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ABSTRACT 

Total calorie intake has implications on various epidemiological as well as economic 

analyses. The objective of this thesis is to investigate the factors affecting the consumption of 

different food forms as well as to assess the effect of consumption of food forms on total calorie 

intake. I analyze information from the 2017-18 NHANES data set, which involves a 24-hour 

dietary recall and questionnaire responses. Multinomial logistic regression is used to assess 

factors affecting the choice of food forms. Propensity score matching is used to measure the 

impact of food form choice on total calorie consumption. Socio-demographic variables such as 

gender, age, ethnicity, education and physical activity play important roles in the consumption of 

raw versus processed food forms. Most food types have a significant correlation with the calorie 

consumption, except for a few comparisons. The research provides initial insights to 

policymakers about the impact of food form on total calorie intake that may be linked to public 

health outcomes such as obesity.  
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1 INTRODUCTION 

People consume a variety of foods to fulfill their calorie and nutritional needs. These 

food choices are a function of hunger, food attractiveness, time constraints, food availability, 

familial influences, situational aspects, personality factors, and many more (Neumark-Sztainer et 

al., 1999). Additionally, these and other factors affect food-form choices. Some consumers prefer 

raw foods whereas the others prefer processed forms. Alternative food forms offer different 

levels of satiety (i.e., feeling full) to consumers (Pan & Hu, 2011). The consumption of various 

food forms differs according to the satisfaction the consumers gain from these forms (Flood-

Obbagy & Rolls, 2009). Taken together, several factors govern food-form decisions, and these 

decisions have impacts on subsequent consumption decisions that may affect total food (i.e., 

calorie) intake.  

This research seeks to answer two major questions. The first is to determine the factors 

influencing the consumption of various food forms. For this study, food forms in the following 

four food types are considered: peanut, almond, apple, and orange. Peanuts and almonds are 

among the most popular nuts in the United States (U.S.). The latest statistics show a record-

breaking growth in per capita intake (NPB, 2021). In 2020, 299.34 million Americans consumed 

peanut butter (Statista, 2022a). Almonds has per capita consumption at 2.5 pounds per capita in 

2020/21 (Statista, 2022b). Among fruits, Apples and oranges were the most preferred fruits in 

the U.S. in year 2019 with fresh fruits and juices being the most dominant forms of consumption 

(USDA, 2021a). Per capita consumption of fresh apple in the U.S. is in fluctuation year by year. 

However, the consumption remains considerably high, which was 16.18 pounds per capita in 
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2020/21 (Statista, 2021a). Statista (2021b) estimates that Americans consumed roughly 26.9 

pounds of raw citrus fruit per person in the year 2020. 

Individual foods that were consumed by respondents were categorized based on food 

codes provided by the Food Patterns Equivalent Database (USDA, 2021b). The nuts (almond and 

peanut) were classified as raw or processed. Raw forms included unaltered nuts like roasted or 

salted peanuts and almonds. Processed forms included items like peanut or almond butter, 

chocolate-covered nuts, and processed goods like almond or peanut flour. For the fruits (apple 

and orange), consumption was divided into raw and juice forms. To clarify, the raw form of 

fruits refers to both the whole form and cut-up pieces. In contrast, the processed form of fruits 

only includes juice form. 

The food types of our interest have been studied in relation to various economic and 

health related researches in the U.S. In particular, research on peanut consumption has focused 

on health risks (Fakhri et al., 2022) and benefits (Ciftci & Suna, 2022). Research on almond 

consumption has focused on marketing and trade (Ajibade & Saghaian, 2022; Xu et al., 2022). 

Recent research on apples relate to consumer preferences on attributes (Meike et al., 2022) as 

well as economic analysis of certain apple production aspects (Zhang et al., 2022). Orange-

related research in the U.S. have focused on its most prevalent food form (Juice) relating to 

health risks (Alhabeeb, et al., 2022; Cara et al., 2022). These nuts and fruits have rarely been 

studied based on the factors affecting their food forms and their relation to energy intake. I 

intend to fill this gap of research in the U.S. context with this study. 

Our second research concern is to assess the effect of food forms’ consumption on total 

calorie intake in the U.S. Calorie intake is often linked to the prevalence of weight gain or 

obesity (Hashem et al., 2022; Rosenheck, 2008). The association between calorie consumption 
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and different health issues requires research that examines how various factors are linked to 

calorie intake, and how these factors may contribute to the development of health problems. 

Different food forms may affect total calorie intake by individuals. Processed drinks and foods 

make up the majority of the U.S. dietary source providing around 75% of daily caloric 

consumption in the country (Poti et al., 2015). In this context, it would be relevant to study the 

determinants contributing to consume various types of foods, which ultimately leads to intake 

energy in respective ways.  

This study adds knowledge on the scant research held relating food forms to total calorie 

intake considering several factors. It will educate agribusinesses on the key factors affecting 

many product kinds they may manage and produce. This research helps health and economic 

policy makers, researchers, and other stakeholders directly or indirectly related to dimensions of 

food forms’ consumption and energy intake.  

The results suggest that there is a high proportion of non-consumers for all commodities 

(peanut, almond, apple, and orange), and consumption of raw and processed food forms varies 

by food type. Nuts are consumed more in processed form than raw, while the consumption of 

fruits in raw and juice form varies according to the fruit type. Raw apples are more commonly 

consumed than apple juice, while orange juice is more popular than raw oranges. The impact of 

demographic variables on consumption patterns also varies by food type, with some variables 

showing consistency within a particular food type but not across others. For example, age and 

certain ethnicities are associated with nut food form consumption, whereas age is not a consistent 

predictor of fruit food form consumption. These findings suggest that the choice of food form 

may be product-specific and depend on various factors. 
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The study also finds that, except for oranges, there is no significant difference in calorie 

consumption between raw and processed food forms. This indicates that not all processed food 

forms necessarily lead to increased calorie intake. In the case of oranges, however, juice drinkers 

consume more calories than those who eat raw oranges. Overall, these results suggest that factors 

such as food type, demographic variables, and calorie content should be considered when 

examining the impact of food form on consumption patterns. 

Chapter 2 provides a review of pertinent literature. Subsequently, Chapter 3 explains the 

methods used in this study. In Chapter 4, the data used in the analysis is discussed. The results 

are then presented in Chapter 5. Finally, Chapter 6 concludes the thesis and makes suggestions 

for further study.  
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2 LITERATURE REVIEW 

2.1 Introduction 

The initial segment of this chapter introduces several food forms, alongside an 

exploration of the complex factors that influence food consumption decisions. Moreover, the 

chapter discusses research that examines calorie intake in general, as well as the impact of food 

types and socio-demographic factors on food consumption. 

2.2 Food Consumption Factors  

Different people have different options in our world, and this is most clearly visible in the 

food choices people make for themselves. The consumption of various food forms differs 

according to the satisfaction people gain from these forms (Flood-Obbagy & Rolls, 2009). 

Consumer perception on flavor of the foods is considered to help determine their food 

preferences (Lawless & Heymann, 2010). However, there are a variety of factors that influence 

people’s food choices, with hunger being one among them. Our food preferences are not only 

influenced by our bodies’ physiological or nutritional needs. There are also additional elements 

that affect eating preferences. The first is biological, such as hunger, appetite, and taste, which 

influence how people select various foods. The second one could be financial limitations like 

price, income, and availability that would affect the decision to buy. Variables like access, 

education, aptitude, and time could be the other factors. Hence, it is not only the flavor or 

physiological factor to predict consumer food preferences but it is a complex characterized by a 

number of elements including past information about the food, previous experiences, habit of 

consumption and attitude towards the food (Costell et al., 2010). 
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Culture in which individuals are brought up also attributes to their food forms preferences 

(Ludy & Mattes, 2012). Given our belief systems and the potential influence of culture, family, 

peers, and eating patterns, social variables may have a significant impact on the choice of food 

shape. Daily mood, stress, attitudes, beliefs, food knowledge, and other psychological factors 

may influence the meals chosen. A person’s or a group of people’s abilities to influence their 

food choices will differ depending on their age and stage of life. Therefore, not all demographic 

groups will respond well to a certain form of intervention to change food choice behavior. 

Instead, interventions must be tailored to various demographic segments, taking into account the 

many variables impacting each group’s food preferences. 

2.3 Food Forms and Total Calorie Intake 

Research indicates that consumers with high calorie intake are found to have derived a 

higher energy percent from processed foods (Teo et al., 2022). The popularity and readily 

availability of processed food make their consumption higher. Additionally, food intake in the 

morning is quite satiating and can lower the total quantity consumed during the day, whereas 

food intake in the late evening misses satiating qualities and can increase daily intake (Castro, 

2004). This shows the effect of time of consumption in the energy balance. Besides these, food 

form affects appetite and various physiological mechanisms necessary for maintaining energy 

balance (Dhillon et al., 2016). Recognizing the fundamental factors for people’s food preferences 

may help policy makers while setting approaches to prevent obesity (Vabe & Hansen, 2014). 

Our study has considered raw versus processed peanut and almond, and fresh versus juice 

apple and orange. There are numerous different ways to prepare peanuts, including roasted, 

salted, chocolate-covered, and as peanut butter. Varying kinds offer unique health advantages 

and different nutrient qualities. Peanuts have a healthy nutrient quality and high calorie content, 
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making them most healthy when consumed in balance (Burgess, 2019). USDA (2018) also 

includes that peanuts are the great source of vitamin B where total amount of vitamin B1, B2, 

B3, B4, B6 and B9 are mentioned (in mg/100g) as 0.6, 0.1, 12.1, 52.5, 0.35 and 0.24 

respectively. Total of 44.45 mg Tocopherols are also found per 100 gram of peanut (Silva et al., 

2010). In this way, peanuts are the great source of macronutrients, minerals and vitamins (Hu et 

al., 2018). Raw peanuts include roasted as well as salted peanut in the whole raw form. Roasted 

salted peanut gives 170 Calories per serving (28 gram shelled). Roasted salted peanuts are added 

to the winter diets and considered a part of a good winter diet (NDTV, 2019). 

Processed peanuts include peanut butter, chocolate made from peanut and many more 

which was not in the raw form. Peanut butter is a paste of peanut produced from crushed, 

powdered peanuts (Chang et al., 2013). A smooth style peanut butter contains 188 Calories per 

serving (2 tablespoon/32 grams). A peanut butter cookie (20 gram) contains 95 Calories (USDA, 

2022). Per serving of a chocolate-peanut butter protein shake provides 402 calories, 26.1 g 

protein, 41.3 g carbohydrates and also other nutrients (Meyer, 2017). Peanut butter is also 

preferred with comparatively heavy foods; pasta and chicken (Bandurski, 2022). A serving (10 

pieces) of chocolate coated peanut contains 208 Calories (USDA, 2022). According to USDA 

information, a cup (60 gram) gram serving of peanut flour provides 257 Calories. A peanut flour 

cookie provides 193 Calories per single serving (Thomson, 2010). Almond is a dense source of 

nutrients. The calorie content of almonds is 610 Kcal per 100 gram almond (Banerjee, 2020). 

Further, almonds consist of 21.6 g Carbohydrate, 21.2 g Protein and 49.9 g fat per 100 gram 

(Dube, 2022). Almond butter contains 96 Calories per serving (16g) (USDA, 2022). Almond 

cloud cookies consist of 36.2 Calories per serving. In case of Apple, medium sized apple 

contains about 100 Calories, 25-gram carbohydrates, 4 grams fiber and 10-gram sugar (Pathak, 
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2020). One cup of apple juice contains 117 calories, calories breaking down into 2% fat, 97% 

carbohydrates, and 1% protein (Fatsecret, 2021). Baked apple contains 191 Calories per serving 

(Bauer, 2021). A serving (1 piece; 125 gram) of apple pie consists 296 Calories (USDA, 2022). 

For the Oranges, 73 calories was found to be obtained from raw oranges and 8 ounces of orange 

juice has 110 calories, 2 grams of protein, 27 grams of carbs, and 0 grams of fat per serving 

(USDA, 2019).  

2.4 Food Forms, Calorie Intake and Economics 

Different articles have addressed the impact of demographic variables on the choice of 

the food people make for themselves. According to Drescher and Goddard (2008), lower 

education level has been related to lower quality diets. They looked upon the overall diet quality 

in Canada and found that higher income, age, female and higher education were positively 

associated with food diversity. The study by Pollard et al. (2002) investigates many food choice 

variables, underlines the intricate interplay of socio-demographic factors in shaping food 

choices, and underscores the significance of creating multimodal interventions to encourage 

healthy eating practices. Economics study has been interested in the connection between using 

food stamps, eating habits, and health effects. The study by Jilcott et al. (2011) examined the 

relationships between food stamp use and dietary practices, body mass index (BMI), and waist 

circumference among adult Americans by analyzing data from the National Health and Nutrition 

Examination Survey (NHANES) 2005–2010. In contrast to non-participants, the study indicated 

that food stamp recipients ate meals away from home less frequently. Even after correcting for 

demographic and socioeconomic characteristics, the study also discovered that food stamp 

participants had greater BMI and waist circumference than non-participants. Wansink and 

Chandon (2006) studied whether errors in predicting the calorie content of a meal were caused 



 

 

9 
 

by the size of the meal or the individual’s body size. Participants’ body sizes ranged from normal 

to overweight, and meal portions were either little or high. According to the study, people might 

be underestimating how many calories are in their meals, especially if they are eating large 

meals. According to the study, overweight people may be more inclined to overestimate the 

number of calories in smaller meals, which may lead to overeating. In lean and obese young 

adults, Mourao et al. (2007) look into the effects of meal shape on hunger and calorie intake. The 

authors investigate the impact of consuming solid, liquid, or semi-solid foods on feelings of 

fullness and subsequent calorie consumption using information from the National Health and 

Nutrition Examination Survey (NHANES). According to earlier research, eating solid foods can 

result in better sensations of fullness and lower calorie consumption than eating liquid or semi-

solid foods. The authors counter that this is because these studies have frequently concentrated 

on small sample sizes and have not taken into account how obesity may affect the association 

between meal type and appetite. They come to the conclusion that eating substantial meals might 

be a good approach to cut back on calories. In a study conducted by Wansink and Kim (2005), 

the impact of popcorn portion size on calorie consumption overall was investigated. Large or 

medium-sized popcorn buckets, filled with either fresh or stale popcorn, were distributed to 

participants. No matter how fresh the popcorn was, the results showed that individuals who 

received the larger buckets ingested more calories. In the study of Rolls et al. (2002), the impact 

of meal portion size on daily caloric intake was investigated. A variety of foods were offered to 

participants in either a large or small portion. According to the findings, those who received the 

larger amounts ate more calories than those who received the smaller quantities. The research by 

Rolls et al. (2007) examined the impact of big portion sizes on the overall number of calories 

consumed over the course of 11 days. A variety of foods were offered to participants in either a 
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large or small portion. The results showed that throughout the course of the 11-day period, 

individuals who received the larger amounts ingested more calories. Mancino et al. (2009) 

studied the impact of food consumed away from home (FAFH) on diet quality using NHANES 

data. The authors conclude that FAFH has a detrimental influence on the quality of the diet as a 

whole, with the high calorie content of FAFH meals playing a significant role in this effect. The 

food and nutrient intake of people living in food-insecure families in the United States was 

investigated in the study by Ver Ploeg et al. (2009) using NHANES data. The researchers 

discovered that people from households with food insecurity consumed less of a number of 

critical nutrients, such as calcium, iron, and the vitamins A, C, and E. The study also discovered 

that people with food insecurity tended to favor nutrient-poor, high-energy diets. The 

effectiveness of eating outside the home on adult diet quality is investigated in the study by Todd 

et al. (2010) using NHANES data. Those who ate more meals away from home had poorer diet 

quality scores than adults who ate more meals at home, according to the study. The study also 

discovered that eating sit-down restaurant meals was linked to higher diet quality while 

consuming fast food was linked to lower diet quality. 

One example of an economic study that used NHANES data and propensity score 

matching is a study by Basu et al. (2014) that examined the influence of the Supplemental 

Nutrition Assistance Program (SNAP) on medical results. They constructed a propensity score 

using NHANES data and took into account factors including participant income, age, and 

race/ethnicity, among others. The health outcomes of SNAP users and non-participants who 

shared comparable characteristics were then compared using propensity score matching. The 

findings revealed that SNAP use was linked to better self-reported health and a lower risk of 

obesity. A research conducted by Campbell et al. (2011) investigates how the National School 
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Lunch Program (NSLP) affects children’s nutritional outcomes using information from the 

National Health and Nutrition Examination Survey (NHANES). They compare the food 

consumption of kids who took part in the NSLP with kids who did not, using a difference-in-

differences technique together with propensity score matching. Their findings demonstrate that 

the NSLP has a beneficial effect on kids’ intake of fruits and vegetables as well as the general 

caliber of their diet. More specifically, they discover that kids who take part in the NSLP 

consume 0.15 cups more fruits and vegetables daily and have a 4.5% higher Healthy Eating 

Index score than kids who do not. A study conducted by Carlson et al. (2014) sought to 

determine the association between overall food expense and diet quality. The Healthy Eating 

Index (HEI), the Nutrient Rich Foods Index (NRF), and the Alternative Healthy Eating Index 

were utilized by the researchers to measure the quality of the diet using NHANES data (AHEI). 

The study’s findings indicated that there was only weak evidence for a relationship between total 

diet expense and diet quality. Diet cost and quality were correlated in some ways that were used 

to quantify diet quality, while in other cases, there was no correlation or a negative correlation. 
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3 METHODS 

Two methods are used to answer the research questions in this thesis. First, a multinomial 

logit model is used to assess the impact of different factors on individual food form choices. 

Second, propensity score matching is used to estimate the impact of food forms on calorie 

consumption. 

3.1 Multinomial Logit Model 

The Multinomial Logit Model (MNL) is a well-known approach in economics for 

studying consumer behavior, as noted by Train (2009). This model can estimate the probability 

of selecting a particular option from a group of two or more alternatives using a set of 

explanatory variables. This technique has been widely utilized in empirical studies and can be 

used to analyze choice behavior across various domains. 

According to Greene (2002), the MNL model equation is as follows: 

𝑃𝑟𝑜𝑏(𝑌𝑖 = 𝑗|𝑋) =
𝑒
𝛽𝑗
′𝐱𝐢

∑ 𝑒𝛽𝑘
′ 𝐱𝐢2

𝑘=0

,  𝑗 = 0,1,2 …………Equation (1) 

X are explanatory variables. In this study, these explanatory variables include gender, age, 

ethnicity, education, and aggregate activity per day. Y is a categorical dependent variable that 

represents different food forms. For all food product categories (e.g., peanuts), 0 is the category 

in which the consumer does not consume any of the food product. For the nut category, Y is 1 if 

the person consumed the raw form (i.e., almonds or peanuts) and 2 if the person consumed 

processed form (i.e., almond butter or peanut butter). In the case of fruits, Y is 1 is the person 

consumed the raw fruit and 2 if the person consumed the fruit in its juice form. 
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In order to examine many facets of consumer choice behavior, the MNL model has been 

widely employed in consumer economics research. The model, for instance, has been used to 

calculate the effects of changes in advertising, quality, and pricing on consumer demand for 

various goods and services (Ben-Akiva & Lerman, 1985). Moreover, customer preferences for 

various product features, such as brand, packaging, and nutritional value, have been estimated 

using the MNL model (Wansink & Sobal, 2007). 

Multinomial logit models use coefficients to indicate the change in log odds of being in 

one category compared to a reference category, given a one-unit change in the predictor variable, 

while holding other variables constant (Greene, 2002). Although these coefficients help explain 

the relationship between predictor variables and outcomes, they are not always easy to interpret 

except for their sign. Marginal effects present results as changes in probabilities, which is more 

informative than odds ratios. They represent the change in probability of a particular category 

given a one-unit change in the predictor variable while holding other variables constant. 

Marginal effects are easier to interpret and important for predicting outcomes as they estimate 

changes in the outcome variable resulting from predictor variable changes (Perraillon, 2019). In 

our results, I have presented the average marginal effect of different socio-demographic variables 

on the consumption of raw and processed food forms as well as no consumption.  

In our study, a multinomial logit regression, comparable to that of Arab et al. (2018), was 

employed to look at variables influencing the consumption of various meal forms. Three 

categories- raw, processed (juice for fruits), and not consumed, were used in the multinomial 

logit regression for the particular food forms. Finding the socio-demographic factors that 

influence the consumption of food in its various forms is made easy by the multinomial logit 

regression. I first evaluated the drivers that impact the food form consumption. I took age, 
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gender, ethnicity, education, and aggregate activity per day, total calorie intake as the covariates 

that might impact the consumption of different food forms. I conducted four multinomial logit 

regression for peanut, almond, apple and orange. I use survey weights to make our result a 

reflection of the general U.S. population. 

3.2 Propensity Score Matching 

The analytical technique this study used is the propensity score matching (PSM) 

technique, a common method for estimating causal treatment effects. The empirical analysis first 

applies a logit model to obtain the propensity score to consumption of different food forms. 

Then, those scores were applied to match treated and control individuals that helps compare like-

to-like individuals for all but their treatment. This gives us the significance of different food 

forms consumption on total calorie intake.  

Propensity Score Matching (PSM) has gained popularity to measure the causal treatment 

effects in a broad range of academic fields of study (Caliendo & Kopeinig, 2008). It is a quasi-

experimental approach where the investigator pairs each treated item with a non-treated item 

with identical features creating an artificial control group using statistical tools. This statistical 

technique compares a treatment item with one or more control items based on the propensity 

score of individual item. By minimizing selection bias, propensity score matching can improve 

causal assertions in quasi-experimental and observational experiments (Randolph et al., 2014). 

This technique enables researchers to match cases who have an identical chance of receiving the 

treatment after minimizing a high number of pretreatment factors into a single scalar expression 

(Adelson, 2013). Hence, propensity score matching is built on the concept that if a member of 

the intervention group is matched with a member of the comparison (control) group, both will 
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have the same likelihood of falling into the intervention condition (i.e., the assumption is the 

same as in  randomized group designs). 

The likelihood that a unit in the merged sample of treated and untreated units gets the 

intervention, provided a set of observable factors, is known as the propensity score. The 

propensity score (or likelihood of involvement) will yield reliable matches for measuring the 

influence of a treatment if the researcher has access to all data pertinent to treatment and outputs. 

As a result, events may be compared just on the grounds of propensity scores instead of trying to 

match on all values of the factors (Heinrich et al., 2010). 

To produce unbiased intervention outcomes by using propensity scores, two requirements 

must be met. The first requirement is that being allocated to a controlled or experimental 

treatment is not, on its own, a predictive feature. Additionally, all confounding factors must be 

known. Second, at the phase of choosing the intervention, there needs to be a genuine selection 

between experimental and control treatments for each item (Rosenbaum & Rubin, 1983). The 

propensity approach should ideally taken into account any covariates that may be confounding 

the intervention outcome. Three criteria must be met in order for anything to count as a 

confounder: initially, it has to be a covariate that was known before the treatment was assigned; 

secondly, it has to be capable of influencing the treatment choice; and finally, it has to be capable 

of influencing the case’s outcome (Armitage & Colton, 2000). 

In propensity score matching, after the propensity scores are calculated, they are matched 

between experimental and non-experimental groups. After matching by propensity score, the 

treatment effect should be examined to take into account the linked pairs. This analysis can take 

the form of a conditional logistic regression for binary outcomes, a stratified log-rank test, or a 
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Cox regression analysis segmented by paired combinations for time-to-event outcomes (Austin, 

2008). The following is a selection of propensity score matching algorithms. 

1. Nearest neighbor matching:  According to their propensity scores, the nearest neighbor 

matching algorithm pairs each treated unit with the closest untreated unit. Due to its ease of use 

and effectiveness, this approach is extensively employed (Austin, 2011). Yet, if there are 

significant disparities between the propensity scores of the treated and control groups, it could 

result in an unbalanced study (Stuart, 2010). 

2. Kernel-based matching: In this technique, treated and untreated units are matched in 

accordance with the distance between their propensity scores after the propensity score is 

estimated using a non-parametric kernel regression. Compared to nearest neighbor matching, this 

technique is more adaptable and can handle non-linear interactions between variables and the 

result (Stuart, 2010). 

3. Radius matching: Within a given radius of their propensity scores, treated and untreated units 

are matched using the radius matching technique. When closest neighbor matching is unable to 

identify a good match, this method is more adaptable and can manage the situation (Ho et al., 

2007). 

4. Linear logit regression: With this technique, treated and untreated units are matched according 

to their projected propensity scores after computing the propensity score using a linear logistic 

regression model. It assumes that there is a linear relationship between covariates and the result, 

which may not always be the case (Austin, 2011). 

In case of our study, I was solely interested in learning how calorie intake as a whole 

related to the consumption of particular food types. In order to analyze the impact of consuming 

various food types on the results of total calorie intake, it is therefore necessary to compare the 
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treatment and control groups. The propensity score matching method was used. After the 

multinomial regression, as our main intention was to know the difference in total calorie intake, I 

used age, gender, ethnicity, education and aggregate activity per day as covariates which were 

the same variables taken in the multinomial logistic regression. Our outcome variable was total 

calorie intake. There were eight treatment variables, namely raw peanut, processed peanut, raw 

almond, processed almond, raw apple, apple juice, raw orange and orange juice. Control groups 

were different for different regression such as it was people not consuming these particular food 

forms for some regression and for other it was processed form of the food. Basically, I compared 

raw form consumption vs no consumption, processed form consumption vs no consumption and 

raw form consumption vs processed form consumption. The first step in propensity score 

matching is to acquire propensity scores using a logit model. As a result, I used a binary logit 

model to estimate the propensity scores for our research. Probability scores indicated how likely 

a person was to belong to a particular category. Furthermore, the findings of the propensity score 

matching are confined to the observations used in that model since it did not consider the survey 

weight, unlike the multinomial logit regression, which did. Therefore, the results of the 

propensity score matching cannot be generalized to the entire population. 

Stata version 17 was used to estimate the multinomial logit model and psmatch2 

propensity scores. Gender, age, ethnicity, education, and aggregate activity per day are 

explanatory variables. For various regressions, Y stands for the dependent treatment variable, 

which is either a raw peanut, a processed peanut, a raw almond, a processed almond, a raw apple, 

apple juice, or a raw orange and its juice. 

One of our main concerns when completing the estimation was to ensure the validity of 

the propensity scores. I used pseudo-R2 as a comparative indication of model variance estimate. 
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After establishing the propensity score using the psmatch2 approach, matching based on the 

propensity scores was used to determine whether treatments caused substantial differences in our 

total calorie intake outcome. I applied a number of techniques to develop and evaluate the 

accuracy of our matching results. In order to ensure that the propensity scores from the control 

group fell between the minimum and maximum propensity scores from the treatment groups, the 

common support criterion was also implemented. Nearest neighbor (1) with replacement, 

Neighbor (1) without replacement, Kernel Matching, Radius Matching-caliper (0.1), Radius 

Matching-caliper (0.05), Radius Matching-caliper (0.01), and Local Linear Regression were the 

algorithms/methods under examination. After selecting the best matching approach, 500 

replications were used to bootstrap the standard errors for significance testing, and the average 

treatment effects were calculated. 
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4 DATA 

4.1 Design and Participants 

The study uses data from the National Health and Nutrition Examination Survey 

(NHANES) dataset 2017-2018 that includes 24 hours dietary recall and follow-up data (CDC, 

2022). Started in the early 1960s, NHANES program has been carried out as a set of studies that 

concentrate on various demographic groups or health-related issues in the U.S. It is a set of 

surveys to analyze the health and nutritional position of the citizens.  The survey involves both 

interviews and physical testing, and is a key program of the National Center for Health Statistics 

(NCHS). NCHS is part of the Centers for Disease Control and Prevention (CDC), and is in 

charge of providing important health data for the entire country. One of the aspects of the 

NHANES interview is its dietary aspect. The United States populations’ food, nutrients, food 

category, and dietary habits are described by NHANES dietary information to help develop and 

assess nutritional policies and initiatives. After taking into account daily fluctuation, average 

dietary consumption patterns may be determined. While preserving data quality and delivering 

timely data to assess the state of the nation’s dietary pattern and health, NHANES stays open and 

adaptable to embrace changes. In conclusion, the NHANES gathers dietary information in the 

context of its wide, multifunctional purposes. 

The study relied on dietary and demographic information obtained from the dataset. Nuts 

and fruits were intentionally chosen as the study’s focal point due to their popularity in the U.S. 

and their prolonged shelf life, making them especially relevant to the research’s focus on food 

form selection. Among the assortment of nuts, peanuts and almonds were specifically selected 
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due to their prominence in the country. Likewise, apples and oranges were chosen as the fruits in 

the study, given their high rates of consumption. After the selection of different foods, I 

classified those foods into their different food forms. I used food codes provided by the Foods 

Patterns Equivalent Database to obtain the data regarding the different forms of peanut, almond, 

apple and orange (USDA, 2021b). The focus of this study was to investigate the factors that 

influence the selection of different food forms for a given product. To achieve this, I classified 

the commodities (peanut, almond, apple and orange) into food form categories. The nuts (peanut 

and almond) were categorized into two categories: raw and processed forms. The raw form 

included the whole form of the peanut and almond such as roasted peanut or peanut mix with 

salt, etc. that had not been transformed into other forms. The processed form included peanut or 

almond butter, chocolate made from these commodities, peanut or almond flour, and other 

processed products that utilize peanut or almond. For fruits under study (apple and orange), I 

classified their consumption into raw and juice forms, using food codes.  

The primary research question of this study was to investigate the factors that influence 

the consumption of different food forms. To accomplish this, I analyzed the relationship between 

food form consumption and various socio-demographic variables. Specifically, I examined the 

respondents’ age, gender, and total calorie intake, which were collected based on the NHANES 

dataset and I used them as presented on the dataset. However, I recoded or modified the 

education and ethnicity variables to make them more suitable for this study. To compare the 

effects of moderate and vigorous physical activity, I calculated aggregate activity per day by 

multiplying the activity level with standard MET scores for different activities, as provided by 

the NHANES dataset. 
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The study used various independent variables such as socio-economic demographics, 

dietary habits, and physical activity to analyze the dependent variable, which was food form. 

Food form was classified into three categories: no consumption, raw, and processed. The 

comparison was made between raw and processed forms for nuts, and between raw and juice 

forms for fruits. These specific foods were chosen due to their high consumption and popularity 

in the U.S. As our dependent variable is categorical and unordered, I used multinomial logistic 

regression four times; one for each commodity, namely peanut, almond, apple, and orange. 

Multinomial logit regression uses survey weights to weight the sample, ensuring that the survey 

data appropriately reflects the population from which it was collected. 

Our study aimed to determine if there was a discrepancy in the total calorie intake 

between individuals who consumed a particular type of food and those who did not. I divided 

participants into two groups: a treatment group that consumed raw or processed peanuts, 

almonds, apples, apple juice, oranges, or orange juice, and a control group that did not consume 

or consumed a different form of the same food. Treatment groups must be precisely specified if 

biases are to be reduced and eliminated (Campbell et al., 2011). As a result, our treatment group 

consisted of those who consumed raw peanuts, processed peanuts, raw almonds, processed 

almonds, raw apples, apple juice, raw oranges, and orange juice. 

In all of the regression analyses conducted for each food form, the outcome variable and 

covariates remain the same. The only difference between each regression is the treatment and 

control variable used. For example, in the case of peanuts, three different propensity matching 

analyses were performed. The first analysis compared the consumption of raw peanuts as the 

treatment variable with those who did not consume any peanuts as the control group. The second 

analysis used processed peanuts as the treatment variable and people who did not consume any 
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peanuts as the control group. The third analysis compared raw peanuts as the treatment variable 

and processed peanuts as the control variable. Similar analyses were conducted for all the food 

forms included in the study. I analyzed the research’s findings to compare the total calorie 

consumption of the treatment and control groups. 

4.2 Covariates 

Some of the variables included in this study were taken exactly the same way as given in 

the NHANES dataset. However, some other variables were recoded or modified as per the ease 

for this study. As an objective of this study, different socio-demographic variables were studied 

in relation to the food forms consumption. For this, food form was taken as dependent variable 

(0= no consumption, 1= raw, 2= processed) with the socio-economic demographics, dietary and 

physical activity as independent variables. The multinomial logistic regression was carried four 

times for four different commodities (peanut, almond, apple and orange). The independent 

variables used for this study are mentioned in the table below. 

Table 1 Variables Used in the Analyses 

Variable name Description 

Age Age of the respondents in  years  

Total calorie intake Total calorie consumption by the respondent in Kcal over two days of 

dietary recall 

Aggregate activity 

MET score 

Time spent doing some activity in a day (except sedentary activities). 

Sedentary activities includes time spent sitting on a day; the sitting may be 

at home, at school, coming from and going to somewhere in a bus or car, 

sitting at chairs, reading, watching TV, playing cards and working on a 

computer (does not include sleeping). The aggregate activity include 
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vigorous-intensity activities at work on a typical day (vigorous-intensity 

activity causes large increases in breathing or heart rate and is done for at 

least 10 minutes continuously), moderate intensity work (causes small 

increases in breathing or heart rate and is done for at least 10 minutes 

continuously), transportation by walk or bicycle, vigorous recreational 

activities (leisure time activities such as sports) and moderate recreational 

activities. 

• MET score: As a variable in our study, the aggregate activity per 

day was multiplied by MET score. The NHANES dataset uses the 

Metabolic Equivalent of Task (MET) scores to quantify the level of 

physical activity. This makes it possible for researchers to assess 

the relative intensities of various activities and calculate the overall 

energy consumption for a specific time frame. The suggested MET 

scores for physical activity range from 4.0 for moderate work, 

leisure, and transportation activities to 8.0 for vigorous work and 

leisure activities.  

Female Gender of the respondent: 1 = Male and 2= Female 

Ethnicity Race and Hispanic origin information of the participant (recoded to make 

three categories: 1= Non-Hispanic White, 2= Mexican American or Other 

Hispanic, 3= Non-Hispanic Black or Other race) 

Education Highest grade or level of school the participant has completed (recoded to 

form two categories: 1= high school degree or less, 2= some college or 

college degree or higher) 
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4.3 Summary Statistics 

4.3.1 Socio-Demographic Characteristics of the Participants 

Table 2 shows the socio-demographic characteristics of the participants for the overall 

observation of 4,734. The observation represents a total population of 238,638,713. The table 

reveals that mean age of the participants was 48.36 years with standard deviation of 0.57. 

Similarly, the mean aggregate activity met score was 1075.41 with standard deviation of 39.53. 

The mean of total calorie intake over both dietary recall days for the given observations was 

4155.35 Kcal with standard deviation of 44.77. Finally, besides these continuous variables, table 

2 also presents the summary statistics of some categorical socio-demographic variables. The total 

number of observations for those variables was the same as the number of observations for 

continuous variables, i.e. 4734. Among the given number of observations, slightly less than half 

(47.74%) were male whereas the remaining were female. Similarly, Non-Hispanic White ethnic 

groups were 62.68 percent of the total participants under observation. Mexican American or 

Other Hispanic and Non-Hispanic Black or Other Race were found to be slightly lesser than 

(15.42%) and slightly higher than (21.89%) of one fifth of the total observation under study. 

Moreover, nearly two thirds (63.27%) of the participants under observation were some college or 

college degree or higher education holder, with the rest having the academic qualification of high 

school degree or lesser. The socio-demographic characteristics with respect to individual food 

forms are given in the appendices (Appendix 1-Appendix 12). 

Table 2 Socio-Demographic Characteristics of the Participants  

Variables Mean/percentage Standard deviation 

Age (years) 48.358 0.567 

Aggregate activity met score  1075.413 39.530 
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Total calorie intake 4155.351 44.771 

Gender (%)   

Male  47.74  

Female  52.26  

Ethnicity (%)   

Non-Hispanic White 62.68  

Mexican American or Other Hispanic 15.42  

Non-Hispanic Black or Other Race 21.89  

Education (%)   

High School Degree or Less 36.73  

Some College or College Degree or Higher 63.27  

 

4.3.2 Product Consumption 

Table 3 presents the percentages of different food forms of peanut, almond, apple and 

orange based on their respective observations. For peanut, the number of observations was 4,668, 

among which 5.16 percent consumed raw peanut, 13.31 percent consumed processed peanut and 

75.53 percent did not consume peanut at all. The number of observations for almond was 4,707. 

Among this, 89.41 percent did not consume almond, 4.69 percent consumed raw almond and 5.9 

percent consumed processed almond. Similarly, moving to the fruits, the total observation under 

study for apple was 4,691. Among the observations, 84.51 percent did not consume apple, 12.12 

consumed raw apple and 3.37 consumed apple juice. Finally, among 4,678 observations for 

orange, 5.24 percent consumed raw orange and 13.14 percent consumed orange juice whereas 

81.62 percent did not consume orange at all.    
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Table 3 Food Form Consumption Comparison Across Products 

Product No. of observations Raw (%) Processed (%) None (%) 

Peanut 4668 5.16 19.31 75.53 

Almond 4707 4.69 5.90 89.41 

Apple 4691 12.12 3.37 84.51 

Orange 4678 5.24 13.14 81.62 
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5 RESULTS AND DISCUSSION 

5.1 Factors Affecting the Food Form Consumption- Multinomial Logit 

Table 4 delineates the factors affecting the peanut food form consumption in the U.S. 

based on NHANES dataset. The total number of observations for the factors affecting peanut 

food form consumption is 4,673, which represents the population of 234,414,910. The F-test p-

value of 0.056 infers that the independent variables of the applied model reliably predict the 

dependent variable at the 10% significance level. For raw peanut, only age of the participant is 

found significant. The result shows that the probability of raw peanut consumption increases by 

0.1 percentage points as the age of the participant increases by one year. The result is significant 

at 5% level of significance. He et al. (2005) determines age to be a significant factor for raw 

peanut (salted peanut, honey roasted peanut) consumption. However, the association is 

negatively linked in this case which is positive in our case, but this association is not significant 

for all forms. 

For processed peanut, ethnicity of the participant is found significantly associated at 1% 

level of significance. The probability of processed peanut consumption is 12.4 percentage points 

lower when the participants are Mexican American or other Hispanic races compared to Non-

Hispanic White respondents. For Non-Hispanic Black or other races, the probability of processed 

peanut consumption is 9.7 percentage points lower as compared to Non-Hispanic Whites. Except 

for ethnicity, other variables under consideration for the study are not significantly associated 

with the processed peanut consumption in our study. He et al. (2004) conducted a study on the 

factors affecting peanut butter consumption in the U.S. based on school students. They attribute 
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the consumption of peanut butter, a highly popular peanut food form in America, to school level 

and their place of residence. In an another study by Jolly et al. (2005), age, race/ethnicity, 

convenience, information on fat content and income are some characteristics affecting the 

processed peanut (peanut butter) consumption. Hence, I can conclude that the factors of 

processed peanut consumption differ based on the place and context. 

The ethnicity of the participant is also associated with no peanut consumption at 1% level 

of significance. The participant is more likely to be a non-consumer of peanut if s/he is Mexican 

American, other Hispanic, Non-Hispanic Black or other race as compared to Non-Hispanic 

White. For the participants who are Mexican American or other Hispanic, the probability of not 

consuming peanut is approximately 13 percentage points higher. On the other hand, if the 

participants are Non-Hispanic Black or other race, the probability of not consuming peanut is 

found to be greater by 8.4 percentage points. Despite not being socio-demographic factor, He et 

al. (2004) suggests that peanut butter allergy may act a role to limit peanut butter (processed 

peanut) consumption. The overall result under factors influencing peanut food form consumption 

indicates its dependence based on time, place and context.  

Table 4 Marginal Effects from Multinomial Logistic Regression, Peanuts 

Variable Raw peanut Processed peanut None  

Female  0.004 -0.025 0.021 

S.E. 0.007 0.019 0.021 

Age   0.001** -0.0002 -0.0009 

S.E. 0.0004 0.0007 0.0008 

Ethnicity (Mexican American or Other 

Hispanic)  

-0.006 -0.124*** 0.130*** 
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S.E. 0.013 0.029 0.030 

Ethnicity (Non-Hispanic Black or 

Other Race)  

0.013 -0.097*** 0.084*** 

S.E. 0.017 0.020 0.022 

Education -0.013 0.006 0.007 

S.E. 0.015 0.021 0.026 

Aggregate activity  0.000002 -0.00001 0.000008 

S.E. 0.000004 0.000007 0.000007 

Intercept -3.783*** -0.993**  

Number of observation: 4,673    

F-test p-value:  0.056    

Note: *, ** and *** = significant at 10%, 5% and 1% level of significance respectively 

Table 5 shows the factors that affect the food form consumption of almonds, which 

includes the factors associated with both raw and processed forms of almond, together with no 

almond consumption. The total number of observations for this analysis is 4,707. The F-test p-

value of 0.015 infers that the independent variables of the applied model reliably predict the 

dependent variable at the 5% significance level. From the table, it can be seen that gender, age 

and education of the participants under observation have significant effects on raw almond 

consumption. These characteristics are significantly associated with raw almond consumption at 

the 1% level of significance. Looking at the result, the probability of consuming raw almonds is 

found to be 3.9 percentage points higher for female. Similarly, with increase in one year of age, 

the probability of consuming raw almond is found to increase by 0.08 percentage points. Moving 

ahead, education level of the participant is also significantly associated with the raw almond 
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consumption. The probability of the participants being raw almond consumer is 3.9 percentage 

points higher when their education level is some college or college degree or higher, as 

compared to high school degree or less education. Similar to our result, Brown et al. (2014) also 

found the positive association of education level with the whole nuts (including almond) 

consumption based on their study in New Zealand. As almond is found to have several health 

advantages (Chen et al., 2006; Kamil & Chen, 2012; Lapsley & Huang, 2004; Mushtaq et al., 

2015), those with higher levels of education may be more likely to consume it because they may 

be more likely to be aware of the health benefits of almond consumption. 

Processed almond consumption is significantly associated with two variables (non-

Hispanic Black or other race and education level) at the 5% level of significance both. The 

probability of participants to be processed almond consumer is found to be 2.2 percentage points 

lower if they are of non-Hispanic Black or other race. Moreover, for the participants with 

education level of some college or college degree or more, the probability of consuming 

processed almond is 3.7 percentage points higher. 

Finally, from the point of no almond consumption, gender and education are found 

significant at 1% level of significance both. However, both have the negative association with no 

almond consumption. Looking at the association with gender, it is found that presence of female 

character has 6 percentage points lower probability of not consuming almonds. Again, having 

some college or college degree or more is associated with lesser probability of not being almond 

consumer by 7.6 percentage points. This association of nut consumption with education level can 

be compared with the study by Neale et al. (2020), which shows higher nut consumption to be 

associated with high education and income. The study also attributes the nut allergy and 

misconceptions about nut consumption on health to act as barriers of nut consumption.  



 

 

31 
 

Table 5 Marginal Effects from Multinomial Logistic Regression, Almonds 

Variable Raw almond Processed almond None  

Female  0.039*** 0.022 -0.060*** 

S.E. 0.010 0.013 0.015 

Age   0.0008*** -0.0003 -0.0006 

S.E. 0.0002 0.0004 0.0004 

Ethnicity (Mexican American or Other 

Hispanic)  

0.008 0.006 -0.014 

S.E. 0.020 0.010 0.022 

Ethnicity (Non-Hispanic Black or 

Other Race)  

-0.002 -0.022** 0.024 

S.E. 0.013 0.009 0.015 

Education  0.039*** 0.037** -0.076*** 

S.E. 0.013 0.014 0.021 

Aggregate activity  -0.000002 -0.0000003 0.000002 

S.E. 0.000004 0.000004 0.000006 

Intercept -5.277*** -3.289***  

Number of observation: 4,707    

F-test p-value:  0.015    

Note: *, ** and *** = significant at 10%, 5% and 1% level of significance respectively 

Table 6 presents the factors affecting the apple food form consumption. The total number 

of observations and F-test p-value are 4,692 and 0.041 respectively. Among the variables 

hypothesized to affect the apple food form consumption, Mexican American or other Hispanic 
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races and aggregate activity are found to be significant and positively associated with the raw 

apple consumption. The finding shows that there is more probability by 8.3 percentage points for 

the participants to consume raw apple if their ethnicity is Mexican American or other Hispanic as 

compared to non-Hispanic White, with significance at 1% level. Moreover, one additional unit of 

aggregate activity MET score is associated with increase in the probability of raw apple 

consumption by 0.0009 percentage points. This finding is significant at 10% level of 

significance. 

For apple juice consumption, the significant variables are age, Mexican American or 

other Hispanic ethnicity, Non-Hispanic Black or other race and aggregate activity which are 

significant at 10%, 5%, 1% and 10% level of significance respectively. With one year increase in 

age, the probability of apple juice consumption is found to be decreased by 0.05 percentage 

points. In addition, the presence of Mexican American or other Hispanic ethnicity is associated 

with higher probability of apple juice consumption by 2.9 percentage points. The probability of 

participants to consume apple juice is 2.6 percentage points higher when they are Non-Hispanic 

Black or other race. Finally, an additional unit of aggregate activity MET score is associated with 

decrease in probability of consuming apple juice by the percentage point of 0.0006. 

The table also reveals the factors that affect the no consumption of apple by the 

participants under observation. Based on the result, the probability of not consuming apple is 2.2 

percentage points lower for female, with the significance at 10% level of significance. Similarly, 

if the ethnic group of the participants is Mexican American or other Hispanic, the probability of 

not consuming apple is 11.2 percentage points lower as compared to Non-Hispanic White. The 

result is significant at 1% level of significance. Lastly, at the 5% level of significance, it is found 
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that there is 4.3 percentage points lower probability of not consuming apple for the participants 

who are Non-Hispanic Black or other race. 

Table 6 Marginal Effects from Multinomial Logistic Regression, Apples 

Variable Raw apple Apple juice None  

Female 0.017 0.005 -0.022* 

S.E. 0.017 0.011 0.013 

Age   0.00003 -0.0005* 0.0005 

S.E. 0.0005 0.0003 0.0005 

Ethnicity (Mexican American or Other 

Hispanic)  

0.083*** 0.029** -0.112*** 

S.E. 0.024 0.010 0.024 

Ethnicity (Non-Hispanic Black or 

Other Race)  

0.017 0.026*** -0.043** 

S.E. 0.017 0.008 0.019 

Education  0.018 0.005 -0.023 

S.E. 0.019 0.007 0.020 

Aggregate activity  0.000009* -0.000006* -0.000004 

S.E. 0.000005 0.000003 0.000005 

Intercept -2.401*** -2.932***  

Number of observation: 4,692    

F- test p-value:  0.041    

Note: *, ** and *** = significant at 10%, 5% and 1% level of significance respectively 
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Table 7 shows the factors affecting the food forms consumption of orange. The total 

number of observations for this analysis is 4,682. The F-test p-value is 0.029. Starting with the 

raw orange, its consumption is found to be significantly associated with the gender, Mexican 

American or other Hispanic and Non-Hispanic Black or other race at 10%, 5% and 1% level of 

significance respectively. Presence of female character is associated with the probability of 

consuming raw orange by 1.4 percentage points. Moreover, presence of Mexican American or 

other Hispanic ethnicity is associated with 4.7 percentage points greater probability of 

consuming raw orange. In addition, when the ethnicity is Non-Hispanic Black or other race, the 

probability of consuming raw apple is 4.9 percentage points lower. 

The table 7 also reveals the factors affecting the consumption of orange juice, giving only 

significant variable, i.e. age. An increase in one year of age is found to increase the probability of 

orange juice consumption by 0.2 percentage points and the result is significant at 1% level of 

significance. 

The factors associated with no consumption of orange are also studied. The result reveals 

that the probability of not consuming orange is 3.6 percentage points higher for female 

participants. The finding is significant at 5% level of significance. Similarly, with increase in one 

year of age, the probability of not consuming orange is found to be decreased by 0.2 percentage 

points. The association is found significant at 1% level of significance. Presence of both ethnic 

groups under study is negatively associated with the no consumption of orange at 5% level of 

significance each. For Mexican American or other Hispanic ethnic group, their presence is 

associated with 7.7 percentage points lower probability of not consuming orange, as compared to 

Non-Hispanic White. Similarly, for the Non-Hispanic Black or other ethnic group, the 
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probability of not consuming orange is found to be 6.1 percentage points lower compared to 

Non-Hispanic Whites. 

Some research has studied the factors affecting fruit consumption in general were 

identified. For instance, household income and education level of the household head is found to 

be associated with higher fruit consumption in a Pakistan based study conducted by Amjad and 

Akbar (2023). A study in an educational setting in Nigeria concludes that the level of education 

of parents, marital status, nature of study based on time, and the availability of fruits are the 

influencing factors for fruit consumption (Obayelu et al., 2019).  

Table 7 Marginal Effects from Multinomial Logistic Regression, Oranges 

Variable Raw orange Orange juice None  

Female  -0.014* -0.022 0.036** 

S.E. 0.007 0.015 0.016 

Age   0.0006 0.002*** -0.002*** 

S.E. 0.0004 0.0005 0.0005 

Ethnicity (Mexican American or Other 

Hispanic)  

0.047** 0.030 -0.077** 

S.E. 0.017 0.029 0.030 

Ethnicity (Non-Hispanic Black or 

Other Race)  

0.049*** 0.012 -0.061** 

S.E. 0.015 0.022 0.026 

Education  -0.014 0.008 0.006 

S.E. 0.014 0.021 0.022 

Aggregate activity  -0.00000004 -0.000002 0.000002 
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S.E. 0.000005 0.000008 0.000008 

Intercept -3.605*** -2.637***  

Number of observation: 4,682    

F-test p-value: 0.0290    

Note: *, ** and *** = significant at 10%, 5% and 1% level of significance respectively 

5.2 Food Form Impact on Calorie Consumption- Propensity Score Matching  

Table 8 delineates the covariate balancing statistics for selecting the matching algorithm 

for peanut food form consumption impacts. The algorithms/methods under consideration are 

nearest neighbor (1) with replacement, neighbor (1) without replacement, kernel matching, 

radius matching- caliper (0.1), radius matching- caliper (0.05), radius matching- caliper (0.01) 

and local linear regression. The table presents three comparisons having each of these matching 

algorithms. The first comparison is between raw versus no peanut consumption whereas the 

second is between processed versus no peanut. Finally, I compare raw peanut with the processed 

peanut. For all the comparisons, pseudo-R2 value, along with bias reduction, R2 reduction and 

Chi2 reduction are calculated. The pseudo-R2 value, which estimates relative model variance 

measure, is 3.12, 2.30 and 5.77 for raw vs no peanut, processed vs no peanut, and raw vs 

processed peanut comparison groups respectively. It can be seen from the table that the biasness 

is reduced after matching for all the three comparisons except for neighbor (1) without 

replacement. Among the algorithms utilized, the radius matching with caliper 0.01 is chosen for 

raw versus no and processed versus no peanut, because it is found to reduce mean standardized 

bias, R-squared and Chi-squared by highest percentage when compared the after-matching 

condition with the before-matching condition. For the raw versus processed peanut, kernel 

matching, radius matching with caliper 0.05, and radius matching with caliper 0.01 have 
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comparable percentages for mean standardized bias reduction. Hence, I select radius matching 

with caliper 0.01 to maintain uniformity throughout the comparisons under peanut. 

Table 8 Covariate Balancing Statistics for Peanuts 

Matching algorithm Pseudo-

R2 

Bias 

reduction 

R2 

reduction 

Chi2 

reduction 

Comparison: raw peanut vs no 

peanut 

    

Neighbor (1)  with replacement 3.12 -64.92 -73.33 -90.17 

Neighbor (1) no replacement 3.12 359.16 2480 -17.46 

Kernel matching 3.12 -59.68 -76.67 -91.45 

Radius matching- caliper (0.1) 3.12 -14.14 6.67 -61.6 

Radius matching- caliper (0.05) 3.12 -56.54 -73.33 -90.06 

Radius matching- caliper (0.01) 3.12 -95.29 -100 -99.89 

Local linear regression 3.12 -64.92 -73.33 -90.17 

Comparison: processed peanut vs 

no peanut 

    

Neighbor (1)  with replacement 2.30 -62.93 -86.96 -93.42 

Neighbor (1) no replacement 2.30 489.66 1408.7 67.43 

Kernel matching 2.30 -75.0 -95.65 -97.29 

Radius matching- caliper (0.1) 2.30 -44.83 -60.87 -79.21 

Radius matching- caliper (0.05) 2.30 -67.24 -91.3 -96.26 

Radius matching- caliper (0.01) 2.30 -92.24 -100 -99.72 

Local linear regression 2.30 -62.93 -86.96 -93.42 
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Comparison: raw peanut vs 

processed peanut 

    

Neighbor (1)  with replacement 5.77 -76.67 -96.49 -97.84 

Neighbor (1) no replacement 5.77 208.67 163.16 -71.40 

Kernel matching 5.77 -91.33 -100 -99.63 

Radius matching- caliper (0.1) 5.77 -73.33 -94.74 -96.91 

Radius matching- caliper (0.05) 5.77 -90.67 -100 -99.58 

Radius matching- caliper (0.01) 5.77 -90.67 -100 -99.68 

Local linear regression 5.77 -76.67 -96.49 -97.84 

 

Table 9 shows the covariate balancing statistics for almond utilized in selecting the 

matching algorithm for food form comparison impacts. The comparisons in case of almond are 

raw almond versus no almond, processed versus no almond, and raw almond versus processed 

almond. The result shows that pseudo-R2 values for comparison between raw versus no almond, 

processed versus no almond, and raw versus processed almond are 2.35, 3.34 and 0.97 

respectively. For raw versus no almond and raw versus processed almond, the greatest reduction 

in bias, R2 and Chi2 are found in radius matching with caliper 0.01. Being the most suitable 

method at reducing the mean standardized bias, the radius matching with caliper 0.01 is selected 

as the matching algorithm in this comparison. In case of comparison between processed versus 

no almond, neighbor (1) with replacement, radius matching with caliper 0.01, and local linear 

regression are found to have reduced the mean standardized bias by comparable percentages. 

Hence, to maintain uniformity within the almond food form comparisons, radius matching with 

caliper 0.01 is selected.  
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Table 9 Covariate Balancing Statistics for Almonds 

Matching algorithm Pseudo-

R2 

Bias 

reduction 

R2 

reduction 

Chi2 

reduction 

Comparison: raw almond vs no 

almond 

    

Neighbor (1)  with replacement 2.35 -71.62 -91.67 -97.35 

Neighbor (1) no replacement 2.35    

Kernel matching 2.35 -40.54 -25.0 -74.43 

Radius matching- caliper (0.1) 2.35 -35.14 -4.17 -67.66 

Radius matching- caliper (0.05) 2.35 -37.84 -12.5 -71.31 

Radius matching- caliper (0.01) 2.35 -89.86 -95.83 -99.26 

Local linear regression 2.35 -71.62 -91.67 -97.35 

Comparison: processed almond vs 

no almond 

    

Neighbor (1)  with replacement 3.34 -84.35 -97.06 -99.27 

Neighbor (1) no replacement 3.34 557.82 267.65 -98.27 

Kernel matching 3.34 -42.18 -41.18 -79.6 

Radius matching- caliper (0.1) 3.34 -11.56 38.24 -52.34 

Radius matching- caliper (0.05) 3.34 -37.41 -32.35 -76.41 

Radius matching- caliper (0.01) 3.34 -74.15 -91.18 -97.26 

Local linear regression 3.34 -84.35 -97.06 -99.27 

Comparison: raw almond vs 

processed almond 

    



 

 

40 
 

Neighbor (1)  with replacement 0.97 -10.47 -50.0 -48.66 

Neighbor (1) no replacement 0.97 31.4 100 79.96 

Kernel matching 0.97 -77.91 -90.0 -93.38 

Radius matching- caliper (0.1) 0.97 -46.51 -60.0 -64.94 

Radius matching- caliper (0.05) 0.97 -76.74 -90.0 -92.13 

Radius matching- caliper (0.01) 0.97 -84.88 -100 -97.14 

Local linear regression 0.97 -10.47 -50.0 -48.66 

  

Table 10 presents the covariate balancing statistics used in selecting the matching 

method/algorithm in case of apple food form consumption impacts. This includes three 

comparisons: raw apple with no apple consumption, apple juice with no apple consumption, and 

raw apple with apple juice consumption. The highest bias reduction is accounted for radius 

matching with caliper 0.01 with 94.34 percentage reduction in bias in matched condition as 

compared to unmatched one. Being best at reducing mean standardized bias, R squared, and Chi-

squared value, this algorithm is selected for the further analysis. Additionally, it is evident from 

the table that both the R2 and Chi2 reduction are greatest in radius matching with caliper 0.01. 

Moving to the next comparison i.e. apple juice versus no apple, the pseudo-R2 value is 2.23. 

Radius matching- caliper (0.01) provides the best balancing, with the reduction by 83.78 percent, 

95.45 percent and 98.9 percent for bias reduction, R2 reduction and Chi2 reduction respectively. 

As being the most suitable algorithm at reducing mean standardized bias, the radius matching 

with caliper 0.01 is selected for further study. The last comparison under apple is raw apple 

versus apple juice, for which the pseudo-R2 value is 3.16. The bias reduction percentages for 

kernel matching, radius matching with caliper 0.05 and radius matching with caliper 0.01 are 
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almost similar. Hence, to maintain uniformity in the comparisons under apple food forms, radius 

matching with caliper 0.01 is selected for further analysis.  

Table 10 Covariate Balancing Statistics for Apples 

Matching algorithm Pseudo-

R2 

Bias 

reduction 

R2 

reduction 

Chi2 

reduction 

Comparison: raw apple vs no apple     

Neighbor (1)  with replacement 2.06 -85.85 -95.24 -98.3 

Neighbor (1) no replacement 2.06 496.23 2152.38 121.63 

Kernel matching 2.06 -76.42 -95.24 -96.63 

Radius matching- caliper (0.1) 2.06 -10.38 -28.57 -65.69 

Radius matching- caliper (0.05) 2.06 -70.75 -90.48 -95.8 

Radius matching- caliper (0.01) 2.06 -94.34 -100 -99.77 

Local linear regression 2.06 -85.85 -95.24 -98.3 

Comparison: apple juice vs no 

apple 

    

Neighbor (1)  with replacement 2.23 -66.22 -77.27 -92.75 

Neighbor (1) no replacement 2.23 662.76 4445.45 -74.49 

Kernel matching 2.23 -15.54 22.73 -60.47 

Radius matching- caliper (0.1) 2.23 -2.03 63.64 -46.91 

Radius matching- caliper (0.05) 2.23 -8.78 50 -52.42 

Radius matching- caliper (0.01) 2.23 -83.78 -95.45 -98.9 

Local linear regression 2.23 -66.22 -77.27 -92.75 

Comparison: raw apple vs apple     
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juice 

Neighbor (1)  with replacement 3.16 -67.21 -81.25 -61.35 

Neighbor (1) no replacement 3.16 80.87 15.63 -60.67 

Kernel matching 3.16 -86.34 -96.88 -95.54 

Radius matching- caliper (0.1) 3.16 -63.39 -84.38 -64.0 

Radius matching- caliper (0.05) 3.16 -83.61 -96.88 -93.61 

Radius matching- caliper (0.01) 3.16 -84.15 -96.88 -94.61 

Local linear regression 3.16 -67.21 -81.25 -61.35 

 

Table 11 presents the covariate balancing statistics which is used in matching algorithm 

selection for orange food form consumption impacts. According to this table, three comparisons 

are done for orange; the first, raw orange with no orange, the second, orange juice with no 

orange, and the third, raw orange with orange juice. Starting with the first comparison, the 

pseudo-R2 value is 2.78 for all the algorithms. Radius matching with caliper 0.01 is the 

algorithm reducing the highest percentage of mean standardized bias, R-squared and Chi-squared 

value. Similarly, the second comparison of the table is between orange juice and no juice 

consumption. The pseudo-R2 value is noted to be 1.05 which represents the relative measure of 

estimation of relative variance. As in most of the other comparisons, the best algorithm for 

further study is identified to be radius matching caliper 0.01 as it is the best at reducing the value 

of mean standardized bias, R-squared, and Chi-squared value. Finally, the pseudo-R2 value for 

the comparison between raw orange and orange juice is 2.50 for all the algorithms under 

consideration. The greatest reduction in bias, R2 and Chi2 values is accounted for radius 

matching with caliper 0.01, with the percentage reduction by 76.77, 96 and 98.32 respectively. 
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Being the best algorithm at reducing mean standardized bias, the radius matching with caliper 

0.01 is selected for further analysis.  

Table 11 Covariate Balancing Statistics for Oranges 

Matching algorithm Pseudo-

R2 

Bias 

reduction 

R2 

reduction 

Chi2 

reduction 

Comparison: raw orange vs no 

orange  

 

 

   

Neighbor (1)  with replacement 2.78 -62.83 -92.86 -96.99 

Neighbor (1) no replacement 2.78 795.58 1925 -60.44 

Kernel matching 2.78 -41.59 -71.43 -88.47 

Radius matching- caliper (0.1) 2.78 -2.66 42.86 -43.22 

Radius matching- caliper (0.05) 2.78 -35.40 -64.29 -85.92 

Radius matching- caliper (0.01) 2.78 -76.11 -96.43 -98.78 

Local linear regression 2.78 -62.83 -92.86 -96.99 

Comparison: orange juice vs no 

orange 

    

Neighbor (1)  with replacement 1.05 -24.66 -63.64 -84.34 

Neighbor (1) no replacement 1.05 575.34 4590.91 390.36 

Kernel matching 1.05 -53.42 -72.73 -86.97 

Radius matching- caliper (0.1) 1.05 -2.74 18.18 -44.08 

Radius matching- caliper (0.5) 1.05 -47.95 -63.64 -83.15 

Radius matching- caliper (0.01) 1.05 -91.78 -100 -99.83 

Local linear regression 1.05 -24.66 -63.64 -84.34 
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Comparison: raw orange vs orange 

juice 

    

Neighbor (1)  with replacement 2.50 -71.72 -92.0 -94.54 

Neighbor (1) no replacement 2.50 193.94 672 244.07 

Kernel matching 2.50 -53.53 -92.0 -92.93 

Radius matching- caliper (0.1) 2.50 -46.46 -84.0 -88.97 

Radius matching- caliper (0.05) 2.50 -55.56 -92.0 -93.20 

Radius matching- caliper (0.01) 2.50 -76.77 -96.0 -98.32 

Local linear regression 2.50 -71.72 -92.0 -94.54 

 

5.3 Average Treatment Effect (ATE) Estimation of Food Forms on Total Calorie Intake 

Table 12 presents the average treatment effect of different food forms on total calorie 

intake. The comparison for the analysis are done in all the food types between three forms; raw 

versus no consumption, processed (juice in case of fruits) versus no consumption, and raw versus 

processed food form consumption. The analysis is performed after selecting the best propensity 

score matching algorithm for respective treatments and comparisons. Bootstrapped standard 

errors are reported using 500 replications. The table includes the coefficient values, standard 

error and significance for different food form treatments (giving several comparisons). 

For peanut, three comparisons are made. First, the effect of raw peanut on calorie intake 

as compared to no peanut consumption is studied. The result suggests that raw peanut consumers 

consume 585.63 Kcal more energy in average compared to no peanut consumers. This result is 

significant at 1% level of significance as indicated by the p-value. Johnston et al. (2013) 

conducted a research based on U.S. to find out the impact of peanut versus grain bar 
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consumption on various aspects including energy intake and weight loss. The foods were used in 

the meal as preloads. The findings of the research suggest that higher calorie intake is taken in 

case of peanut consumption as compared to the grain bar. Not only that, grain bar is associated 

with higher body weight loss as compared to peanut consumption. Peanut consumption resulting 

higher energy intake is in line with our result. However, a research by Barbour et al. (2014) 

concludes that consuming peanuts (Hi-oleic or regular) results in low calorie intake as compared 

to potato crisps, with the same perceived satisfaction from the foods. 

The second comparison specifies the treatment as processed peanut and control as no 

peanut consumption. The results indicate that the consumption of processed peanut as compared 

to no consumption increases calorie intake by 507.58 Kcal in average. The result is significant at 

1% level of significance. Reis et al. (2011) in their research based on Brazil presents their finding 

with one of the components being the difference in total calorie intake for peanut food form as 

treatment and usual meal without peanut as control. The research includes both the food forms of 

peanut which I have considered in my study: raw (raw peanut with skin and roasted peanut 

without skin in their case) and processed (ground roasted peanut without skin in their case), 

which are compared to the control group. What they find from the research is no significant 

difference on total calorie intake in relation to different peanut treatment and control groups. 

Finally, the third comparison (i.e., raw peanut versus processed peanut) finds no 

significant calorie intake difference between consuming raw versus processed peanut food forms. 

Table 12 also includes the average treatment effect of almond food form consumption on 

calorie intake. Similar to peanut, the almond also consists of three comparisons. Firstly, on raw 

versus no almond consumption, the finding suggests that consumption of raw almond is 

associated with increase in calorie intake with an average of 454.01 Kcal as compared to no 
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almond consumption. The result is significant at 1% level of significance. While studying based 

on the roasted almond treatment comparing with cookies as control, Jung et al. (2018) finds that 

the total calorie intake is significantly increased with the consumption of almond. This result is 

in line with our finding. The almond consumption increases the calorie from the fat whereas 

reduces calorie from the carbohydrate. However, Hull et al. (2015) finds no significant difference 

in calorie intake between the whole, raw almond consumption condition and their normal diet 

condition in their study on healthy women. Moreover, Hollingworth et al. (2019), in their study 

on raw almond considering twenty-four hour calorie intake finds that the difference in raw 

almond consumption versus no energy control situation is not significant with the energy intake. 

It means that the consumption of raw almond is not different from the no energy control 

condition in relation to total calorie intake.  

The results indicate that consuming processed almond consumption does not significantly 

affect calorie intake as evident from the average treatment effect analysis. The third comparison 

(i.e. raw almond versus processed almond) is also not significantly associated with the difference 

in total calorie intake.  

Two treatments of apple; raw apple and apple juice, are compared with no apple 

consumption whereas the third comparison is between raw apple and apple juice. In case of raw 

apple versus no apple consumption effect on calorie intake difference, the association is positive; 

however not significant. However, several other articles have stated the association of raw apple 

with energy intake in the opposite direction. For instance, Flood-Obbagy and Rolls (2009) finds 

out that the consumption of whole fruit (apple taken for the research) is associated with lower 

energy intake in the subsequent meal as compared to the control condition. Moreover, De 
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Oliveira et al. (2008) states based on their research on women that the apple consumption results 

in the reduction of calorie intake. 

On the other hand, the apple juice versus no apple consumption effect on calorie intake 

difference is positively associated and significant at 10% level of significance. The coefficient 

value indicates that apple juice consumers have higher calorie intake by 314.06 Kcal on average 

as compared to those not consuming apples. 

The difference in calorie intake is not found significant between raw apple and apple 

juice consumption. However, studies have also shown that the raw apple consumption decreases 

calorie intake in the subsequent meal as compared to apple juice consumption (Flood-Obbagy & 

Rolls, 2009). 

Table 12 also shows the average treatment effect of food forms of orange on calorie 

intake. The orange treatments, namely raw orange and orange juice are compared with no orange 

consumption. The third comparison is between raw orange and orange juice. The p-value for 

average treatment effect of raw orange consumption compared to no orange consumption on 

calorie intake indicates that the association is not statistically significant. Although generalizing 

as ‘fruits’ rather than orange, Guyenet (2019) in his review article suggests that the consumption 

of raw fruits is directed towards reducing the calorie intake, especially when the fruits are 

consumed before meal which doesn’t match with our finding. 

On the other hand, the p-value for the average treatment effect of orange juice 

consumption compared to no orange consumption on calorie intake indicates that the association 

is statistically significant at 1% level of significance. The coefficient value suggests that orange 

juice consumers have higher calorie intake by 602.93 kcal in average as compared to no orange 

consumers. Wang et al. (2012) conducted a research on impact of consuming orange juice on 
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calorie intake in the U.S., based on the NHANES data 2003-2006. Interestingly, my research 

also uses the NHANES data from the year 2017-18. They also find that orange juice consumers 

have the higher calorie intake than non-consumers, which matches well with my finding. 

Moreover, DellaValle et al. (2005) conducted a research to find out whether consuming caloric 

or non-caloric beverage while having the lunch is associated with calorie intake. They keep 

orange juice as one of the caloric beverages for their study. Upon consuming the food with the 

caloric beverages, the calorie intake is found to increase as compared to no beverage 

consumption. 

Lastly, the comparison of raw orange versus orange juice in relation to calorie intake 

demonstrates a negative and significant association. The coefficient value suggests that the 

consumption of raw orange is associated with lower calorie intake in average by 534.32 Kcal as 

compared to orange juice consumption. The result is significant at 1% level of significance.  

Table 12 ATE of Food Forms on Total Calorie Intake (With Radius Matching- Caliper 0.01) 

Food forms Coefficient Bootstrapped 

Standard Error 

p-value 

Raw vs no peanut  585.634 119.821 0.000 

Processed vs no peanut 507.575 73.916 0.000 

Raw vs processed peanut 56.737 121.143 0.640 

Raw vs no almond  454.014 108.947 0.000 

Processed vs no almond 153.218 109.095 0.160 

Raw vs processed almond 197.009 145.138 0.175 

Raw vs no apple 118.646 74.927 0.113 

Apple juice vs no apple 314.057 162.119 0.053 
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Raw apple vs apple juice -198.135 169.285 0.242 

Raw vs no orange 79.627 105.623 0.451 

Orange juice vs no orange 602.925 83.089 0.000 

Raw orange vs orange juice -534.315 118.978 0.000 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

50 
 

 

 

6 CONCLUSION 

The overall statistics of the survey suggests that more sample participants are female, 

Non-Hispanic White and with the education more than just a high school graduate. However, 

splitting these participants into sub groups on the basis of food form consumption gives varying 

results. While no consumption of food has the highest proportion in all the commodities (peanut, 

almond, apple and orange), food form consumption between raw and processed varies by food 

type. Nuts are consumed more in processed form compared to raw. Fruits in raw and juice form 

vary in consumption according to fruit type; apples are consumed more in raw form than juice, 

whereas orange juice is consumed more as compared to raw orange. 

Socio-demographic variables gender, age, ethnicity, education and physical activity play 

important role in the consumption of raw versus processed food forms. However, the same 

variables are not significant for all the food forms of different food types, and at least one 

variable is significant in each food form of each food type. Education level is not found to be 

significantly associated with different food forms’ consumption across all food types, except 

almond. In a similar way, physical activity is found significant in apple only, among all the food 

types. The demographic variables’ impact varies by and within the food types. Some variables 

are consistent within food type, while others are not. For instance, the impact of age and some 

ethnicities are consistent across nuts’ consumption; however, age is inconsistent across apple and 

orange consumption. This suggests that the choice of food form may be product specific and not 

consistent across food types. 
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The calorie intake for raw nuts consumers is significantly higher as compared to those 

who do not consume nuts. However, no significant difference in calorie consumption is observed 

between consumers of raw fruits and no fruit consumers. Processed food forms consumption 

when compared to no consumption of the respective foods, raise calorie consumption for all the 

products, except for almond. For nut products, raw consumption is associated with higher calorie 

intakes compared to processed forms, but the increase is not significant. For the fruits, juice 

consumption is associated with higher calorie intakes compared to raw forms. The higher calorie 

intake is significant for orange but not apple. This suggests that not all processed food forms 

raise calorie intake. This may be tied to how much is consumed in each food form or how the 

food is consumed (e.g., juice versus processed nut). 

This research provides insights on the impact of socio-demographic factors with the food 

form consumption. This helps agribusinesses of different food forms to understand and explore 

the effects of demographic factors on the products they may handle and produce. This will also 

assist them in identifying the potential consumers of their products. Additional research may 

look into eating occasion and other external factors that may impact food form consumption. The 

current research has helped identify who is eating different food forms. This further research can 

help tell agribusinesses of when, how, and why consumers are eating their products in different 

food forms. 

Moreover, health and economic policy makers may derive the potential relationship 

between food forms’ consumption and health outcomes, such as diabetes, obesity, cholesterol, 

etc based on the relationship of food forms with calorie intake. Considering this, the future 

research should be focused on other health implications of food forms, such as obesity. The 

extension of the research can also be made considering other factors for food form consumption, 
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such as nutrition, day of the week and food characteristics. Additional research should consider 

other food product categories that may also impact health outcomes.  
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APPENDICES 

Appendix 1 Socio-Demographic Characteristics Based on No Peanut Consumption (n= 3673) 

Variables Mean/percentage Standard deviation 

Age (years) 47.61928 0.5458174 

Total calorie intake 4088.38 49.85472 

Aggregate activity MET score 1099.104 38.97645 

Gender (%)   

Male  47.15  

Female  52.85  

Ethnicity (%)   

Non-Hispanic White 58.99  

Mexican American or Other Hispanic 17.54  

Non-Hispanic Black or Other Race 23.46  

Education (%)   

High School Degree or Less 37.52  

Some College or College Degree or Higher 62.48  

 

Appendix 2 Socio-Demographic Characteristics Based on Raw Peanut Consumption (n= 232) 

Variables Mean/percentage Standard deviation 

Age (years) 54.55358 2.404342 

Total calorie intake 4341.708 215.1167 
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Aggregate activity MET score 996.1829 178.7003 

Gender (%)   

Male  45.4  

Female  54.6  

Ethnicity (%)   

Non-Hispanic White 62.95  

Mexican American or Other Hispanic 12.18  

Non-Hispanic Black or Other Race 24.87  

Education (%)   

High School Degree or Less 43.1  

Some College or College Degree or Higher 56.9  

 

Appendix 3 Socio-Demographic Characteristics Based on Processed Peanut Consumption 

(n=763) 

Variables Mean/percentage Standard deviation 

Age (years) 49.05396 1.085738 

Total calorie intake 4306.39 103.6783 

Aggregate activity MET score 996.8034 53.91119 

Gender (%)   

Male  50.3  

Female  49.7  

Ethnicity (%)   

Non-Hispanic White 75.54  
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Mexican American or Other Hispanic 8.82  

Non-Hispanic Black or Other Race 15.64  

Education (%)   

High School Degree or Less 34.49  

Some College or College Degree or Higher 65.51  

 

Appendix 4 Socio-Demographic Characteristics Based on No Almond Consumption (n= 4290) 

Variables Mean/percentage Standard deviation 

Age (years) 48.18968 0.5715387 

Total calorie intake 4162.112 49.86119 

Aggregate activity MET score 1096.564 42.11154 

Gender (%)   

Male  49.67  

Female  50.33  

Ethnicity (%)   

Non-Hispanic White 62.05  

Mexican American or Other Hispanic 15.47  

Non-Hispanic Black or Other Race 22.48  

Education (%)   

High School Degree or Less 38.91  

Some College or College Degree or Higher 61.09  
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Appendix 5 Socio-Demographic Characteristics Based on Raw Almond Consumption (n= 197) 

Variables Mean/percentage Standard deviation 

Age (years) 53.6586 1.471336 

Total calorie intake 4118.137 162.7183 

Aggregate activity MET score 796.9889 84.29012 

Gender (%)   

Male  26.16  

Female  73.84  

Ethnicity (%)   

Non-Hispanic White 66.96  

Mexican American or Other Hispanic 13.71  

Non-Hispanic Black or Other Race 19.33  

Education (%)   

High School Degree or Less 17.88  

Some College or College Degree or Higher 82.12  

 

Appendix 6 Socio-Demographic Characteristics Based on Processed Almond Consumption (n= 

220) 

Variables Mean/percentage Standard deviation 

Age (years) 47.43933 1.730689 

Total calorie intake 4105.099 124.0109 

Aggregate activity MET score 1009.058 98.39258 

Gender (%)   
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Male  38.31  

Female  61.69  

Ethnicity (%)   

Non-Hispanic White 68.13  

Mexican American or Other Hispanic 16.52  

Non-Hispanic Black or Other Race 15.35  

Education (%)   

High School Degree or Less 22.15  

Some College or College Degree or Higher 77.85  

 

Appendix 7 Socio-Demographic Characteristics Based on No Apple Consumption (n= 3916) 

Variables Mean/percentage Standard deviation 

Age (years) 48.67879 .6259311 

Total calorie intake 4159.514 52.23682 

Aggregate activity MET score 1063.974 37.66517 

Gender (%)   

Male  48.27  

Female  51.73  

Ethnicity (%)   

Non-Hispanic White 64.87  

Mexican American or Other Hispanic 13.75  

Non-Hispanic Black or Other Race 21.38  

Education (%)   
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High School Degree or Less 36.93  

Some College or College Degree or Higher 63.07  

 

Appendix 8 Socio-Demographic Characteristics Based on Raw Apple Consumption (n= 617) 

Variables Mean/percentage Standard deviation 

Age (years) 47.2744 1.264299 

Total calorie intake 4040.532 113.566 

Aggregate activity MET score 1218.252 105.0622 

Gender (%)   

Male  45.15  

Female  54.85  

Ethnicity (%)   

Non-Hispanic White 54.66  

Mexican American or Other Hispanic 23.24  

Non-Hispanic Black or Other Race 22.1  

Education (%)   

High School Degree or Less 35.33  

Some College or College Degree or Higher 64.67  

 

Appendix 9 Socio-Demographic Characteristics Based on Apple Juice Consumption (n=158) 

Variables Mean/percentage Standard deviation 

Age (years) 43.69587  

Total calorie intake 4557.652  
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Aggregate activity MET score 861.8381  

Gender (%)   

Male  41.83  

Female  58.17   

Ethnicity (%)   

Non-Hispanic White 41.95  

Mexican American or Other Hispanic 24.75  

Non-Hispanic Black or Other Race 33.3  

Education (%)   

High School Degree or Less 34.85  

Some College or College Degree or Higher 65.15  

 

Appendix 10 Socio-Demographic Characteristics Based on No Orange Consumption (n=3766) 

Variables Mean/percentage Standard deviation 

Age (years) 47.64735 0.6163405 

Total calorie intake 4080.943 48.82871 

Aggregate activity MET score 1089.291 41.51896 

Gender (%)   

Male  46.75  

Female  53.25  

Ethnicity (%)   

Non-Hispanic White 64.45  

Mexican American or Other Hispanic 14.39  
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Non-Hispanic Black or Other Race 21.16  

Education (%)   

High School Degree or Less 36.17  

Some College or College Degree or Higher 63.83  

 

Appendix 11 Socio-Demographic Characteristics Based on Raw Orange Consumption (n=334) 

Variables Mean/percentage Standard deviation 

Age (years) 50.22411 2.535868 

Total calorie intake 4117.117 136.5797 

Aggregate activity MET score 1065.672 177.5025 

Gender (%)   

Male  53.86  

Female  46.14  

Ethnicity (%)   

Non-Hispanic White 42.85  

Mexican American or Other Hispanic 23.26  

Non-Hispanic Black or Other Race 33.89  

Education (%)   

High School Degree or Less 45.74  

Some College or College Degree or Higher 54.26  

 

 

 



 

 

74 
 

Appendix 12 Socio-Demographic Characteristics Based on Orange Juice Consumption (n=578) 

Variables Mean/percentage Standard deviation 

Age (years) 52.079 0.7616598 

Total calorie intake 4620.656 76.5594 

Aggregate activity MET score 997.2612 96.77547 

Gender (%)   

Male  51.33  

Female  48.67  

Ethnicity (%)   

Non-Hispanic White 62.09  

Mexican American or Other Hispanic 16.24  

Non-Hispanic Black or Other Race 21.67  

Education (%)   

High School Degree or Less 35.88  

Some College or College Degree or Higher 64.12  

 

Appendix 13 Multinomial Logistic Regression Results for Peanuts 

Variable  Coefficient S.E. p-value  

No peanut consumption (Base outcome) 

Raw peanut consumption    

Female 0.053 0.149 0.730 

Age** 0.024 0.010 0.034 

Ethnicity (Mexican American or Other Hispanic) -0.30 0.287 0.313 
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Ethnicity (Non-Hispanic Black or Other Race) 0.130 0.312 0.683 

Education -0.257 0.289 0.388 

Aggregate Activity  0.00003 0.00008 0.744 

Processed peanut consumption    

Female -0.160 0.129 0.234 

Age 0.00008 0.004 0.985 

Ethnicity (Mexican American or Other Hispanic)*** -0.921 0.216 0.001 

Ethnicity (Non-Hispanic Black or Other Race)*** -0.649 0.112 0.000 

Education 0.023 0.141 0.871 

Aggregate Activity  -0.00006 0.00005 0.215 

Note: *, ** and *** = significant at 10%, 5% and 1% level of significance respectively 

 

Appendix 14 Multinomial Logistic Regression Results for Almonds 

Variable  Coefficient S.E. p-value  

No almond consumption (Base outcome) 

Raw almond consumption    

Female*** 0.984 0.213 0.000 

Age*** 0.018 0.005 0.003 

Ethnicity (Mexican American or Other Hispanic) 0.176 0.416 0.678 

Ethnicity (Non-Hispanic Black or Other Race) -0.077 0.310 0.807 

Education** 1.104 0.378 0.011 

Aggregate Activity  -0.00004 .00008 0.662 

Processed almond consumption    
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Female 0.450 0.261 0.105 

Age -0.004 0.007 0.596 

Ethnicity (Mexican American or Other Hispanic) 0.113 0.166 0.505 

Ethnicity (Non-Hispanic Black or Other Race)** -0.465 0.193 0.029 

Education** 0.811 0.371 0.045 

Aggregate Activity  -0.000007 0.00007 0.927 

Note: *, ** and *** = significant at 10%, 5% and 1% level of significance respectively 

 

Appendix 15 Multinomial Logistic Regression Results for Apples 

Variable  Coefficient S.E. p-value  

No apple consumption (Base outcome) 

Raw apple consumption    

Female 0.172 0.151 0.271 

Age -0.0004 0.005 0.939 

Ethnicity (Mexican American or Other Hispanic)*** 0.722 0.204 0.003 

Ethnicity (Non-Hispanic Black or Other Race) 0.204 0.177 0.268 

Education 0.180 0.184 0.346 

Aggregate Activity* 0.00008 0.00005 0.094 

Apple juice consumption    

Female 0.178 0.334 0.602 

Age* -0.016 0.008 0.056 

Ethnicity (Mexican American or Other Hispanic)*** 0.960 0.238 0.001 

Ethnicity (Non-Hispanic Black or Other Race)*** 0.812 0.246 0.005 
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Education 0.183 0.230 0.439 

Aggregate Activity** -0.0002 0.00008 0.039 

Note: *, ** and *** = significant at 10%, 5% and 1% level of significance respectively 

 

Appendix 16 Multinomial Logistic Regression Results for Oranges 

Variable  Coefficient S.E. p-value  

No orange consumption (Base outcome) 

Raw orange consumption    

Female* -0.309 0.146 0.051 

Age 0.015 0.009 0.131 

Ethnicity (Mexican American or Other Hispanic)*** 0.958 0.255 0.002 

Ethnicity (Non-Hispanic Black or Other Race)*** 0.962 0.284 0.004 

Education -0.272 0.266 0.323 

Aggregate Activity -0.000003 0.00009 0.975 

Orange juice consumption    

Female -0.218 0.134 0.124 

Age*** 0.016 0.004 0.002 

Ethnicity (Mexican American or Other Hispanic) 0.316 0.242 0.211 

Ethnicity (Non-Hispanic Black or Other Race) 0.169 0.197 0.404 

Education 0.055 0.183 0.770 

Aggregate Activity -0.00001 0.00007 0.837 

Note: *, ** and *** = significant at 10%, 5% and 1% level of significance respectively 

 


