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Macronutrient balances and body mass index: a new
insight using compositional data analysis with a total at
various quantile orders

Abstract

The impact of food consumption on diseases is complex due to the confounding effects between
macronutrients on a diet. We are interested in the impact of both the volume and the proportions
of macronutrients on body mass index. We develop a compositional regression model with a total at
various quantile orders. Then we compute the elasticities of BMI with respect to each macronutrient.
Our methodology is applied to Vietnamese adults from 18 to 60 years of age. The results first reveal
significant impacts of some socio—economics factors, such as the total as geometric mean, age,
gender, job type, no drinking status and geographical region. All elasticities of BMI with respect to

each macronutrient increase as BMI increases until a threshold (BMI=20) and then remain stable.

Keywords: Macronutrient balances, Body mass index (BMI), a compositional regression model

with a total, quantile regression, semi-elasticity.

1 Introduction

The Nutrition transition has occurred in both developing countries and developed countries (Popkin
(2006)). There is an increase of the double burden of malnutrition characterized by the coexistence
of undernutrition along with overweight and obesity, called diet-related noncommunicable diseases
(WHO, 2016). The World Health Organization (WHO, 2018) declares that “the fundamental cause
of obesity is an energy imbalance between calories consumed and calories expended”. Researchers
from several disciplines have focused on the relationship between diet composition and disease (see

some review in Hooper et al., 2001; Riera-Crichton and Tefft, 2014; Hall et al., 2011; Albar et al.,



2014). These findings remain controversial due to the complex associations between total energy
intake, physical activity, body size and the prevalence of disease and due to limitations of the datasets.

Total energy intake consists of macronutrient and micronutrient and each specific nutrient is
correlated with the total energy intake: i.e each nutrient provides directly a part of the energy
intake. A person who has a larger total energy intake also consumes larger volumes of all specific
nutrients, on average. In addition, the contribution of each macronutrient in a total energy intake
(measured by kcal) may have a different effect. Several empirical studies show the impact of a diet
with the same amount of caloric content but different compositions of macronutrients on health (for
example, Camacho and Ruppel, 2017). In the US, "Dietary Guidelines for Americans”, issued by the
US Department of Agriculture and the US Department of Health, Education and Welfare (now the
Department of Health and Human Services) in 1980, recommended a reduction in the consumption
of the share of total macronutrients attributable to fat and saturated fat, and a reduction in the
absolute consumption of cholesterol. To compensate, the guidelines recommended increasing the
share (in grams) of carbohydrates in the total consumption of calories because carbohydrates contain
less than half the number of calories per ounce than fats (Cohen et al., 2015).

From a mathematical perspective, to control confounding in epidemiologic analysis, Wacholder
et al. (1994), Willett et al. (1997), Trichopoulou et al. (2002), and Randi et al. (2007) have discussed
various methods of adjustment for total energy intake, such as: nutrient density model, standard
multivariate model, nutrient residual (energy-adjusted) model, partition regression. However, “the
specific effects of individual macronutrients and the generic effect of energy cannot be disentangled
by multivariate analysis" (Wacholder et al., 1994). All of the above regression models still fail to
solve the comprehensive effect of total energy from that of each component of energy, i.e protein, fat,
and carbohydrate. We recall the compositional nature of the dietary intake in Kcal, i.e total energy =
energy from protein + energy from fat + energy from carbohydrate. Thus the four variables: total
energy, energy from protein, energy from fat and energy from carbohydrate are perfectly linearly

related. Recently, Leite (2016), Dumuid et al. (2017) and Trinh et al. (2018) propose to use a



compositional data approach (CoDa) to analyze dietary data and show its advantages over the usual
methods. Leite and Prinelli (2017) has applied this approach to analyze the associations between
macronutrient balances and diseases. This study, conducted in 1992-1993 from the database of
the Italian Bollate Eye study, focuses on adults of between 40 and 70 years of age. The authors
discuss a diet which consists of three macronutrients and then go into further detail by widening the
composition, including now: saturated versus unsaturated fats.

Our empirical study focuses on Vietnam. This country has experienced a strong economic de-
velopment after Doi Moi reforms in the 1980s. Now, Vietnam is a lower middle-income country.
Due to an increase in income and changes in other socioeconomic characteristics, there is an in-
crease in per capita calorie intake (Trinh et al., 2017). In addition, the Vietnamese diet patterns
have also changed with a larger proportion of animal source, fat and protein intake (Nguyen and
Popkin, 2004; Trinh et al., 2018). However, Vietnam still faces the double burden of malnutrition
as many developed countries. According the the United Nations, Vietnam ranks always among the
thirty-six countries with the highest stunting rates in the world. Among Vietnamese 18-65 years
old, the prevalence of overweight and obesity increased from 2.0% in 1992 to 5.2% in 2002 using a
national survey (Tuan et al., 2008). Similarly, Nguyen and Hoang (2018) show that the prevalence
of overweight and obesity increased from 2.3% in 1993 to 15% in 2015 in the same age group. The
figures in urban sites are much higher than in rural sites. Cuong et al. (2007) show that 26.2% (resp.
6.4%) of adults living in the urban area of Ho Chi Minh City! were already considered as overweight
(resp. obese) in 2004. Prevalence of obese among children under 5 has increased much faster than
among adults. In the 2000-2010 period, the prevalence of overweight and obesity increased from
0.6% (resp. 0.9%, 0.5%) to 5.6% in the whole country (resp. in urban areas, in rural ones). In
2011, 14% of children (resp. 8.6%, 4.4% ) in Vietnam under 5 were still stunted (resp. underweight,
thin). In addition, both figures for children under 5 are higher in big cities (Huynh et al., 2007).

This paper contributes to the literature by focusing on the impact of the macronutrient diet and

!This is the biggest city in Vietnam



socio-economics characteristics, such as age, gender, job, and living location, on the body mass index
(BMI) of 18-65 years old adults by using the 2009 - 2010 wave of the General Nutrition Survey in

Vietnam. We contribute to the literature in various ways:

e We apply CoDa regression with a total variable to take into account both the relative impor-

tance of each macronutrient in the whole diet and total energy.

e We perform regression both for the average BMI to obtain a general relationship and for the
15% and 90% conditional quantiles of BMI in order to be more precise for vulnerable groups.
These limits correspond to underweight and overweight thresholds in the marginal distribution

of BMIL.

e We adapt semi-elasticity computations in the above two regression models to obtain a direct

interpretation of a change of the volume of a given macronutrient on BMI.

2 Descriptive analysis of the nutrition issue of adults aged

18-60 years old in Vietnam using compositional data analysis

We use the General Nutrition Survey 2009 - 2010 in Vietnam which was conducted by the Vietnam
National Institute of Nutrition (NIN) (National Institute of Nutrition, 2010). This cross-sectional
survey is representative of the Vietnamese population and has been conducted every ten years since
1981. Household dietary intake is based on a 24-hour dietary recall. Food categories in quantities are
converted into calorie intake and grams using the Food composition table for Vietnam in 2007. We
use the average daily intake of households. In this survey, we only focus on adults between 18 to 60
years of age. Diet intake can be divided according to macronutrient sources. From a macronutrient
component perspective in terms of Kcal, we divide the diet intake into three macronutrients: protein
(P), fat (F) and carbohydrates (C'). From a macronutrient component perspective in term of

grams, we divide the diet intake into four macronutrients: protein (P), fat (F'), carbohydrate (C)



and fiber? (F'i). Table 1 displays some summary descriptive statistics of the Vietnamese diets and
their macronutrient intakes. In terms of kcal, the average per capita calorie intake (PCCI) is 1923.9
Kcal: note that this number follows the recommendation of NIN3. In terms of grams, per capita per
day food intake is around 440 grams. In addition, the volumes of fiber are quite small compared to
other macronutrients (6 (g) per person per day and it only accounts for 1.4% of total diet intake).
The average total number of fiber grams is lower than in the recommendation but this number is
reasonable in Vietnam due to the fact that there is only a small quantity of fiber in ordinary polished

rice — the most common rice in Vietnamese meals?.

Table 1: Descriptive statistics of Vietnamese diets and their macronutrients composition

Variable Description Value
N Number of observations 15035
PCCI Per capita calorie intake (Kcal) 1923.9 ( 501.8)
PCClIg Per capita per day food intake (gram) 440 (1146)
Vp Volume of calorie obtained from protein (Kcal) 318.5 (98.7)
Vi Volume of calorie obtained from fat (Kcal) 3384 (177.1)
Vo Volume of calorie obtained from carbohydrate (Kcal) 1267 ( 369.7 )
Sp Share of calorie obtained from Protein (%) 16.7 (3.5)
Sp Share of calorie obtained from Fat (%) 17.4 (7.5)
Sc Share of calorie obtained from Carbohydrate (%) 65.9 (8.8)
Vgp Volume of intake per day from protein (gram) 79.6 (24.7)
Vgr Volume of intake per day from fat (gram) 37.6 (19.7)
Vygo Volume of intake per day from carbohydrate (gram) 316.8 (92.4)
Vap; Volume of intake per day from fiber (gram) 6(3.1)
Sgp Share of intake per day from protein (gram) 183 (4.1)
Sgr Share of intake per day from fat (gram) 8.6 (4.2)
Sgc Share of intake per day from carbohydrate (gram) 717 (7)
Sgr; Share of intake per day from fiber (gram) 1.4(0.6)

Standard errors are in parenthesis

Figure 1 shows the prevalence of obesity and underweight in 2010 in Vietnam, based on the cut-off
of BMI classification of World Health Organization®. 16% of Vietnamese adults are underweight and
about 7% are overweight. These figures are less than in developed countries but they are increasing
every year.

Figure 2 reports the ratios of macronutrient intakes expressed in logarithm, or log ratios for both
Kcal and grams measurements. The first figure shows log ratios when macronutrient are measured

in Kcal. The median of the two boxplots of log ratio log(g—g) and log ratio log(g—g) are negative.

2Fiber do not provide any calories.

3A household with energy intake below 1800 Kcal will be considered as a low energy intake.

*Ordinary polished rice has 0.4g Fiber per 100g.

®Body Mass Index (BMl)is defined as the weight in kilograms divided by the square of the height in meters (kg/m?).
According to WHO (2004), people with a BMI less than 18.49 are underweight. The normal range of BMI is 18.50 - 24.99.
People with a BMI larger than 25 are overweight. In addition, people are obese if BMI is larger than 30



Figure 1: Prevalence of obesity and underweight in Vietnam - 2010.
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Carbohydrates represent the largest source of calories in the Vietnamese diet. Although having

similar median values, the log ratio log(g—g) exhibits more variation than the log ratio log(g—g).
The boxplot in the middle shows that the median value of log ratio log(g—ﬁ) is close to zero and

that its distribution seems symmetric around zero. The right figure shows the log ratios of the four
macronutrients when they are measured in grams. In the left figure, the median log ratios between
protein, fat versus carbohydrate, i.e log(ﬁ%) and log(ﬁ%) are always negative but their absolute
values are larger than when we measure macronutrient intakes in Kcal. The shares of fiber are very

small compared to other macronutrients shares.

Figure 2: Boxplots of macronutrients log shares ratios.
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Recently, Ministry of Health (2012) has issued recommendations on the ideal balanced diet for the
Vietnamese population (in Kcal), namely (Protein:Fat:Carbohydrate = 14% : 18% : 68%). A ternary
diagram can be used to plot this ideal diet and compare it with the observed center point of the

sample. A ternary diagram is the adequate representation of shares data, incorporating information



that these shares sum to one. The left panel of Figure 3 shows the scatterplot of the observed
vectors of shares and the three center points for the whole population and for the two vulnerable
groups: obese and underweight, respectively. Ellipses are added to show where half of the population
is located around these center points in the simplex (Mahalanobis distance level curves). The same
is done for the ideal balanced diet. The right panel of Figure 3 is simply a transformation of the
previous one using ilr coordinates. Its lecture is easier as data are projected onto a plane (Van den
Boogaart, K. G. and Tolosana-Delgado, R., 2013), but the interpretation stays the same whatever
representation of the data we use. .. In our data, the center point is not far from the ideal point. The
line passing through the two center points for underweight and obese groups is parallel to the edge
Sc—SE of the triangle which means that underweight and obese groups have a similar proportion of
protein. However, the diets of the obese group has a larger fat share (similarly, smaller carbohydrate
share) than the underweight group.

Figu re 3: Plotof centers diets of the whole population, of he overweight people and of the obese people compared to the “ideal”
diet balance (Sp=14%,5r=18%,5-=68%) in a ternary diagram in the simplex and in ILR coordinates.
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Covariance biplots in Figure 4 show a comprehensive compositional exploratory analysis of the
three macronutrient shares (in Kcal) and of the four macronutrient shares (in grams). The left biplot
has a 3—part composition, the biplot explains 100% of the variance. The three components protein,
fat, and carbohydrate are very long and they point towards different directions (making angles of

approximately 90° to 120°). The log-ratio corresponding to the longest link is that of Fat versus



Carbohydrate. The right biplot has a 4-part components, i.e adding share of fiber. Three group links
(P, F, Fi) points towards different directions as in the left biplot. In the above descriptive statistics
of fiber, we see the small amount of fiber in the diet. But the three group links (P, F, Fi) indicate
that the fiber share, although small, is very important in the diet.

The Other protein (OP) and Carbohydrate (C)links appear to be close to each other, thus revea-

ling possibly a collinearity between (OP) and (C). The sets of rays: protein—fat and carbohydrate—

fiber appear to be orthogonal, thus revealing two possibly uncorrelated log ratios, i.e log(g%) and
Sgri
log(ﬁ).

Figure 4: Covariance biplot of a principal component analysis of the macronutrient shares for each year.
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3 A compositional data perspective on studying the associ-

ations between macronutrient balances and BMI

3.1 A total as geometric mean as an determinant of obesity

As suggested byPawlowsky-Glahn et al. (2015), Coenders et al. (2017), Ferrer-Rosell and Coenders

(2017), we use a total variable defined as the geometric mean of macronutrients volumes. This total



corresponds to an average value in the space of the logarithm of absolute volumes values. The choice
of logarithm in this total has some advantages: (1) it naturally converts an absolute positive value
to a value belonging to R, (2) it allows interpreting regression coefficients using the link between
coefficients and elasticities (in economics studies) or odd ratios (epidemiologic studies).

We use the following two total variables as geometric means denoted by T (resp. Tg) when

macronutrients are measured in Kcal (resp. in grams).

InT = —[In(Vp) + In(Ve) + In(Vr)]

1

3
1

InTg= Z[ln(Vgp) +In(Vge) + In(Vgr) + In(Vgp;)]

Table 2 shows the descriptive statistics of these two totals. In terms of Kca, the average of
this geometric mean is equal to 497.5 Kcal. This number is smaller than one third of PCCI, i.e
19239 — 641.3 Kcal. The difference between T' and £SL is due to the logarithm. Similarly, an
average of T'g of macronutrients in grams is 46.8 (g). This number is smaller than one fourth of
PCClIg, i.e 4% =110 (g).

Table 2: Descriptive statistics for the total variables

Variable | Description Average value
T Total in kcal | 497.5 ( 149.2)
Tg Total in gram | 46.8 ( 14.1)

Figure 5 shows a scatterplot of BMI and the total variable, together with a semi-parametric
regression curve (Wood, 2017). There figures show a potential non-linear relationship between BMI
and totals. In both figures, at the beginning of the range of totals, BMI indicators increase as totals
increase. Then, when totals exceeeds a threshold, say 600Kcal and 55 grams, BMI tends to remain

constant.
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Figure 5: BMI indicator as a function of total
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3.2 Various regression models with compositional predictor and a total

Compositional data describe parts of a whole and, consequently, convey only relative information. A
model has been proposed in the so-called CODA (compositional data analysis) literature, which is
the standard method of statistic to deal with a positive vector which carries only relative information
(Aitchison, 1986; Pawlowsky-Glahn and Buccianti, 2011; Pawlowsky-Glahn et al., 2015). In our
approach, we are interested in the BMI indicator, denoted by Y;, ¥; € R)Y; > 0 and several
explanatory variables. Among the explanatory variables, we will include the macronutrient shares of
a diet. Due to the constant sum of the fitted components (equal to 1 here), classical regression
models cannot be used directly. For example, the three macronutrient shares (in Kcal) (Sp, Sk, Sc)
have the following constraint Sp + Sc 4+ Sc = 1. Each vector of shares (Sp, Sk, Sc) belongs to the
simplex S3. To overcome this difficulty, shares are transformed, using an isometric log-ratio (ILR)
transformation (Egozcue and Pawlowsky-Glahn, 2003). We will illustrate our strategy in the case
of three macronutrient shares, a similar strategy will be applied in the case of four macronutrient

shares (in grams). For three components in the simplex, the llr transformation transforms them into

11



two isometric log ratios (Ilr) coordinates Iir1 and Ilr2 that vary in R.® Importantly, coefficients of

compositional regression in simplex are invariant to the choice of sequential binary partition.

2 Se \/T Sp
Ilrl =/ =log————, Ilr2 =\/—=log—
" \/;Ogm’ " 2995,

Using the ilr coordinates, a linear compositional model can be formulates to estimate the impact

of some explanatory variables Z; and (Sp, Sr, Sc) on the average of the outcome variable Y;
E(Y;) = a+ BIlrl + yIlr2 + a.Z; (EC)

where E(Y;) denotes the expectation of the conditional distribution of Y; given the covariates. Here,
Z includes several explanatory variables described in Table 7. They are total expenditure per week
(ExpWeek), age, gender, ethnicity, education levels, job (farmer or non-farmer), plain, drinking beer
status, smooking status.

The coefficients of model (EC) are estimated using ordinary least squares. Examples of applica-
tions of these models in social sciences can be found in Muller et al. (2016), Leite (2016), Leite and
Prinelli (2017).

The above compositional model ignores the information about total abundance of all components
while focusing only on relative information between shares. In this epidemiologic study, the totals, i.e
per capita calorie intake or per capita per day food intake, are also important due to their impact on
BMI. Then, we adapt a compositional model including these totals, initially proposed by Pawlowsky-
Glahn et al. (2015) and Coenders et al. (2017), called the T—space model. In this T—-space model,
the total is defined as in the previous subsection such that its logarithm equals to the geometric
mean of the volumes.

We can then formulate a compositional model with the two ilr coordinates together with a total

%The lIr coordinates we are using here are based on a sequential binary partition: Carbohydrate vs protein and fat, fat vs
protein. We can apply alternative sequential binary partitions, such as protein vs fat and carbohydrate, fat vs carbohydrate

12



E(Y;) = o+ BIIrl + ~IIr2 + T8 + a.Z; (EF)

In addition, the classical linear model explaining Y with the total only is nested in model (E'F)
and can be used to estimate the impact of the total on the outcome variable Y. Thus, our “total

only” regression model will be

E(Y;) =a+Ti.0+ a.Z; (ET)

Finally, model (EC'), (EF') and (ET') can be extended to the quantile regression framework, as in
Koenker and Hallock (2001). Here, we are interested in the estimation of the impact of explanatory

variables Z; and (Sp, Sr, Sc) on the 7' conditional quantile of the outcome variable Y;, so that

we write
Q- (Y;) = ay + B,CIIrl + ~,Cilr2 + a.Z; (QO)
Q. (Y;) = oy + B,CIlrl + 4, Cilr2 + T;.6 + a.Z; (QF)
Q) =a,+Ti.04+a.Z; (QT)

where Q. denotes a 7— quantile level of Y; given the explanatory variables. The interpretation of the
coefficients in the three quantile models are similar to that in the classical regression models (EC),
(EF) and (ET).

To obtain a comprehensive and complex impact of diet pattern on BMI, the above models are
also applied to the case of four shares Sgr, Sgp, Sgc, Sgr;-

Figure 8 shows the density of log(BM1I) which has a shape similar to a normal density. This
figure supports our choice of using log(BM1T) as an outcome variable and shows that its distribution

is approximately gaussian. To decide which quantile order to focus on, we use the cut-off for

13



underweight (BMI is less than 18.5) and for overweight (BMI is larger than 25) which are based on
BMI Asian populations (WHO, 2004). We then fit quantile regression at 15% quantile and 90%
quantile levels of the marginal distribution of BMI. Table 3 shows all potential regression models
at various quantile orders. To choose among these various models, we use an analysis of variance
table (resp. an analysis of deviance table) comparing conditional mean linear models (resp. quantile
regression (Koenker and Bassett, 1982). Table 4 shows the corresponding F—value and significance
levels of the tests. For all these various models defined at mean or or for quantiles, results show that
the full model is always preferred. This strategy is similar to Coenders et al. (2017) when choosing
among alternative compositional models.

Muller et al. (2016), Leite (2016), Leite and Prinelli (2017) gives interpretation of the coeffi-
cients of the llr coordinates. We will rather adopt the same kind of interpretation as Morais et al.
(2018) and adapting it to our case, i.e. using semi-elasticities in the next subsection to have direct
interpretation of the impact of each macronutrient. Table 5 shows the coefficients of (traditional,

non-compositional) explanatory variables’ for both two kinds of food intake measures.

"These coefficients are dependent on the choice of llr coordinates.

14
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Table 5: Multiple linear regression analysis of the relationship between the first ilr coordinate and the
total as geometric mean and BMI.

Regressors Macronutrient in Kcal Macronutrient in grams

* 1 =0.15 Mean T=09 [ 7=0.15 Mean T=0.9
(Intercept) 1.19%** 1.502%** 2.000*** l 1.154%%* 1.512%** 2.057%**
A total as geometric mean
T | 0.01%*x 0.1%*% 0.01** | 0.1%** 0.1%%* 0.1**
Age
log(Age) 0.935%** 0.797*** 0.58%** 0.954%** 0.797*** 0.551%**
|0g2(Age) -0.125%** -0.102%** -0.068*** -0.128%** -0.102%** -0.064***
Expenditure per week
log(EXP) | 10°° 0.001* 0.002 | 0.0002 0.002* 0.002.
Gender
Female | -0.019%xx -0.017*** -0.011% | -0.019%**  _0.018*** -0.011*
Ethnicity
Kinh | -0.009* -0.016%**  -0.023*** | 0008, -0.015***  -0.024***

Education levels

Secondary school 0.003 -0.005* -0.01* 0.003 -0.005* -0.011*
High school 0.006 0 -0.005 0.006 0 -0.006
Univeristy 0.006 -0.002 -0.009 0.006 -0.003 -0.01
Job

Non—-Farmer ‘ 0.015%** 0.019%** 0.023%** ‘ 0.015%** 0.019%** 0.023%**
Smoking status

Non smoker | 0.015%*x 0.018%** 0.017** | 0.015%** 0.018*** 0.016***
Drinking beer status

1-4 times per months -0.005 0.002 0.004 -0.004 0.002 0.003
(no drinking) -0.019%** -0.009%* -0.003 -0.019%** -0.009%** -0.003
Coastline 0.005 0.005 0 0.006 0.006. 0.001
Geographical region

Midlands-mountainous 0.005 -0.015%* -0.034* 0.006 -0.015%* -0.031*
Low mountains 0.015%** -0.002 -0.020%** 0.015%** -0.002 -0.0209%**
High mountains 0.023%** -0.002 -0.033%** 0.023%** -0.003 -0.034%**

The coefficients of T are multiplied by 1000.
Note: ., *, **, and ™ mean significant at 10%, 5%, 1% and 0.1%, respectively

The interpretation of Table 5 is as follows

e For both measures (in Kcal and grams), the coefficients of totals as geometric mean are

significant positive in all regression models.

e The logarithm of age is significant and positive and the square of the logarithm of age is
significant and negative, i.e BMI increases as age increases, then after a given threshold, BMI
tends to decrease.® For example, in terms of macronutrients in Kcal, the thresholds at 15%
quantile, mean and 90% quantile are 42.1, 49.7 and 71.1 years old. It is quite interesting that

the threshold of the obese group is the highest number.

e The coefficients of the logarithm of expenditure are all positive but significant only for the

conditional mean regression.

e When gender takes the female level, its coefficient is significant and negative. It means that

women tend to have a lower BMI than men conditionally on other characteristics.

8When we interpret the coefficients of Age, we assume that all other variables remain constant. Then, the peak of Age

is equal to exp( _;*la2) where al and a2 are coefficients of log(Age) and log®(Age).
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e In comparison to minority level of ethnicity, the coefficient of the Kinh ethnicity level is signi-
ficant and negative. It means that the Kinh people have a higher BMI indicator than minority

people on average conditional on other characteristics.

e The coefficients of secondary school levels are significant and negative at the mean and at the

90% quantile level. All coefficients of other education levels are insignificant.

e The coefficients of the non-farmers job level are significant and positive. Then, on average,
non—farmers tend to have higher BMI than farmers at all regression levels conditional on
other characteristics. These results are reasonable since in this study, job type, i.e farmers or
non—farmers, plays the role of activities levels. People who have more intensive activities will

consume more energy.

e About the drinking beer status, it is interesting that the coefficient of the non-drinking beer
people is significant and negative. Then, on average, non—drinking people have smaller BMI

than drinking people conditional on other characteristics.

e The coefficients of geographical regions have various signs (positive and negative, significant
or insignificant). These mixed effects are due to the fact that there is a confounding effect

between the impact of the regions and that of the other characteristics.

3.3 Elasticities computation in these compositional models

In order to interpret the share regression models, Morais et al. (2018) suggest to use elasticities to
overcome complex interpretations of the parameters in ILR coordinates regressions. These elaticities
are similar to odds ratios which are popular in medical research. The elasticity quantifies the relative
variation of an outcome variable due to the relative variation of an explanatory variable, measured in
percentage. We adapt the elasticity calculation of Morais et al. (2018) to the case of our preferred
model, i.e a the compositional model with a total. In our case, since the dependent variable is not

a composition, the adapted tool is a semi-elasticity but since our ourcome is the log of BMI, the

17



semi elasticity of the outcome corresponds to the elasticity of BMI. The mathematical computation
of the semi-elasticities are given in the Appendix 5. We also prove that these elasticity formulas are
invariant to the choice of ilr coordinates. In the case of three macronutrient shares (in Kcal), the

elastiscity of BMI with respect to the volumes of macronutrients are given by:°

olnVe "V3 37 olmVp 6 6 3 onVp V6 6 3
and
oY
8lnT_5

Table 6 displays the average elasticities of BMI with respect to macronutrients at various quantile

orders and for both units: Kcal and grams. Results indicate that
e The elasticities of BMI with respect to carbohydrate are always negative.
e Positive semi-elasticities are associated to fat, protein and fiber.
e Generally, BMI is more elastic to protein.

Table 6: Average elasticities of BMI with respect to macronutrients at various quantile orders

Macronutrient Macronutrient in Kcal Macronutrient in Kcal

7 =0.15 Mean 7=09 | 7=0.15 Mean 7=0.9
Carbohydrate -0.003 -0.011 -0.012 -0.006 -0.014 -0.016
Fat 0.005 0.005 0.003 0.004 0.004 0.004
Protein 0.020 0.024 0.030 0.020 0.021 0.025
Fiber 0.006 0.008 0.006

Figure 6 and 7 show the average elasticities as a function of BMI for all macronutrients in the two
units obtained by smoothing the scatterplot of elasticity as a function of BMI. Average elasticities
of BMI with respect to all macronutrients in both units increase rapidly with BMI and then become
stable after a threshold around BMI = 20, meaning that individuals with a low BMI are more affected

by the composition of their nutrition.

9These formulas are based on sequential binary partitions: Carbohydrate vs protein and fat, protein vs fat.
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Figure 6: Elasticity (in Kcal) as function of BMI.
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Figure 7: Elasticity (in grams) as function of BMI.
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4 Conclusion

This article focuses on the relationship between food consumption and the BMI indicator. This is
an important issue since there is a close link between eating habits and the occurrence of chronic
diseases. These topics are currently analyzed by many multi-disciplinary researchers but the findings
remain controversial due to the complex associations between total energy intake, physical activity

and the metabolism of each person.
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There are many different approaches to find the relationship between the BMI indicator and the
diet intake in epidemiologic analysis. However, the current models in the literature fail to disentangle
the comprehensive effect of total energy from that of each component of energy. Our proposal is
based on the compositional data approach (CoDa). There are only few empirical epidemiologic
studies using the CoDa approach, such as Leite (2016), Dumuid et al. (2017) and Trinh et al.
(2018). This advanced methodology has much to bring to epidemiology.

We propose to estimate various regression models: compositional models, total only models and
compositional models with a total. We use geometric mean of macronutrient shares as total, as
a determinant variable of the BMI indicator. These models are estimated at the conditional mean
and two quantile orders: 15% quantile regression (corresponding to the underweight cut—off), and
90% quantile regression (corresponding to the overweight cut—off). Macronutrients are measured in
two different units: Kcal and grams. From an analysis of variance comparing alternative models,
we conclude that the full model, i.e compositional model with a total, is preferred whatever the
conditional mean or quantile regressions.

Average elasticity values increase as BMI increases until a threshold (BMI = 20). Some of
these results could be due to confounding effects. Protein could be acting as a proxy for unhealthy
behaviors: individuals who consume higher amounts of protein may be wealthier, less active, smoke
more, and consume more processed foods, sugar-sweetened beverages, and total energy than indi-
viduals who consume lower amounts of protein. It is impossible to account for all of the potential

confounders (i.e., unhealthy behaviors) using the available dataset.
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5 Appendix: Marginal effect and elasticity calculus on ILR

We are going to demonstrate how to compute the semi—elasticities of the dependent variable Y

relative to an explanatory variable X;, using compositional models. The demonstration is made

for a CODA model with a compositional explanatory variable and a real valued dependent variable.

These semi-elasticities calculations are valid for both linear regression and quantile regression.
Consider for D = 3, the ILR transformation defined by the transformation matrix:

20
- 1 a1
W v (1)
V6 V2

Let us remind that X* =ilr(X) = V'In(X), i.e

2 1 1
XT = \/;lnXl — 7111X2 — 7111X3

V6 V6
X5 = ilnX - ilnX
2 — \/ﬁ 2 \/5 3
We define the total as
1
T = e:cp(g [ln(Vl) + In(Va) + ln(Vg)]) (2)

1
InT = 3 [In(V1) + In(V2) + In(V3)]
where Vi, Vs, Vs are the three volumes of macronutrients. Then,

T 9T 9T T ar T or T

avi  omT av; 3V, 9Vh 3V, 9Vy 3V

We define the following transformations

FT : (‘/1,‘/2, VE;)/ — (il?“l,ilTQ,T)/
M : (ilry,ilre, T) — Y = M(ilry,ilry, T) = a + Bilry + vilre + 6T,

whether M = E(ilry,ilre, T) is a mean level or M = Q, (ilry,ilry, T'), 7 is a quantile level.
We are going to use the following property of Jacobian matrices: J = Jy Jp,..

21 _ 11 _ 11
sV 1 61 2 \{6 ‘{3
Tre=1 0 5y —5n (3)
T T ol
3V 3Vs 3V3
and
Y oY oY
Iu = [dv* oV T] =[8 v ¢ (4)
Then
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We are now going to demonstrate that the semi—elasticities are invariant to the choices of the
transformation matrix. In addition, the demonstration is made in a general case, i.e with D compo-
nents. Assume V has D components, i.e V = (V1, V4, ..., Vp). Assume there are two tranformation
matrices V2 and VB, the corresponding llr coordinates are

;]

In V5
Iirt = (Ilrf, ...,Ilréfl) = [VA] (D_l)xD[an]Dxl = [VA](D—l)XD n

_ln VD_

and _ -
InV;

1P = (1P, 1)) = [VE] I V]pxi = [VF] e

(D-1)xD (D—1)xD

_ln VD_
A total as geometric mean of V is

1
InT = B(anl +InVs+...+1InVp).

Then, given that there are two ways to construct llr coordinates, there are two regression models:

D—-1
Y=o+ > B rt + 64T + ¢ = o + (885 _1] [VA](Dil)XD[ln V]px1 + 64T + €4 (5)
j=1

D—1
Y =af + Z ﬁjBIlTB +6BT 48 =aP +[ﬁlB"'Bgfl][VB](D_UXD[IHV]DXI + 68T 4+ P (6)
j=1

Models (5) and (6) are estimated by the ordinary least squares method. They have the same
dependent variable, i.e Y and the same explanatory variables, i.e InV1,In V5, ...,In Vp and T Then,
the corresponding coefficients estimated from the two models must be equal. Thus we have

§h=0"=6 and [B} .. Bp VY] piyyp =180 o BBV piiup (D

In addition, we define the following transformations
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FA:(Vi,..,Vp) — (lr, .. ilrs |, T)

D—-1

MA (il il TY Y = MAGr], ity T) = o+ 3 g + 64T,

j=1

and
EB:(Vi,...,Vp) — (ilrB, .. ilrB_, T

D—1

ME (P i TY Y = MP P B T) = aP + > PP 4 6P,

j=1

then, we have

JY=Tyadps I8 = JysJps
In detail
Jua = (81 . Bpoy 8] Jus=1[80 .. Bp_y 9
VA(D—I)XD:| 1 F/B(D—DXD] 1
Jpa = - Jp = =
=[G o = 0]
Then, N
VA 1
pett o st AL B,
X
and
VB 5 1
JB:[ﬁlB IBg_l 6]|: [(EDL?;D} [V:|D><1

The semi-elasticity computed from the two different sets of llr coordinates are

)% oA A VA b-1)xD
[aan}Dxl - [51 ﬁD71 6] |: [%]1><D :|
)% _ [aB B VE(p_1)xD
[8an}D><1 N [ﬂl + P 5] [ %]1><D ]

V}Dxl

Applying the results of equation (7), we infer that the calculation of the semi-elasticity is invariant

to the choices of transformation matrix V2 p_1),p and VB p_1), p.
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