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Yan Yang
EFFECT OF SUGAR-SWEETENED BEVERAGE CONSUMPTION ON
CHILDHOOD OBESITY — CAUSAL EVIDENCE

Communities and States are increasingly targeting the consumption of sugar-
sweetened beverages (SSBs), especially soda, in their efforts to curb childhood obesity.
However, the empirical evidence based on which policy makers design the relevant policies
is not causally interpretable. In the present study, we suggest a modeling framework that
can be used for making causal estimation and inference in the context of childhood obesity.
This modeling framework is built upon the two-stage residual inclusion (2SRI)
instrumental variables method and have two levels — level one models children’s lifestyle
choices and level two models children’s energy balance which is assumed to be dependent
on their lifestyle behaviors.

We start with a simplified version of the model that includes only one policy, one
lifestyle, one energy balance, and one observable control variable. We then extend this
simple version to be a general one that accommodates multiple policy and lifestyle
variables. The two versions of the model are 1) first estimated via the nonlinear least square
(NLS) method (henceforth NLS-based 2SRI); and 2) then estimated via the maximum
likelihood estimation (MLE) method (henceforth MLE-based 2SRI). Using simulated data,
we show that 1) our proposed 2SRI method outperforms the conventional method that
ignores the inherent nonlinearity [the linear instrumental variables (LIV) method] or the
potential endogeneity [the nonlinear regression (NR) method] in obtaining the relevant
estimators; and 2) the MLE-based 2SRI provides more efficient estimators (also consistent)

compared to the NLS-based one. Real data analysis is conducted to illustrate the



implementation of 2SRI method in practice using both NLS and MLE methods. However,
due to data limitation, we are not able to draw any inference regarding the impacts of
lifestyle, specifically SSB consumption, on childhood obesity. We are in the process of
getting better data and, after doing so, we will replicate and extend the analyses conducted
here. These analyses, we believe, will produce causally interpretable evidence of the effects
of SSB consumption and other lifestyle choices on childhood obesity. The empirical
analyses presented in this dissertation should, therefore, be viewed as an illustration of our

newly proposed framework for causal estimation and inference.

Joseph V. Terza, Ph.D., Chair
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Chapter 1: Background and Significance

The US childhood obesity rate has risen from 5% in 1971-74 to 17% in 2009-10
(Anderson and Butcher, 2006; Ogden et al., 2012). This trend mirrors that of the adult
obesity rate, which grew from 13% to 34% between 1960 and 2008 (Flegal et al., 1998;
Ogden et al., 2010). The rise in obesity has become a leading public health concern, as
adiposity contributes to health problems such as heart disease, diabetes, high blood
pressure, and stroke (Sturm, 2002). This has prompted a growing number of policy
proposals intended to reverse or slow the trend.

Sugar-sweetened beverages (SSBs), particularly soda, have become a popular
target of such proposals, as soda is the single largest contributor to caloric intake (Block,
2004). Moreover, SSB calories may lead to larger increases in body weight than other
sources of calories. A meta-analysis by Mattes (1996) finds that only 9% of calories from
liquids are offset by subsequent downward adjustment in caloric intake, compared to 64%
for solid foods. Additionally, SSBs have relatively high glycemic indices
(Healthaliciousness.com, 2013).

Interventions to reduce SSB intake among children can take several forms. As of
2007, 34 U.S. states taxed soda sold in grocery stores while 39 states taxed soda sold in
vending machines. However, the tax rates were all below 10% and the purpose was
primarily to raise revenue (Levy et al., 2011; Fletcher et al., 2010b). In recent years,
proposals for larger soda taxes at the federal, state, or local levels with the explicit purpose
of curbing childhood obesity have become increasingly common (Fletcher et al., 2010b).
A recent New York City law would have banned restaurants from selling sodas and other

sugary beverages larger than 16 ounces, though the law was ultimately overturned by the



courts (Reuters, 2013). School-level policies, such as not having “pouring rights” to soda
with bottling companies or prohibiting stores, snack bars, or vending machines from selling
soda, are also increasingly common (Levy et al., 2011). New federal regulations on the
nutritional content of foods and drinks sold in school vending machines are scheduled to
take effect in the 2014-2015 academic year and should dramatically reduce SSB
availability in schools (Shah, 2013).

Despite the growing popularity of SSB-related interventions, the case for singling
out SSBs to reduce childhood obesity is largely based on evidence that is not causally
interpretable. Vartanian et al. (2007) conduct a meta-analysis of 88 studies and find a
positive association between soda intake and body weight. Malik et al. (2006) and
Woodward-Lopez et al. (2011) reach similar conclusions after reviewing 25 and 56
observational studies, respectively. However, the associations produced by such
observational studies may not reflect causal effects of soda on weight, in which case their
relevance for policy is unclear. These associations could be driven partially or entirely by
unobservable characteristics — such as an individual’s level of interest in health — that might
influence not only soda intake but also other determinants of weight (e.g. junk food
consumption and exercise).! To the extent that the regressions do not control for these other
determinants, the estimated effect of soda on weight could be exaggerated. Reverse
causality is also a concern, as higher weight means greater caloric needs.

Perhaps because of the limited causal evidence upon which they are based, SSB-
related interventions, as currently practiced, do not appear to have had clear effects on

childhood obesity. Powell and Chaloupka (2009) only find evidence of an effect of state

! Such variables will be henceforth referred to as confounders.



soda taxes on adolescents’ BMI among those at risk of overweight, while Sturm et al.
(2010) estimate a negative but modest relationship between soda taxes and BMI among
fifth graders. Fletcher et al. (2010b) study a longer time period and a broader age range (3-
18) than these prior studies, and more thoroughly account for omitted variables by
including state fixed effects. Changes in state soda tax rates are not significantly associated
with changes in child BMI, overweight, or obesity, as the decrease in calories from soda is
offset by an increase in calories from whole milk. Finally, Forshee et al. (2005), Fletcher
et al. (2010a), and Taber et al. (2011) find no evidence of an effect of removing SSBs or
junk foods from school vending machines on child BMI. While such retrospective program
evaluations are useful, trial and error can be an expensive way to gain information about
which SSB-related interventions best combat obesity. Some possible interventions, such as
educational programs, impose large fiscal costs. Others, including taxes and restrictions,
are not fiscally costly but economic theory suggests they would result in net social costs
unless they reduce weight.

An alternative approach is to gather prospective evidence through small-scale pilot
experiments. 2 James et al. (2004) show that a randomized nutrition education program
among 29 elementary school classes in the United Kingdom reduced carbonated drink
consumption and overweight and obesity rates. Ebbeling et al. (2006) show that a home-
based randomized experiment, which featured counseling and weekly deliveries of non-
caloric beverages among 103 13-18 year olds in Boston, only significantly reduced BMI

among the heaviest teenagers. Sichieri et al. (2009) randomized 47 4th grade classes in

2 The discussion is limited to randomized experiments among children that included weight-related outcomes.
Other experiments attempt to randomize soda intake among adults or focus on only intermediate outcomes
such as dietary habits. See Levy et al. (2011) and Woodward-Lopez et al. (2011) for discussions of these
studies.



Brazil to an educational program focused on reducing carbonated sugar-sweetened
beverages, finding that the intervention led to a substitution from soda to juice, with body
mass index (BMI) only dropping among overweight children. While these randomized
experiments provide some causally-interpretable evidence that SSB-related interventions
can reduce childhood obesity, their generalizability is limited by their small samples and
the fact that only one occurred in the U.S. Accumulating a large enough evidence base
from randomized experiments to motivate large-scale U.S. policy would be expensive and
time consuming.

Therefore, we propose an approach designed to produce: 1) causally-interpretable
evidence on the impact of SSB consumption on children’s weight; and 2) quantitative
recommendations for potential SSB-related childhood obesity-fighting policies aimed at
specified energy balance goals. Our approach requires only observational data, avoiding
the large costs of trial interventions and randomized experiments. Unlike conventional
methods, it explicitly accounts for inherent nonlinearity and the potential endogeneity of
relevant behaviors in the modeling of child energy balance.

Our econometric framework comprises two components. First, we model children’s
lifestyle choices that contribute to energy balance as a series of nonlinear regression
equations, referred to as lifestyle regressions, with dependent variables such as calories
from SSBs, calories from other sources, and minutes of physical activity per day. The main
independent variables in this lifestyle regression system are the observable analogs of
“prospective policy interventions”, such as the prices of SSBs, other foods and drinks, and
fast-food meals; access to fast-food restaurants, full-service restaurants, grocery stores,

Walmart Supercenters, and warehouse clubs; and nutrition information spending. These



variables all relate to potential policy levers: the price variables to taxes and subsidies; the
establishment variables to taxes, subsidies, and moratoria for particular types of businesses;
and nutritional education funding to further information spreading efforts. In the second
component, we specify a regression equation, referred to as the energy balance regression,
whose dependent variable is a measure of children’s energy balance (BMI percentile (%-
ile), body fat percentage (%), and definitional overweight and obesity), and whose key
independent variables are the lifestyle variables, indicating children’s eating and exercise
habits. The obesity-related lifestyle choices may be endogenous due to some unobservable
variables relating to health status, genetics, parental characteristics, etc. that impact both a
child’s energy balance and his or her eating or exercise habits. We correct for this potential
endogeneity bias by implementing the two-stage residual inclusion (2SRI) instrumental
variables method suggested by Terza et al. (2008), where instruments are the policy related
variables mentioned above in the context of the first component of the econometric
framework. The 2SRI method is particularly appropriate in this context because it is
designed to account for the inherent nonlinearity of both components of the model. Based
on this modeling framework, we are able to improve the evidence base on possible SSB-
related interventions for combatting childhood obesity: combining the results from both
components of the regression system, we estimate the causally-interpretable effects of the
SSB-related prospective policy levers on energy balance. We also provide a way to
estimate the change in a prospective policy lever that would be required to achieve a desired
energy balance outcome, which is different from a commonly used linear approximation

approach.



The remainder of the dissertation is organized as follows. Chapter 2 discusses a
simplified version of the model that includes only one policy, one lifestyle, one energy
balance, and one observable control variable, and derives the estimators that can be used
to evaluate policy effects and provide policy recommendations. As a comparison,
estimators based on the conventional methods that ignore nonlinearity or endogeneity are
also provided. In Chapter 3, the simple model in Chapter 2 is extended to be a general
model that accommodates multiple policy and lifestyle variables and, correspondingly,
more general policy effect estimators are derived. Chapter 4 introduces a full information
version of the simple model by assuming known forms for the conditional probability
density functions of the lifestyle variable (soda calorie intake) and for the energy balance
variable (body fat %), and incorporating this information into the estimation of the relevant
parameters. By doing this, we expect to obtain more efficient estimators. Using the same
logic, chapter 5 discusses the full information version of the general model. The
performance of the model introduced in chapter 2-5 are examined using simulated data (i.e.
chapter 2 and 4) or real data (i.e. chapter 3 and 5). Finally, Chapter 6 summarizes and

discusses the models and results put forth in Chapters 2 through 5.



Chapter 2: A Simplified Version of the Model and Proposed
Empirical Policy Analytic Methods

The estimation of the causal effects of childhood behaviors (e.g. SSB calories
intake, other calories intake, exercise, etc.) on energy balance is complicated by the fact
that there might be some unobserved characteristics (e.g genetics or quality time with
parents) that correlate with both weight and these behaviors. Failure to control for such
unobserved confounding factors relegates conventional regression-based estimates to
interpretation as merely indicative of statistical association, supplying little or no useful
content for policy makers. The modeling framework proposed here takes explicit control
of these factors so that the statistical estimates that it produces will be causally interpretable
and, therefore, relevant to policy analysts and policy makers. This model has two levels:
the first level models the effects of exogenous changes in the potential policy variables on
children’s weight-related behaviors; the second level focuses on the causal effects of
changes in these behaviors on child energy balance. Because child energy balance
regressions in the second level are inherently nonlinear [proportional regressions for BMI
%-ile and body fat % (see Basu and Manca, 2012; Buis, et al., 2012; and Paolino, 2001);
logit analyses for obesity and overweight (see Wooldridge, 2010, Chapter 15)], we propose
the use of the two-stage residual inclusion (2SRI) instrumental variables method suggested
by Terza et al. (2008) to address the endogeneity bias due to unobserved confounders in
nonlinear models.

To keep things simple without loss of generality, we start with the discussion of a
simplified version of the model that includes only one energy balance variable (body fat %),

one policy variable (soda price), one lifestyle variable (soda calorie consumption), and one



observable control variable (age). In this simple illustrative example, we demonstrate the
corresponding two-level econometric framework and the way to consistently estimate the
relevant coefficients. We also derive estimators that can be used to evaluate policy (soda
price or other policies aimed at affecting soda consumption directly) effects and provide
recommendations for policy changes (soda price change) or lifestyle changes (soda calorie
consumption change) aimed at achieving a desired energy balance outcome (ideal
population mean of body fat %). As a comparison, estimators based on conventional
methods that ignore nonlinearity [the simple linear instrumental variables (LIV) method]
or endogeneity [the nonlinear regression (NR) method] are also provided, and such

comparison is made using the simulated data.

2.1 Regression Representation of the Simplified Model

We posit the following lifestyle regression model

L = exp(X, a, +Pa,)+X, (2.1)

where
L = daily soda calories consumed (cal.)
X, =[1 AGE]
AGE = children’s age (years)

P = soda price ($ per 2 liters)



E[L| X,, P] = exp(X, a, +Pa,); X, is the regression error term; and o = [0 o] is
the vector of parameters to be estimated with @ =[0const Oagel. In addition, we

assume that
E[EB|L, X_, X,]= A(LB, +XB, +X,B,) (2.2)

where A( ) is the logistic cumulative distribution function (cdf) and B’ = [B;, B! B,]

is the vector of parameters to be estimated with B = [Bconst Bagel- This yields the

following form for the energy balance regression model
EB = A(LB, +XB, +X,B,) + ¢ (2.3)

where e = EB — A(LB, + X B, +X,B,) is the regression error term. The regression

model in (2.1) and (2.3) accounts for the potential endogeneity of soda calorie consumption
(L) through the explicit inclusion of its unobserved confounders, Xu, in the energy balance
equation. The observable control variable (AGE) included in Xo is assumed to be
exogenous in both equations. We apply the two-stage residual inclusion (2SRI) method
suggested by Terza et al. (2008) to obtain estimates of the as and the s in the model. The
2SRI method requires at least one instrumental variable that is highly correlated with soda
calorie consumption, L, but correlated with body fat %, EB, only through its influence on
soda calorie consumption. Soda price (P) satisfies this condition, and can be used as the

instrumental variable. The two stages of the 2SRI method are:



Stage 1 — use the nonlinear least squares (NLS) method to estimate the lifestyle regression

~2SRI ~ 2SRI

(2.1) and obtain consistent estimators, a; and a; , then calculate

X2 = L —exp(X a2 +Pap )

b

Stage 2 — obtain the consistent estimators, B25%, B2S* and B25*! by applying the NLS

method to the following version of (2.3)
EB = A(LB, +X,B, + X2°FB, )+ (2.4)

with XZ5R! obtained from the stage 1.

The 2SRI method described above takes account of both the inherent nonlinearity and the
potential endogeneity of soda calorie consumption in the modeling of child energy balance

and, as a result, all the estimates of the as and the s are consistent.

2.2 Average Incremental Effects in the Simplified Model

Using the 2SRI parameter estimates and the corresponding lifestyle and energy
balance equations, we can estimate the effect of soda calorie consumption or soda price on
body fat %. We first derive estimators of the change in body fat %, on average, in response
to a particular change in soda calorie consumption or soda price, based on the 2SRI method.
Following the approach of Terza and Wu (2016), using the 2SRI parameter estimates, the
average incremental effect (AIE) of an exogenous policy-driven increment in soda calorie

consumption, say AL, on body fat % can be estimated as

(ilEBi(AL)j—ﬁa 2.5)
n

i=1

10



where

EB;(A) = A((L; + A B + X B + XTI

XER =L —exp(X;02%% +P,az™®"); the i subscript refers to the ith sample member;

a*®'s and p*Ns are the 2SRI estimators; and EB denotes the sample average for body

fat %. Similarly, the estimated AIE of an exogenous increment in soda price by the amount

Ap on body fat % is®

(ilEBi(ij—@ (2.6)
n

i=1

where

EB, (Ap) = A(L; (Ap)BEN + X 2SR 4 XESRIB2SRI)

u

ii (Ap) =exp(X g 2SRI +(P+A, )d%sm )+ S 2SRI

o170 ul

and X2* and EBare defined as in equation (2.11). It is easy to show that the estimated

( dZSRI

AlEs in equations (2.5) and (2.6) are consistent as the coefficient estimates s and

B*Rlg ) used are consistent. We will refer to these two AIE estimators as the 2SRI-estimated

AlEs.

3 For detailed derivations of equation (2.5) — (2.6) see Appendix 2C.
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2.3 Requisite Policy Changes to Achieve an EB Target in the Simplified Model

In addition to the aforementioned AIE analyses, we also provide other empirical
measures that may be of interest to policy makers. For example, we derive an estimate of
the requisite change in soda calorie consumption (soda price) for achieving a pre-specified
energy balance target. Such a measure would be essential to the design of a policy
intervention. Let EB° be the average ideal level of body fat %. Then the estimated change

in soda calorie intake that would be required to bring the current average level of body

fat %, E_B, down to the ideal one, EB’, can be obtained by solving

_slep@) (2.7)

i=1 N

where
EB, (A ) = A((L; + A} )BZSR 4 X _B2SRE 4 X 2SRIG2SREy
X2R - L —exp(X,,;a25" + P,a2St) ; the ds and the Ps are the coefficient estimates

obtained from 2SRI; and A denotes the estimated change in L required to achieve EB’
and it is the only unknown value in this equation. Similarly, the estimated change in soda

price that would be necessary to bring EB down to EB? is A, such that

_sles @) 2.8)

i=1 N

where

EB, (&%) = A BB + X, B2 + XB

12



L (Ap) = exp(X 2% + (P, + A )z Ry + X 2K

(0]

and can be obtained by solving equation (2.8). There is no closed form solution for A} (or

A% ) as equation (2.7) [or (2.8)] is nonlinear. In practice, we use Stata/Mata Optimize

procedure to approximate it by determining the value that minimizes the squared difference

between EB” and 3 lE/BE/OL) [or 3 lE/BE/%) ].* Based on equation (2.7) [or (2.8)], we
i=1n i=ln

can obtain the 2SRI-based A (or AY ) by replacing the @s and s with &*N's and p5*'s.

We prefer the approach discussed above in obtaining the relevant policy
recommendation estimators, although it is a little complicated in calculation. Typically, for
simplicity, researchers use a more conventional approach that relies on linear

approximation. They simply divide the difference between the targeted average body fat %

(EB®) and the current average body fat % (E_B) by the estimated AIE with the relevant
causal increment set equal to 1. Theoretically, there is no difference between these two
approaches in obtaining estimated required changes in L or P if the regressions used in the
method have linear functional forms. But when the regressions are nonlinear, the linear
approximation approach may yield unreliable estimates that differ substantially from the
true values. In the model we propose, the relevant relationships are inherently nonlinear.
So the conventional approach based on linear approximation is not appropriate. This can
be illustrated by Figure 2.1.A and 2.1.B. In Figure 2.1.A, we draw the true response curve

of the AIE on body fat % for different values of AL.’ The response curve based on the

4 The corresponding Stata program is available upon request.
5 We plot the value of the true AIE(AL) over varying Ar (ranges from -100 to 100, with 0.5 as the increment)
in STATA, and find the true response curve is convex and passes through the origin.
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conventional approach (referred to as the “linear approximation to the true response curve”
in the figure) is linear and intersects with the true response curve when Ar is 1.° Both
response curves are increasing as more soda calorie consumption indicates higher body
fat %. The targeted level of average body fat % (15%) is lower than the current level (23%),

so the expected change in body fat % is negative and we can draw a horizontal line [denoted
by AIE(Ag) in the figure] below the x-axis to find out the change in L necessary to achieve
the expected decrease in body fat %. The intersection of this horizontal line with the true
response curve will give us the true requisite change in L (AOL ), while the intersection of
this horizontal line with the linear approximation curve will give us the change in L
obtained from the conventional approach (A{°NY). Clearly, A(i is greater than ATV in

magnitude, indicating that the conventional approach tends to underestimate the actual
decrease in soda consumption necessary to bring the average body fat % down to the ideal
level. Similarly, we draw another figure to show the relationship between the change in P
and the corresponding AIE on body fat % (see Figure 2.1.B). The true response curve is
decreasing as higher soda price indicates lower body fat %.” The response curve based on
the conventional approach (referred to as the “linear approximation to the true response

curve” in the figure) is linear and decreasing, and intersects with the true response curve

when Ap is 1.8 After drawing a horizontal line [denoted by AIE(A(}))) in the figure] below

¢ To obtain this linear approximation curve, we first find out the point in the graph that indicates the true AIE
of one unit increase in L on body fat %, and this point should coincide with the one in the true response curve;
we then draw a straight line, which is the line we are looking for, that passes through this point and the origin.
Therefore, the two response curves in Figure 2.1.A should intersect at Ay = 1.

7 We plot the value of the true AIE(Ap) over varying Ap (ranges from 0 to 2, with 0.01 as the increment) in
STATA, and find the true response curve is convex and passes through the origin.

8 To obtain this linear approximation curve, we first find out the point in the graph that indicates the true AIE
of one unit increase in P on body fat %, and this point should coincide with the one in the true response curve;
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the x-axis [and above the line AIE(1)],° we obtain the true requisite change in P ( A% ) and

the change in P based on the conventional approach (AS°NY). Then we can see that A% is
smaller than AS°™Y, which means that the conventional approach tends to overestimate the

actual increase in soda price necessary to bring the average body fat % down to the ideal

level in this case.'?

2.4 Simulation Comparison of Estimators in the Context of the Simplified Model

In the above three sections, i.e. section 2.1-2.3, we discussed our modeling
framework, in the context of the simple case, and the way to obtain consistent coefficient
estimates, AIE and policy recommendation estimators. To better illustrate our idea and
examine our proposed method, we conduct a simulation study. Specifically, we compare
our method to the conventional methods that ignore inherent nonlinearity [the simple linear
instrumental variables (LIV) method] or potential endogeneity [the nonlinear regression
(NR) method] when modeling energy balance outcomes, i.e. body fat % in this case. In this
section, we first describe our sampling design, and then discuss the coefficient, AIEs, and
policy recommendation estimators obtained from each of the three methods, i.e. 2SRI, LIV,

and NR, using the simulated data.

we then draw a straight line, which is the line we are looking for, that passes through this point and the origin.
Therefore, the two response curves in Figure 2.1.B should intersect at Ap = 1.

® We put this horizontal line above the line AIE(1) in Figure 2.1.B because we would like to explain the
results in Table 2.5.B, in which the true AOP is less than 1. This horizontal line can also be put below the line
AIE(1) if the targeted decrease in the average body fat % is so large such that the increase in P is expected to

be greater than 1. In this case, A’, > A7

0
1A, may be greater than ACPONV , also see footnote 9.
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2.4.1 Sampling Design in the Simplified Model

We simulate a sample of 200,000 children (ages 2-19) with four variables:
children’s age (years), daily soda calories consumed (cal.), body fat %, and soda price
($ per 2 liters).!! We first generate data for age and soda price based on pre-specified values
of the means and variances,'? and then, generate data for daily soda calorie consumption.
Because soda calorie consumption is nonnegative, we assume it to be a Generalized
Gamma (GG) [three parameter| variate which has the following probability density

function (pdf) [Manning et al., 2005]

Y

f(L | XO,P;K,M,G):meXp(Zﬁ—V) L>0 (2.9)

where L is the lifestyle variable, soda calorie consumption; kx, p and ¢ are the basic

parameters of the distribution; I'( ) is the gamma function; y= |1<|_2 ;
Z =sign(k){In(L)—p}/o; V= yexp(|1<| Z) ; u=X,a, +Pa,, Xoisavector that consists

of the observable control variable, age, and a constant term, P is the policy variable, soda
price, and the as are the parameters .

We make this assumption because the GG distribution subsumes many different
distributions that are commonly used for non-negative random variables, such as Weibull,
Exponential, Log-normal, and so on. By doing this, we are safe to argue that our simulation
results are not limited to a specified non-negative distribution, i.e. Weibull, Exponential,

Log-normal, etc., for L.

' We use Stata/Mata to generate the simulated sample based on equation (2.9) - (2.14) discussed below. The
corresponding Stata program is available upon request.
12 Age and soda price are assumed to be uniformly distributed with pre-specified means and variances.
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To generate L, we need to know its cumulative distribution function (cdf).

According to Stacy and Mihram (1965), the conditional cdf of the GG variable, L, is

—Y(V’F((LV/ )a)p) if  p>0
F(L | X,,P;a,v,p) =
1—%/)"‘)10) if  p<o0 (2.10)
A%

where a, v, p are the basic parameters in this specification; and y(b, ¢c) denotes the

b-1

C
incomplete gamma function defined as y(b, ¢) = | t°"'e " dt . The parameterization in this
0

case differs from the one under which we specify the pdf in (2.9). Manning et al. (2005)
provides a crosswalk between the form in (2.9) and the Stacy and Mihram

parameterization. Therefore, we can express a, v, and p as functions of k, p, and o, i.e.

ex 1

1 o [ G
1
L=a vy (v, [(v)U[0,1])P (2.11)

where y~'(d, j) denotes the inverse incomplete gamma function defined such that if

j=1v(d, k) then k = y~'(d, j); U[0, 1] denotes the uniform random variable on the unit

interval. Based on (2.11), we can now generate data for L by picking values for k, o, and
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the as, and hence calculating a, v, and p, which are the parameters used in (2.11).!* After

obtaining L, Xu can be generated as

X, =L —exp(X, a, +Pa, +C) (2.12)

where C=1In[k**C"], C =T{(1/x*)+(0/k)}/T{1/«*} ;'* and all the unobserved

factors, other than age and soda price, that affect soda calorie consumption are captured by
Xu. With the generated value of Xu in hand we are able to generate data for body fat %.
Because the value of body fat % ranges from 0 to 1,'> we assume it to be beta distributed

(Basu and Manca, 2012; Buis, et al., 2012; Paolino, 2001), and the corresponding pdf is

CE Yo I'(€) T R
h(EB|L,X,,X, ;& 1)= S ERETE EB®*! (1 — EB)3(* 0 < EB <l
(2.13)

where EB  represents the energy Dbalance variable (body fat  %);
u=E[EB|L,X_ ,X,]=ALB, +X B, +X,B,), A( ) is the logistic cdf; and & and the Bs

are the parameters. To generate EB, we pick values for £ and the PBs, and use the inverse

transform method (Ross, 1997, p. 62)

EB = H '(U[0,1]) (2.14)

13 We cannot get the inverse incomplete gamma function directly in Stata/Mata, but we can get it indirectly.
For the details of the data generation of L, see Appendix 2A.

14 See Manning et al. (2005) for the conditional mean of the Generalized Gamma random variable.

15 In the simulated data, body fat % is measured as a decimal instead of a percentage.
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where H™'( ) is the inverse beta cdf, and U[0,1] denotes the uniform random variable on
the unit interval.'®

Note that in this design, EB depends on the unobserved component, Xu, which is
clearly correlated with L [see equation (2.12)]. Therefore, L is endogenous in (2.13) if Bu
is nonzero. In fact, in constructing simulated samples, we can control the degree of
endogeneity by varying the absolute value of Bu in the sampling design.

To make the simulation results more informative, we chose the relevant parameters
for the sampling design so as to be as realistic as possible for children aged 2-19 based on
the literature and some online resources. We set the mean soft drink price per 2 liters at
$1.35, and mean age at 10.5 years. We also adjusted the relevant parameters to make the
mean of daily soda calories consumed around 120 cal. and the mean body fat % around
23%.!7 Attention was also given to other important aspects of the relevant distributions.
For example, body fat % is seldom close to 0 or 1, so the tails of the distribution in the
simulated sample should be relatively thin. Similarly, soda calories consumed per day may
not exceed 3200 cal. as this is the approximate maximum amount of calories needed daily

for an active male aged 14-18 years.'® Moreover, the signs of the parameters (the as and

the Bs) were chosen so as to be meaningful (e.g. o, is negative, in keeping with the law of

demand; and PL is positive, as increased soda consumption is likely to lead to higher body

r'© e &(l-p)-1
— [t Q-1 dt. In Stata/Mata, EB can be
FEWrEI—p) o
generated by using the “invibeta(a,b,p)” function, which is the inverse beta cdf where a and b are the shape
parameters, and p is a value between 0 and 1. In our case, a = &u, b = &(1 — p), and p is the uniform random
variable on the unit interval, i.e. U[0, 1].
17 For a detailed discussion of the sampling design see Appendix 2B.
18 An active female aged 14-18 years may need 2400 calories per day. For daily calorie needs for other age-
gender groups at different levels of physical activity, see http://www.webmd.com/diet/features/estimated-
calorie-requirement

' The cdf isH(EB | L, X ,X ;& n)=
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fat %). By setting Pu at a positive value we assume that the unobservable component (Xu)
is dominated by factors such as one’s genetic predisposition to consume sugar which is
positively related to both the consumption of calories from sugared soft drinks and body
fat % (Qi et al., 2012).

Table 2.1.A and 2.1.B displays the summary statistics of the main variables in the
simulated sample and the values of the key parameters (the as and the PBs.) chosen for the
sampling design, respectively. It is clear to see that sample means of the four variables are
all as expected. About 89% of the observations in the sample have their body fat % fall
within 6% and 45%, which is quite reasonable. And the maximum amount of soda calories
intake per day is about 461 cal., which is less than the amount of calories needed per day
for an active male aged 14-18 years (3200 cal.). By design, the coefficient of Xu is nonzero
(Bu = 0.005), meaning that soda calorie consumption variable is endogenous in the child
energy balance model. The severity of the endogeneity problem is determined by the

magnitude of Pu, i.e. the higher the magnitude of PBu, the more serious the problem will be.

2.4.2 Coefficient Parameter Estimation in the Simulated Simplified Model

Using the simulated data we estimated the parameters of the model in (2.1) and (2.3)
via the 2SRI protocol given in section 2.1 [culminating in the NLS estimation of (2.4)]. For
comparison, we also provide the relevant estimates obtained from: 1) a simple nonlinear
regression (NR) method that ignores endogeneity (but not nonlinearity); and 2) the linear
instrumental variables (LIV) method that ignores nonlinearity (but not endogeneity). For
simplicity, the three types of coefficient estimates will be referred to as the 2SRI estimators,

the NR estimators, and the LIV estimators, respectively.
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The following two-stage protocol was used for the NR method,

Stage 1 — is the same as the one in the 2SRI method, i.e. estimate the lifestyle regression
(2.1) using the NLS method, and thereby obtain consistent estimates of the as (say a ¥,
G );

Stage 2 — estimate the energy balance regression (2.3) without including Xu by applying

the NLS method, and obtain the corresponding estimates of the Bs (say pN®, pNF).

Compared with the 2SRI method, in the NR approach the unobserved confounders for L,
Xu, are not included in the energy balance regression, while the lifestyle regression is
exactly the same in both methods. Therefore, the NR estimators for the s based on the
simulated data will not be consistent, but estimators for the as will be consistent and equal
to the 2SRI estimators. the LIV method

The LIV method is actually the two-stage least squares (2SLS) method, in which
both two stages are based on linear regressions. The two stages are as follows:
Stage 1 — estimate the linearized lifestyle regression, L =X o, +Pa, +u, by OLS, and

obtain estimators, a-" and a5" . Then construct L'V = X at"V +Pap" ;

Stage 2 — estimate the linearized energy balance regression, EB = L""VB, + X B, +e"',

by OLS, and obtain estimates of the Bs, p-¥ and p-'V.

The LIV method accounts for endogeneity but ignores inherent nonlinearity.

The first column of Table 2.2 shows the true parameter values (i.e. pre-specified
values listed in Table 2.1.B) and the corresponding estimates obtained from each of the
three methods. The 2SRI estimates listed in the second column are quite close to the true

parameters, while the NR and the LIV estimates listed in the last two columns are far from
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the true values; except, of course, for the NR estimates of the as. Estimates of the as
obtained from the NR method are equal to the ones obtained from the 2SRI method, which

is just as expected since the first stages in both methods are exactly the same. There is an
upward bias for the NR coefficient estimate of soda calorie consumption (BER =0.00861
vs B; =0.007), which is consistent with the fact that the unobserved confounders are

assumed to be positively related to both soda consumption and body fat % in the simulated
data. Although the LIV method accounts for the endogeneity of soda consumption, it
incorrectly assumes linear functional forms for both the lifestyle regression and the energy
balance regression, and hence produces inconsistent coefficient estimates. This is similar
to the results obtained by Terza, Bradford and Dismuke (2008). Overall, the 2SRI estimator

outperforms the other estimation approaches.

2.4.3 Average Incremental Effect Estimation in the Simulated Simplified Model
Using the simulated data and each of the three sets of parameter estimates (2SRI,
NR, and LIV) we estimated the AIEs of an increment in soda calorie consumption (ALr) or
soda price (Apr) on body fat %. The 2SRI-based estimates were obtained through direct
application of (2.5) and (2.6) and are listed in the second columns of Tables 2.3.A and

Table 2.3.B. For the NR case, the estimated AIEs were calculated via the versions of

equations (2.5) and (2.6) that exclude the X23RB2SR! component and replace the a**"'s

and %'s by a"®s and s . These estimates are listed in the third columns of Tables

2.3.A and Table 2.3.B." The LIV-estimated AIEs analogous to (2.5) and (2.6) are: A, pHY

L

19 For detailed derivations of the NR-estimated AIEs see Appendix 2C.
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and A a5V B, respectively, with a5 and 'V, and are listed in the fourth columns of

Tables 2.3.A and Table 2.3.B.

In Table 2.3.A the simulation results for the 2SRI-, NR-, and, LIV-estimated AIE

—— 2SRI
of a one calorie increment in soda consumption on body fat %, denoted by AIE(A;)

mNR , and AmLW respectively. These three estimated AIEs are compared

with the true value, denoted by AIE(AL), which is calculated by substituting the true

parameters (listed in the first column of Table 2.2) for the 2SRI estimators (6**"s and

BZSRIS) in equation (2.5).2° The true value, AIE(ALr), is 0.001084, meaning that one more

calorie from soda consumption will increase body fat % by around 0.11 of a percentage
point on average. The corresponding estimate based on the 2SRI method is quite close to
this value (0.001086 vs 0.001084), while the estimates obtained from the NR method and
the LIV method are quite divergent from the true value (0.001338 vs 0.001084, and
0.001354 vs 0.001084, respectively).

The results are similar for the estimated AIE of a one dollar increment in soda price
on body fat %. As can be seen in Table 2.3.B, the true value [AIE(Ap)] is equal to -0.10503,
indicating that a one dollar increase in soda price per 2 liters will decrease body fat % by
around 10.5 percentage points. The NR- and LIV-estimated AIEs differ a lot from the true
value
(-0.12633 vs -0.10503, and -0.30202 vs -0.10503, respectively), while the 2SRI-estimated

AIE is very close to the population value (-0.10539 vs -0.10503).

20 The true value of AIE(Ar) was calculated based on a super sample of 3 million observations generated
using the same sampling design as that used to simulate the analysis sample of size 200,000. The true value

for AIE(Ap) was similarly obtained; as were the true values AOL and AOP discussed in the following section.
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We also test the performance of the 2SRI-estimated AIEs under different levels of
endogeneity by adjusting the magnitude of fu when generating data. We would like to see
whether the AIE estimators based on our preferred 2SRI method are consistently superior
to the ones based on the NR or the LIV method in all cases. We therefore simulate 5 slightly
different samples of the same size (200,000) by increasing Bu from 0 to 0.02, with 0.005 as
the increment, while keeping other parameters unchanged during data generating process.
As Bu increases, the endogeneity problem gets worse. For each sample, we apply all three
methods for estimating the AIEs, and then calculate the absolute percentage bias of each
relative to the true value (absolute %bias = [|(estimated value - true value)/true
value|]*100%) for the estimated ones. Table 2.4.A (2.4.B) shows the AIEs of a one unit
increase in soda calorie consumption (soda price) on body fat % for increasing levels of
endogeneity. The 2SRI-estimated AIEs and the NR-estimated AIEs are nearly identical
when there is no endogeneity problem (Bu = 0).2! However, as Pu increases, the increase in
the percentage bias for the NR-based AIE estimators is striking: it increases from 0.02% to
85.51% for changes in soda calorie consumption (Table 2.4.A); and from 0.12% to 78.09%
for a one dollar increase in soda price (Table 2.4.B). On the other hand, the percentage bias
for the 2SRI-based AIE estimators is small in all the cases (always less than 1%). This
indicates the importance of taking care of endogeneity when there is strong belief in the
existence of unobservable confounders. Moreover, merely account for nonlinearity is not

enough. The LIV-estimated AIEs are also subject to large bias especially when Bu is large,

2l The differences are so minor that they disappear even if the numbers are rounded to six decimal places in
Table 2.4.A and five places in Table 2.4.B. You can see the differences when the numbers are rounded to
one more place, which are not shown in Table 2.4.A and 2.4.B: 0.0011129 vs 0.0011130 for a one unit change
in calorie consumption; and -0.105938 vs -0.105942 for a one dollar change in soda price.
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which indicates that the adverse effects of ignoring nonlinearity get worse when
endogeneity is more prevalent, even if the method itself accounts for endogeneity.

Based on the results from Table 2.3.A (B) and Table 2.4.A (B), we may conclude
that, compared with the NR- and the LIV-estimated AIEs, the estimates obtained via the
2SRI method are more reliable for assessing the effects of potential policy interventions,

especially when the endogeneity problem is prevalent.

2.4.4 Policy Recommendations in the Simulated Simple Model

Using the simulated data and each of the three sets of parameter estimates (2SRI,

NR, and LIV) we estimated policy recommendations [PR] (AOL and A(}, ) for a given energy

balance target (EB). For the present simulation study we specify the energy balance
target to be a population average body fat % of 15%. This choice is motivated by the fact
that the recommended healthy body fat percentages are 9-15% for boys and 14-21% for
girls according to an online article.”> The 2SRI-based PR estimates were obtained through
direct application of (2.7) and (2.8) and are listed in the second columns of Tables 2.5.A

and Table 2.5.B. For the NR case, the estimated PRs were calculated by using the versions

of equations (2.7) and (2.8) that exclude the X2SRIB2SR! component and replace the &*"'s

and pNs by a""s and BNRs These estimates are listed in the third columns of Tables

2.5.A and Table 2.5.B.%

22 The online article regarding the recommended healthy body fat % for boys and girls is available at:
http://www.livestrong.com/article/194320-body-fat-percentage-for-children/. Information regarding
children and adolescents’ healthy body fat % by age and gender can be found via the following link:
http://www.doctoragostini.com/childhoodobesity/id4.html.

23 For detailed derivations of the NR-estimated AIEs see Appendix 2C.
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Compared with the 2SRI- and the NR-based estimated changes in L or P required

to achieve EB?, those based on the LIV parameter estimates are relatively simple. The LIV-

based A’ is the one that solves the equation EB® = ¥ {(L + AP + X B“V} ,and the
1

i=

LIV-based A, 1s the one that solves the equation

EB’ = {(P +AL)asVREY + @VBEY +BEVyX } . Unlike equation (2.7) and (2.8),
i= 11’1

there are closed form solutions for A} and A}, i.e. the LIV-based A} and A}, are

EB° — {L B1£1V+X BLIV}
i=1
=TV (2.15)
L
and
EB’— 3 & l{P LIVB +(dLIVBLIV+BLIV) }
1,]1’1 o o1
~LIVRLIV (2.16)
Op P

respectively. The LIV-estimated PRs, obtained using (2.15) and (2.16) are are listed in the
fourth columns of Tables 2.5.A and Table 2.5.B.

We also estimated the PRs using the conventional approach prefer the approach
(see section 2.3). Recall that in this approach, the PR estimates are obtained by simply

dividing the difference between the targeted average body fat % (EB®) and the current

average body fat % (E_B) by the estimated AIE with the relevant causal increment set equal

to 1 (e.g using the 2SRI-based parameter estimates and AIE result
AY =(0.15-0.23)/0.001086 ~ —73.66 , where 0.001086 is obtained from the second

column of Table 2.3.A). There is no difference between these two approaches in obtaining
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estimated required changes in L or P if the regressions used in the method have linear
functional forms, e.g. as in the discussion of the LIV method.?* In nonlinear models,
however, the 2SRI and NR based estimates diverge. This is demonstrated in the sixth and

seventh columns of Tables 2.5A and 2.5.B.

The “true” PR values, A} and A, , and their linear approximations are denoted by

“True” A} and “True” A in Tables 2.5.A and 2.5.B. These true values, along with the
2SRI- NR- and LIV-based PR estimates indicate that the decrease in soda consumption
necessary to bring the current average body fat % (23%) down to 15% is around 85 calories,
and the increase in soda price required is around 48 cents. The 2SRI-based A} and A
obtained from our preferred approach are quite close to the true values (-85.40 vs -85.48,
and 0.479 vs 0.482, respectively), while the corresponding NR- and the LIV-based
estimates diverge from the true values quite substantially. Comparing the true A} with its
linear approximation, the former

(-85.48) is larger than the latter (-73.87) in absolute value, which is consistent with the

conclusion from Figure 2.1.A, i.e. the conventional approach tends to underestimate the
decrease in L necessary to achieve EB’. Similarly, the true A} (0.482) is smaller than its
linear approximation (0.762), which is consistent with the illustration in Figure 2.1.B.

Finally, as expected, the LIV-based A} (A ) obtained from our approach is exactly the

n LIV

. 1o ~ . — .
%4 In equation (2.15), X —{LiBtW + Xoiﬁsw } is actually the sample average for body fat %, EB , while B/
i=l n
is the LIV-estimated AIE of one unit increment in L on EB. Therefore, equation (2.15) is identical to the one
used in the conventional approach on obtaining the requisite change in L. Similarly for equation (2.16), in

Q LIV

n o1 ~ ~ — -

which 3 —{Pi&]EIVBtW +(@ "B +Bs )Xoi} is the sample average for body fat %, EB, and a;" B, is
i=l1 N

the LIV-estimated AIE of one unit increment in P on EB.
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same as the one obtained from the conventional approach as the regressions used in the

LIV method are linear.

We also compare the policy recommendation estimators (A} and A ) based on

our approach for different levels of endogeneity. The results are shown in Table 2.6.A and
2.6.B.%° The absolute percentage bias for the 2SRI-based estimates is always small
irrespective of the level of endogeneity, while the bias for the NR- or the LIV-based
estimates increases as Pu increases. Therefore, our 2SRI-based approach to the estimation
of requisite policy changes for achieving a specified energy balance target estimates is

preferred especially when soda calorie consumption is severely endogenous.

2.5 Summary

In this chapter, we illustrate our method based on a simple case where only one
energy balance variable, one policy variable, one lifestyle variable, and one observable
control variable are involved, and simulate data to examine our proposed method in the
estimation of 1) AIEs on body fat % in response to an exogenous change in soda calories
intake or soda price and 2) quantitative policy recommendations for changing soda calories
intake or soda price aimed at achieving an ideal body fat %. We derive, and develop Stata®
code for, those econometric estimators, and apply it using simulated data. The simulation
results show that, overall, the 2SRI method performs very well: all the estimates of the
coefficients, the AIEs, and the change in soda calories intake or soda price required to

achieve the average ideal body fat % are quite close to the true values. And the estimators

25 The results for the requisite change in L or P when B, is 0.02 are not shown in the table as Stata/Mata
Optimize procedure fails to converge in this case.
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obtained from the method that ignores the inherent nonlinearity of the model (i.e. the LIV
method) or the potential endogeneity of soda calorie consumption (i.e. the NR method) in
the modeling of child energy balance, body fat %, are subject to substantial bias. Moreover,
our approach in obtaining the two policy recommendation estimators is more appropriate

than the conventional approach that relies on linear approximation.
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Appendix 2A
Data Generating for L in Stata/Mata
As Stata/Mata does not provide inverse incomplete gamma function, we cannot
generate L directly based on (2.11). But we can get it indirectly. The incomplete gamma

function (s, X) can be expressed as

Y(s, x) = I'(8) G(s, x) (2A-1)

where G(s, x) denotes the cdf of the simple Gamma random variable with parameter s.

Using (2A-1), let
j=v(d, k)=T(d)G(d,k) (2A-2)

Solving (2A-2) for k yields

— o ld =G 4 i
k=vy(dj)=G (d’l“(d)j (2A-3)

where G™'(d,P) denotes the inverse cdf of the simple Gamma random variable.

Combining (2A-3) with (2.3) yields?

1
L=a G (v, U[0,1])" (2A-4)

26 The Generalized Gamma Distribution (GGD) we assume for L is a three parameter based distribution,
which is a special case of the four parameter GGD used in Tadikamalla, 1979, in which the location parameter
is 0. We generate L indirectly through generating a standard gamma random variate, say X, with shape

parameter v, and making the transformation L =aX'" . In other words, if L ~ GG (a, v, p), then

(Ejp ~ Gamma (v,1).

a
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where U[0, 1] denotes the uniform random number on the unit interval. We can now

1
generate L using a x rgamma(v, 1)? , where rgamma(m, n) is the Stata command used to

randomly generate a gamma variate with shape parameter m and scale parameter n.
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Appendix 2B
Background and Motivation for the Chosen Sampling Design

According to the Bureau of Labor Statistics, monthly average prices for non-diet
Cola per 2 liters ranged from $1.310 to $1.367 in 2009.?” So as an approximation, the mean
price of soft drinks per 2 liters in the simulated data was set at $1.35. Fletcher et al. (2010b)
use the NHANES III data and the NHANES 1999-2006 data to study the effects of soft
drink taxes on childhood obesity. Their sample consists of children and adolescents
between the ages of 3 and 18, with mean age equal to 10.513 and a standard deviation equal
to 0.043. Therefore, we generate our sample with a mean of age of approximately 10.5 as
we are interested in the children and adolescents between the ages of 2 and 19. Moreover,
the mean calories from soft drinks in the previous 24 hours in Fletcher et al. (2010b) are
115.247 cal., with standard deviation equal to 2.531. Lin et al. (2011) use the 1998-2007
National Consumer Panel data and the 2003-2006 NHANES data. Their sample consists
of children aged 2-19 years. The average calorie intake from sugar-sweetened beverages
(SSBs) (including regular soft drinks, sports and energy drinks, and fruit drinks) is 189 cal.
for children from low income families and 195 cal. for children from high income families.
An online report shows that the energy obtained from SSBs for individuals aged 2-19 was
155 calories a day in 2009/2010.%® Given the above information, we chose the average soda
calorie intake per day to be around 120 cal.

Based on NHANES 1999-2004 data, a national health statistics report (Ogden, C.L.

et al., 2011) shows that the mean percentage body fat at age 8 was 28% for boys and 31%

27 See http://data.bls.gov/timeseries/ APU0000717114?data_tool=XGtable
28 See http://www.foodnavigator-usa.com/Markets/Calories-from-sugar-sweetened-beverages-have-
declined-steadily-since-1999-but-still-account-for-11-of-energy-intakes-in-teenage-boys
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for girls respectively, and these numbers decrease to 23% for boys at age 19 and increase
to 35% for girls at age 19. Since we distinguish neither between boys and girls nor between

different ages in our simplified illustration, we set the average body fat % at around 23%.

33



Appendix 2C
Background and Motivation for AIE Estimators and
Recommended Requisite Price Change
The regression in (2.1) is causal in the sense that X, is comprehensive with respect

to P, i.e. it comprises all the possible confounders for P and its own elements.? Similarly,
(2.3) is causal because X =[X, X, ] is comprehensive with respect to L. In other words,
conditional on X (X), any differences in the mean of the observed value of L (EB) can

be exclusively attributed to differences in the observed value of P (L).
We distinguish between the observable version of P and its exogenously mandated

version, P*. Correspondingly, we define the observable version of L and its potential

outcome version (LP* ) — the version of L that would obtain if the policy variable were

mandated to be P*. Likewise we define the observable version of EB and its potential

outcome version (EBLP* ) — the version of EB that would obtain if the policy variable were

mandated to be P*. To define the effect of a policy driven exogenous (and counterfactual)

change in P on energy balance, we focus on how EBLP* would change between: the pre-

policy scenario in which the distribution of P is exogenously set at P* = PP ; and the post-

policy scenario in which the distribution of PP is exogenously incremented by Ap, a fixed
constant. Within this framework, the 2SRI-based policy effect of interest can be formally

defined as

€

AIE*™M(A,) = E[EB, 1-E[EB, ] (2C-1)
PP 1 Ap pPr

2 See Terza (2014) for an expanded discussion of the concepts used here.
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To simplify the discussion (and in keeping with convention), we assume that the observable
value of L for any individual in the population is the same as it would have been if the
observable value of P were exogenously imposed rather than the product of individual

choice. In other words, for every individual in the population ®we have that

L(©) = Lo, (@) (2C-2)

where P**® denotes the random variable representing the observable distribution of P
treated as if it were exogenously imposed. Similarly, we assume that the observable value

of EB for any individual in the population is the same as it would have been if the

observable value of L were replaced by L e @) (o), where LPe,«,g is potential outcome

version of L for P“*°% . In other words, for every individual in the population ®

EB(0) =EB; () (2C-3)

PEXOE ()
Based on (2.9) and (2C-3)

EBL = A(LPBXOgBL + XoBo + XuBu) +¢e (2C—4)

pexog

and based on (2.7) and (2C-2)
L oo =exp(X 0, +P*%0,)+ X, (2C-5)

pexog

Extending (2C-4) and (2C-5) to any exogenously imposed version (distribution) of the

policy variable (say P*) we obtain
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EB = AL, B +X B, +X,B,)+e (2C-6)

and based on (2.7) and (2C-2)

L, =exp(X, 0, + P*ap) + X, (2C-7)

Using the law of iterated expectations, it follows from (2C-6) and (2C-7) that

E[EB, 1= E[A(LyBy +X,B, +X,B,)]+E [Ele|L,, X0, X,]]

= E[A(exp(X,0, + P ap) + X, 1B, + X, B, +X,B,)] (2C-8)

because, by assumption, E[e|L.,X;,X,]=0. For our analyses, we will follow the

typical approach and take the hypothetically mandated pre-policy version of the policy

variable to be PP = P**¢ | Combining this assumption with (2C-1) and (2C-8) yields

ATE*M (Ap) = E[A(lexp(X 0, + (PT¢ +Ap)ap) + X, 1B, +X, B, +X,B,)]—E[EB]
(2C-9)

Clearly, the statistic given in (2.12) is the sample analog to (2C-9). It is, therefore, easy to

) ~2SRI ~2SRI (32SRI  (32SRI
show that since o, op , Pr, Bo

and BiSRI are consistent estimators of o, op
, BL, B, and B, respectively, (2.12) is a consistent estimator of (2C-9).

If we do not know the exact change in a particular policy that impacts L, but have

information about the resultant change in L between the pre-policy scenario and the post-
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policy scenario, the effect of an exogenous policy-driven shift in L by the amount AL on

energy balance can be formally defined as

AIE®™(A ) =E[EB,,.., ]-E[EB,,] (2C-10)

where LP is the distribution of L in the pre-policy scenario. Assume that, for every

individual in the population ®, we have that

EB(0) = EB o ©) () (2C-11)

where L™°% denotes the random variable representing the observable distribution of L
treated as if it were exogenously imposed. (2C-11) indicates that the observable value of
EB for any individual in the population is the same as it would have been if the observable
value of L were exogenously imposed rather than the product of individual choice. Based

on (2.9) and (2C-11)
EB e = AL +X B, + X, B,)+e. (2C-12)

Lexog

Extending (2C-12) to any exogenously imposed version of L (say L", analogous to P*) we

obtain
EB,. = A(L'B +X,B, +X,B,)+ec. (2C-13)
Using the law of iterated expectations, it follows from (2C-13) that

E[EB,.1= EIA(LB, +X,B, + X,B,)]+E[ Ele| L', X, X,]]
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=E[ALB, +XB, +X,B,)] (2C-14)

as E[e|L*,XO,Xu]=0 by assumption. Assume L™°® =1 and combine (2C-10) and

(2C-14), we have
AIE®M (A ) =E[A(L7® +A B +X,B, +X,B,)]-E[EB].  (2C-15)

Clearly, (2C-15) can be consistently estimated by (2.11).
By applying a similar approach, the effects of P or L on energy balance analogous

to (2C-9) and (2C-15) but imposing the condition that L is exogenous are

ATE™ (Ap) = E[A([exp(X, 0, + (P™ +Ap)ap) + X, 1B, +X,B,)]—E[EB]
(2C-16)

and

AIEM (A ) = E[A(L™® + A B, + X B, )]-E[EB] (2C-17)

respectively, and (2C-16) and (2C-17) can be consistently estimated by

(i L Aexp(X o™ + P+ Ap)aN®) + KN JER + xoﬁf%j— EB
i=1 N

(2C-18)

and

(i DAL +A B +X_BIR ]—ﬁ (2C-19)

=11

where X® =L, —exp(X,,a® + Pap"). The LIV-based effects are relatively simple as

0170

both lifestyle regression and energy balance regression are linear so that all component that
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remain unchanged from pre- to post-policy will cancel out. The two types of effect based

on the LIV method analogous to (2C-9) and (2C-15), are

AIE"Y (Ap) = Apaipf, (2C-20)
and

AIE™Y (A ) = A By (2C-21)

respectively, and can be estimated as APdI};IV EIV and ALBIL“IV correspondingly.

We now turn to characterize the policy-driven change in P (A%) or L (A(i) that
would be required to bring the average energy balance to a targeted level (E[EB] = EB").

As in the above discussion, we take P“*°¢ or L™ as the pre-policy starting point. Using

(2C-8) we get

EB’ = E[A(lexp(X, 0, +(P™¢+A))ap) + X, 1B, +X B, +X,B,)]
(2C-22)

and the requisite policy change is the value of A% that solves (2C-22). Using (2C-14) we

get
EB’ = E[A((L™8 + A} B, +X B, +X,B,)] (2C-23)

and the requisite policy-driven change in L is the value of AOL that solves (2C-23). The
solution, with respect to A% (A(i ), to the version of (2.14) [(2.13)] that replaces the as and

Bs by @*Ns and pSRs is the sample analog to A% (AOL) in (2C-22) [(2C-23)], and is the
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2SRI-based estimated change in P (L) required to achieve EB?. It is easy to show that 2SRI-
based A(;, ( AOL ) is a consistent estimator of A(;, ( AOL ) as the @*Ns and BSR's are

consistent estimators.

Similarly, imposing the exogeneity of L, the requisite policy-driven change in P or

L is the value of A% or AOL that solves

EB” = E[A(Texp(X, 0, +(P™+A} o) + X, 1B, +X,B,)] (2C-24)
or

EB” = E[A((L°¢ + A )B, +XB,)] (2C-25)

and the corresponding NR-based estimator A% (AOL) is the solution to the version of
equation (2.14) [(2.13)] with respect to A%( AOL) that excludes the X, component and

substitutes the a™"s and pNRs for the ds and Bs.

Compared with the 2SRI- and the NR-based policy recommendation estimators
defined in (2C-22) — (2C-25), those based on LIV parameter estimates are relatively simple.
By applying a similar approach, they can be easily derived. We will not repeat the

derivations here.
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Table 2.1.A: Summary Statistics of the Simulated Sample in Simple Case

Variables Definition Mean St. dev.
P Soda price ($ per 2 liters) 1.35 0.32
X Age (years old) 10.5 4.9
L Soda calorie consumption per day (cal.) 120.06 88.54
EB Body fat % 0.23 (23%) | 0.15(15%)

Table 2.1.B: Pre-specified Values of the a and p Parameters

Parameters

Qo op

BL

Bo

Bu

Values

0.001 -2

0.007

0.02

0.005

30X, is actually a vector consists of two elements, age and a scalar 1 (used for adding a constant in the
equation). For simplicity, here we just use it to denote age. Similarly, we use o, and B, to denote the
coefficients of age in lifestyle equation and energy balance equation respectively, i.e. they are scalars, not
vectors.
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Table 2.2: Coefficient Estimates

True Parameters 2SRI Estimators NR Estimators LIV Estimators
o, =0.001 > =0.00109 a” =0.00109 aY = 0.12302
ap =2 apN =-2.00405 apt =-2.00405 | a5 =-223.09
B, =0.007 B3R =0.00701 IR =0.00861 BI™Y =0.00135
B, =0.02 2SR =0.02007 BNR =0.01955 BV =0.00309
B, =0.005 B2SRI = 0.00498 ;
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Table 2.3.A: Average Incremental Effects (AIEs) of Daily Soda Calorie
Consumption (L) on Child’s Body Fat % (EB),
with 1 Calorie Increment in L (AL =1)

True AIE(AL) mzs}u mNR WA—L/)LIV
0.001084 0.001086 0.001338 0.001354

Table 2.3.B: Average Incremental Effects (AIEs) of Soda Price (P) on Child’s Body
Fat % (EB), with 1 Dollar Increment in P (Ap =1)

True AIE(Ap) AIE(A,) ATE(A,) AIE(A,)
-0.10503 -0.10539 -0.12633 -0.30202

LIV
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Table 2.4.A: Average Incremental Effects (AIEs) of Daily Soda Calorie Consumption (L) on Child’s
Body Fat % (EB), with 1 Calorie Increment in L (AL =1),
for Increasing Level of Endogeneity

Level of True S e I Absolute | Absolute | Absolute
Endogeneity AIE(A,) AIE(A,) AIE(A,) AIE(A ) %bias %bias %bias
(Bu) L (2SRI) (NR) (LIV)
0 0.001113 0.001113 0.001113 0.001268 0.03% 0.02% 13.92%
0.005 0.001084 0.001086 0.001338 0.001354 0.24% 23.46% | 24.94%
0.01 0.001050 0.001055 0.001528 0.001455 0.50% 45.52% | 38.54%
0.015 0.001015 0.001023 0.001687 0.001553 0.75% 66.13% | 52.90%
0.02 0.000982 0.000992 0.001821 0.001639 1.00% 85.51% | 66.92%
Table 2.4.B: Average Incremental Effects (AIEs) of Soda Price (P) on Child’s
Body Fat % (EB), with 1 Dollar Increment in P (AP =1),
for Increasing Level of Endogeneity
Level of Absolute | Absolute | Absolute
Endogeneity | True AIE(A,) | AIE(A,) | AIE(Ap) « | AIE(A,) "~ | %bias | %bias %bias
(Bw) (2SRD) | (NR) (LIV)
0 -0.10582 -0.10594 -0.10594 -0.28292 0.12% 0.12% 167.38%
0.005 -0.10503 -0.10539 -0.12633 -0.30202 0.34% 20.28% | 187.56%
0.01 -0.10324 -0.10382 -0.14389 -0.32449 0.56% 39.37% | 214.29%
0.015 -0.10032 -0.10111 -0.15896 -0.34636 0.78% 58.45% | 245.25%
0.02 -0.09656 -0.09754 -0.17197 -0.36560 1.01% 78.09% | 278.61%




9%

0

Table 2.5.A: Simulation Results for the Target Policy (AL) to Achieve Average Ideal Body Fat % (EB0) =15%

-- Comparison of Our Approachand the Conventional Approach

Our Approach The Conventional Approach
True A 2SRI A NR A LIV A “True” A | 2SRI AY NR A LIV A
-85.48 -85.40 -68.46 -59.12 -73.87 -73.69 -59.83 -59.12

Table 2.5.B: Simulation Results for the Target Policy (A(l),) to Achieve Average Ideal Body Fat % (EB®) =15%

-- Comparison of Our Approachand the Conventional Approach

Our Approach The Conventional Approach
True A} 2SRI A) NR A, LIV A “True” A} 2SRI A) NR A LIV A,
0.482 0.479 0.322 0.265 0.762 0.759 0.634 0.265




9

Table 2.6.A: Simulation Results for the Target Policy (Ag) to Achieve Average Ideal Body Fat% (EB0) =15%
for Increasing Level of Endogeneity, Using Our Approach

Level of Sample Mean Absolute | Absolute | Absolute
Endogeneity of Body True AOL 2SRI AOL NR AOL LIV AOL %bias %bias %bias
(Bu) Fat % (2SRI) (NR) (LIV)
0 0.22 (22%) | -74.69 -74.75 -74.77 -57.13 0.09% 0.12% 23.51%
0.005 0.23 (23%) | -85.48 -85.40 -68.46 -59.12 0.09% 19.91% 30.84%
0.01 0.24 (24%) | -100.11 | -99.85 -67.32 -61.75 0.25% 32.75% 38.32%
0.015 0.25 (25%) | -117.60 |-117.06 | -68.74 -64.81 0.46% 41.55% 44.89%

Level of Endogeneity, Using Our Approach

Table 2.6.B: Simulation Results for the Target Policy (AOP) to Achieve Average Ideal Body Fat% (EB0) =15% for Increasing

Level of Sample Mean ~ ~ ~ Absolute | Absolute | Absolute
Endogeneity of Body True A% 2SRI A% NR A% LIV A% %bias %bias %bias
(Buw) Fat % (2SRI) (NR) (LIV)
0 0.22 (22%) | 0.384 0.384 0.384 0.256 0.11% 0.13% 33.33%
0.005 0.23 (23%) | 0.482 0.479 0.322 0.265 0.46% 33.18% 44.97%
0.01 0.24 (24%) | 0.655 0.649 0.304 0.277 0.89% 53.58% 57.76%
0.015 0.25 (25%) | 1.000 0.983 0.306 0.291 1.69% 69.37% 70.96%
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Chapter 3: The General Model and Proposed Empirical Policy Analytic Methods

In chapter 2, we examined a simplified version of the model by using simulated
data, and showed that all the relevant estimators derived based on this model outperform
those based on conventional models that ignore nonlinearity or endogeneity. This simple
model provides a good illustration of our methods in obtaining causally-interpretable
evidence on the impact of SSB consumption on children’s weight and quantitative
recommendations for potential SSB-related interventions aimed at specified energy
balance goals. However, the situation described by the model is too simple: only one
measure for each type of variable, i.e. energy balance variable, lifestyle variable, policy
variable, observed control variable, is far from reality. Therefore, to make the model more
general and more representative of the real world, in this chapter, we extend the simple
univariate model to accommodate multiple policy and lifestyle variables. The reasons are
quite obvious: many lifestyle choices may affect one’s body weight, and each lifestyle
choice variable is likely to depend on a number of potential policy levers. We also consider
different measures of the energy balance outcome, as no single measure has been proven
to be the most accurate indicator for obesity. We complete the discussion with an empirical
application, showing the way of implementing our method in practice. Correct asymptotic

standard errors of the relevant estimators are derived and coded in Stata®.

3.1 Regression Representation of the General Model
The lifestyle regression and the energy balance regression, analogous to (2.1) and

(2.3), in the general model are
Lj = gj(Xotg+ Pay ) + X, (3.1)
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and

EBr = fr (LBLr +>—(OBOI‘ + XuBur) + er (32)

respectively, where g;( ) and f.( ) are known functions (r = 1, .., R; j =1, ..., J);
L =[L,...L,;] is the vector comprising multiple lifestyle choice variables; X, is a vector

of regression control variables; X, =[X,... X_;] is the vector of unobserved confounders

ul
for the lifestyle choice variables in L ; P =[P, ... P¢] is the vector comprising a variety of
potential policy variables (k = 1, ..., K); the as and Bs are regression parameters to be
estimated, and €, is the regression error term for the rth energy balance regression. This
model is causal in the sense that it explicitly accounts for the potential endogeneity of

lifestyle choice variables by including unobserved confounders X, for Lin (3.2) and all

the other variables, X, and P, are assumed to be exogenous in both (3.1) and (3.2). The

as and Ps can be consistently estimated by applying the 2SRI instrumental variables

method, where the instruments are the policy variables included in P and are assumed to

be highly correlated with lifestyle choice variables, but only correlated with energy balance
outcome through their impacts on lifestyle choices. In order to identify the model, the
number of policy variables (K) should be no less than the number of endogeneous variables
(J),i.e. K>1.

To make the model more straightforward, let’s focus on three lifestyle choices —
SSB calories intake (L1), other calories intake (L2), minutes of physical activity per day

(L3); and four energy balance measures — BMI percentile (EB1), body fat % (EB>),
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indicator for overweight (EB3), indicator for obesity (EB4). Then the lifestyle choice can

be modeled via a nonnegative nonlinear regression of the form*!

L= exp(X, o, +Po,)+ X, (3.3)

where j = 1, 2, 3; X, and P are defined as in (3.1); the as are the parameters to be

estimated; and Xuj denotes the random error term. The energy balance outcome can be

modeled as’?
EBr = A(LBLr +>—(OBOI —J’_)—(uBur) + er (3.4)

where r = 1, 2, 3, 4; A( ) is the logistic cumulative distribution function (cdf);

L=[L, L, L;]; X, is defined as in (3.2); X, =[X,; X,, X3]; the Bs are the

o
parameters to be estimated; €, is the random error term. To identify this model, we need

the number of policy variables (K) to be no less than 3, i.e. K > 3. The 2SRI estimator for
this model is:
Stage 1 — estimate each lifestyle equation in (3.3) via the nonlinear least squares (NLS)

method, and obtain consistent coefficient estimates @, 0p;. Then construct the vector

0j°

X = [5( )~(u2 Xu3:| , Where Xuj = Lj - GXPO_(O dOj +Edpj) :

ul

Stage 2 — obtain consistent coefficient estimates, BLr » Bor » By » by applying the NLS

or ?

method to the following version of (3.4)

31 Assuming lifestyle variables, i.e. L1, Lo, and L to be Generalized Gamma distribution.
32 If using beta regressions for EB; and EB,, and logit regressions for EB; and EB4, (3.4) can be used to
model all the four energy balance variables.
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EB, = A(LB,, + X B, + X + M (3.5
r Lr oFor ulur T

where Xu has been obtained from stage 1. These two stages would be repeated for each

of the four energy balance outcomes.

3.2 Average Incremental Effects in the General Model

Based on the above model specification and the 2SRI coefficient estimates, we can
now construct estimators for the lifestyle choice effects or the policy effects on a particular
energy balance outcome. The average incremental effect (AIE), analogous to (2.5), of an
exogenous policy-driven shift in the jth lifestyle variable by the amount 6; on a specified

energy balance measure can be estimated as

=l N

[ilEBri (sj)j—ﬁar (3.6)

_ n 1
where EB: = > —EB
i-1n

EB,;is the observed level of the rth energy balance measure for

i °

the ith individual in a sample of size n; EB,;(3;) :A(L(LjiJrSj)BLr + X B, +Xui[3ur) ,

£(Lji+6j) is the same as L, with its jth element shifted by &, X, = I:Xuli X i Xu3i]

, Xyi =L i — exp(X,; 0, +P.a,) ; the ds and the Ps are the 2SRI coefficient estimates.

Similarly, the estimated AIE, analogous to (2.6), of an exogenous change in the kth policy

variable, say Ak, on a specified energy balance measure is
n ] —— — e
[Z —EB,; (A, )j —EB: (3.7)
i=1n
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Where E/BrTA/k) =A (iﬁ (Ak)ﬁLr + XoiBor + XuiBur) ’

i‘i (A= [I:n (Ay) f‘Zi(Ak) i‘3i (Ak)] ) i’ji(Ak) = exp(Xoidoj +P(Py +Ak)&'Pj)+X

wi

X .. is defined as in (3.6), PP, +A,) is the same as P with its kth element replaced by

uji
P, +A; EB: denotes the sample average for the rth energy balance measure, defined as
in (3.6).

It is easy to show that the two types of estimated AIEs, (3.6) and (3.7), are consistent
as the parameter estimators, the ds and Ps, used in both equations are consistent. The
lifestyle effect estimator in (3.6) can be used to evaluate the direct effects of exogenous
changes in the lifestyle variables (however motivated) on children’s energy balance, and
compare the effectiveness of less formal (and possibly more direct) efforts to change
children’s behavior (i.e. less formal than policy measures based on manipulation of the
elements of P ). It can also answer the question as to whether calories from SSBs differ
from the same amount of calories from other sources in terms of affecting one’s energy
balance. The policy effect estimator in (3.7) can be used to evaluate and compare extant

and planned obesity related policies that are based on a particular energy balance measure

(EBr) and the individual policy lever variables in P .

3.3 Empirical Application
Our ultimate goals are to study the causal impact of sugar-sweetened beverage
(SSB) consumption on childhood obesity, and provide quantitative policy

recommendations for prospective policy interventions aimed at specified energy balance
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goals. These objectives will be fulfilled by using the empirical data from the National
Health and Nutrition Examination Survey (NHANES), combined with county level policy
data, such as prices of foods and drinks, access to fast-food restaurants, grocery stores, etc.,
obtained from various sources. These aggregate-level policy variables are assumed to be
exogenous in both lifestyle regression equations and energy balance equations, and highly
correlated with lifestyle variables, and, hence, can be used as instrumental variables for
lifestyle variables. However, the use of those variables requires state and county identifiers
of the subjects involved in each wave of the NHANES, which are only available in the
restricted data available through Census Research Data Centers (RDC). We are currently
in the process of getting those data, which, we believe, will be ready soon. For now, as an
illustration of our method, and a preliminary test as well, we use part of the data to
demonstrate the feasibility of our proposed method in practice. Specifically, we use school
breakfast policy, family Food Stamps receiving status and family frequency of eating at
restaurant per week as instrumental variables for SSB calories intake, other calories intake,
and physical activities, and study the impacts of those lifestyle variables on children’s body
fat %. . These instrumental variables are publicly available but are likely to be of lower
quality than the aggregate-level policy variables (e.g. prices) that we will be able to obtain
through the RDC. In particular these publicly available IVs are likely to be weak and
probably violate the requisite IV validity condition. For this reason, we view the following
empirical analyses as mainly illustrative and confine our causal analyses to the estimation
of the AIEs of the lifestyle variable on energy balance. We forego estimation of the AIEs
of the policy variables [as in (3.7)] (and estimation of recommend policy changes as

detailed in Chapter2). More complete, and we expect more policy relevant, analyses will
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be conducted once we secure the restricted aggregated data via the RDC and merge it with
the NHANES data.

In the following two sub-sections, we first describe the NHANES and the
aggregate-level policy data in detail, i.e. covering all the relevant variables that will be
involved in our more complete analyses based on the restricted data. We then conduct an
empirical analysis to illustrate our method using the data that does not require the usage of

state and county identifiers.

3.3.1 Data

We use all the seven waves of the National Health and Nutrition Examination
Survey (NHANES) data from 1999 to 2012 to construct our analysis sample. The
NHANES repeatedly collects data from a multistage probability sample of the US civilian
noninstitutionalized population since 1999, and releases it in a two-year cycle, i.e. 1999-
2000, 2001-2002, etc. It is designed to assess health and nutritional status of children and
adults. The survey consists of a home interview, during which the information of
participant’s demographic characteristics and physical activities are collected,* followed
by a standardized physical examination in a mobile examination center (MEC). The
examination includes physical measurements such as standing height, body weight, percent

body fat**, etc. A 24-hour diet recall interview is also conducted in the MEC.*

33 For those participants aged 12 -15, physical activity information is collected in the mobile examination
center (MEC).

34 Percent body fat is only available in three waves, i.e. 1999-2000, 2001-2002, and 2003-2004, while other
body measures, such as body weight and standing height, are available for all the seven waves.

35 Started from 2003, NHANES releases two days of dietary data, among which day 1 data is collected in the
MEC while day 2 data is collected via a phone interview. For wave 1999-2000 and 2001-2002, only one day
dietary data was released and it was collected in the MEC.
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We pool all seven waves of the data and restrict our analysis sample to include
children aged 2-19. We construct the BMI percentile variable by comparing children’s
BMI, defined as body weight divided by squared height (kg/m?), to the 2000 Centers for
Disease Control and Prevention (CDC) gender-specific BMI-for-age growth charts. Then
the overweight indicator is set to 1 if BMI percentile is greater than or equal to 85
percentile and less than 95™ percentile, and 0 if not; and the obesity indicator is set to 1 if
BMI percentile is greater than or equal to 95 percentile, and 0 otherwise. These three
measures are constructed for all seven waves, while another energy balance measure, body
fat %, is only available for three waves, i.e. 1999-2000, 2001-2002, and 2003-2004.

The construction of the lifestyle variables, i.e. sugar-sweetened beverage calories
intake, other calories intake, and minutes of physical activity per day, is a little tricky as
dietary data released and physical activity questionnaire vary across waves. Started from
wave 2003-2004, the survey releases two days of calories intake data for each participant.
The first day diet recall is collected in the MEC, and the second day recall is collected via
telephone 3-10 days later. Most of the participants have two days of intakes available.
Therefore, for the waves released since 2003, we use the average of calories intake if two
days of intake data are available, and use one day of intake data if not when constructing
calories intake variables. For wave 1999-2000 and 2001-2002, calories intake variables are
built based on the one day of intake data released. Considering the potential inconsistency
of calories intake variables we use across waves, we also control a variable to indicate
whether calories intake variables are generated by using two-day data or not. Because of
the concern that a 24-hour diet recall may not reflect one’s usual diet behavior, e.g. people

may eat more over the weekend than on weekdays, so we generate a variable to show the
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proportion of diet recall(s) that happened during the weekend.*® There were Physical
activity (PA) questionnaire changes since 2007. Prior to 2007, participants were asked
about specific types of leisure time activities (e.g. basketball, baseball, yoga, etc.), for each
of which, they were asked about the intensity of the activity, i.e. vigorous or moderate, the
number of times in past 30 days, as well as the minutes on average spent each time. Based
on this information, we generate three PA variables for any types of moderate, vigorous,
and moderate-vigorous combined activities respectively, and they are defined as minutes
spent per day. In 2007 and beyond, participants are not asked about specific types of
physical activities, but asked about moderate or vigorous physical activities in general,
such as minutes spent on moderate/vigorous activities at work on a typical day; minutes
spent on walking or bicycling for transportation purpose on a typical day; and minutes
spent on moderate/vigorous recreational activities on a typical day. To be consistent with
previous waves, we only consider recreational activities for the waves released after 2006
when constructing the relevant PA variables, assuming that leisure time activities are
approximately equivalent to recreational activities.

Other control variables, such as age, gender, race, household income, number of

37 marital status and educational level, are

people in the household, and reference person’s
also obtained from the NHANES. And the three publicly available instrumental variables,

i.e. school breakfast availability, having family members receiving Food Stamps, and

number of times of eating restaurant per week, are also obtained from the NHANES.

36 This variable can take three values, 0, 0.5, and 1. Value 0 means no diet recall(s) was(were) on a weekend;
0.5 means one of the two-day diet recalls was on a weekend; and 1 indicates that diet recall(s) was(were both)
on a weekend.

37 Reference person is the one who owns or rents the residence where other household members reside.
He/she is not necessarily the parent of the child, but may still play an important role in affecting child’s
lifestyle behaviors. So we control for the characteristics of the reference person when analyzing children’s
energy balance.
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We will merge the pooled data set constructed from the NHANES to a database of
aggregate-level “prospective policy levers” based on the state and county identifiers, which
are only available in the restricted data available through Census Research Data Centers
(RDC). We are currently in the process of getting access to the RDC data. Once we gain
access, we will do the merge and use the policy-lever variables as the instrumental
variables, instead of the three publicly available ones mentioned above, in the empirical
analysis illustrated in section 3.3.2 below. We will also include a richer set of control
variables than those used in the parsimonious regression specification used below. We
construct the database of policy levers using data from various sources. Our first source of
price data is the Council for Community and Economic Research’s Cost of Living Index
(C2ER COLI); our second source is the United States Department of Agricultures’
Quarterly Food at Home Price Database (QFAHPD). Our primary source for numbers of
establishments (used to measure the access to restaurants, food stores, etc.) is the Burecau
of Labor Statistics’ Quarterly Census of Employment and Wages (QCEW), which provides
economic data by industry. Data for other policy levers has been obtained directly from, or

reconstructed using, databases implemented in published studies.

3.3.2 Illustration of the Proposed Framework — An Empirical Analysis

We use part of the NHANES data discussed above to illustrate the way of
implementing our method in practice. Table 3.1 shows the variables used in this illustrative
analysis and the summary statistics correspondingly. The analysis sample is constructed
from the first 3 waves from the NHANES, i.e. 1999-2000, 2001-2002, and 2003-2004, and

consists of 2,828 children aged from 12-19, with 29% body fat on average. Sample means

58



of the three lifestyle variables — SSB calories intake, other calories intake and physical
activity per day — are 263 cal., 1975 cal., and 59 minutes respectively. Instrumental
variables include indicator for whether the school serves breakfast everyday, indicator for
whether there were any family members receiving Food Stamps in the past 12 months, and
the number of times of eating restaurant food per week. Other controls involved are
children’s age, gender and race; household income; and children’s reference person’s
marital status and educational level. Table 3.2 shows the 2SRI first stage regression results
using the NLS method for each of the three lifestyle regressions modeled via equation (3.3).
Wald test statistics are reported to show the joint significance of the three instrumental
variables in the estimation of lifestyle regression equations: 18.98 (p < 0.01), 23.02 (p <
0.01) and 13.42 (p < 0.01) for SSB calories intake, other calories intake and physical
activity per day respectively, indicating that our instrumental variables are relevant.

After the first stage lifestyle regressions, we calculate the residuals correspondingly
and use them as extra controls in the second stage energy balance regression, where the
energy balance outcome is body fat %. This second stage regression is modeled by equation
(3.4) and estimated by the NLS method. The results are displayed in Table 3.3, column (1).
As a comparison, we also reported the results in column (2) based on the nonlinear
regression (NR) method that ignores the potential endogeneity of lifestyle variables in the
body fat % regression, i.e. without including residuals in the regression. The asymptotic t
statistics of the 2SRI second stage estimates are adjusted to account for the fact that the
residuals controlled in the regression are the generated regressors calculated using the first
stage estimates. Derivations of the correct asymptotic standard errors of 2SRI second-stage

coefficient estimates are discussed in Appendix 3B.
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Our 2SRI second stage results suggest that body fat % increases as other calories
intake increases at 5% significance level, while the corresponding NR estimate suggest the
opposite. Besides, physical activity is shown to have significantly positive effect on
decreasing body fat % based on the NR estimate while it seems not to have any significant
impact on body fat % based on the 2SRI estimate. We are pointing these out to show that
the estimates obtained from the two methods, i.e. 2SRI and NR, could be very different,
and that ignoring the potential endogeneity of the variables of interest could result in very
biased estimates A nice feature of the 2SRI method is that it allows us to test for
endogeneity directly in the second stage by conducting a joint Wald test of the null
hypothesis that the coefficients of the residuals are all equal to zero. The Wald test statistic,
i.e. 10.71 (p = 0.013), shows that the residuals are jointly significant at 5% significance
level, indicating that the three lifestyle variables may be endogenous.

As we’ve mentioned before, we won’t use this analysis to make any inference about
the effects of lifestyle on body fat %. Part of the reason is because our instrumental
variables may be correlated with the random error term of the energy balance regression
equation, and hence, subject to the violation of the IV validity condition. Another reason
could be the weak instrument issue. Although the first stage test statistics have shown that
our instruments are jointly significant in predicting lifestyle variables, the results in chapter
5, based on models that appear to fit the data better, are not as convincing with regard to
the strength of the IVs — especially in the physical activity lifestyle regression. It is
primarily these problems with the IVs (invalidity and weakness) that lead us to view the
2SRI results in Tables 3.2 and 3.3 as merely illustrative. The same can be said for the AIE

estimates presented in Table 3.4. The AIE on body fat % in response to an increment in
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each lifestyle variable is calculated using 2SRI [see column (1)], and NR [see column (2)]
coefficient estimates respectively, where the increments we choose are 50, 500 and 30 for
SSB calories intake, other calories intake and minutes of physical activity, respectively.
One can choose any increments and use equation (3.6) to calculate the corresponding AIEs.
AlEs of exogenous changes in the policy variables, i.e. the three instrumental variables in
this case, on body fat % can be calculated in a similar way based on equation (3.7). As you
can see from table 3.4, AIEs from column (1) and column (2) differ a lot.
3.4 Summary

In this chapter, we extend the simple version of the model to a general one that
accommodates multiple policy and lifestyle variables and derive the AIEs in this general
case. Using the part of the data we’ve been able to obtain thus far, we conduct an empirical
analysis to demonstrate the implementation of our causal analytic framework in practice.
Specifically, we show the regression results for each stage of 2SRI estimation, the IV
relevance test in the first stage, the endogeneity test in the second stage, the ultimate AIE

estimates and the correct asymptotic standard errors®®

associated with the second stage
coefficient estimates and AIE estimators. As a comparison, we also present the results
based on the NR method that ignores the endogeneity problem. The empirical results
suggest that 2SRI-based estimates and NR-based estimates can differ from each other
substantially, and hence draw attention to the importance of accounting for endogeneity.
Due to the data limitation, we are not able to provide meaningful results with regard to the

causal impacts of lifestyle on children’s body fat %. The usage of potentially better

instrumental variables, i.e. the aggregate-level “prospective policy levers”, requires using

38 For details, see Appendix 2B and 3C.

61



state and county identifiers which are not directly available in public. We are in the process
of getting access to them from RDC. Once we gain access and, thereafter, link our policy-
lever database we’ve constructed to the NHANES data we’ve cleaned, we will replicate
the analysis presented above with a much richer set of instrumental variables and controls.
We expect that these results will yield substantive results that can be used to inform

childhood obesity policy.
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Appendix 3A
Estimators for the General Model Based on the NR/LIV Method
The NR parameter estimators can be obtained via the following two stages:
Stage 1 — is the same as the one in the 2SRI method, i.e. estimate each lifestyle equation in

(3.3) via the nonlinear least squares (NLS) method, and obtain consistent coefficient
estimates of the as (say (IOJ , (xij );
Stage 2 — estimate energy balance regression (3.4) without including X, by applying the

NLS method, and obtain the corresponding estimates of the Bs (say BLr , B(I)\IIR ), which are

not consistent as the lifestyle variables are incorrectly assumed to be exogenous in this
regression equation.

With these NR coefficient estimates in hand, we can now estimate the policy effects. The
NR-estimated AIEs of an exogenous increment in the jth lifestyle variable (9;) or the kth

policy variable (Ax) on the rth energy balance measure (EBr) are

NRY
(Z EBH(S ) ]—EBr (3A-1)
i=1n
and

[z EB.(A,) j EB. (3A-2)

where mNR =A(£(Lji+8j)[~3§rR +)—(01B<§R)= £(Lji+8j) is the same as L; with its
. . - A VR = NR ZNR SNR

jth  element  shifted by §; EB,(A,) =A(L1(Ak) Brr +XoiBor ) ,
~ NR ~ ~ ~

L) = [Lli(Ak)NR Lo (Ak)NR L3i(Ak)NR:| >
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Li(A)™ =exp(X0a " +P (P +A ap )+ X1 , XF =L —exp(X ;6

uji

NR
+Pk10‘Pj ),

oi 0_] oi Q]

PP, +A,) is the same as P with its kth element replaced by P,; +A, ; EB; denotes the

sample average for the rth energy balance measure.
The two-stage protocol used for the LIV method is

Stage 1 — estimate each of the linearized lifestyle regressions, L ;= X o, +Pa +u; , by

OLS, and obtain estimators, d(fjw and OLII;JW . Then construct the vector
FLIV LIV LIV {LIV FLIV le
LV =[TY BV V], where DV =X, 6y + Py
Stage 2 —  estimate the linearized energy  balance  regression,

EB, = L"VB,, + X B, + eV, by OLS, and obtain estimates of the Bs, B~ and BL" .

The LIV-estimated AIEs analogous to (3A-1) and (3A-2) are SBLIV and

LIVQLIV | ~LIVQLIV | ~LIVaLIV QLIV - :
A (op  Bry +0poBr, +0p 3B, ) respectively, where [3 is the LIV coefficient

estimate of the jth lifestyle variable in the rth energy balance regression equation, and aLIV

is the LIV coefficient estimate of the kth policy variable in the jth lifestyle regression

equation.
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Appendix 3B: Asymptotic Standard Errors for the 2SRI Coefficient
Estimates in the General Model
In this section, we derive the correct asymptotic standard errors of the 2SRI
coefficient estimates, where the corresponding two stages are:
Stage 1 — use the nonlinear least squares (NLS) method to estimate each lifestyle equation

below

L= exp(X,a

j +Poy)+ X (3B-1)

0]

where j = 1, 2, 3, and obtain consistent estimators, &j '= [&Oj' dpj '] , then calculate the

residual as

X, =L;—exp(X, 0,; + Pa.;) (3B-2)

0j

and construct the residual vector as X, = [Xul X2 Xu3] ;

Stage 2 — apply the NLS method to the rth energy balance outcome regression equation

below
EB, = A(LB, +XBor + XuBu) + €50 (3B-3)

where r = 1, 2, 3, 4, to obtain consistent estimates of the energy balance parameters

Br':[ﬁLr' Bor' Bur CI'

Therefore, the first stage objective function is

65



n

_%ql(a,vi): Z{qlli + o4 +Ch3i} (3B-4)

i=1

201 70j

where qui:—(Lji—exp(X 0 "‘Ei(lpj))z . Vi=[L,

and the second stage object function is

2

_izlq2r (&7Br9 Zri) = _%(EBI’I - A(L‘iBLr + )—(oiﬁor + XuiBur)) (SB_S)

where @'=[d," @' '], B;'=[PL By PBu].and Z;=[EB; V]
Following Terza (2016a, 2016aA, and 2016B), the asymptotic covariance matrix

of the first and second stage parameter estimators, i.e. & and P, , are

- D!, D!
Dr — l: ) r11 i} iz :l (3B-6)
D12 ' D22

where
D, = AVAR(&)

1

DI} =—AVAR (4) E[Vﬁraq%]'E[Vﬁrﬁr 0, ]_

D, =E [Vﬁrﬁr U, T E[Vﬁraqh ] AVAR (&) E[Vﬁraqzr ]'E[vﬁrﬁr Uy T +AVAR (B.)

~ % VBrA(L’iBLr + XoiBor + XuiBur) 'V(XA(I_'JiBLI‘ + )_(oiBor + XuiBur)
E [Vﬁraqh] =5

n

- % vBr‘/\(L’iBLr + XoiBor + XuiBur) 'VBrA(I_“iBLr + XoiBor + XuiBur)
E[ Vip, 0 | ==

n
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VB; A(LiBLr + )_(oiBor + XuiBur) = A(LiﬁLr + XoiBor + XuiBur) ’

I:l_A(LiBLr+XoiBor+XuiBur):|[]:i )—(oi Xui:l

vaA(LiBLr + XoiBor + XuiBur) = A(I_"iBLr + )_(oiﬁor + XuiBur) ’
[1 ~ ALy, + XoiBor + XuiBur)] [V W W3]
Vi = —Pyr exp(X,y; 05 + ]‘:—)idpj)[)_(oi P]

j=1,2,3, KVAJR((E) and m*(ﬁr) are the estimated covariance matrices obtained

from the first and second stage packaged regression results respectively.
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Appendix 3C: Asymptotic Standard Errors of the 2SRI-Based
Average Incremental Effects
This section is focusing on deriving the asymptotic standard errors of the estimated
average incremental effects (AIEs) on the energy balance outcomes in response to an
exogenous increment in lifestyle variable (Lj) or a particular SSB-related policy
intervention of interest (Px). Recall the three lifestyle regression equations and four energy

balance equations:

E(LJ | )_(O,B) = eXp()_(o(’“oj +Btu)

Lifestyle Regression Equations (3C-1)

E[EB, |L.X,.X,] = A(LBy, +X,By +X,B,)

Energy Balance Equations (3C-2)

where j=1,2,3; 1=1,2,3,4; X, =[Xy; Xp» Xy and X,;=L;-exp(X,a,+Pay).
The corresponding estimated average incremental effect of an increment, 9, in Lj on a

particular energy balance outcome EB: is

P—\-E/Sj = % pesjir(ld’ﬁ)

(3C-3)
where

Py (.8) = A L{L; 8 B+ X, B+ X |~ A(LBL +X B + X, )
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£(Lji+8j) is the same as L; with its jth element shifted by 9;, and

Xui:[f(u“ X oi u31] X i =L —exp(X; 0y +P0;) . In order to derive the

asymptotic properties of 1§]§5j, we cast it as a two-stage optimization estimator (2SOE):

the first stage comprises consistent estimation of a and  (e.g. via 2SRI) and the second

stage is to obtain l;ﬁsj by optimizing the following objective function w.r.t. PE5j

iizlqéji (&,B,PESI aZi) (3C-4)

where
- ~ 2
qui ((X, B’ PESJ- > Zi ) = _(pGSji ((X,B) - PESJ- )
Z :[Li Xoi Pl] and [d' ﬁ'] is the first-stage estimator of [a' P']. Following Terza

(20164, 2016aA, and 2016B), the asymptotic standard error of l;ﬁsj is estimated as

d,B) ZV[G ﬁpegl( B)

n

_ z V[(x' ﬁ']pe&i(
AVAR(PE;)) =| =

i=l
'@z
N—
|
1
es]
>
N —
(3]

i(peg (@

i=1

(3C-5)

+

where
V[a' B']If)vesji(daﬁ)z[val;ég.i Vﬁl;vea.i:|
Vai)\éﬁji = {A'(‘ﬁ( +6 )BLr +X01ﬁor —u1[3 )_A'(LiﬁLr +)—(oi[§0r +Xuiﬁur ); ’
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[\Vli Vi ‘Vsi]
Vi = _Bujr eXp(X ;0 +Bide)[)_<oi —Pl]

ng’ésji :A'(ﬁ(Lu-f-S-ﬁLr+}_(0iB0r+Xui[§ur |:£(Lji+6j) Xoi )_(ui:|

] J

Similarly, the estimated average incremental effect of an increment in the kth policy

variable, say Ak, on a particular energy balance outcome, EB;, is

— 'H peAki(dﬂﬁ) (3C-6)

where

M:[f‘li(Ak) Ly (Ay) i‘3i(Ak)}

L i (A) =exp(X ;0 + PPy +A o)+ >~(uji

P(P; +A,) is the same as P with its kth element replaced by P,; +A, , and X ; is defined

as in (3C-3). I/)\EAk can also be considered as a two-stage optimization estimator (2SOE),
which can be obtained by 1) first consistently estimating o and 3 via 2SRI, and 2) second

optimizing the following objective function w.r.t. PE,

70



izilqui (daBaPEAk 7Zi) (3C'7)

where
s ~ 2
dai (asBaPEAk 9Zi) = _(peAki (G,B) —-PE, )
Z :[L- Xoi Pl] and [&’ ﬁ’} is the first-stage estimator of [(x' B']. The

corresponding asymptotic standard error of ﬁEAk is estimated as

Vi ppeng (BB) || 2V ey, (@B
AVAR(PEs, ) =| =1 B]EGA (&) AVAR([a B]) = [ MEGA (&F)
n /~ ~ —~ 2
+l=zl(peAl( “f)-FE ) (3C-8)
n

where

Vie pipes,i(@5)=] Vopey; Vypey, ]

Vopey; = A'(LiABL + Xobor + Xubur ) Vaks Vaokas  Vishs |-
A (LB +XBor + Xy )| Vaally Viollyy Vialy |

Vogkﬂ Vii {BL . (eXP(Xm% +P(P, +Ak)aPJ) +XuJI ) +BquXuJ1}
=By, Xp(X i + PRy +A)0)| Xy PRy +A) |

(erwW)exp(xm o+ B[ X P

VIl =V, By (L —exp( X6y + By )

__Bujr eXp(Xm 0]+P )[Xoi B]

S

VBFA’éAki:A'(I:i(Ak)BLr"'X Bor + XoiBur )[i‘i(Ak) Xoi _ui:|
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Table 3.1 Variables Used in the Illustrative Empirical Analysis
— Sample and Summary Statistics

‘ Mean ‘ SD
Energy Balance Qutcome (EB)
Body Fat % | 029] o.11
Lifestyle Variables (L )
Sugar-Sweetened Beverage Calories Intake (cal.) 263.42 | 242.91
Other Calories Intake (cal.) 1974.93 | 934.14
Physical Activity Per Day (minutes) 59.16 | 82.75
Other Variables (X,)
Age (years) 15.12 1.91
Female 0.48 0.5
Non-white 0.73 0.45
Annual Household Income < $15,000 0.18 0.38
Reference Person Education-High School Graduate 0.6 0.49
Reference Person Education-Some College 0.26 0.44
Reference Person Education-College Graduate or Higher 0.15 0.36
Reference Person’s Marital Status-Single 0.37 0.48
Instrumental Variables (P)
School Serve Breakfast Each Day 0.81 0.4
Family Member(s) Receiving Food Stamps in the Last 12
months 0.19 0.39
Number of Times per Week Eating at Restaurant 2.26 1.97
N 2,828
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Table 3.2 2SRI First Stage Estimates

(1) ) 3)
SSB Calories Other Calories Physical Activity

Age (years) 0.080" 0.017" 0.102°"

(9.121) (3.692) (6.577)
Female -0.332"" -0.257"" -0.535™

(-9.358) (-15.041) (-8.976)
Non-white 0.034 -0.046" -0.073

(0.705) (-2.097) (-1.086)
Annual Household -0.120° 0.008 -0.070
Income < $15,000 (-1.985) (0.267) (-0.779)
Reference Person -0.034 0.040 0.218™
Education-Some (-0.701) (1.819) (2.805)
College
Reference Person -0.141 0.044 0.118
Education-College (-1.772) (1.708) (1.503)
Graduate or Higher
Reference Person is 0.067 -0.018 -0.058
Single (1.526) (-0.883) (-0.897)
School Serve Breakfast -0.090 -0.062"" -0.199"
Each Day (-1.475) (-2.601) (-2.559)
Food Stamps Received 0.019 0.025 0.254"
in the Last 12 months (0.295) (0.956) (2.491)
# Times/Week Eating at 0.036"" 0.016™" 0.022
Restaurant (3.989) (3.896) (1.508)
Constant 4.484™ 7.477°" 2.790""

(30.309) (99.791) (10.896)
IV Relevance Test
Wald (%?) 18.983 23.016 13.423
P-value <0.000 <0.000 0.004
N 2,828 2,828 2,828

t statistics in parentheses

Reference Person Education-High School Graduate is omitted.

R

*p<0.05 " p<0.01,*" p<0.001
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Table 3.3 2SRI Second Stage and NR Estimates

(1) (2)
2SRI NR?*
SSB Calories (cal.) -0.003 -0.00003
(-1.848) (-0.954)
Other Calories (cal.) 0.001" -0.00006 ***
(1.974) (-6.861)
Physical Activity/Day -0.008 -0.001°"
(minutes) (-1.620) (-3.782)
Age (years) 0.061" -0.007
(2.551) (-1.726)
Female 0.668" 0.553"
(3.010) (32.319)
Non-white 0.151 0.041°
(1.600) (2.303)
Annual Household -0.114 0.006
Income < $15,000 (-1.143) (0.306)
Reference Person -0.095 -0.064™
Education-Some (-0.961) (-3.595)
College
Reference Person -0.246 -0.074™
Education-College (-1.890) (-3.283)
Graduate or Higher
Reference Person is 0.070 -0.010
Single (0.859 (-0.576)
X, (SSB Calories) 0.003 i
(1.835)
X,, (Other Calories) -0.001° i
(-2.074)
X5 (Physical Activity) 0.008 ]
(1.524)
Constant -3.188" -0.895™"

3 For the details about the NR method in the estimation of energy balance outcomes, see Appendix 3A
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(-3.111) (-12.852)

Endogeneity Test

Wald (32) 10.708" i
P-value 0.013 -
N 2,828 2,828

t statistics in parentheses, adjusted for the 2SRI estimates, i.e. column (1).*

Reference Person Education-High School Graduate is omitted.
"p<0.05,"p<0.01, p<0.001

40 For detailed derivations of the correct asymptotic standard errors for the 2SRI second stage NLS estimates,
see Appendix 3B.
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Table 3.4 Average Incremental Effects of Lifestyle Variables on Body Fat %
-- 2SRI vs NR-Based Estimates

(1) (2)
2SRI-Based NR-Based*!

SSB Calories Intake -0.031 -0.0003
(A=50) (-1.914) (-0.954)
Other Calories Intake 0.131 -0.006™""
(A=500) (1.846) (-6.902)
Physical Activity -0.049 -0.003™"
(A=30) (-1.719) (-3.800)
N 2,828 2,828

t statistics in parentheses, adjusted for the 2SRI-based AIEs in column (1).%?
p<0.05 " p<0.01," p<0.001

41 For detailed derivations of the NR-based AIEs, see Appendix 3A.

42 For detailed derivations of the asymptotic standard errors for the 2SRI-based AIEs, see Appendix 3C.
Derivations of the asymptotic standard errors for the NR-based AIEs are essentially the same — eliminate

Xuiﬁm terms from the calculation of the individual AIE, i.e. equation (3C-3) and use covariance matrix of

coefficient estimates obtained based on the NR method, instead of AVAR([&' [3’]) in equation (3C-5)

would give the correct asymptotic standard errors.
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Chapter 4: More Efficient Estimation —
A Full Information Version of the Simplified Model

In the previous two chapters, we have shown that, given the conditional means of
the lifestyle variables and the energy balance variables, we can consistently estimate the
relevant parameters by applying the two-stage residual inclusion (2SRI) method, where the
regressions in both stages are estimated by the nonlinear least squares (NLS) method. If
we know the distributions of the lifestyle variables and the energy balance variables, and
incorporate this full information in maximum likelihood estimation (MLE) of both stages
of a 2SRI protocol, we can obtain parameter estimates that are not only consistent but also
more efficient than their NLS counterparts. In this chapter, we examine the potential

efficiency gains based on the simple case introduced in chapter 2, using simulated data.

4.1 The Simplified Model Revisited
We assume lifestyle variable (L), soda calorie consumption, conditional on the
price variate (P), to be a Generalized Gamma random variable which has the following

probability density function (pdf)

YY

oL{¥T (v)

f(L | X,,P;k,1L,0) = exp(Z+Jy - V) L>0 (4.1)

where Xo and P are defined as in chapter 2; I'( ) is the gamma function;y = |K|_2;

; K, o, and the as are the

Z= sign(K){ln(L)—u}/c ; V:yexp(|K|Z); n=X,a,+Pa;;

parameters to be estimated. We also suppose that, conditional on L, the observable
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confounder age (X ) and the unobservable confounder (X, ), the energy balance variable,

body fat % (EB), is Beta distributed with the pdf

. _ ') Eu-l g E(1-p)-1
h(EB|L,X_,X_;&, u)_F(iu)F(i(l—u)) EB%! (1 — EB)*(* 0<EB<I

(4.2)

where as in chapter 2; p=E[EB|L,X_, X, ]=A(LB_ +XB, +X,B,), A( ) is the logistic

cumulative density function (cdf); and & and the Bs are the parameters to be estimated. It is

easy to show that the corresponding conditional means of L and EB are, respectively,

EB(L|X,,P)=exp(X, a, +Pa, +C) (4.3)

where C = In[k>°*C"], C =T{(1/«*)+(0/k)}/T{1/«?}, and can be absorbed into the

intercept component of a, ; and
E[EB|L, X,, X,]= ALB, +X B, +X,B,)- (4.4)

Based on the two conditional means in (4.3) and (4.4), which are the minimum information
needed for NLS estimation, we have shown that the as and Bs can be consistently estimated
via the 2SRI method introduced in chapter 2. Unlike chapter 2, we now consider a full
information version of the estimation approach. By full information, we mean the

conditional probability density functions of L and EB are known, and are given by (4.1)
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and (4.2) respectively. As long as the functional forms in (4.1) and (4.2) are correctly
specified,*” the parameters can be consistently estimated by the following two stages:
Stage 1 — use maximum likelihood estimation (MLE) to estimate the lifestyle regression

parameters (as, o, k) based on the conditional pdfin (4.1), and obtain consistent estimators,

aME = [aME aMEE], 6MF and «MYF, then calculate the residual as

XME = L —exp(X @™ +Pay™ " +CV) 4.5)
where

CMLE _ Inf( MLE )(26MLE [RMEE) CMLE*]

CMLE* — r{(]. / (RMLE )2) +(6_MLE /KMLE )}/r{l / (RMLE )2}
Stage 2 — obtain consistent estimates of the energy balance parameters,

pMLE" — [BMLE BMLE"  gMLE] apd EMLE | by applying MLE based on the conditional pdf

in (4.2) with Xu replaced by XﬂdLE .
Although the approach introduced in chapter 2 relaxes dependence on the full
distributional assumption, unlike the MLE discussed here, the latter may afford substantial

gains in efficiency. Moreover, the likelihood formulations in (4.1) and (4.2) are very

parametrically flexible so that misspecification bias is less of a concern.

43 The conditional pdf we assumed for L, equation (4.1), is quite flexible as many distributions, such as
Weibull, Log-normal, Exponential, etc., that are commonly used in modeling nonnegative random variables
are special cases of General Gamma distribution. The Beta distribution we assumed for EB, equation (4.2),
can produce a unimodal, uniform, or bimodal distribution of points that can be either symmetrical or skewed
(Paolino, 2001), which is quite flexible. The above-mentioned flexibilities in specifying the conditional pdf
for L and EB should largely reduce the likelihood of misspecification bias when applying MLE.
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After obtaining consistent MLE parameter estimators from stages 1 and 2, we can

calculate the relevant policy effect estimates by substituting the MLE parameter estimates
for the dsand Ps in equation (2.5) and (2.6). For simplicity, these estimators, together

with the parameter estimators introduced in this chapter, will be referred to as MLE
estimators; and their counterparts described in chapter 2 will be referred to as NLS
estimators. To examine the potential efficiency gains of the MLE estimators relative to the

NLS estimators, we conduct a simulation study below.

4.2 Simulation Study — Examine the Potential Efficiency Gains

We generate 1000 samples of size n = 10,000 using the same sampling design as
that used to simulate the analysis sample in chapter 2, and to each of them apply two
different estimators: (1) minimum information version of the model — apply the nonlinear
least squares (NLS) method to estimate the two-stage regressions of 2SRI discussed in
chapter 2; (2) full information version of the model — apply maximum likelihood
estimation (MLE) for both stages of 2SRI introduced in this chapter. Using the results from
each of these models, we estimate the policy effects based on equation (2.5) — (2.6). The
results are displayed in Table 4.1. Column 2 lists the true values to be estimated: parameters
(the as and Bs, i.e. pre-specified values during data generating process) and policy effects

[AIE(A,) and AIE(A;), i.e. average incremental effects of an increment in L or P on EB,

where the increment is 1].** The corresponding NLS and MLE estimators are listed in

4 True values for the policy effects and recommended policy changes were calculated based on a super
sample of 1 million observations generated using the same sampling design as that used to simulate the 1000
replicates each of sample size n = 10,000. See chapter 2 for details about the corresponding true values
calculated based on a super sample of size 3 million.
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column 3 and 4 respectively. We can see that all the estimators are quite close to their true
values, indicating that estimators based on both minimum and full information models are
consistent. As our main interest here is the possible efficiency gains by incorporating the
full information of the model in the estimation, we calculate mean squared error (MSE) of
the relevant estimators, which are presented in column 5 and 6. The comparison of these
two columns shows that MLE estimators are more efficient than their NLS counterparts,
i.e. the MSE of the latter are much larger. To make the comparison more straightforward,
we calculate the percentage decrease in the MSE of each estimator based on the full
information model relative to the one based on the minimum information model; and the
results are displayed in the last column. As you can see, the efficiency improvement is
huge: the percentage decrease in the mean squared error of most MLE estimators, relative

to NLS estimators, is more than 50%.

4.3 Summary

In this chapter, we introduce a full information version of the simple model by
assuming known forms for the conditional probability density functions of the lifestyle
(i.e. soda calorie intake) and energy balance outcome (i.e. body fat %) variables. The
regressions in the two stages of the 2SRI protocol are then estimated via the MLE
method, which is expected produce more efficient estimates than the NLS based 2SRI
method used in in chapter 2. We conduct a simulation study to examine the potential
efficiency gains. We find the MLE-based estimators have smaller mean squared error
than their NLS-based counterparts, and the percentage gain in efficiency is found to be

more than 50% for all the coefficient and AIE estimators.
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€8

Table 4.1 Comparison of Minimum and Full Information Versions of the Model
— Examine Efficiency Gains

Estimate MSE % of
Parameter True Minimum Full Minimum Full Efficiency

Information Information | Information | Information Gains

0o 0.001 0.0010638 0.0010007 1.20e-06 3.68e-08 96.93%

op -2 -2.00126 -2.000156 0.0003673 0.0000105 97.14%

BL 0.007 0.0070029 0.0070007 3.39¢-09 4.29¢-10 87.35%

Bo 0.02 0.0200513 0.0200058 6.78e-07 2.32e-08 96.58%

Bu 0.005 0.0049971 0.0049996 3.74¢-09 4.95e-10 86.76%

AIE(A;) | 0.0010839 0.0010839 0.0010836 1.13e-10 3.65¢e-11 67.70%

AIE(Ap) | -0.1050318 -0.1050567 -0.1050167 3.32¢-06 1.54¢-06 53.61%

gains, listed in the last column, as

error (MSE) of a particular estimator is measured as Y.

1000

n=l
1000
between the minimum and full information models with regard to MSE more straightforward, we calculate the percentage of efficiency

minimum, j ‘

MSE

minimum, j

x100%.

The value of a particular estimator listed in column 3 and 4 is averaged over the 1000 simulated samples, i.e. >

1000

(@jmn — 9 j)2 where q; is the true value of g, . To make the comparison

W ——q.... where
n=l 1000 qun

denotes the jth estimate based on mth model (m = minimum or full information model) obtained from nth sample. Mean square



Chapter 5: More Efficient Estimation —
A Full Information Version of the General Model

This chapter discusses the full information version of the general model introduced
in chapter 3. The idea is the same as that used in chapter 4: both lifestyle and energy balance
regression parameters are consistently estimated via maximum likelihood estimation
(MLE), giving that their conditional distributions are correctly specified. We expect the
MLE parameter estimators and the policy effect estimators calculated from them to be more
efficient than their counterparts based on the minimum information model described in
chapter 3. As in chapter 3, we complete our discussion with an empirical analysis to
demonstrate implementation of the method introduced in this chapter. The analysis is
performed using the same data set as that used in chapter 3, and hence is comparable to the
empirical analysis conducted in that chapter. Correct asymptotic standard errors for the

relevant estimators are derived and coded in Stata®.

5.1 The General Model Revisited
We assume the distributions for the nonnegative continuous lifestyle variables [L:
— sugar-sweetened beverage (SSB) calories intake; L2 — other calories intake; L3 — minutes

of physical activity per day] to be generalized gamma (GG) as

gi(L;1X,,P)=gg(L;x,1,0;) (5.1)

where j = 1, 2, 3; X and P are defined as in chapter 3; gg( ) denotes the generalized

gamma pdf which is
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(Yikp0) = —LexpZT - V) Y>0
g8(Y K, 1,6) = exp Y- >
oY VT (v)

b > and «j,

with y = |1<|72 , Z=sign(x){In(Y)-p}/c, V= yexp(|K|Z) ; ny =X, 0, +Pa
oj, and the ajs are the parameters to be estimated.

The energy balance outcomes we are interested in are BMI percentile (EB1), body
fat % (EB2), indicators for overweight (EB3) and obesity (EB4), among which the first two
are fractional variables that take values between 0 and 1, and the last two are binary
variables that take values of 0 or 1. We therefore assume EB: and EB:2 to be beta

distribution; and EB3 and EB4 to be Bernoulli distribution. The corresponding conditional

probability density functions are, respectively, as follows

h(EBrl | L’Xo’Xu;érhp‘rl): F(irl) EB@rlHrl*1 (1 _ EB)ErlU*Hrl)*l
l—‘(é‘;rll’lrl )F(irl (1 —Hn ))
0<EB,,<1 (5.2)
where r1 = 1, 2, L and X, are defined as in chapter 3,

u,, =E[EB, | L, X, , X, 1= ALP,; + X Bor1 + XBur1)» A( ) is the logistic cdf, and &1 and

the Pris are the parameters to be estimated; and

1-EB,,

f(EBrZ | La XoaXu;BrZ) = ur2EBr2 [1 - MrZ] EBrZ = Oorl (53)

where 12 =3, 4, n, =E[EB,, |L, X, X, 1= A(LB,, + X Borz + X Pur2)» and Prs are the

parameters.
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To consistently estimate the relevant parameters in this case, we can apply
maximum likelihood estimation (MLE) based on the conditional probability density

functions in (5.1) — (5.3) in both stages of the 2SRI method.

5.2 Method Illustration — Continued Empirical Analysis

We repeat our real data analysis conducted in chapter 3 by applying MLE instead
of NLS to the estimations of lifestyle and energy balance regressions. The correct
asymptotic standard errors are derived and calculated for these MLE parameter
estimators.* The relevant AIE estimators and their correct asymptotic standard errors*® are
re-calculated using MLE parameter estimators and the corresponding correct asymptotic
standard errors. For the same reasons as discussed in chapter 3, we view the analysis
conducted here as merely illustrative of the econometric framework and method. We are
aiming at using this illustrative analysis to give a more concrete perspective of our method,
and possibly to demonstrate the feasibility of our method in extended scenarios wherein
there are multiple endogenous variables in a nonlinear context.

Columns (1) through (3) of Table 5.1, show the 2SRI first stage MLE coefficient
estimates for SSB calories intake, other calories intake and physical activity respectively,
wherein the underlying conditional distributions are assumed to be generalized gamma
(GG) with probability density functions as defined in (5.1). The Wald test statistics show

that the I'Vs are relevant in predicting SSB calories, i.e. 36.53 (p < 0.01), and other calories

45 See Appendix 5A for details.
46 The formula is exactly the same as the one used to calculate the asymptotic standard errors of the

corresponding AlIEs, see equation (3C-5) in Appendix 3C. Replace [d' B'] with [&MLE ' EMLE ‘:' would

give us the correct asymptotic standard errors of the AIEs discussed in this chapter.

86



intakes, i.e. 23.25 (p < 0.01), but not relevant for physical activity, i.e. 3.19 (p = 0.363),
which is inconsistent with the result obtained in chapter 3, where Wald statistic is 13.423
(p = 0.004), see the bottom of Table 3.2, column (3). Given this point of divergence
between the NLS (chapter 3) and GG-MLE results in the 2SRI first stage, we conduct a
model fit comparison test, i.e. NLS vs GG MLE. The NLS estimation performed in chapter
3 can be equivalently cast as the pseudo maximum likelihood estimator (PMLE) based on
the normal distribution with an exponential conditional mean [as in the systematic
component of the generic lifestyle equation (3.3)].*” Unfortunately, the NLS-PMLE is not
nested within the GG-MLE so a conventional likelihood ratio test cannot be implemented.
For this reason, we use the likelihood ratio (LR) test devised by Vuong (1989) for fit
comparisons of likelihood-based non-nested models (see also Wooldridge, 2010, p505-508;
Greene, 2012, p534-536). Vuong’s LR test statistic (V-LR) is asymptotically normally
distributed. In the present context, large negative values of the V-LR indicate rejection of
the null hypothesis that the models fit the data equally well in favor of the GG-MLE.
Similarly, large positive values support the relative validity of NLS-PMLE. As can be seen
at the bottom of Table 5.1, the large negative value of the V-LR for each of the lifestyle
regressions indicates that GG-MLE affords better model fit. From this result, we conclude
that the seemingly good first stage results regarding the strength of the Vs (based on the
chi-squared joint test statistics displayed in Table 3.2), are likely to be misleading. The
preferred GG-MLE results give evidence of IV weakness — in particular, regarding their

predictive power for minutes of physical activity.

4ISee Gourieroux, Monfort and Trognon, 1984; and Gourieroux and Monfort, 1989, section 8.4.2
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This goodness-of-fit analysis also supports our idea of using GG as the conditional
distribution for non-negative continuous variables — it is very flexible in terms of the shape
of its probability distribution, and hence, may fit the data better. As a comparison, we also
present the first stage results based on the LIV method, i.e. the linear instrumental variables
method*®, in columns (4) — (6) of Table 5.1. F statistics suggest weak IVs in the estimation
of all three lifestyle regressions — none of them are greater than 10, the rule of thumb for
IV relevance test in the linear case. This weak IVs conclusion seems to be consistent with
the one based on GG MLE. However, it does not indicate that LIV performs better than
NLS-based 2SRI method discussed in chapter 3. It could be a coincidence. We have every
reason to believe that linear regression is not a good choice especially when the dependent
variable has limited value range and its distribution is highly skewed.

Table 5.2 shows the coefficient estimates for body fat % regressions based on the
alternative methods. Column (1) shows the estimates obtained from the 2SRI second stage
estimation, which is based on the MLE method with the distribution modeled in equation
(5.2), i.e. Beta distribution. For simplicity, let’s call them “corrected” Beta estimates as
they are 2SRI estimates and thus directly account for the potential endogeneity of the
lifestyle variables. Conversely, the estimates obtained from the similar Beta regression that
ignores endogeneity are referred to as the “uncorrected” Beta estimates — listed in column
(2). Column (3) displays the LIV second stage coefficient estimates that are corrected for
potential endogeneity but ignore the inherent nonlinearity of the model. Column (4) gives
the OLS estimates that ignore both endogeneity and nonlinearity. The AIEs on body fat %

in response to an exogenous increment in each lifestyle variable based on these methods

48 See chapter 2, section 2.4.2 for details.
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are displayed in Table 5.3, column (1) — (4) correspondingly. As you can see from Tables
5.2 and 5.3, coefficient and AIE estimates differ substantially across the four model
specifications: models that account for the potential endogeneity (i.e. “corrected” Beta and
LIV) suggest no significant impacts or significant effects at low significance level (5%,
only for physical activity in the “corrected” Beta column) of lifestyle variables on body
fat % while the ones that ignore endogeneity (i.e. “uncorrected” Beta and OLS) show
significant results at a very high significance level (0.1%, for all three lifestyle variables).
Comparison of the AIEs between “corrected” Beta and LIV methods [Table 5.3, column
(1) and (3)] also suggests divergent results due to the ignoring nonlinearity even though
both methods account for endogeneity. All these comparisons draw our attention to the
importance of choosing the appropriate method when dealing with endogeneity in a
nonlinear context as results can differ substantially across various methods. As our
instruments are weak, we won’t draw any inferences from these results. We will replicate
the analysis using better [Vs, i.e. the aggregate-level “prospective policy levers”, once we

get access to the restricted RDC data.

5.3 Summary

In this chapter, we discuss the full information model in the general case and apply
MLE in both stages of the 2SRI method based on the same data set as that is used in chapter
3. Ideally, we would like to compare the MLE-based estimators obtained from this chapter
to the NLS-based ones obtained from chapter 3 and show that the two sets of estimators
are similar but the former ones have smaller standard errors, indicating efficiency gains

from the fully parametric version of the 2SRI model relative to the minimally parametric
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one. However, due to the data limitation discussed above, we are not able to do so. Our
MLE-based 2SRI first stage test statistics indicate that the instrumental variables we use
are not strong enough, and hence, neither NLS-based estimators nor MLE-based estimators
are consistent. Therefore, the comparison of standard errors is futile in the current analysis.
We are hoping that, once we merge the public NHANES data to the aggregate-level policy
data based on state and county identifiers, we will get meaningful results that allow such

comparisons.
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Appendix 5A: Asymptotic Standard Errors for 2SRI Coefficient Estimates
in the Fully Parametric General Model
In this section, we derive the correct asymptotic standard errors of the 2SRI
coefficient estimates, where the corresponding two stages are:
Stage 1 — use the maximum likelihood estimation (MLE) method to estimate parameters
of each lifestyle conditional pdf defined as in (5.1), and obtain consistent estimators,

. - - ~ MLE ~MLE )
aﬂ_WLE ' :[@?LE ' ag/JI.LE '] ,G; and K; then calculate the residual as

XU = L —exp (X, 6N + PajLE + CIF) (5A-1)
where

~ <MLE ~MLE\ . %

Cg\/ILE _ ln[(f(?/ILE )(20J /K )C?/ILE ]

G =TI/ (&) + (6] /R T ()57 ))

and construct the residual vector as XM = [X{Y{LE XMLE 5({}43“5] ;

Stage 2 — apply MLE based on the conditional pdf

) rE.) -
n(EB. [L.X_ MLE. _ rl ERSrtat.
( " |_,_O,_u ’grl,url) r(érl“rl)r(érl (1_l"lrl))

(1 _ EB)‘:rl(l_prl)_l (5A_2)
Where rl = 1’ 2’ l’lrl =E |:EBrl |La )_(O’XuMLEJ = A(LBLrl + )_(oBorl + XUMLEﬁurl) and the

conditional pdf

£(EB, L X0, XY5B, ) =™ [1-p, 07 (5A-3)
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Where r2 = 3’ 4’ urZ = EI:EBrZ |L>)_<0’X11:/[LE:| = A(LBLrZ +)_(0B0r2 +X11:/[LEBU1'2) to obtain

consistent estimates of the energy balance parameters pMUF = [Q{%E tOBMLEY pMLE ']

rl

and vﬁ%{LE , and pMLE e[”ﬁgﬁ rOpMLEY gMLE '} for fractional outcomes (i.e. body fat %

and BMI percentile) and binary outcomes (i.e. overweight and obesity) respectively.

Therefore, the first stage objective function is

jzlql (0, Vi) = {1 +1y +1y} (5A-4)

i=

where lji represents the log-likelihood function of jth lifestyle variable for individual i,

Vi =[L; X, P],and the second stage object functions are

M=

iizlqu (&'MLE’BrD&rI’Zrli ) = : {ll’l 1—‘(arl ) —In 1—‘(irlurli ) _lnr(f;ﬂ (1 - l"lrli))+

Il
—

(érl“rli - 1)11’1 (EBrli)+ (érl (1 — Uy ) - l)hl (1 - EBrli )}

(5A-5)

~MLE ~MLE ~MLE ~MLE ' ! ! ! —_
where & ':[0‘1 a0y ']aBrl _[BLrl Blort Burl] ) Zrli_[EBrli \/1]

R = A(LiﬁLrl + Xoiﬁorl + XllﬁLEBurl)’ and

M=

iizlqu (&’MLE7Br2’Zr2i) = - {EBrZi 1n(“r2i)+ (1 - EBrZi )11’1(1 - Mr2i )} (SA_6)

Il
_
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where

BrZ '= [B'Lr2 B'0r2 B'urZ] ’ Hpoi = A (I:iBer + )_(oiBorz + XgLEBuﬂ) ’

7= [EBrZi Vl] for fractional outcomes and binary outcomes respectively.

Following Terza (2016a, 2016aA, and 2016B), equation (9), the asymptotic

MLE

. . . . ~MLE 0
covariance matrix of the first and second stage parameter estimators, i.e. o and B},

for fractional energy balance outcomes is

where

49

. :F{i 1?{;} (5A-7)
Dj' D

DYl = AVAR ()

D}, = AVAR (6“5 )E[ V, q,'V,q, 'AVAR (B2F)

DI, = AVAR (B B[V, . 'V.a4 JAVAR (B[ V), 44"V, ]
A (1) A 1)

~ § VBrlqu 'Vaghl
E[V[}rlqu 'Vaqr1:| ==

n
Vi, 1 =Sn Ve, Meii {_W(érlurli ) + \V(érl (1 — M )) + ln(EBrli ) - ln(l —EB,;; )}
vaqu = érlva“rli {_W(érl“rli)+ \V(érl (1 — My ))+ In (EBrli)_ In (1 - EBr]i )}

Vi Wi = A (LB +XoiBort + XuiBun )[I:i Xoi Xui]

¥ E,H is not the parameter of interest. So the correct asymptotic standard error of the corresponding estimate

is not covered in equation (5A-7).
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V(xl’lrli = A'(L‘iBLrl +>_(oiB0rl + _ulﬁurl I: Burll eXp 0i%o1 +PaPl)[X Pl]

B2 exp(Xm Oy +Pap, )[Xoi Pi] ~Buri3 exp(Xm O3 + Piotps )[Xoi Pi]]

MLE) and

\|/( ) represents the logarithmic derivative of the gamma function, m«x

AVAR (BMLE) are the estimated covariance matrices obtained from the first and second
stage packaged regression results respectively. Similarly, for binary outcomes, the

: : . . .~ AMLE .
asymptotic covariance matrix of both stage parameter estimators, i.e. "' and B,

~ DrZ Dr2
o 2 o
D12 D22

where

D} = AVAR (@'F)

D} = AVAR (& MLE)E[VBqurz'Vaqrz]'AVAR (BY")

D2 = AVAR (BY™)E[ Vp,92'Vadls JAVAR (8 )E[ V}, q,,'V g, |*
VAR () VAR ()

~ ZIVB zqr2 vaqﬂ
E|:Vﬁﬂqr2 'Vaqu] =

n

vﬁrz Hyoj vﬁrz Hyoi

(l_EBrZi)

\% qr2 EB r2i
P Hyoj 1- Hioj

V I \Y
Votqr2 = EBr2i ﬁ - (1 EBer )ﬁ
Mo 1=y

VﬁrzurZi = A'(LiBLﬂ +)—(0iBor2 + —UIBUTZ)[L X )—(ui]
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Votp“rZi = A'(LiBLrZ + XoiBorZ + Xuiﬁuﬂ )|:_Bur2l eXp(>(oia‘ol + PiaPl )[Xoi Pl]
P2z €XP (Xoi“oz +Pop, ) [Xoi Pi] P2z €XP (Xoiao3 +Piops )[Xoi P ]]
AVAR (dMLE) and m*(BgLE) are the estimated covariance matrices obtained from

the first and second stage packaged regression results respectively.
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Table 5.1 2SRI and LIV First Stage Estimates

(1) (2) 3) 4) ) (6)
SSB Calories  Other Calories Physical SSB Calories  Other Calories Physical
GG GG Activity GG LIV LIV Activity LIV

Age (years) 0.077"" 0.013™ 0.119™ 20.660"" 29.035™ 5.451™"

(5.538) (3.027) (6.882) (8.826) (3.289) (6.679)
Female -0.273* -0.251™ -0.279"" -83.698™" -494.182"** -27.618""

(-5.513) (-15.252) (-4.401) (-9.729) (-14.911) (-9.332)
Non-white 0.064 -0.025 -0.102 13.564 -71.000 -4.987

(1.165) (-1.267) (-1.238) (1.211) (-1.704) (-1.376)
Annual Household -0.282™" -0.006 -0.050 -28.530" 3.094 -2.570
Income < $15,000 (-4.142) (-0.235) (-0.516) (-2.115) (0.057) (-0.596)
Reference Person 0.085 0.036 0.127 -6.576 74.372 10.484™"
Education-Some (1.514) (1.796) (1.679) (-0.587) (1.772) (2.649)
College
Reference Person 0.191" 0.058" -0.050 -37.443" 103.288" 5.999
Education-College (2.231) (2.293) (-0.504) (-2.296) (2.006) (1.385)
Graduate or
Higher
Reference Person 0.175™ -0.025 -0.154" 15.466 -42.759 -4.319
is Single (3.043) (-1.323) (-2.092) (1.482) (-1.104) (-1.346)
School Serve -0.272* -0.063™" -0.096 -24.070 -127.222* -11.495™
Breakfast Each (-4.294) (-2.966) (-1.173) (-1.712) (-2.634) (-2.665)

Day
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Food Stamps 0.170" 0.029 0.111 3.072 51.121 9.341
Received in the (2.291) (1.164) (1.269) (0.215) (0.999) (1.958)
Last 12 months
# Times/Week 0.043"" 0.016™" -0.006 12.432"" 33.913" 1.274
Eating at (3.409) (3.698) (-0.398) (4.059) (3.638) (1.444)
Restaurant
Constant 5.138™" 7.521™" 3.213™ -21.509 1821.567°" -3.283
(22.181) (106.242) (11.642) (-0.583) (12.536) (-0.260)
In(o) 0.157"" -0.832"" 0.455™"
(5.338) (-60.186) (18.209) i i )
K 4.674™" 0.452"" 3.831™
(31.374) (13.247) (35.760) i i i
IV Relevance Test
Wald/F Statistics 36.534 23.246 3.190 6.033 7.135 3.964
P-value <0.000 <0.000 0.363 <0.000 <0.000 <0.008
Model Fit Test
(NLS-PMLE vs
GG-MLE)
V-LR Test -120145.571 -1293816.814 -103275.558 - - -
Statistics
N 2,828 2,828 2,828 2,828 2,828 2,828

t statistics in parentheses
Wald statistics are reported in column (1) — (3), while F statistics are reported in column (4) — (6).

Reference Person Education-High School Graduate is omitted.

*p<0.05"p<0.01,

kokok

p <0.001
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Table 5.2 2SRI Second Stage “Corrected” Beta, “Uncorrected” Beta, LIV Second Stage, and OLS Estimates

(1) 2 3) 4)
“Corrected” Beta “Uncorrected” Beta LIV OLS
SSB Calories (cal.) 0.001 -0.00003 0.0002 -0.000005
(0.711) (-0.880) (0.164) (-0.804)
Other Calories (cal.) -0.001 -0.00006"" -0.00008 -0.00001"
(-0.999) (-6.300) (-0.191) (-6.9406)
Physical Activity/Day -0.015" -0.001°" 0.00002 -0.00009"
(minutes) (-1.980) (-5.064) (0.007) (-3.763)
Age (years) 0.059 -0.012* -0.004 -0.003™"
(1.755) (-2.774) (-0.208) (-2.929)
Female 0.249 0.582™" 0.096 0.115™"
(1.251) (33.978) (1.434) (34.500)
Non-white -0.071 0.038 0.0003 0.008"
(-1.071) (1.934) (0.008) (2.063)
Annual Household Income < 0.055 0.013 0.007 0.001
$15,000 (0.757) (0.556) (0.204) (0.270)
Reference Person Education- 0.033 -0.064™" -0.008 -0.013™
Some College (0.487) (-3.269) (-0.534) (-3.482)
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Reference Person Education- -0.095 -0.072" -0.002 -0.015™"
College Graduate or Higher (-1.032) (-2.876) (-0.033) (-3.298)
Reference Person is Single -0.162° -0.016 -0.007 -0.002
(-2.060) (-0.898) (-0.283) (-0.566)
S . -0.001
X, (SSB Calories) (-0.726) - - -
S . 0.0004
X,, (Other Calories) (0.883) - - -
5 . .. 0.014
X ,; (Physical Activity) (1.914) - - -
Constant -0.348 -0.842°" 0.438 0.307°*"
(-0.368) (-11.979) (0.533) (22.050)
In(&) 3.248"™ 3.2377
(85.531) (123.581) i )
Endogeneity Test
Wald/F Statistics 5.542 - 0.378 -
P-Value 0.136 - 0.769 -
N 2,828 2,828 2,828 2,828

t statistics in parentheses, adjusted for 2SRI second stage “corrected” Beta estimates, i.e. column (1).%
Reference Person Education-High School Graduate is omitted.
"p<0.05 " p<0.01," p<0.001

30 For detailed derivations of the correct asymptotic standard errors for the 2SRI second stage Beta estimates, see Appendix SA.
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Table 5.3 Average Incremental Effects of Lifestyle Variables on Body Fat %
-- 2SRI-Based “Corrected” Beta vs “Uncorrected” Beta vs LIV vs OLS

(D (2) 3) 4)
“Corrected” Beta “Uncorrected” LIV OLS
Beta

SSB Calories Intake 0.013 -0.0003 0.008 -0.0003
(A=50) (0.702) (-.880) (0.164) (-0.804)
Other Calories Intake -0.048 -0.006™"" -0.042 -0.006"™"
(A=500) (-1.060) (-6.343) (-0.191) (-6.946)
Physical Activity -0.081" -0.003"" 0.0005 -0.003""
(A=30) (-2.244) (-5.083) (0.007) (-3.763)
N 2,828 2,828 2,828 2,828

t statistics in parentheses, adjusted for the 2SRI-based AIEs, i.e. column (1) “Corrected” Beta.>!
p<0.05 " p<0.01, " p<0.001

51 For formula of calculating the correct asymptotic standard error, see equation (3C-5). Replace [d' B'] with [&MLE' [~3MLE ’] would give the correct

asymptotic standard errors of the 2SRI-based AIEs.



Chapter 6: Summary and Discussion

Communities and States are increasingly targeting the consumption of sugar-
sweetened beverages (SSBs), especially soda, in their efforts to curb childhood obesity.
However, the empirical evidence currently available is not causally interpretable, and
hence, provides little or no useful content for policy makers. In the current study, we
suggest a modelling framework that can be used for making causal estimation and inference
in the context of childhood obesity. This modeling framework is built upon the 2SRI
method suggested by Terza et al. (2008), and allows for the implementation of alternative
estimation methods at each stage (i.e. NLS or MLE methods, and henceforth NLS-based
or MLE-based 2SRI). The framework also accommodates a variety of likelihood
specifications (e.g., GG, Beta, logit, etc.), resulting in potentially more efficient estimates.
Based on this modeling framework, we derive the estimators that can be used to 1) evaluate
the effectiveness of policy interventions on childhood obesity — the average incremental
effect (AIE) estimators; and 2) provide quantitative policy recommendations aimed at
specified energy balance goals — the policy recommendation estimators. We aim to use
those estimators to better inform childhood obesity policy.

We conduct simulation studies in chapter 2 and chapter 4, respectively, 1) to
examine the performance of our methods in the estimation of AIEs and quantitative policy
recommendations relative to conventional methods — LIV (that ignores inherent
nonlinearity) and NR (that does not take account of potential endogeneity); and 2) to assess
the potential efficiency gains from implementing MLE-based vs. NLS-based 2SRI. Our
simulation studies show that 1) the 2SRI method outperforms LIV and NR methods —

estimators obtained from the 2SRI method are very close to the true values while their LIV
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and NR counterparts are subject to substantial bias; and 2) MLE-based 2SRI is more
efficient than the NLS-based 2SRI approach — the percentage gain in efficiency from MLE
vs. NLS is found to be more than 50% for all the coefficient and AIE estimators.

Using publicly available NHANES data, we conduct an empirical study in chapters
3 and chapter 5 to demonstrate the implementation of the methods introduced. We compare
the NLS-based 2SRI estimates to their NR counterparts in chapter 3 and find substantial
difference in these estimates. In chapter 5 we compare the MLE-based 2SRI estimates to
the corresponding estimates obtained from several other alternative methods, including
“uncorrected” Beta regression that accounts for nonlinearity but not endogeneity, the LIV
method that accounts for endogeneity but not nonlinearity and OLS regression that ignores
both endogeneity and nonlinearity. The estimates diverge substantially across different
methods. Such findings suggest the importance of choosing the appropriate method when
dealing with endogeneity in a nonlinear context. Unfortunately, due to data limitations, we
are not able to draw any inference about the causal impacts of lifestyle choices, sugar-
sweetened beverage consumption in particular, on childhood obesity. The instrumental
variables used in the current empirical analysis are proven to be weak and probably violate
the requisite IV validity condition. Potentially better instrumental variables, i.e. the
location-related aggregate-level policy variables, will be obtained in the near future. The
acquisition of these variables requires the use state and county identifiers which are only
available in the Census Research Data Centers (RDC). We are in the process of getting
access to the RDC data. Once we get access, we will replicate the empirical analysis

performed in chapter 3 and 5 with a much richer set of instrumental variables and controls.
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We expect that these results will yield substantive results that can be used to inform

childhood obesity policy.
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