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Abstract 

Because of the strong relationship between health status and diet quality, many indices have 

been developed to measure diet quality. Although most of these indices are intended to show 

a relationship with health outcomes, in all indices this association has been proved to be 

moderate, especially in the case of obesity. Moreover, all suggested indices are based on a 

high level of subjectivity in relation to choosing the components to build up the index and the 

cut-off points for each component. Even in the case of less subjective indices, such as the 

Healthy Eating Index (HEI), it depends on a review of scientific literature on nutrition and 

health effects done by a distinguished panel of scientists and the HEI components and their 

weighting are objectively based on this review. Both issues have reinforced the need to 

develop a disease- and obesity-specific diet quality index, which is the main objective of this 

paper. To reduce subjectivity, we propose the use of a new, non-parametric approach – the 

multivariate adaptive regression splines (MARS) – to develop our new, Obesity-specific 

Healthy Eating Index (OS-HEI), which is a data-driven, non-parametric tool and allows for 

interaction between the different items. The data used comes from the 2007–08 and 2009–10 

National Health and Nutrition Examination Surveys (NHANESs). While the data from 2007–

08 has been used to develop the new index, the data from 2009–10 has been used to validate 

the results. The traditional HEI-2010 index has been used as a benchmark. Results indicate 

that the OS-HEI notably outperforms the HEI-2010 in predicting obesity prevalence.  
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Introduction 

Obesity is a growing, worldwide epidemic. Overweight and obesity are defined as 

‘abnormal or excessive fat accumulation that may impair health’.
1 

Many different 

studies worldwide have shown association between food intake and obesity in both 

children and adults.
2 

Promoting a healthy diet could be considered a top priority for 

many countries. A key step to doing so is to measure the diet quality. Although diet 

quality is universally recognized as a key determinant of overweight and obesity 

prevalence, there is still a lack of consensus on how to measure it.  

To achieve this objective of being able to assess diet quality, many diet quality 

indices have been developed during the last decades and some of them used to predict 

the health outcomes (such as obesity) related to food quality.  

In fact, most existing indices are able to predict health outcomes to some extent, 

but the associations are generally modest for all dietary scores, casting doubts on their 

validity. This may be explained by the many arbitrary choices in the development of an 

index, and the lack of insight into the consequences of these choices. The main choices 

relate to the components to include in the score, the cut-off values to compare intake 

with, and the exact method of scoring. In addition, diet quality scores may still not 

adequately deal with the main reasons for a holistic approach, which is the correlation 

between intakes of various dietary groups.
 3 

This weak association could also be due to a 

wide variety of health outcomes, as some nutrients or foods could be considered 

determinant only for specific health outcomes, while irrelevant for other health 

outcomes. This casts a shadow of doubt on the validity of these indices and raises the 

need to develop disease- and obesity-specific diet quality indices. Even in the case of 

less subjective indices, such as the HEI, they depend on a review of scientific literature 

on nutrition and health effects done by a distinguished panel of scientists, and the HEI 

components and their weighting are objectively based on this review. To avoid 

subjectivity, we used the MARS in developing our new OS-HEI. The main advantage of 

using the MARS is that it is a data-driven, non-parametric tool which allows you to 

avoid subjectivity in choosing index items and their cut-off points. Moreover, the 

MARS allows for interaction between the different items, permitting a holistic approach 

which takes into account the interaction between different nutrients and food groups. In 

this paper, the NHANES data set for the year 2007–08 has been used for the 



development of our new index, while the NHANES data set for the year 2009–10 has 

been used to validate the index and evaluate its ability to predict the effect of diet 

quality on obesity prevalence. An association was found between the new OS-HEI and 

obesity prevalence, and this association increased significantly by controlling for some 

socio-demographics, such as age and gender. Moreover, our new OS-HEI notably 

outperformed the HEI-2010 in predicting obesity prevalence. 

The rest of this paper is organized as follows. Section 2 provides a review of diet 

quality indices and their association with health outcomes, in particular obesity, with 

special emphasis on the HEI. A brief description of the data used (NHANES) is given in 

Section 3. The methodological approach applied in the development and validation of 

our new OS-HEI is explained in Section 4. The main results are discussed in Section 5. 

Finally, Section 6 provides some concluding remarks. 

 

Diet quality indices 

Diet quality appears to have no official definition in related literature. Definitions 

vary widely, depending on the tools used to measure it. Traditionally, a common 

perception has been that dietary quality reflects nutrient adequacy. Nutrient adequacy 

refers to a diet that meets requirements for energy and all essential nutrients.
4
 The more 

recent worldwide concern regarding overweight and obesity prevalence is that this is 

mainly caused by excess intake of certain nutrients and foods, shifting the definition of 

dietary quality to include both concepts of nutrient deficiency and over-nutrition.
6
  

According to Drewnowski
7
, in many cases, the only criteria for defining healthy 

foods is being free of problematic ingredients, such as fat, sugar and sodium, and not by 

the beneficial nutrients they might contain. 

Nutrient-dense foods lack a common definition.
7 8

 In 1977, Guthrie
7
 asserted that 

there were only limited efforts to define the concept of a nutritious food, finding only 

some general statements that did not depend on clear standards or criteria. In 2004, 

Lackey and Kolasa
8
 affirmed that there was still no agreement on the definition of a 

nutritious or healthy food and beverage. Past attempts to quantify the nutrient density of 

foods have been based on a variety of calories-to-nutrient scores, nutrients-per-calorie 

indexes and nutrient-to-nutrient ratios.
6 



Assessment of diet quality is concerned with both the quality and variety of the 

diet as a whole, rather than individual nutrients, and allows for the evaluation of how 

closely eating patterns align with dietary recommendations.  Panagiotakos
9
 (pp. 1) 

defined indices as ‘composite tools aiming to measure and quantify a variety of clinical 

conditions, behaviors, attitudes and beliefs that are difficult to be measured 

quantitatively and accurately’. 

Diet quality indices add an important dimension to dietary assessment, as a 

composite measure of diet has been noted as preferable to an index of a single nutrient 

or food in the area of dietary assessment.
10 11

  Diet quality indices, or scores, are tools 

that provide an overall rating, on a numeric scale, of an individual’s dietary intake with 

regards to nutrient and/or dietary recommendations.
 12 

In addition, Hu
13

 emphasized the 

importance of using composite indices to avoid the problems which could result from 

entering a large number of highly correlated explanatory variables (i.e., the components 

of the index) in a model. This could generate multi-collinearity problems, resulting in 

less robust estimations of the coefficients and less accurate predictions.  

Many indices of overall diet quality were developed during the last decades. Two 

types of measurement can be identified – predefined diet quality indices that assess 

compliance with prevailing dietary guidance as dietary patterns and empirically derived 

diet patterns.
 14

 

Predefined, or theoretically defined, indices consist of nutritional variables 

essentially, nutrients and foods or food groups that are assumed to be either healthful or 

detrimental. The index variables are quantified and summed to provide an overall 

measure of dietary quality. The definition of diet quality depends on attributes selected 

by the investigator. It is built upon current nutrition knowledge or theory, or based on a 

diet that has been proven to be healthy, such as the Mediterranean diet.  

Many predefined diet quality scores have been proposed. Four of them have 

gained most attention – the Healthy Eating Index
15,

 the Diet Quality
16

, the Healthy Diet 

Indicator
17

, and the Mediterranean Diet Score
18

. Many others have been developed by 

carrying out several modifications to these indices. 

Indices differ in several aspects, such as the items included, the cut-off values 

used and the exact method of scoring, indicating that many arbitrary choices were 



made.
19

 This means that development of such indices involves a high level of 

subjectivity. 

Indices’ components range from nutrients only, to adherence to recommended 

food group servings, to variety within healthful food groups.
 12

 Kant
10 

mentioned that 

the construction of diet quality indices is mainly based on food groups, or specific 

foods, or nutrient intakes, or derived from combinations of both foods and nutrient 

intakes. Waijers et al.
 3 

added that scores used national dietary guidelines or a 

Mediterranean pattern as a reference. Most indices, including the HEI, are based on both 

food groups and nutrients, while some, such as the Healthy Food Index (HFI), are based 

on foods and food groups.  

Almost all indices included five food groups, which are: vegetables and fruits, 

cereals or grain, dairy, and meat and meat products. Regarding nutrients, there is a 

consensus on including fat in the index – fat introduced in different forms as a total fat, 

and/or saturated fatty acid (SFA), or the ratio of monounsaturated fatty acids (MUFA) 

to SFA. Cholesterol and alcohol are also included in many indices. Moreover, the 

number of dietary variables used in each dietary index varies. It can be observed that 

although the vast majority of indices have been constructed using nine or 10 

components, there are some indices developed using fewer or more components. 
3
 

Once the variables have been selected to be included in an index, they need to be 

quantified. The simplest method is to use a cut-off value for each index item and assign 

a score of ‘0’ if consumption is lower than this value (or higher) and ‘1’ if consumption 

is higher (or lower) than this cut-off point, respectively.  

Although very important, the relative contribution of the various index items to 

the total score has rarely been addressed. In most existing indices, all items contribute 

equally to the total score, in other words, all components have the same weighting. Only 

a few indices have been constructed assigning specific weightings to some components 

(e.g. HEI-2010). However, Kourlaba et al.
20

 mentioned that the weightings were 

attributed arbitrarily. The authors did not explain how these weightings were calculated; 

they only reported that higher weightings were assigned to components considered to be 

more important for diet quality, based on specific dietary guidelines. This could be 

considered as a main contribution of this paper, as we used the MARS model in 



weighting our new OS-HEI. This indicates that weighting index components is totally 

objective and depends only upon the role of each component in overweight and obesity 

prevalence. 

Development of diet quality indices includes a high level of subjectivity, as many 

arbitrary choices related to the index items, or components, that should be included in 

the index, the cut-off values that should be used for each component and the weightings 

that should be assigned to each component, take part in the composition of an index.  

Empirically derived dietary patterns represent another way of examining dietary 

patterns, using an a posteriori approach, in which statistical methods like factor and 

cluster analysis are used to generate patterns from collected dietary data.  

In factor analysis of dietary patterns, the so-called factors are discerned based on 

correlations between variables – generally foods or food groups. Correlated variables 

are grouped together, distinct from groups of variables with which they are not 

correlated. Individuals are given a score for each factor. In contrast to factor analysis, 

cluster analysis does not aggregate intake variables but individuals into relatively 

homogeneous subgroups (clusters) with similar diets. A summary score for each pattern 

can be derived and used in either correlation or regression analysis to examine 

relationships between various eating patterns and the outcome of interest, such as 

nutrient intake, cardiovascular risk factors and other biochemical indicators of health.
 21

  

Although factor and cluster analysis could be considered as data-driven 

techniques, a degree of subjectivity exists, as choices have to be made in each of the 

consecutive steps in the analytical process. These steps are somewhat alike for factor 

and cluster analysis. First, the foods or food groups for entry into the analysis need to be 

selected, foods need to be assigned to food groups, and input variables can (or cannot) 

be adjusted, for example, for energy intake. The analysis itself and the identification of 

the dietary patterns or clusters are not straightforward either and also involve choices. In 

the majority of factor analysis studies in nutritional epidemiology, principal component 

analysis has been applied, using orthogonal rotation and eigenvalues >1. In cluster 

analysis studies, K-means method 
22

 was most often used, but Ward’s 
23

 method was 

also regularly applied. Both the parameters of the resulting factor and cluster solutions 

and the interpretability, as decided on by the researcher, determine which solution is 



finally reported. The number of derived factors reported generally ranged from two to 

25 and for most studies the total of variance explained by all factors was limited, in 

general, between 15% and 40%. The number of resulting clusters varied from two to 

eight. The researcher also gives names to the factors or clusters, and although the factor 

or cluster loadings are generally reported in the published results, labeling does play a 

critical role in the interpretation. Up to present, there is not yet enough insight with 

regard to what extent outcomes are influenced by choices, including treatment of the 

input variables and the factor or clustering method used.
21

 
24

 

 

The Healthy Eating Index (HEI) 

The HEI is considered one of the most prevalent diet quality indices. It is a 

summary measure of the overall quality of people’s diets. The HEI
15

 is an index 

developed by the US Department of Agriculture (USDA) and the US Department of 

Health and Human Services (USDHHS), based on the Dietary Guidelines for 

Americans 1995, 
25

 as a tool to measure compliance with dietary guidance. The HEI 

consisted of 10 components – grains, vegetables, fruits, milk and meat intakes, total fat 

and saturated fat intakes as a percentage of total energy intake, and cholesterol and 

sodium intakes as milligrams and variety in a person’s diet. Scores between 0 and 10 

were assigned to each component – where 0 indicates non-compliance with 

recommended amounts or ranges, while 10 indicates intakes close to recommended 

amounts or ranges. The scores in-between these limits were computed proportionally. 

Total scores were calculated simply by adding the scores assigned to each component 

(giving equal weight for each component), having an index with values ranged between 

0 and 100. A total score greater than 80 was considered ‘good’, scores of 51–80 

indicated ‘needs improvement’, and scores less than 51 were considered ‘poor’.
26

 

From 2000 onwards, the HEI was slightly modified to reflect changes in dietary 

guidelines.
27 

HEI-2005 was developed following the release of the Dietary Guidelines 

for Americans 2005 
28

 and in response to the increased emphasis on important aspects 

of diet quality, such as whole grains, various types of vegetables, specific types of fat 

and the introduction of the new concept of ‘discretionary calories’.
29

 This updated 

version of the HEI consisted of 12 components – total fruit, whole fruit, total 

vegetables, dark green and orange vegetables and legumes, total grains, whole grains, 

milk, meat and beans, oils, saturated fat intake as a percentage of total energy intake, 



sodium intake as g/1,000 kcal and the calories from solid fat, alcohol and added sugar 

(SoFAAS) as a percentage of total energy intake. Individual nutrient intakes are first 

transformed into a base of 1,000 calories for diet groups one to nine and 11. For the 

nutrient intakes of the first nine diet groups, the intake of each group is compared with 

the corresponding recommended intake of that group. If the nutrient intake from a diet 

group, say total fruit, meets the recommended quantity, it will receive the maximum 

HEI score for that group. If the nutrient intake for the diet group is zero, that group gets 

a zero HEI score. Intakes between zero and the recommended quantity (maximum level) 

are scored proportionately. For the 11th diet group, sodium, the maximum score will be 

given if the sodium intake is less than the recommended amount. For diet groups such 

as saturated fat and SoFAAS, the HEI scores are based on the percentage of energy 

obtained from those groups relative to the total energy gained from food consumption. 

If the energy from saturated fat (the 10th diet group) is less than or equal to 7% of the 

total energy from food consumption, the saturated fat diet group receives the highest 

HEI score. If the energy from SoFAAS (the 12th diet group) is less than or equal to 

20% of the total energy, the SoFAAS diet group gets the maximum HEI score (for more 

details, see Guenther et al.
29

). While the minimum HEI score for all diet groups is zero, 

the maximum HEI scores of different diet groups vary. The first six food groups receive 

the maximum HEI scores of five, the SoFAAS group receives a maximum score of 20, 

and the rest of the five diet groups receive maximum scores of 10. The total score 

(ranging from 0 to 100), similar to the original HEI, is simply the sum of all HEI 

individual scores, and can be used to assess the overall diet quality of the food. 

 Publication of the Dietary Guidelines for Americans 2010 
30

 provoked a second 

major update of the HEI.
31

 The HEI-2010 holds several characteristics of the HEI-2005:  

a) it has 12 components, most of them unchanged, comprising nine adequacy 

and three moderation components;  

b) it uses a density approach to set standards, per 1,000 calories, or as a 

percentage of calories; and  

c) it employs least restrictive standards.  

On the other hand, the main changes to the index include:  



a) the greens and beans component replaces dark green and orange 

vegetables and legumes; 

b) specific choices from the protein group, reflected through adding seafood 

and plant proteins; 

c) fatty acids, a ratio of polyunsaturated and monounsaturated to saturated 

fatty acids, replaces oils and saturated fat, to acknowledge the 

recommendation to replace saturated fat with monounsaturated and 

polyunsaturated fatty acids; and 

d) a moderation component, refined grains, replaces the adequacy 

component, total grains, to assess overconsumption. 

We used the same components of food groups and nutrients and cut-off points as 

the HEI-2010 (as the last available version of the HEI) in developing our new OS-HEI. 

 Low association between diet quality indices and health outcomes 

There is a continuing need to examine the relationship between diet quality and 

health in the population. The traditional approach of investigating the association 

between single nutrients or food and the risk of related health outcomes is fraught with 

problems because of the complexity of people’s diets, the possible correlations in 

nutrient intake and the possible interactions in the effect of several foods/nutrients.
 32

  It 

is widely accepted that individuals do not consume isolated nutrients or foods but 

complex combinations of foods, consisting of several nutrients and non-nutrients.
32

 In 

response to such need, diet quality indices are progressively being used to examine 

epidemiological associations between dietary intake and nutrition-related health 

outcomes. 
12

 

An inverse association of healthful dietary patterns with all-cause mortality (the 

annual number of deaths in a given age group, per the population in that age group, 

usually expressed per 100,000) and cardiovascular disease (CVD) risk was reported in 

most studies. However, the magnitude of risk reduction was modest and was attenuated 

after control for confounders.
14 

Diet quality scores were weakly associated with lowered 

risk of CVD in men
33 

but were not associated with a reduced chronic disease risk in 

women.
34 

Measures of overall diet quality have been associated with biomarkers of 



chronic disease risk and health outcomes.
35 36

 However, large cohort studies have often 

shown conflicting results between diet quality scores and chronic disease.  

A systematic literature review of 30 observational studies found that the 

significant association between a diet index score and Body Mass Index (BMI) and 

obesity were consistently negative.
37

 However, some studies have failed to find similar 

relationships between diet quality and weight measures.
38 39

 Guo et al.
40

 examined the 

association between the HEI and obesity, using a cross-sectional analysis of data from 

10,930 adults who participated in the third NHANES, finding that a low HEI score was 

associated with overweight and obesity. However, the overall effectiveness of these 

guidelines in disease prevention needs to be studied further. In a recent study, Marshall 

et al.
41

 examined associations between diet quality and weight status in populations at 

risk of over-nutrition, by reviewing 26 studies, and found a significant relationship in 

only eight.
42 - 49

 The relationship between diet quality and weight status seems to be 

inconsistent with studies finding negative and positive associations. In a study of French 

adults, higher diet quality scores were weakly associated with lower BMI and lower 

blood pressure for men only, but were not associated with plasma lipid profiles.
36

 

Asghari et al.
50 

investigated the performances of the priori dietary pattern, including the 

Mediterranean Diet Score (MDS), the HEI-2005 and the Diet Quality Index-

International (DQI-I), which were compared as simple indices for predicting overweight 

or obesity. No significant relationship between diet quality indices, obesity and 

abdominal obesity were found, indicating that the ability of diet quality indices to 

predict obesity and abdominal obesity depends on how well these indices correlate with 

changes in energy balance as the primary focus in obesity. 

Several studies have examined the association between the HEI and morbidity. A 

weak association was detected between HEI scores and the risk of chronic disease, with 

the exception of cancer risk.
33 34

 Moreover, while Kant et al.
51

 reported that the HEI 

score was associated with obesity and biomarkers of CVD and diabetes, Fung et al.
52

 at 

the same time, published a study indicating that the HEI score is not significantly 

correlated with any of the biomarkers for CVD. Reedy et al.
53 

revealed that the HEI-

2005 is also inversely correlated with colorectal cancer risk. 

From the abovementioned literature, it can be observed that the already proposed 

indices are adequate tools concerning the evaluation of diet quality, but they have 



shown moderate predictive ability in relation to chronic diseases and health 

determinants such as obesity.
 21 

For most of the indices, association with disease or 

mortality were generally moderate, casting doubts on the validity of these indices. This 

therefore emphasizes the need for the new OS-HEI. 

Data: The National Health and Nutrition Examination Survey 

(NHANES) 

The NHANES is a program of studies designed to assess the health and nutritional 

status of adults and children in the US. The survey is characterized by combining 

interviews and physical examinations. The NHANES program began in the early 1960s 

and has been conducted as a series of surveys focusing on different population groups 

or health topics. In 1999, the NHANES became a continuous program that has a 

changing focus on a variety of health and nutrition measurements to meet emerging 

needs. The survey examines a nationally representative sample of about 10,000 people 

each year.  

The NHANES interview includes demographic-, socioeconomic-, dietary-, and 

health-related questions. The examination component consists of medical, dental, and 

physiological measurements, as well as laboratory tests administered by highly trained 

medical personnel. 

Findings from this survey are used to determine the prevalence of major diseases 

and risk factors for diseases. Information is also used to assess nutritional status and its 

association with health promotion and disease prevention. NHANES findings are also 

the basis for national standards for such measurements as height, weight, and blood 

pressure. Data from this survey is used in epidemiological studies and health sciences 

research, which help develop sound public-health policy, direct and design health 

programs and services, and expand health knowledge for the nation. 

The data on two-day food consumption and nutrient intakes for 2007–08 (for the 

development of OS-HEI) and 2009–10 (for the validation of OS-HEI) are obtained from 

the NHANES databases, including data from the Dietary Interview of Individual Foods 

(DIIF) and the Dietary Interview of Total Nutrient Intakes (DITN). The DIIF provides 

detailed information on the types (corresponding to USDA food codes) and amount (in 

grams) of food and beverages consumed by NHANES participants in two days. The 



DITN provides information on individual nutrient intakes based on data from the DIIF 

and USDA Food and Nutrient Database for Dietary Studies (FNDDS) (USDA 

Agricultural Research Service.
54

 The FNDDS provides information on nutrient 

information for each food listed in USDA food codes. The nutrient information helps 

transform individual food intake into nutrient intake. The total calorie intake from food 

consumption from the DITN is used to transform the nutrient intake from absolute 

amount into intake per 1,000 calories. The MyPyramid Equivalents Database
55

  is used 

to transform individual food and nutrient intakes into cup or ounce equivalents of diet 

groups, corresponding to those in the Dietary Guidelines for Americans 2010 
30

, which 

helps calculate the HEIs of different diet groups. 

 

Development and validation of the Obesity-specific Healthy Eating 

Index (OS-HEI) 

We adopted a semi-empirical approach in developing the novel OS-HEI, where 

we used the same food and nutrient groups as in HEI-2010, following the same cut-off 

points as the MyPyramid Equivalents Database guidelines, and then used the MARS 

model to determine which food groups should build up our index and the weighting of 

each group. 

The process for developing the new OS-HEI can be summarized in the following 

steps:  

 Step 1: Calculating individual diet scores for each participant in the NHANES 

2007–08, using the HEI and OS-HEI – We calculated the scores for each 

component, and while these scores in the HEI-2010 ranged from 0 to 5, 10 or 

20, our scores ranged from 0 to 100 for all components. We also followed the 

same methodology of calculating scores in the HEI-2010 (for details see 

Guenther et al., 2010). 

Step 2: We ran the MARS model, using the OS-HEI individual scores as 

independent variables and BMI and waist circumference as dependent variables 

to calculate the relative importance of each component. 



 Step 3: The total OS-HEI is calculated by multiplying each score by its relative 

importance (calculated in step 2) and the sum of all the resulting weighted scores 

have a total score ranging from 0 to 100. 

In the following section we will explain the MARS model. 

Multivariate adaptive regression splines (MARS) 

Our paper is the first attempt to use the MARS model to develop diet quality 

indices. The MARS model is capable of overcoming the high level of subjectivity 

involved in the development of predefined diet quality indices. MARS also outperform 

traditional techniques, such as factor analysis and cluster analysis, which are normally 

used in developing empirical diet quality indices. Moreover, the MARS model is 

capable of taking into account the interactions between the different components of diet 

quality indices. 

The MARS model, first introduced as a data mining tool,
56 

is able to address the 

above limitations of factor analysis, cluster analysis and other classical methods. The 

MARS model is a nonparametric method; hence, it is expected to perform as well as, or 

even better than, the classical regression techniques when distributional assumptions are 

not satisfied. It also allows for local models and, thus, for a more accurate function 

approximation. The MARS model is not affected by any volume of missing data, since 

it automatically introduces indicator functions for every variable that contains missing 

values. Furthermore, this method is designed to capture higher-order interactions, even 

in high-dimensional settings. However, unlike other available nonparametric methods 

that can capture complex relationships among the variables, such as the classification 

and regression tree (CART) or artificial neural networks (ANNs), MARS produce very 

simple and easy to interpret models. 

MARS performance depends on data structure, 
57

 but is generally known for 

predictive accuracy, computational speed and simplicity of interpretation. Leathwick et 

al.
58

 compared general additive models (GAM) and MARS models and highlighted the 

advantages of MARS in cases involving large data sets. MARS models are also 

parsimonious and provide more extensive predictions. Muñoz and Felicísimo
59 

used two 

different ecological data sets to compare MARS over other modeling techniques, such 

as multiple linear regression (MLR), principal component regression (PCR) and CART, 



observing that MARS performed consistently well. Using motor vehicle injury data 

consisting of 59 cases and 689 controls and with up to 3% missing values for some of 

the variables, Kuhnert et al.
60 

showed that MARS outperformed CART and MLR, in 

terms of accuracy and flexibility as a modeling tool. Haughton and Loan
61

 compared 

different statistical techniques to model vulnerability from a panel of 4,272 households. 

They showed that MARS, together with CART, were the most parsimonious models 

and were able to capture nonlinearities and interaction effects. 

The main advantage of MARS, compared with other regressions, such as the 

logistic regression, is that the MARS model is a data-driven technique. Instead of fitting 

a single regression equation for the model, MARS can generate many piecewise 

regression equations, which allow the researcher to obtain more consistent and unbiased 

estimates of the covariates. 

The main principle of MARS is based on searching for every point where linearity 

breaks. These cut-off points of the covariate, where the slope of the line changes, are 

called knots. The knot defines the end of one domain and the beginning of another. 

Between two knots, a linear (or cubic) regression line is fitted to that range of data. 

When the slope is not changing along the entire range, no knots are detected and a 

single linear regression is defined between the covariate and the dependent variable, as 

in the parametric approach. As mentioned, in MARS the data is left to reveal the 

variable knot locations, while the user need not input any specification into the model. 

Based on knots detected in the process, basis functions are defined to re-express 

the relations between the dependent variable and its covariates. Basis functions in 

MARS, which serve as independent variables, are truncated linear functions, which 

address the problem of discontinuity of recursive partitioning algorithms. To model 

basis functions, MARS uses the so-called hinge functions or hockey-stick functions, 

which take the following expression: 

k( ) ,       if X t ,

                   0,               else 

k kX t X t   
                                             (1) 

where kt  is a constant called knot.  



In contrast to additive models, MARS allows interactions up to an order specified 

by the user, and trades off the interaction order and complexity of the additive functions 

and interactions.
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 Piecewise linear functions can not only be formed from hinge 

functions, but they can be multiplied among them to form nonlinear functions. 

  



The MARS model can be written as: 

1

( )
M

i i

i

y B X


                                                      (2) 

where, iB  (i = 1,2,…,M) are the basis functions and i  are the coefficients to be 

estimated. 

MARS is a stepwise process that uses both forward and backward progressions 

for robust and unbiased parameter estimations. It starts by maximizing all possible 

effects of explanatory variables in the forward model and then removes the least 

effective functions in the backward model, using the ordinary least squares method, in 

order to minimize the so-called generalized cross validation (GCV) indicator,
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 given 

by:  
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                                              (3) 

where N is the number of observations, M is the number of basis functions in the model 

and f̂  denotes the fitted values of the current MARS model. The numerator refers to 

the common residual sum of squares (RSS), that is penalized by the denominator, which 

accounts for the increasing variance as the model complexity increases. The penalizing 

parameter ‘d’ is chosen by the user, although the conventional value is d = 4. A lower 

(higher) value of d generates a model with more (fewer) basis functions. Thus, the GCV 

can be considered as a form of regularization by trading off goodness of fit against 

model complexity. In MARS models, the RSS cannot be used for comparing models, as 

the RSS always increases as MARS terms are dropped, which means that if the RSS 

were used to compare models, the backward step of model construction would always 

choose the largest model.  

 The main disadvantage of MARS is the low prediction power with insufficient 

sample size. This is not the case in our analysis, as we have a quite big data set which 

consists of 9,000 observations. Moreover, Briand et al.
65

 mentioned that the model 

might suffer from multi-collinearities, as MARS picks-up interactions between 

http://en.wikipedia.org/wiki/Regularization_(machine_learning)


predictive variables involved in the model. The MARS methodology also has a risk of 

over fitting, because of the very exhaustive search that is conducted to identify 

nonlinearities and interactions. This drawback could be controlled by choosing the 

appropriate penalty term of the model. 

The importance of each explanatory variable is calculated as the square root of the 

GCV value of a sub-model from which all basis functions that involve this variable 

have been removed, minus the square root of the GCV value of the selected model.  

Results 

Table 1 summarizes the descriptive statistics for the individual scores of both the 

HEI-2010 and OS-HEI. For both indices the minimum for all scores is zero. The 

maximum for all components in the case of the OS-HEI is constant and equals 100, 

while in the case of HEI-2010, the maximum varies and ranges from 5, in the case of 

total vegetables, greens and beans, total fruit, whole fruit, total protein food, and 

seafood and plant protein; 10 for whole grain, dairy, fatty acids, refined grains, and 

sodium; the highest maximum of 20 assigned only for the empty calories component.  

The lowest mean score is observed for greens and beans for both indices, with a 

value of 0.94 and 18.76 for the HEI-2010 and OS-HEI respectively. While the highest 

mean score is detected for empty calories, with a value of 10.97 in the case of the HEI-

2010, the highest mean score of 76.31 corresponds to total protein food for the OS-HEI. 

Table 1 summary statistics for individual scores of HEI-2010 and OS-HEI using 

NHANES database (2007-2008) 

Index 

Components 

HEI-2010 OS-HEI 

Mean Std. 

Dev. 

Min Max Mean Std. 

Dev. 

Min Max 

Total vegetable 2.46 1.71 0 5 52.85 34.21 0 100 

Greens and 

Beans 
0.94 1.81 0 5 18.76 36.12 0 100 

Total fruit 2.49 2.12 0 5 49.83 42.47 0 100 

Whole fruit 2.14 2.29 0 5 42.96 45.81 0 100 

Whole grain 1.93 2.86 0 10 19.32 28.60 0 100 



Dairy 5.29 3.61 0 10 52.88 36.15 0 100 

Total protein 

food 
3.82 1.57 0 5 76.31 31.50 0 100 

Seafood and 

plant protein 
1.55 2.05 0 5 30.95 40.98 0 100 

Fatty acids 4.57 3.56 0 10 45.67 35.60 0 100 

Refined grains 5.25 3.64 0 10 52.52 36.39 0 100 

Sodium 5.59 3.69 0 10 55.93 36.94 0 100 

Empty Calories 10.97 6.37 0 20 54.84 31.86 0 100 

 

Table 2 shows the basis functions estimates of the MARS model, with BMI as a 

dependent variable and the 12 individual scores of the OS-HEI as explanatory variables. 

In order to keep the model as simple as possible, interactions of order 2 and a penalty 

term that equals 4 have been chosen.
1
 As explained earlier, in the backward step, the 

best model is reached by minimizing the GCV. The optimal model consisted of 14 basis 

functions beside the intercept (adjusted R
2
 = 0.09).  

Results of the MARS model seem consistent with coefficients having the 

expected sign. For instance, the first base function indicates that for those with a high 

consumption of dairy, with a very high score greater than 99.7, increasing the 

consumption of dairy products also increases the BMI index, which indicates that the 

cut-off point for dairy consumption is quite suitable for analyzing obesity prevalence. 

While for most of the participants with a dairy score of less than 99.7, an increase of the 

individual quality score of dairy consumption by 10% resulted in 0.3 reduction in the 

BMI. The total protein quality does not affect the BMI for those with a score less than 

83, while it has a positive effect on BMI for those with a higher total protein score. In 

the case of fruit, increasing the individual fruit quality index has a negative effect on 

BMI. It worth mention that while, protein consumption affects BMI in the case of high 

levels of protein consumption, fruit consumption affect BMI negatively even with low 

quantities. 

                                                
1 Higher interaction orders (3 and 4) and different penalty terms (2, 3, 5 and 6) were considered. No 

significant differences were found in terms of basis functions, knots and variable importance. 



It was observed that all components have a combined effect, resulting from their 

interaction with other diet components as well as their sole effect on obesity prevalence. 

This emphasizes the importance of taking into account the interaction between the 

different components of the index. 

It is worth mentioning that we re-estimated the same model using waist 

circumference as a dependent variable instead of BMI, with the aim of checking the 

consistency of our results using different measures of obesity. This model resulted in 

quite similar results to those of the BMI model, indicating consistency of the results, 

regardless of the way of measuring weight status.
2
 

Table 2 Parameter estimates from the MARS model 

Bases 

functions 
Coefficients Variable 

Involved 

Knot 

Value 

Variable 

Involved 

Knot 

Value 

0 22.5758 
   

 

1 -2.5663 Total Dairy 99.72   

2 0.0327 Total Dairy 99.72   

3 0.1033 Total Protein 83.08   

4 -0.0326 Total Protein 83.08   

5 -0.0256 Total Fruit 3.51   

6 0.5278 Total Fruit 3.51   

7 0.0002 Total Vegetable 10.93   

8 0.0020 Total Vegetable 10.93 Total Fruit 3.51 

9 -0.0042 Whole Fruit 5.13 Total Fruit 3.51 

10 0.0207 Whole Grain 9.73 Total Dairy 99.72 

11 0.0918 Whole Grain 9.73   

12 0.0152 Total Vegetable 0.00   

13 0.0007 SOFAAS 31.23 Total Protein 83.08 

14 0.0009 SOFAAS 31.23 Total Protein 83.08 

Underlined cells indicate Basis functions of type max (0, independent-knot),     

otherwise max (0, knot-independent) 

                                                
2 Results of this model are available upon request from the authors. 



The importance of each explanatory variable is calculated as the square root of the 

GCV value of a sub-model from which all basis functions that involve this variable 

have been removed, minus the square root of the GCV value of the selected model. 

Individual scores for dairy, total fruit, total protein and total vegetables are the most 

important in predicting the prevalence of obesity and overweight. The individual scores 

from the whole fruit, whole grains and empty calories groups also play a role in 

predicting obesity (Table 3). These results seem to be consistent with the related 

literature. Dairy has been shown to reduce risk for several chronic diseases, including 

osteoporosis, hypertension, obesity and Type 2 diabetes.
66 - 68

 Authors and experts used 

to suggest that those who are obese, or at risk of obesity, should eat more fruit and 

vegetables.
69

 The association of meat consumption with health can be described as U-

shaped – in moderate quantities it is assumed to be beneficial, but its intake should not 

be too high, as high consumption levels are considered unfavorable.
3 

Cereal products 

are not the only foods that provide dietary fiber. Moreover, the health effect of whole 

grains is not attributed to fiber alone, but also to the micronutrients, antioxidants and 

non-nutritive dietary constituents, such as phytoestrogens in wheat bran and beta-

glucans in oats
70

 – because of this, whole-grain products should be distinguished from 

refined grains in diet quality indices. 

 The other five individual scores seem to be irrelevant in predicting obesity. Some 

of these scores, such as sodium consumption, have no importance in predicting obesity 

because no direct link can be identified between sodium consumption and obesity 

prevalence. Other components have no importance in predicting obesity, although their 

consumption could affect obesity prevalence – such as refined grains, because their 

effects are overlooked by the greater effect of similar components such as whole grains. 

This highlights the fact that, in many cases, healthy foods are defined by the absence of 

problematic ingredients, such as fats, sugar, and sodium, rather than the presence of any 

beneficial nutrients they might contain.
6
 Our results suggest that more attention should 

be given to beneficial nutrients. 

 

 

 



Table 3 Variable importance for MARS model 

 

Index components Number of Basis functions Variable importance (%) 

Total Dairy 3 22 

Total Fruit 4 21 

Total Protein 4 20 

Total vegetables 3 15 

Whole Fruit 1 10 

Whole Grains 2 7 

Empty Calories 2 5 

 

 

Each individual score was multiplied by the variable importance, to get the OS-

HEI total score, which ranged from 0 to 100. Table 4 represents summary statistics for 

the total scores of the HEI-2010 and OS-HEI, BMI and waist circumference, using the 

NHANES database (2007–08). It can be observed that the mean value of the OS-HEI is 

10 points greater than the HEI-2010, which indicates that the HEI-2010 is 

underestimating the diet quality in terms of obesity. In addition, a higher standard 

deviation was observed for the OS-HEI compared with the HEI-2010, which 

emphasizes that the OS-HEI was more capable of capturing variability in intakes of 

food and nutrients regarding obesity prevalence.
3
 

Table 4 summary statistics for total scores of HEI-2010 and OS-HEI, BMI and waist 

circumference using NHANES database (2007-2008) 

Variable Mean Std. Dev. Min Max 

Total score (HEI-2010) 47.18 13.90 0 100 

Total score (OS-HEI) 53.68 18.46 0 100 

BMI 25.72 7.58 12.50 73.43 

Waist circumference 87.64 22.24 37.80 178.20 

 

 

                                                
3 Same differences in terms of both mean and standard deviation were detected using the 2009–10 

NHANES database. 



Table 5 presents weights for the different individual scores of the HEI-2010 and 

OS-HEI. It can be observed that while only four groups, which are dairy, total fruit, 

total protein and total vegetables, represent around 80% of the important components in 

the OS-HEI, these represent only 20% of the weight of the HEI-2010. On the other 

hand, the empty calories component has 20% importance in the HEI-2010 and only 5% 

in the OS-HEI. This emphasizes the importance of using MARS as an objective tool in 

weighting the different components. 

Table 5 weights for individual scores of HEI-2010 and OS-HEI 

 

Index components HEI-2010 (%) OS-HEI (%) 

1 Total vegetable 5 15 

2 Greens and Beans 5 0 

3 Total fruit 5 21 

4 Whole fruit 5 10 

5 Whole grain 10 7 

6 Dairy 10 22 

7 Total protein food 5 20 

8 Seafood and plant protein 5 0 

9 Fatty acids 10 0 

10 Refined grains 10 0 

11 Sodium 10 0 

12 Empty Calories 20 5 

 

Validation of the OS-HEI 

We validated the OS-HEI using the 2009–10 NHANES database. We then scored 

each individual’s diet using the NHANES (2009–10), to determine their HEI-2010 and 

OS-HEI scores. After that, we estimated the correlation between the BMI and waist 

circumference, as measures of obesity prevalence, and the HEI-2010 and OS-HEI as 

indices of diet quality. While no significant correlation was detected between the HEI-

2010 and the two obesity prevalence measures, a significant negative correlation of - 

0.053 and - 0.066 between the OS-HEI and BMI and waist circumference, respectively, 

indicated that increasing diet quality, as measured by the OS-HEI, by 10% could 

decrease obesity prevalence by approximately 0.5%. This low magnitude of the 



correlation coefficient is to be expected, as many other factors besides diet quality play 

a role in obesity prevalence. 

Table 6 correlation and significance estimates between obesity prevalence (BMI and 

waist circumference) and diet quality measured by HEI-2010 and OS-HEI  

Variables 

BMI Waist Circumference 

Correlation significance Correlation significance 

HEI-2010 -0.003 0.748 0.005 0.640 

OS-HEI -0.053 0.000 -0.066 0.000 

 

We then estimated a MARS model, using the HEI or OS-HEI as the predictor of 

BMI or waist circumference, to determine the correlation between the HEI or OS-HEI 

and obesity prevalence. The HEI-2010 failed in predicting the obesity prevalence, with 

an adjusted R
2
 equal to 0.000, while the OS-HEI was capable of predicting obesity 

prevalence in both cases, with an adjusted R
2
 equal to 0.01. This low value of the 

adjusted R
2 

is to be expected, as many other factors besides diet quality play a vital role 

in obesity prevalence. For instance controlling for age and gender, which are considered 

the most important determinants in obesity prevalence,
71

 increases adjusted R
2
 to 

around 0.40. This result emphasizes the importance of designing gender-specific and 

age-group-specific diet quality indices, which is one of our future research lines. 

 

 

 

 

 

 

 

 

 



Table 7 Goodness of fit estimates for the different MARS models  

Explanatory variable 

BMI Waist Circumference 

GCV 
Adjusted 

R
2
 

F value 
Adjusted 

R
2
 

HEI-2010 59.53 0.00 492.53 0.00 

OS-HEI 59.10 0.01 487.35 0.01 

OS-HEI controlling for Age and Gender 36.12 0.39 200.65 0.59 

 

Although it can be argued that total calorie intake could be used instead of the 

OS-HEI, single nutrient or food group analysis omits the synergistic nature of whole 

diet. Knowledge was shown to be a stronger predictor of overall diet quality than of any 

single nutrient or diet quality – keeping with the doctrine that there are no good or bad 

foods, only bad diets.
72

 So, measures of nutritional quality should focus on total diets 

only not on single foods or nutrients. A holistic approach would be more realistic, as 

people have diets, they do not just consume nutrients but combinations of foods. 

Furthermore, calorie labeling has been found to be inefficient in reducing food 

consumption and enhancing diet quality in many studies.
73 74

 

Moreover, we estimated the MARS model, with the 12 individual scores and total 

calorie intake, with the aim of constructing an energy-adjusted, diet quality index. 

Surprisingly, our results indicated that total calorie intake has a significant effect on 

obesity prevalence, while empty calories become insignificant. In addition, the 

importance of total calories in this model and that of the empty calorie in the former are 

quite similar, which indicates that empty calorie component is capturing the total calorie 

intake of individuals. To keep our OS-HEI comparable with the HEI-2010, we decided 

not to include the total calorie intake in our model, as its effect is already reflected by 

the empty calories component.
4
 

                                                
4 Results of this model are available from the author upon request. 



Concluding remarks 

In this paper, we have described how we have developed a new OS-HEI. Data 

from the NHANES data set for the year 2007–08 was used for the development of our 

new index, and the NHANES data set for the year 2009–10 was used to validate the 

index and evaluate its ability to predict the effect of diet quality on obesity prevalence. 

In order to avoid the shortcomings of previous diet quality indices, we followed a semi-

empirical approach, using the MARS to develop the OS-HEI and avoid subjectivity in 

choosing food groups included in the index, their weightings and cut-off points. A high 

association was found between the new OS-HEI and obesity prevalence. Moreover, our 

new OS-HEI notably outperformed the HEI-2010 and total calories consumed in 

predicting obesity prevalence. While the HEI-2010 includes 12 components, the OS-

HEI includes only seven components, as seafood and plant protein, fatty acids, refined 

grains and sodium were assumed not to have an effect on obesity prevalence. While the 

weighting of food groups in the HEI-2010 equals 5, 10 or 20, food group weightings in 

the OS-HEI ranged from 5% for empty calories to 22% for dairy. This study has 

provided an initial look at the development and validation of disease- and obesity-

specific diet quality indices, offering an OS-HEI capable of predicting obesity 

prevalence. Moreover, it provides a flexible methodological framework to develop other 

disease-specific diet quality indices, avoiding subjectivity in doing so. The capability of 

the OS-HEI in predicting obesity increased significantly by also considering age and 

gender – this raised the need to develop gender- and age-group-specific healthy-eating 

indices, especially in the case of obesity. 
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