston (2003-2008) and the University of Alabama at 

Birmingham (2010-2015). The exclusion criteria for study participation entailed 

physical contraindication to exercise, pregnancy, and/or a known metabolic 

disorder that may impact body composition. The TIGER study was approved by 

each of the participating Institutional Review Boards, and informed consent was 

obtained from all study subjects. More details regarding the TIGER study design 

are available elsewhere (Miller et al., 2014; Sailors et al., 2010). 
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5.2.2 Dietary assessment and dietary patterns 

Dietary intake at baseline was evaluated using a self-administered Block 

Food Frequency Questionnaire (FFQ, NutritionQuest, Berkeley, CA). Habitual 

consumption of 102 food items was obtained via nine frequency categories, 

ranging from “never” to “every day”, which were then converted to daily 

frequencies. The FFQ data also included daily servings of six food groups, 

including vegetables, fruits, meat, dairy products, fats and oils, and grains. 

Bayesian sparse latent factor analysis was applied to the dietary data obtained 

from the subset of study participants who completed at least 90 % of food item 

questions and had valid observations for demographic and anthropometric 

information (n = 2,730). Dietary patterns were annotated based on their food 

subsets determined by posterior inclusion probabilities, a measure of how much 

the model favors the inclusion of a food in each dietary pattern. Seven dietary 

patterns were generated from the FFQ data in previous analyses, which were 

denoted Prudent, Western, Snacking, Ethnic, Meat and Dairy Alternatives, and 

Milk and Cereal. Factor scores that represent an individual’s position on each 

dietary pattern were used as quantitative measures of each dietary pattern. 

5.2.3 Genotyping 

Genotyping was carried out using the Metabochip (Illumina, San Diego, 

CA), a custom genotyping array that interrogates genotypes for 196,725 SNPs 

relevant to metabolic, cardiovascular, and anthropometric traits (Voight et al., 
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2012). The accuracy and quality for the genotyping was examined by assessing 

the consistency between technical replicates. The average percentage of SNP 

genotype mismatch between technical replicates was 0.31% ± 0.13. To assess the 

performance of genotyping calling, we randomly assigned DNA samples from 39 

participants to different plates and examined the proportion of mismatch in 

genotyping calling. The average mismatch rate of SNP genotypes for the pairs 

was 0.17% ± 0.12 (mean ± SD). 

5.2.4 Exclusion of samples and SNPs 

For SNP-based heritability analysis, this study focused on a subset of 

study participants that included non-Hispanic white, African American, and 

Hispanic individuals. For subjects who were related as determined by genomic 

relationships estimated from genetic markers (> 12.5% genotype sharing), a single 

sample was chosen to represent the relative pair. In total, 1 591 subjects were 

available, which included 799 non-Hispanic whites, 514 African Americans, and 

278 Hispanics.  

SNPs were excluded based on the following criteria: technical quality 

control failure based on Illumina GenCall score, monomorphic SNPs, SNPs with 

a minor allele frequency (< 3%), and SNPs with replicate errors between technical 

replicates. As a consequence, 109,138 SNPs, 124,875 SNPs, and 109,562 SNPs 

were retained within non-Hispanic white, African American, and Hispanic 

datasets, respectively. 



 96 

5.2.5 Statistical analysis 

Average daily servings of food groups were summarized using mean and 

standard deviations (SD). The differences in daily servings between female and 

male were evaluated ANCOVA, adjusted for age, race, and BMI. The Genomic 

Best Linear Unbiased Predictor (G-BLUP) model, a commonly used whole 

genome regression method for human data, was applied to the present study in a 

Bayesian context in order to estimate SNP-based heritability (ℎ𝑆𝑁𝑃
2 ) (Campos et 

al., 2013; J. Yang et al., 2010). First, genomic relationships that measure genetic 

similarity between individuals were inferred using genome-wide samples of SNPs 

in which a genomic relationship matrix was calculated using cross-products 

between marker genotypes. SNP-based heritability was then calculated as the 

ratio of variance of phenotypes explained by this relationship matrix, based on a 

linear model. This is equivalent to estimating the genetic variance by fitting all 

common SNPs used to measure genomic relationships, simultaneously 

(Vinkhuyzen, Wray, Yang, Goddard, & Visscher, 2013; J. Yang et al., 2010).  

A cube root transformation was applied to the factor scores for the 

Alcohol and Meat and Dairy Alternatives patterns in order to lessen the high 

positive skewness. Factor scores for each dietary pattern were used to estimate 

SNP-based heritability of each dietary pattern controlling for covariates, including 

age, gender, and data collection site. The analyses also included the first six 

principal components obtained from the genotype data to account for the genetic 
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structure of the study population. All analyses were performed on the total sample 

first, and then on women and men separately, using R version 3.4.3 (R Core 

Team, 2017). 

5.3 RESULTS 

Table 5.1 displays the average daily servings of major food groups of 

study subjects. Participants’ mean age was 21.52 y (SD = 3.24) and two thirds of 

subjects were females (64.24 %). Male subjects exhibited greater consumption of 

meat, dairy product, and grain groups and showed less consumption of fats and 

oils, compared to females.  

Figure 5.1 shows the SNP-based heritability estimates of dietary patterns, 

which represent the proportion of phenotypic variance explained by common 

SNPs in the sample. The values were summarized with 95% Bayesian credible 

intervals that describe a range having a 95% probability of containing the true 

value of heritability. The heritability estimates ranged from 0.09 for the Alcohol 

pattern to 0.46 for the Snacking pattern. The Prudent pattern, which represents 

healthier types of foods, showed a lower heritability (ℎ𝑆𝑁𝑃
2 : 0.14), compared to the 

Snacking (ℎ𝑆𝑁𝑃
2 : 0.46) and Western (ℎ𝑆𝑁𝑃

2 : 0.42) patterns, which generally 

represent unhealthier types of foods, suggesting patterns for these foods may be 

strongly influenced by gene-based biological variability. The Ethnic pattern, 

which consists primarily of Hispanic foods, had a heritability of approximately 
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0.27. The heritability estimates of the Meat and Dairy Alternatives, and the Milk 

and Cereal patterns were 0.10 and 0.18, respectively. When SNP-based 

heritability was estimated by gender, some dietary patterns showed differences 

between females and males. For the Prudent pattern, the genetic contribution to 

the total variation was higher in the male group (ℎ𝑆𝑁𝑃
2 : 0.29) than the female 

group (ℎ𝑆𝑁𝑃
2 : 0.18). For the Meat and Dairy Alternatives pattern, the heritability 

estimate of the male group was 0.20, which was almost double compared to that 

of the female group. In contrast, the lower heritability for the Western pattern was 

estimated in the male group (ℎ𝑆𝑁𝑃
2 : 0.39) than the female group (ℎ𝑆𝑁𝑃

2 : 0.49). 

Figure 5.2 displays the heritability estimates for consumption of FFQ food 

groups. The heritability estimates for those groups ranged from 0.11 for dairy 

products to 0.25 for fats and oils. This trend is similar to what was observed in 

dietary patterns. The proportion of genetic effect on total phenotypic variation in 

vegetables (ℎ𝑆𝑁𝑃
2 : 0.12) and fruits (ℎ𝑆𝑁𝑃

2 : 0.15) are comparable to the heritability 

estimate of the Prudent pattern (h2: 0.14). The heritability estimates of meat 

(ℎ𝑆𝑁𝑃
2 : 0.19), grains (ℎ𝑆𝑁𝑃

2 : 0.21), fats and oils (ℎ𝑆𝑁𝑃
2 : 0.25), which were major 

elements of the Western and Snacking patterns, were higher than those of 

vegetables and fruits, similar to the higher heritability of the Western and 

Snacking patterns, compared to the Prudent pattern. Additionally, the male group 

showed a higher heritability for vegetables, fruits, and dairy products, while 

showing the lower heritability for grains, compared to the female group.     
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Table 5.1: Characteristics of the study subjects. 

 
Female  

(n = 1,022) 

Male  

(n = 569) 

Total  

(n = 1,591) 

Age (year) 21.52 (3.24) 21.39 (3.24) 21.74 (3.22) 

Racial/ethnic groups (n)    

 Non-Hispanic white 477 322 799 

 African American 388 126 514 

 Hispanic 157 121 278 

Daily servings of food 

group  
Mean (SD) 

 Vegetables 2.15 (1.82) 2.09 (1.64) 2.13 (1.76) 

 Fruits 1.21 (0.91) 1.17 (0.93) 1.19 (0.92) 

 Meat* 1.93 (1.44) 2.95 (1.92) 2.30 (1.70) 

 Dairy products* 1.04 (0.84) 1.45 (1.22) 1.19 (1.01) 

 Grains* 4.40 (2.84) 5.51 (3.30) 4.80 (3.06) 

 Fats and oils* 3.13 (1.84) 2.90 (1.69) 3.05 (1.80) 

* Males significantly different from females (P-value < 0.05 from one-way ANOVA 

adjusting for age, race and BMI) 
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Figure 5.1: Heritability estimates for habitual dietary patterns among college students with 95% Bayesian credible intervals. The 

SNP-based heritability was examined on total subjects and by gender using the genotype data from unrelated individuals.   
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Figure 5.2: Heritability estimates for food group intakes among college students with 95% Bayesian credible intervals. The SNP-

based heritability was examined on total subjects and by gender using the genotype data from unrelated individuals.  
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5.4 DISCUSSION 

In the present study, we examined the heritability estimates of dietary 

patterns identified among college students using the data from the TIGER study. 

We used the genotyped SNPs from unrelated individuals to evaluate the SNP-

based heritability of dietary patterns, which provided heritability estimates based 

on genetic data, as opposed to estimates based on relatedness as in family study 

designs (Bree et al., 1999; Breen et al., 2006; Faith et al., 2008; Gunderson et al., 

2006; Keskitalo et al., 2008; Teucher et al., 2007). This alternative approach is 

useful for studying genetic predisposition to dietary behaviors in unrelated 

cohorts. 

Our results showed that genetic variation accounts for more than 40% of 

the total variance in the Snacking and Western patterns, which mainly included 

foods high in sugar, salt, and fat. This finding confirms the existing literature that 

displayed a sizable genetic influence on unhealthy types of dietary patterns (Bree 

et al., 1999; Keskitalo et al., 2008). In contrast, genetic variation explained only a 

small portion of total variance in the Prudent pattern, which was generally 

represented by frequent consumption of vegetables, fruits, and low-fat dairy 

foods. The higher heritability of the Snacking and Western patterns may be 

explained in part by the fact that humans have been evolved to seek and eat 

energy dense foods, leading to greater taste preferences for palatable foods that 

are high in fat and sugar (Breslin, 2013). For example, It has been suggested that 
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genetic variation in the CD36 fat taste receptor, T1R2 sweet taste receptor, and 

T2R38 bitter taste receptor may confer genetic predisposition to the excessive 

intake of unhealthy foods (Chamoun et al., 2018). In addition to the genetic 

effects of taste, individuals with obesity risk variants at fat mass and obesity-

associated gene (FTO) have greater caloric and fat intake, and exhibited 

preference for high-fat foods (Cecil et al., 2008; Speakman et al., 2008; Timpson 

et al., 2008; Wardle et al., 2008). FTO variants were also related to more frequent 

consumption of snacks among overweight or obese individuals.(Jeanne M. 

McCaffery et al., 2012) In the EPIC study, common allelic variations in leptin 

gene (LEP) were associated with extreme snacking behavior in women (Krom et 

al., 2007). In the Nurses’ Health Study, a common obesity variant near 

melanocortin 4 receptor gene (MC4R) was associated with greater energy intake 

in women (Qi et al., 2008). Obesity susceptibility loci in brain-derived 

neurotrophic factor gene (BDNF) and MC4R gene also related to greater energy 

intake among individuals at high risk of diabetes (J. M. McCaffery et al., 2017).  

Genetic variation has also been reported to predispose individuals to avoid 

the bitter taste of healthy foods, including specific vegetables and fruits (e.g., 

cruciferous vegetables) (Breslin, 2013; Chamoun et al., 2018; Grimm & Steinle, 

2011), although we observed a relatively low heritability for the Prudent pattern. 

While the low heritability does not mean that genetic variation is irrelevant, it 

may indicate that the environment related to foods associated with the Prudent 
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pattern was a more significant contributor to consumption. Compared to energy-

dense foods, healthier types of foods, such as vegetables and fruits, are more 

expensive, which may discourage college students living on their own from eating 

such foods when they are financially limited, even if they have a preference for 

eating such foods (Drewnowski & Darmon, 2005). Vegetables and fruits have a 

limited accessibility among college students, compared to snacks and fast foods, 

which can be easily obtained from on-campus cafeteria or vending machines 

(Strong et al., 2008). The accessibility of healthy foods can also be different by 

residence type, as demonstrated in previous research in which students residing in 

residence halls eat more fruits and vegetables and consume more various dairy 

products than those living off-campus (Brunt & Rhee, 2008). Taken together, 

lifestyle transitions in college students might have had a more profound effect on 

the inequality of environmental exposures involving healthy eating patterns, 

resulting in a lower contribution of genetic influence for the Prudent pattern than 

for the Snacking and Western patterns.  

The heritability of the Alcohol pattern was lower, compared to other 

dietary patterns. Alcohol consumption is known to be determined to some extent 

by alcohol metabolizing genes (Clarke et al., 2017; Gelernter et al., 2014). To 

date, studies on genetic predisposition to alcohol behavior have been focused on 

alcohol use disorder whose heritability estimate was approximately 0.5 in the 

recent meta-analysis of twin and adoption studies (Verhulst, Neale, & Kendler, 
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2015). Evidence for heritability of habitual alcohol consumption is relatively 

scarce, but Clarke et al. (Clarke et al., 2017) recently provided a SNP-based 

heritability estimate of self-reported alcohol consumption using 89,175 white 

British individuals in the UK Biobank sample. In that study, the estimated 

heritability of alcohol consumption in total sample was 0.13, in males was 0.15, 

and in females was 0.13. This is similar to our finding in which the heritability for 

the Alcohol pattern was estimated to be 0.09 in total sample, 0.18 in males, and 

0.13 in females, although the UK Biobank sample consisted of individuals aged 

40-69 years (Sudlow et al., 2015).  

When SNP-based heritability was examined within each gender, the 

relative genetic contribution to the phenotypic variation was heterogeneous in 

some dietary patterns. Males displayed a higher heritability estimate for the 

Prudent and Meat and Dairy Alternatives pattern, while showing a lower 

heritability for the Western pattern, compared to females. This could imply that 

genetic variation may exert different influences on eating patterns. Dietary 

behavior is a complex trait influenced by many different factors, and there are 

multiple paths to reach specific dietary phenotypes. Gender differences in 

heritability for dietary patterns could have arisen if the relative prevalence of 

these paths was dependent on gender. Additionally, gene-gene and gene-

environment interactions could be a potential source of gender difference in the 

heritability estimates. It is possible that expression of genes involved in specific 
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dietary traits is modulated by gender-specific features in physiological functions 

controlled by other genetic components. Activation of casual genes and the 

related pathways for dietary behaviors can also be influenced by environmental 

factors, such as exercise habits, for which female and male differ (Craft, Carroll, 

& Lustyk, 2014). However, replication is required with the same study population 

to confirm the observed trend, given the uncertainty intervals of gender-specific 

heritability estimates. 

The heritability estimates of food groups displayed a similar trend seen in 

dietary patterns. The estimated heritability of vegetables and fruits, which are a 

major component of the Prudent pattern, were lower than those of meat, grains, 

and fats and oils, which are mainly associated with the Western and Snacking 

pattern. The estimated heritability for vegetables and fruits were higher in males 

than females, which is analogous to what was seen in the Prudent pattern.  

This study has some limitations. First, the dietary data were obtained 

based on self-reported food frequencies that may poorly represent dietary 

phenotypes due to measurement errors and potential underreporting among 

certain subjects, particularly those with high alcohol intake (Lutomski, van den 

Broeck, Harrington, Shiely, & Perry, 2011). Second, our study samples were 

restricted to non-Hispanic whites, African Americans, and Hispanics. Thus, study 

findings are limited to those populations. A study investigating other race groups 
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may yield different results. Finally, the heritability values could have been 

underestimated due to the limited number of SNPs genotyped on the Metabochip.  

In conclusion, we examined SNP-based heritability of habitual dietary 

patterns among college students. The proportion of phenotypic variance 

attributable to genetic variation varied by dietary patterns and food groups. We 

observed that healthier types of dietary patterns and food groups have a relatively 

lower heritability than unhealthy ones. Such differences would suggest that 

environments involving healthy diets are less uniform among college students. 

Increasing the accessibility and availability of healthy foods may have important 

implications for designing intervention strategies and public policy to improve 

overall health. Importantly, the low values of heritability estimates observed in 

some dietary patterns and food groups are not a demonstration that genetic 

variation plays little role in the phenotypes of dietary intake. Future studies of the 

underlying genetic pathways that drive the phenotypic difference in eating 

patterns would greatly inform future dietary interventions.  
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Chapter 6. Conclusion 

This dissertation aimed to investigate the effects of genetic variation and 

exercise on patterns of habitual food intake in young adults. To this end, statistical 

modeling of dietary patterns from the Bayesian perspective was used to create a 

meaningful overall representation via latent patterns of food intake in observed 

data (Chapter 3). This research has established that individuals who are engaging 

in regular exercise tended to alter their diet towards healthier eating patterns with 

lower consumption of snacks and unhealthy foods (Chapter 4). Finally, the SNP-

based heritabilities of dietary patterns and food group intakes were estimated via 

whole-genome regression based on the gnome-wide SNP data (Chapter 5). 

Dietary pattern analysis. One major contribution of this research is the 

application of a flexible, probabilistic model for characterizing dietary patterns. 

Since foods are consumed in a variety of combinations in free-living conditions, 

analyses on a per-food basis of disease risk and/or associations with phenotypic 

traits may be misleading. Dietary pattern analysis offers a reasonable alternative 

to circumvent this challenge by capturing overall food consumption behaviors 

with a small number of latent features, accounting for inherent interrelationships 

among multiple foods and nutrients. Common methods of dietary pattern analysis 

such as PCA and EFA have several limitations, chief among which are the 

arbitrary post hoc decisions made by investigators in several intermediate stages. 
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Traditionally, post hoc decisions of dietary pattern analysis were involved in the 

factor rotation and loading truncation, which attempts to find a sparse factor 

orientation to simplify interpretation of dietary patterns. For this reason, Bayesian 

sparse latent factor modeling was utilized to overcome the problems of classical 

identification criteria via regularization that exploits sparsity-inducing priors on 

factor loadings as an integral part of the estimation of dietary patterns. The results 

from our empirical study demonstrated that sparsity-inducing priors can provide a 

more coherent procedure of deriving dietary patterns by naturally segregating the 

important food-pattern associations from those that have negligible associations 

based on statistical inference rather than on an investigator’s intuition.  

One of the principal advantages of the proposed alternative for dietary 

pattern analysis is its modularity and extensibility, allowing the dietary pattern 

model to be readily embedded into a more complex model. To accommodate 

covariates in the PCA/EFA-based dietary pattern modeling, we have relied on 

two-step regression adjustments, in which individual food intakes are regressed 

on a set of covariates to compute food intake residuals and these residuals are 

used as new input variables for dietary pattern analysis. Bayesian sparse latent 

factor analysis can be extended to overcome this limitation by coupling ANOVA 

and regression components based on covariates. Moreover, the proposed Bayesian 

approach has the ability to automatically respond to any shape of food intake 

distributions by introducing the Dirichlet process mixture model to the modeling 
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of factor score distributions. This is an improvement from the classical approach 

that primarily relies on the use of log transformation after removing zeros by 

adding an arbitrary constant, in order to approximate normal distributions.  

Exercise and dietary patterns. Dietary patterns were derived using data from 

sedentary young adults who have undergone 15 weeks of aerobic exercise 

training, which were annotated as Prudent, Western, Snacking, Ethnic, Meat and 

Dairy Alternatives, Alcohol, and Milk and Cereal. An important goal of this 

project was to determine if and how dietary intake changes following the exercise 

intervention. The results have demonstrated that exercise can serve as a gateway 

behavior for the consumption of healthy foods among college students. A gateway 

relationship of behaviors represents one behavior that, if adopted by individuals, 

would change another behavior. This study hypothesized that participation in 

regular exercise will lead to dietary changes toward a healthier direction based on 

the positive relationship between physical activity and healthy food consumption 

such as vegetable and fruits, reported in the previous cross-sectional studies.  

Dietary patterns were used to evaluate the changes in overall food 

consumption after 15-weeks of aerobic exercise training. One challenge was to 

measure changes in dietary patterns, as they are not directly observable and 

therefore, comparisons over time are not straightforward. Factor loadings are 

assumed to remain the same over time, which allows for the comparison of factors 



 111 

scores at different times on the same basis. Accordingly, changes in dietary 

patterns were captured through the differences of factor scores estimated from 

dietary data collected before and after the exercise training. Additionally, these 

changes were examined in relation to different components of exercise, such as 

duration, intensity, and dose, because they may have a different degree of 

influence on dietary patterns.  

Factor scores of most dietary patterns were decreased after the 15-week 

exercise training regimen. Given the decrease in several anthropometric measures, 

including weight and waist circumference in exercise compliant subjects, this 

result may suggest that individuals adopt subsequent regulation of food intake 

after initiating exercise. Individuals with a higher exercise intensity were more 

likely to favor the Prudent pattern, and those with a longer duration of exercise 

were less likely to prefer the Western and Snacking patterns. Consistent with this 

finding, individuals with a higher total dose of exercise exhibited a greater 

preference for the Prudent pattern while showing a lower preference for the 

Snacking pattern. Overall, the observed trends in dietary patterns suggested that 

engaging in regular exercise may encourage individuals to adopt a healthier diet.  

Heritability of dietary patterns. The examination of the SNP-based heritability 

of food intake phenotypes was motivated by a hypothesis that these phenotypes 

are affected by numerous small-effect genes. To date, the functional contributions 
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of individual variants associated with food consumption to the total phenotypic 

variance have not been clearly elucidated and explain only a small proportion of 

the total variance, suggesting that much larger numbers of variants with smaller 

effects have not yet been discovered. Thus, it is important to establish the joint 

contribution of genetic variants to the variability of a food intake phenotypes to 

enhance our understanding of genetic underpinnings of a specific food intake 

phenotype. 

The genetic relatedness of individuals using genome-wide SNPs was used 

to eliminate unknown replicates and reduce relative pairs to a single sample of 

representative individuals. Genome-wide genotypes in the remaining individuals 

were then used to examine the extent to which the phenotypic similarity across 

individuals could be accounted for by their genetic similarity, arriving at an 

estimate of SNP-based heritability for each dietary pattern and food group intake. 

This approach also allows SNPs with smaller effects, which may remain difficult 

to pinpoint in genetic association studies, to jointly contribute to explaining the 

variability of food intake phenotypes. Although the SNP-based heritability does 

not directly identify predictive variants, it tells us how well we could predict a 

trait from genetics by gauging the relative importance of genetic and 

environmental factors in a given population. Understanding the genetic 

underpinnings of a given trait provides some guidance for planning appropriate 

regulatory environments for a particular aspect of food consumption behavior and 
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related health outcomes. Importantly, SNP-based heritability can be estimated 

from a sample of unrelated individuals, and therefore, it is less likely to be biased 

by common shared environment effects. 

The heritability estimate for the Prudent pattern was lower, compared to 

the Western and Snacking patterns in the sample of college students from the 

TIGER study. The heritability estimates for vegetables and fruits were small, 

compared to fats and oils. These results may indicate that, while biological factors 

may play a stronger role in driving preferences of sweet, salty, and high fat foods, 

environment may more strongly determine healthy eating behaviors. Many 

students are separated from their normal home life when they go to university, 

and acquire more autonomy over their dietary choices, but often are financially 

more limited than then living at home. College living for many students may lead 

to avoidance of healthy eating choices in an attempt to balance a food budget, 

since healthy foods are generally more expensive than unhealthy foods. 

Moreover, compared to healthy foods, unhealthy foods such as snacks and fast 

foods are more readily available at campus cafeterias or vending machines, and 

easy to store. Thus, environmental changes regarding transition to university 

might have had a stronger influence on the variability of healthy food 

consumption. Policies to help offset cost differences between healthy and 

unhealthy foods, and increased accessibility and availability of healthy foods for 

college students would be warranted, based on these findings.  
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Estimated heritability can help gauge which dietary traits would be more 

fruitful in future GWAS. It is unlikely to find predictive variants accounting for a 

sizable portion of the variability of food intake patterns in a given population if 

the estimated heritability is low. The estimated heritability may also help appraise 

population-level efficiency of genetic testing for predicting genetic predisposition 

toward a particular phenotype of food consumption and risk for nutrition-related 

diseases in a given population.  

FUTURE DIRECTIONS 

Potential future work directions from this dissertation project are outlined 

below.  

Dietary pattern modeling. The applied approach in this dissertation still assumes 

the number of dietary patterns is known in advance. This assumption could be 

relaxed to allow the data to determine this number. The model can be further 

extended to include clinical response variables or disease states in which latent 

factors become regressors to predict health outcomes. The current methods, PCA 

and EFA, relies on a two-stage model for this task, in which factor scores (i.e., 

dietary pattern scores) are calculated from rotated loadings, and then plugged into 

a regression model for the examination of associations between dietary patterns 

and a health outcome of interest. Additionally, a general framework is needed to 
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model changes in dietary patterns from data measured at multiple times points, 

which are likely to have non-linear trajectories.  

Exercise and dietary intake. The observed changes in dietary intake associated 

with exercise need to be examined for their stability over a longer duration. 

Compensatory changes in dietary intake may take place after a longer period, in 

which an individual is motivated to consume palatable foods based on belief that 

the negative effects of unhealthy eating can neutralized by the positive effects of 

exercise. Additionally, healthy dietary behaviors could be explored as a means to 

promote physical activity.   

Genetics of food intake phenotypes. Future research will no doubt identify 

common, casual loci associated with food intake phenotypes. A phenotype that 

showed a higher heritability, such as snack consumption, would be a good starting 

point for future genetic studies. How exercise may alter a genetic predisposition 

to unhealthy dietary habits would comprise a fruitful area of intervention research. 

Finally, a better means of assessing food intake phenotypes is needed instead of 

relying on self-reported food consumption. Omics technologies may be a key to 

providing more reliable and accurate depiction of phenotypes.  
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Appendices 

APPENDIX A 

Sparsity-inducing priors for Bayesian analysis of sparse latent factor model 

used for deriving dietary patterns among the TIGER study participants. 

Sparsity-inducing priors take the form (Carvalho et al., 2008; Lucas et al., 2006; 

West, 2003) 

𝛼𝑓,𝑗 ~ (1 − 𝜋𝑓,𝑗)𝛿0(𝛼𝑓,𝑗  ) +  𝜋𝑖,𝑗𝑁(𝛼𝑓,𝑗 | 0, 𝜏𝑗) 

𝜋𝑓,𝑗  ~ (1 − 𝜌𝑗)𝛿0(𝜋𝑓,𝑗  ) +  𝜌𝑗𝐵𝑒(𝜋𝑓,𝑗  | 𝑎𝑗𝑚𝑗 , 𝑎𝑗(1 − 𝑚𝑗)) 

where 𝛼𝑓,𝑗 is the loading for food 𝑓 associated with 𝑗-th dietary pattern; 𝜋𝑓,𝑗 is the 

probability of that loading being non-zero; 𝛿0(∙) is a point-mass at zero; 

𝐵𝑒(𝜋𝑓,𝑗 | 𝑎𝑗𝑚𝑗 , 𝑎𝑗(1 − 𝑚𝑗)) is a beta distribution with pattern-specific mean 𝑚𝑗 

and precision parameter  𝑎𝑗 > 0;. 𝜌𝑗 is a pattern-specific probability assumed to 

be drawn from  𝜌𝑗  ~𝐵𝑒(𝜌𝑗  | 𝑠𝑟, 𝑠(1 − 𝑟)) that favors small values to encourage 

sparsity; 𝜌𝑗, 𝑎𝑗, and 𝑚𝑗 control the distribution of 𝑗-th dietary pattern over the 

𝜋𝑓,𝑗. This prior allows exact zeros in the factor loading, allowing us to explain 

some of food-pattern associations by assuming 𝛼𝑓,𝑗 = 0. This approach assumes 

that only a subset of foods plays a role in any dietary pattern, and thus each 

pattern defines a distinct cluster of interrelated foods. Each loading may be zero 



 117 

or have non-zero values drawn from Gaussian distributions, implying that the 

prior distributions of each loading have a mixture distribution made up of a point 

mass at zero and a Gaussian distribution over non-zero values as in standard 

Bayesian variables selection analysis (Carvalho et al., 2008; George & Clyde, 

2004; Lucas et al., 2006).  

Based on this prior specification, and our data 𝑥1:𝑛, we can calculate the 

posterior distribution over the inclusion probabilities �̂�𝑓,𝑗 = Pr(𝛼𝑓,𝑗 ≠ 0 | 𝑥1:𝑛) 

that are central to defining a set of foods for specific dietary patterns. Importantly, 

the 𝑗-th pattern has its own common base-rate of non-zero loadings set at 

E(𝜋𝑓,𝑗  | 𝜌𝑗) = 𝜌𝑗𝑚𝑗. This makes �̂�𝑓,𝑗 shrink towards zero for foods having little 

association with the 𝑗-th dietary patterns while shrinking towards the estimated 

base-rate for foods showing a non-zero association. Such natural shrinkage 

facilitates the identification of significant food-pattern associations from the 

remainder of the food items. 
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Posterior inclusion probability and factor loading estimate with its 95% 

credible interval. Left panel represents the posterior inclusion probability �̂�𝑓,𝑗 

that the corresponding factor loading is non-zero for food 𝑓 and 𝑗-th dietary 

pattern. A green vertical line represents  �̂�𝑓,𝑗 = 0.95. Right panel represents the 

posterior mean of factor loading �̂�𝑖,𝑗 with its 95% credible interval, summarizing 

where 𝛼𝑖,𝑗 is likely to be when 𝛼𝑓, 𝑗 ≠ 0. �̂�𝑓,𝑗 and �̂�𝑖,𝑗 allow foods that do not 

contribute to a dietary pattern to be distinguished from foods that have a relatively 

small but important contribution to a dietary pattern. 5000 Markov Chain Monte 

Carlo samples were used to estimate the model parameters. �̂�𝑖,𝑗 with its 

corresponding �̂�𝑓,𝑗 < 0.001 are considered as a point mass distribution at 0, and 

the cross symbol (×) was placed.  
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APPENDIX C 

Model specifications for the estimation of factor scores 

Suppose 𝑋𝑖 is the 𝑝 × 𝑡 matrix that represents the measurements of dietary 

intake with 𝑝 food items for individual 𝑖, collected at time points 𝑡 (𝑡 = 0: 

baseline, 𝑡 = 1: follow-up). Consider a factor-analytic dietary pattern model with 

𝑘 dietary patterns for a total of 𝐼 individuals 

𝑋𝑖 = 𝐴𝐹𝑖 + 𝜐𝑖 = ∑ 𝐴𝑗

𝐾

𝑗=1

𝐹𝑗𝑖
𝑇 + 𝜐𝑖 

where 𝐴 is the 𝑝 × 𝑘 matrix of factor loadings with it columns 𝐴𝑗; 𝐹𝑖 is the 𝑘 × 𝑡 

factor score (dietary pattern score) for individual 𝑖; 𝐹𝑗𝑖
𝑇 is the row vector of time-

varying scores for individual 𝑖 and 𝑗-th dietary pattern; 𝜐𝑖 is the 𝑝 × 𝑡 matrix of 

additive noise. Here, a factor loading matrix 𝐴 represent how each dietary pattern 

is associated with observed intakes of 𝑝 food and is assumed to be fixed in time. 

This ensures that the interpretation of dietary patterns does not change over time, 

and factor scores at different times are comparable on the same basis. Factor score 

𝐹𝑖, on the other hand, is assumed to vary over time. To model factor score, let 

𝐹𝑗𝑖(𝑡) is the 𝑗-th dietary pattern score for individual 𝑖 at time 𝑡. We then consider 

a multivariate linear mixed-effects model 

𝐹𝑗𝑖(𝑡) = (𝐻𝑖β𝑗)(𝑡) + (𝑆𝑖α𝑗𝑖)(𝑡) + (𝑍𝑖γ𝑗𝑐)(𝑡) + ϵ𝑗𝑖(𝑡) 
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where 𝐻𝑖 is the 𝑡 × 𝑑 matrix of linear predictors such as exercise characteristics 

and/or demographic variables for individual 𝑖; 𝛽𝑗 is the 𝑑-dimensional vector of 

regression coefficients shared across all individuals; 𝜖𝑗𝑖(𝑡) is the observation level 

errors and assumed to be normal. In our specific application, 𝑆𝑖 and 𝑍𝑖 are the 

model matrices for random effects while 𝛼𝑗𝑖 and 𝛾𝑗𝑐 are the corresponding random 

effects for individual 𝑖 and cohort 𝑐, to account for the individual-dependent and 

cohort-dependent variations not explained by fixed effects 𝛽𝑗, respectively. The 

full model is then described as 

𝑋𝑓𝑖(𝑡) = ∑ 𝐴𝑓𝑗

𝑘

𝑗=1

[(𝐻𝑖𝛽𝑗)(𝑡) + (𝑆𝑖𝛼𝑗𝑖)(𝑡) + (𝑍𝑖𝛾𝑗𝑐)(𝑡) + 𝜖𝑗𝑖(𝑡)] + 𝜐𝑓𝑖(𝑡) 

where 𝑋𝑓𝑖(𝑡) is the intake of food 𝑓 ∈ 1: 𝑝 for individual 𝑖 observed at time 𝑡; 𝐴𝑓𝑗 

is the factor loading for food 𝑓 in the 𝑗-th dietary pattern. For the Bayesian 

inference, we placed the following priors: 

𝜐𝑓𝑖 ~ 𝑁(0, 𝜎𝑓) 

𝜎𝑓
−1 ~ gamma(a, b) 

α𝑗𝑖  ~ 𝑁(0, Σ𝛼𝑗
) 

γ𝑗𝑖 ~ 𝑁(0, Σ𝛾𝑗
) 

β𝑗𝑖 ~ 𝑁(0, Σ𝛽𝑗
) 

The covariance matricies, Σ𝛼𝑗
, Σ𝛾𝑗

, and Σ𝛽𝑗
, were decomposed with a correlation 

matrix and a vector of coefficient scales.  

Σ = diag_matrix(𝜏) Ω diag_matrix(𝜏) 
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For the componenet of scale vector 𝜏, we placed an inverse gamma prior 

𝜏𝑘
−1 ~ gamma(c, d) 

and gave the correlation matrix Ω an LKJ prior with shape 𝜐 ≥ 1,  

Ω ~ LKJCorr(𝜐) 
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