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ABSTRACT

The objective of this dissertation is to quantify associations and potential causal relations
between food policies and consumer decisions in the United States and China.

Chapter 2 estimates the impact of sodium reduction on the demand for instant noodle in
China. Although there has been talk of voluntary sodium reduction among major Chinese food
manufactures, it is not clear how unilateral or coordinated sodium reductions would affect
companies’ market shares. To answer this question, in this chapter, we simulated several sodium
reduction scenarios to look at the demand changes under different scenarios. We estimated a
random-coefficient logit demand model which includes all major instant noodle brands and
varieties.

Chapter 3 examines the association between the US Supplemental Nutrition Assistance
Program (SNAP) and the nutritional quality of participants’ food-at-home (FAH) purchases.
Using the detailed food purchase data from the US Department of Agriculture (USDA) National

Household Food Acquisition and Purchase Survey (FoodAPS), we investigate the potential



heterogeneity in the association between SNAP and diet quality among consumers with different
levels of nutrition attitude.

Chapter 4 estimates the effects of SNAP and price on low-income households’ food
spending, based on which we discuss food tax and subsidy strategies to improve households’
nutritional status. We use the FoodAPS data combined with a two-part model to estimate the
food group-specific marginal propensity to spend out of SNAP benefits and price elasticities of
demand for eighteen food groups. Considering low-income households with worse food hardship
are more likely to self-select into SNAP, we use state-level variation in SNAP enrollment
policies and eligibility requirements and respondent-level variation in driving distance to the
nearest SNAP office as instrumental variables to identify the causal effect of SNAP on food

spending.

INDEX WORDS: Sodium reduction strategy, Random-coefficients logit model,
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CHAPTER 1

INTRODUCTION

Food choice is a major factor for healthy living. The palatability and enjoyment of food are often tied
to the fat, salt and sugar content - three key ingredients that make the food have an undeniable
sensory appeal and difficult to resist (Bolhuis, Costanzo, Newman, & Keast, 2015; Leshem, 2009).
Nevertheless, over-consumption of food high in fat, salt, and sugar is the cause of at least 14 million
deaths or 40% of all deaths every year from non-communicable diseases (NCDs) globally
(Beaglehole et al., 2011).

Reducing the amount of salt has been identified as a priority and the most cost-effective
intervention to NCDs, by lowering blood pressure, and thereby reducing the risk of cardiovascular
disease deaths (Sookram, Munodawafa, Phori, Varenne, & Alisalad, 2015; Webb et al., 2017). The
Institute of Medicine (IOM) in the U.S. recommended several strategies for reducing sodium daily
intake (Boon, Taylor, & Henney, 2010). The primary strategy is to set mandatory national standards
for the sodium content of foods. In the interim, the strategy has been to encourage the food industry
to voluntarily reduce the sodium content of foods. Therefore, in the first chapter, we discussed the
feasibility of voluntary and mandatory sodium reduction strategies through estimating the impacts of
reducing sodium content from a leading brand and further from all brands on the demand for instant
noodle products in the China market.

There is evidence that low-income populations are more likely, than their higher-income
counterparts, to purchase and consume foods of lower nutritional quality (Darmon & Drewnowski,

2008). In the United States, the Supplemental Nutrition Assistance Program (SNAP, formerly the



Food Stamp Program) is the largest domestic hunger safety net program, serving 40.4 million low-
income Americans in fiscal year 2018 at a cost of $60.9 billion in food benefit. The SNAP provides
recipient households monthly benefits to support their food purchases at authorized retailers. We
would hope that dietary quality would be better among program participants because of receiving
additional benefits. However, prior studies suggest that SNAP participation is associated with
suboptimal dietary patterns and even lower diet quality than their income-eligible nonparticipating
counterparts (Andreyeva et al., 2015; Nguyen et al., 2014), and has led researchers to study how
SNAP benefits are spent.

In the second chapter, we estimate the SNAP-diet relationship among low-income
households. This paper contributes to investigate the potential heterogeneity in this association
among consumers with different levels of nutrition attitude. Addressing this will inform the debate on
potential restructuring of SNAP. This analysis uses detailed food purchase data from the US
Department of Agriculture (USDA) National Household Food Acquisition and Purchase Survey
(FoodAPS). The nutritional quality of each food item is measured by the nutrient profiling algorithm
of the Guiding Stars program, as well as using the Healthy Eating Index-2010 as an alternative
measure.

To explore how the SNAP benefits are spent, a strand of literature focuses on estimating the
marginal propensity to spend (MPS) on food out of SNAP benefits, which measures how much food
expenditures rise in response to a $1 increase in SNAP benefits. In the third chapter, | provide new
evidence on estimating the food group-specific marginal propensity to spend (MPS) out of SNAP
benefits. The paper includes 9 unique food groups and each group is further classified as a starred
and no-star subgroups, thus giving us 18 food groups in total (the star level of food is identified by

the Guiding stars program). Our estimates shed light on the food spending differences between



healthy and unhealthy food, which contribute to designing targeted strategies to improve dietary
quality of SNAP households.

Aside from SNAP participation, we also take food prices into consideration. Price is one of
the most important determinants of food choice (Lusk and Briggeman, 2009). Changes in food prices
create incentives for low-income households to alter their eating pattern. For example, subsidies
could be provided to healthier foods (e.g., fruit and vegetables) and less healthy foods could be taxed
(e.g., sugar-sweetened beverages (SSB) and salty snacks) (Andreyeva et al., 2011; Dong and L.in,
2009). Therefore, in this chapter, | first estimate the price elasticities on food subgroups
differentiated by food type and healthfulness, then I simulate low-income households’ likely
responses to a tax on no-star meat and beans, no-star beverage and no-star snacks and a subsidy on

starred vegetables and starred whole fruits.
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CHAPTER 2

TASTE OR HEALTH? A PRODUCT-LEVEL DEMAND ANALYSIS

IN THE INSTANT NOODLE MARKET"

Yu Chen and Chen Zhen. To be submitted to Health Economics.



2.1. Abstract

Although there has been talk of voluntary sodium reduction among major Chinese food
manufactures, it is not clear how unilateral or coordinated sodium reductions would affect
companies’ market shares. To answer this question, we estimate the impact of sodium reduction
on the demand for instant noodle in China, using a random-coefficient logit demand model
including all major instant noodle brands and varieties. Results suggest that demand is positively
associated with both sodium and saturated fat levels. This implies that if a company unilaterally
lowers sodium amounts across its product line, it will lose market share to its competitors. The
positive valuation of saturated fat by consumers suggests that if a mandated sodium reduction is
implemented through regulation, manufacturers could compensate the negative impact on sales
by reformulating their products to contain higher levels of saturated fat, which would offset the

health benefits gained from a reduction in sodium.

Key words: Sodium reduction strategy, Random-coefficients logit model, Chinese scanner data



2.2 Introduction

Food choice is a major factor for healthy living. The taste of food is always rated as the most
important driver in food consumption and repeated food purchases (Lusk & Briggeman, 2009;
Stanton, 2013). The palatability and enjoyment of food are often tied to the fat, salt and sugar
content - three key ingredients that make the food have an undeniable sensory appeal and
difficult to resist (Bolhuis, Costanzo, Newman, & Keast, 2015; Leshem, 2009). Nevertheless,
over-consumption of food high in fat, salt, and sugar is the cause of at least 14 million deaths or
40% of all deaths every year from non-communicable diseases (NCDs) globally (Beaglehole et
al., 2011).

Excessive sodium intake is common and linked to cardiovascular disease in most
countries. In 2010, 99.2% of the global adult population have mean sodium intakes exceeding
the World Health Organization (WHO) recommended maximum of 2 g per day, and an estimated
1.65 million annual deaths from cardiovascular diseases worldwide were attributable to excess
dietary sodium (Mozaffarian et al., 2014; Powles et al., 2013). Reducing the amount of salt has
been identified as a priority and the most cost-effective intervention to NCDs, by lowering blood
pressure, and thereby reducing the risk of cardiovascular disease deaths (Sookram, Munodawafa,
Phori, Varenne, & Alisalad, 2015; Webb et al., 2017). Additionally, WHO Member States have
agreed to a global target of a 30% reduction in salt intake by 2025 (WHO, 2013).

National and international organizations are developing programs to reduce sodium
consumption through educational and labeling activities (Détsch et al., 2009). For example,
initiatives on salt reduction labelling include traffic lights (UK), warnings (Finland), and logos
(e.g., Canada) (Webster, Dunford, Hawkes, & Neal, 2011). However, a key factor limiting the

success of efforts for the sodium reduction goal is that salt, the primary source of sodium in the



diet, is used to enhance the flavor of foods, and in some products is needed also for preservation
and processing (Bolhuis et al., 2015; Leshem, 2009). The Institute of Medicine (IOM) in the U.S.
recommended several strategies for reducing sodium daily intake (Boon, Taylor, & Henney,
2010). The primary strategy is to set mandatory national standards for the sodium content of
foods. In the interim, the strategy has been to encourage the food industry to voluntarily reduce
the sodium content of foods.

Prior studies discussed the feasibility of voluntary and mandatory sodium reduction
strategies from the perspective of their cost-effectiveness. For example, Pearson-Stuttard et al.
(2018) suggested that the proposed US Food and Drug Administration voluntary sodium
reformulation policy could generate substantial health gains and net cost savings if the
reformulation targets can be achieved. Webb et al. (2017) concluded that a government
regulation strategy combining industry agreement and public education to reduce dietary sodium
was highly cost-effective worldwide, even without taking account of healthcare savings.
Nevertheless, it is not clear how consumers and food companies respond to sodium reduction
strategy. Intuitively, if reducing sodium content results in less palatable products, it will lower
consumers’ demand and they could purchase other alternative foods instead, resulting in food
companies’ market share decreased. While as Moss (2013) suggested that food companies
always adjust the mix of fat, sodium, and sugar in their products to achieve the so-called taste
“bliss point” for consumers. Therefore, food companies could compensate the decreased sales
through food reformulation which may cause some unintended consequences. These are all key
factors that affect the success of the implementation of salt reduction initiatives and need to be

identified and addressed from the outset.



In this paper, we fill this gap through estimating the impacts of reducing sodium content
from a leading brand and further from all brands on the demand for instant noodle products in
the China market— a typical convenient food market and an important source of sodium intake.
Our empirical estimation uses the random-coefficients logit model that accounts for the
heterogeneity in consumers’ preferences with respect to different products. The results suggest
that if a company with a large share in the market unilaterally lowers sodium amounts across its
product line, it will lose its market share to its competitors. This indicates that voluntary
standards will not be enough to provide sustainability of sodium reductions. Hence, if there is an
industry-wide sodium reduction mandate through regulation, sales of all companies will decline.
As a result, instant noodle companies may shift their attention to other ingredients to compensate
for the taste of products. For example, food companies could compensate the negative impact on
sales by reformulating their products to contain higher levels of fat - which may cause over-
consumption of fat, this is an unintended consequence that offsets the health benefits gained
from a reduction in sodium. It is thus challenging to achieve the goal of reducing sodium content
to the safe levels that is in line with the public health recommendation, the strategies must be
supported by policy makers and ensure coordination with food industry.

This paper makes two main contributions. First, our analysis contributes to a strand of
literature that focuses on estimating the price elasticity of demand for a particular type of food,
we fill the gap by providing the first estimates of demand for instant noodle products in China
and shed light on how product market shares are associated with nutrients content. Second, our
analysis examines the feasibility of voluntary and mandated sodium reduction strategies through

providing evidence on the demand changes of instant noodle products caused by sodium



reduction. We contribute by providing evidence from a market viewpoint to guide policy makers
about designing optimal sodium reduction program.

The rest of the paper is organized as follows. The next section explains the characteristics
of the Chinese instant noodle market. Section 3 presents the construction of our data set. Section
4 introduces the demand model that generates price elasticities and that helps in conducting the
counterfactual simulation of the demand change. Section 5 provides the results of instant noodle
demand and sodium reduction simulation. The last section presents the conclusion.

2.3. The Chinese instant noodle market

Instant noodle is one of the first ready-to-eat foods launched widely in the global food industry.
The demand for instant noodle products is driven by their convenience, low cost, and product
diversity. Chinese instant noodle market is the largest instant noodle market in the world. In
2015, the World Instant Noodles Association reported that 52 countries consumed 97.7 billion
servings, out of which Chinese instant noodle demand accounted for nearly half, with sales
topping 40 billion packets annually (Zhu, 2015). Large consumption usually occurs among
college students, migrant workers and during train journeys (Atkinson, 2017; Kynge, 2013; Sun,
Yin, Yang, Gong, & Xiao, 2015). Besides, the Chinese instant noodle market is a matured
market with a large number of products, making it a typical market when estimating the instant
noodle demand.

Particularly, it is a market that usually at the heart of policy debates, concerns regarding
to its nutritional content have pushed instant noodles under scrutiny of public opinions. Instant
noodle is high in sodium, Park, Lee, Jang, Chung, & Kim (2011) estimated that the average daily

sodium intake of instant noodle consumers was more than 6.4 g, of which one pack of instant
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noodle can contribute over 30%, nearly reach the recommended sodium daily value! (2.4 g).
Besides, prior studies have found that instant noodle is associated with a higher risk for gastric
cancer compared with that of plain noodles, and eating instant noodles more than twice a week is
associated with a higher prevalence of metabolic syndrome (Shin et al., 2014; Youm & Kim,
1998). Therefore, instant noodle products are often criticized as unhealthy or as a type of “junk”
food because of its excessive sodium content and lack of nutrition. This has drawn the attention
of regulatory agencies on the production practices in this market.

2.4. Data

We use a unique barcode-level scanner dataset, known as Kantar Worldpanel?, which has a
40,000-household consumer panel in China. The data is stratified by province/municipality,
household’s monthly income, and the barcode of products. We use the dataset that tracks the
four-week instant noodle purchase of urban households from 20 provinces and 4 municipalities
in 2011 and 2012. The consumer purchasing information includes total purchase volume and
expenditure, and we also augment this data with additional products’ nutrient information which
is collected from food companies’ websites.

“A market” in this paper is defined as combination of province/municipality and time
period (year and quad-week (four weeks)). For example, the purchase occurred in Beiling and
during the first quad-week of year 2011 (BeiJing-2011-quad-week]1) is “a market”. Therefore,
there are 624 markets and 18,208 observations in total based on 24 provinces/municipalities and

13 four-week each year in 2011 and 2012. From prior studies, market size can be set equal to the

! Sources: Food and Drug Administration:
http://google2.fda.gov/search?g=vitamin&client=FDAgov&site=FDAgov&Ir=&proxystylesheet=FDAgov&required
fields=-archive%3AYes&output=xml_no_dtd&getfields=*

Vitamin and minerals:
http://www.accessdata.fda.gov/scripts/InteractiveNutritionFactsLabel/vitamins-and-minerals.html

2 Kantar Worldpanel is an international company dealing in consumer knowledge and insights based on continuous
consumer panel.
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number of households in the economy (e.g., S. Berry, Levinsohn, and Pakes (1995)), or
parameterized using market-level data characteristics (such as population) that vary across
markets (e.g., S. T. Berry (1990)). In this paper, we set the market size as an estimate of the total
instant noodle purchases of each market, that is, we multiply an estimate of four-week per capita
instant noodle purchase (34 packs3) by the number of total population in this market (NBS,
2018).

Each market comprises a large number of instant noodle products that individually
account for small shares of the market. To limit the number of products in the demand model and
to preserve as much of the product differentiation as possible, we first select nine top instant
noodle brands in terms of their relative large market shares in the data (given in the Table 2.1).
Second, we create unique products by aggregating similar items based on brand, flavor and
package shape. Specifically, we classify instant noodle products into four common flavors: beef,
pork, chicken, and seafood. We also classify the products into two packages: “bag” and “other
packages” such as barrel, box, and cup, etc. For example, we define MasterKong brand with beef
flavor and bag packaging (MasterKong-Beef-Bag with product number 111) as a unique product.
The market share of each unique product is calculated as dividing its purchase volume by the
market size. The market share of the outside good is defined as the difference between one and
the sum of all unique products’ market shares.

The observed characteristics of instant noodles include price, serving size (weight per
pack) and nutrient content, i.e., sodium, fat, energy, protein, and carbohydrate. Table 2.1 lists the

summary statistics of 9 instant noodle brands. Selected instant noodle brands on average account

3 Sources: China tops world in instant noodle consumption: report(2014). Global Times.
Retrieved from http://www.globaltimes.cn/content/897921.shtml
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for 34.15% of the market. The prices of instant noodle are about 2 RMB per 100 g, except that
Nissin brand is more than twice as expensive. A 100-gram instant noodle product, on average,
contains sodium 1.89 g (varies from 0.96 to 2.42 g), equivalent to 4.73 g or about 1 teaspoon salt.
This almost reaches the existing maximum sodium intake level (2,300 mg/d sodium or 5.8 g/d
salt) established by the 2005 Dietary Guidelines for Americans. Besides, a 100-gram instant
noodle product contains fat 20.51 g (varies from 7.35 to 23.37 g) and energy 1,890 KJ (varies
from 1,620 KJ to 2,035 KJ). Therefore, based on a 2,000 kcal/day diet (i.e., 8,368KJ/day), this
provides about one-third of the fat requirement (65g) and 23% of daily energy requirement
(FDA, 2018).

2.4.1. Price Index Construction and Instrumental Variables

Price is potentially endogenous which may be caused by omitted variables from unobserved
characteristics. For example, when consumers value quantity over quality, they would prefer to
purchase relative cheaper products, then omitted variable bias may occur. Zhen, Finkelstein,
Nonnemaker, Karns, and Todd (2014) proved that using Fisher ideal price indices can partly
account for this quantity-quality trade-off within a food category. Therefore, we construct the
Fisher ideal price index for each aggregated unique instant noodle product. For the unique

productj, the Fisher ideal price index is calculated as:

1)

D — YPmhtdmo LPmhtdmht
Jht YXPmodmo XPmo9mht

Where p,.n: and g,,n: are the price and purchase quantity of original product m for household h
in market t, and p,,,, and g,,, are the base price and base quantity of product m which are set at
their national means.

Besides, we also construct the instrument variable for the price index to reduce bias,

using an approach similar to that of Hausman (1996). It is calculated as the weighted average of
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the price indices of the same product from all other provinces in the same time period. The
weight is the inverse of the distance between the capital cities of the target province and other
provinces. This type of price instrument is assumed that after controlling for mean household
evaluations of instant noodle products and household demographic effects, prices that faced by
households from different provinces are not affected by common demand shocks. Using prices of
other locations to instrument endogenous prices is also useful in overcoming endogeneity bias
because of lack of supply-side factors (Nevo, 2000; Zhen et al., 2014). Besides, we also use
interactions of price instrument with nutritional attributes as additional instruments for price to
help increase estimation efficiency.

Product’s characteristics, i.e., nutritional attributes of instant noodle, are considered
exogenous in this paper. First, nutrients are assumed to be determined at their optimal level to
produce the best flavor. Papers that treat product’s characteristics as endogenous have different
assumptions. For example, Fan (2013) analyzes the effects of ownership consolidation on the US
daily newspaper market, assuming that product characteristics will be affected by the mergers.
The author makes the adjustments in newspaper characteristics using the demographics in
nonoverlapping markets of a newspaper’s competitors as instruments. Second, the concept of
Fan (2013)’s instruments construction for product characteristics is not appropriate for this
paper. Fan (2013) can solve the endogenous problem of newspaper’s characteristics based on a
key feature that the circulation area of a newspaper partially overlaps with other newspapers’
circulation areas. In our analysis, the selected instant noodle products are the most popular ones
that account for large market share of each market, and most of their circulation areas are over all

the provinces/municipalities.
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2.5. Methodology
2.5.1. Demand

The random-coefficients logit model which was proposed by Berry, Levinsohn, and
Pakes (1995), referred below as the BLP model, is widely used to estimate demand for a large
number of differentiated products with various attributes. BLP model was originally applied to
automobiles and has been widely applied to estimate food products such as breakfast cereals
(Chidmi & Lopez, 2007; Nevo, 2001), frozen foods (Mojduszka, Caswell, & Harris, 2001) and
ketchup (Rennhoff, 2008). BLP model can reduce the number of parameters to be estimated by
projecting the products on a space of characteristics, in addition, it incorporates random
coefficients for product characteristics which creates flexible substitution patterns and takes into
account the heterogeneity in consumers’ preferences. In this paper, we apply the BLP model to
estimate the demand for instant noodle market using a barcode-level scanner dataset, allowing us
to look more closely at the nature of consumer choices in this market.

In the model, a consumer is assumed to choose an instant noodle product to maximize
his/her utility, driven by the product characteristics as well as consumer’s preferences. The
indirect utility of consumer i from consuming a unique instant noodle product j in market t is
represented by equation (2).

Ujje = —aipje+Bxje +&je + &5 1=1,...0, t=1,...,T, j=1,...,] (2)
Where pj, is the price of instant noodle product j in market t, x;, is a vector of attributes of
product j, including sodium, fat, energy, protein, carbohydrate content, quadratic terms of

sodium and fat, and an interaction term of sodium and fat. &, is the unobserved product

characteristics for product j in market t, and ¢;; is the error term.
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We include instant noodle brand, province/municipality, and quad-week dummy
variables in the model to capture some unobserved characteristics. Brand-specific dummy
variables help to capture some brand characteristics that do not vary by market.
Province/municipality and quad-week dummy variables are market-specific variables that
contribute to identify the variation of the preferences for instant noodle products by province and
time periods.

Consumer i can choose to purchase none of the instant noodle products that we
considered. Therefore, we include an outside good which allows for substitution between the
selected instant noodle products and a substitute, and the indirect utility of the outside good
IS Ujor = Eior-

Following equation (2), «; is modeled as follows:

a; = a+ oyv; vi~PB, (v) 3)
Where v; captures the unobserved consumers’ characteristics (e.g. valuation of product’s taste).

We assume that B, (v) follows a normal distribution. Thus, we have,

Ujje = 8jt(xjt: it Djts a) + .uijt(pjb Vi; Ua) + &ijt @)
8jr = —ap;+Bxje + &t Hijt = — Djt0qV;

where &, is mean utility which is common to all consumers, and ;. + ;. represents a mean-

zero heteroskedastic deviation from the mean utility which captures the effects of random
coefficients.

Let A;; defines all the individuals who choose product j in market t, where A;, =

{(vis €i0tr -+ -0 Eige) [Uije = Wigg vl=0,1,...,J}, L = 0 denotes the outside good.
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Assume that ¢;;, is a mean-zero stochastic term distributed independently and identically
as Type | extreme value distribution, the market share of the product j in market t is an integral
over the consumers in the region 4., given by:

Sjt = fAjt dP(v,e) = fA]_t dP.(e) dP,(v) (5)

exp(6je+u;je)
J
1+ 235, exp(Spe+uike)

5ie = I, ( )R, (v) ©)

where P.(¢) and B,(v) are population distribution functions and are assumed to be independent
of each other.

The price elasticities of the market share are given by:

Djt . .
955 pae —?th @;Sije (1 = sij¢)dP,(v) if j=k

Njkt = = , (7)
g 0Pkt Sjt %f a;SijeSikedP, (V) if otherwise
jt

exp(sjt-"uijt) (8)
1+ Eiil exp(Sxe+Uikt)

where s;;; =

The price sensitivity now is a probability-weighted average and can differ over products
that allows for flexible patterns of substitution (Vincent, 2015).
2.5.2 Market share simulation
With the estimates from the BLP model, we simulate the changes of products’ market
shares under three sodium reduction scenarios, and the simulated market share for product j in
market t is obtained by using equation (9).

1 S i v®
S = R exp{ jt p]taavr} (9)

jt R &i=1 Ji
1+§:m_1 exp{8jt—pjtoavy}

Where R (we set R=500) is the number of random draws of distribution B,(v) , v¥ is the rth

draws of the normal distribution B,(v).
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In the simulation, we assume price is the same as original price since instant noodle
products are cheap and the cost of sodium and fat* are low, changing sodium and fat content will
not significantly change the price. After obtaining the estimates of simulated market shares under
different scenarios, we can further calculate the new price elasticities using equation (7).

2.6. Results

2.6.1 Demand results

Table 2.2 shows the estimates of the BLP model. Consumers have a negative and strong
valuation of price, on average, the effect of price on consumer’s utility is -2.507, with the
standard deviation of 1.192 reflecting the price variation effect. Sodium and fat are the main
ingredients which contribute to the taste of instant noodle product, as expected, results show that
consumers have significant valuation of sodium and there is inverse “U-shaped” relationship
between consumers’ utility and sodium level while keeping other product attributes fixed, the
similar result is shown for fat content. The negative coefficient of the interaction term of fat and
sodium implies that increasing fat level will decrease the marginal effect of sodium on the
consumers’ mean utility.

Additionally, results of brand fixed effects show that compared with MasterKong brand,
consumers on average have a preference on HuaFeng, Nissin and WuGuDaoChang while lower
valuation for other brands. Other fixed effects show that the preferences for instant noodle vary
by province and time, for example, compared with the first four-week of the year, consumers are
more likely to purchase instant noodles in the second and third four-week periods, while less

likely to purchase instant noodles from the fifth to the eighth four-week periods.

4 Fat in the instant noodle products comes from the palm oil, which accounts for 18% of the cost of instant noodle
products.
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Our analysis includes 9 top instant noodle brands and in total 51 products based on their
large market shares in our data. The results show that all own-price elasticities are negative and
cross-price elasticities are positive. All of the instant noodle products are own-price elastic,
indicating that intake of instant noodle product is responsive to its own price changes. The
magnitude of the own-price elasticities ranges from -1.487 for MasterKong-Beef-Bag product to
-1.862 for HuaL.ong-Seafood-Bag product. There are no prior studies as the reference for the
price elasticities of instant noodles, but we find that the magnitudes of the own-price elasticities
are close to previously estimated elasticities of cakes and cookies® demand (Zhen et al., 2014).
The full table of price elasticity of instant noodle products is shown in the Appendix Table A.la -
Table A.1h.

Table 2.3a and 2.3b show the price elasticities of demand for instant noodle products of
the top four brands that occupy the instant noodle market, and among which have the strongest
competition, i.e., MasterKong, JinMaiLang, Uni-President, and BaiXiang. MasterKong is the
leading brand, when we fix the flavor and package shape, the own-price elasticities of
MasterKong products are smaller than other three brands, showing consumers’ preference on it.
For example, when the flavor is beef and the package shape is bag, the own-price elasticity of
MasterKong is -1.487, less elastic than JinMailLang, Uni-President, and BaiXiang (with the own-
price elasticity of -1.649, -1.616 and -1.719, respectively®). Using the same comparison method,
results show that beef flavor has less elastic own-price elasticities than other flavors.

Cross-price elasticity estimates are consistent with a priori expectation. For example, the

average cross-price elasticitity is 0.229 between MasterKong-Beef-Bag product and other

5> The own price elasticity is -1.697 for cakes and cookies in Zhen et al. (2014) .
5 That is, compare the own-price elasticity of products with product number of 111, 211, 311, and 411 from Table
2.3aand 2.3b.
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products, meaning product choices are more responsive to changes in the price of the products
with MasterKong brand, beef flavor, and bag package. Similarly, product choices are responsive
to the changes in the price of the Uni-President-Beef-Bag, JinMaiLang-Beef-Bag, and
MasterKong-Beef-Nonbag products. Moreover, product choices are more responsive to changes
in the price of products with bag than other packages. That is, when we fix the instant noodle
brand and flavor, compare the products with different package shapes, the magnitude of cross-
price elasticity of bag packaged product is always bigger than products with other packaging. It
is plausible given that bag package is more common than other packages, more varieties exist,
causing stronger substitution of the bag packaged products.

2.6.2. Counterfactual simulation

Excess sodium intake is a risk factor for hypertension and cardiovascular disease (Beaglehole et
al., 2011; Mancia et al., 2017). The Institute of Medicine (IOM) in the U.S. recommends
strategies for reducing sodium intake to no more than 2,300 mg per day for persons two or more
years of age. As its primary strategy for sodium reduction, the IOM committee recommends
setting mandatory standards for the sodium level in foods. In advancing the implementation of
mandatory standards, an interim strategy is to encourage food industry to voluntarily act to
reduce the sodium content of foods. In line with the strategies, we therefore simulate three
sodium reduction scenarios for instant noodle products to explore the corresponding change in
their market shares: (1) MasterKong brand (a leading brand that accounts for the largest market
share) voluntarily reduces sodium content from its products by 10%, while keeping other

demand shifters (i.e., price and other nutrients) fixed; (2) all of the instant noodle brands are
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mandated to reduce the sodium content by 10%; and (3) all of the brands reduce sodium by 10%
while increasing fat’ by 6%.

Under the simulated scenarios, the demand for instant noodle products changes. Table 2.4
compares the market shares under different scenarios. First, a decrease in the sodium content of
products from MasterKong brand leads to a decrease of 5.56 percentage points in the market
share of MasterKong. This is due to substitution with products from other brands (whose market
shares increase in total by 1.78 percentage points) as well as with the outside option (whose
market share increases by 3.78 percentage points). Second, when sodium content is mandated to
reduce by 10 percent from all brands, the market share drops to 28.40%, a 5.75 percentage points
decrease from the original market share (34.15%). Besides, changes in market share are
heterogeneous across brands. Master Kong, Uni-President and WuGuDaoChang have larger
percentage points decrease. It is interesting to note that when we reduce the sodium content,
brands with the highest original sodium content (BaiXiang and HuaL.ong) experience an increase
in their market shares. Third, when instant noodle products from all brands reduce the sodium
content by 10% as well as increasing 6% fat content, compared to the mandated sodium
reduction scenario, except that WuGuDaoChang maintains its market share, the market shares
from all other brands increase, as a result, the overall market share rises back to 33.88%,
approaching to the original market share.

Besides, the own-price elasticity estimates of instant noodle products change under
different scenarios (as seen in Table 2.5). In the baseline scenario, the own-price elasticity varies
from -1.862 to -1.487, with the median value being -1.703. When products of MasterKong brand

reduce their sodium content by 10%, the median value of own-price elasticity becomes -1.650.

7 Fat increases by 1 gram, another nutrient, energy will increase 37 KJ accordingly.
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Furthermore, when all the brands reduce sodium content by 10%, the median value of own-price
elasticity becomes -1.627. The results show that both voluntary and mandated sodium reduction
would decrease the magnitudes of the own-price elasticities.

Sodium affects the taste and consumers are keen on foods that are salty (Moss, 2013).
Voluntary reduction in the sodium content unilaterally from MasterKong brand results in a
decrease of its market share. This highlights the difficulty in marketing lower-salt instant noodle
products when competitors’ products that are not lower in salt are preferred by consumers.
Furthermore, if all brands reduce sodium content from the products, many consumers will
purchase other food to substitute instant noodles. The remaining consumers are the ones that
have relative stronger preference for the instant noodle products or have fewer food choices to
substitute instant noodles with. This can be confirmed by our results that when the sodium
content decreases, the magnitudes of own-price elasticity decrease, meaning that the demand for
instant noodle become less elastic than before. Another compelling finding is that reformulation
of sodium and fat content could maintain the products’ market shares, or in other words, catering
to consumers’ taste in the instant noodle market.

2.7. Conclusion

The global high prevalence of cardiovascular diseases has raised concerns regarding the sodium
content of the foods that we consume. Two main sodium reduction strategies are widely
discussed in prior studies, one is to call for efforts by the food industry to voluntarily reduce
sodium in their products and the other is to set mandatory standards for the sodium content of
foods. To assess the feasibility of these two strategies from a consumer demand angle, we focus
our analysis on the Chinese instant noodle market that is frequently criticized for containing high

amounts of sodium, and we simulate the impact of each sodium reduction strategy on the
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demand for instant noodles using the random-coefficients logit model formulated by Berry,
Levinsohn & Pakes (1995).

We find that if the sodium content is reduced voluntarily by 10 percent from MasterKong
brand (a leading instant noodle brand), the market share of its products will decrease by 5.56
percentage points, and other brands in total will increase market share by 1.78 percentage points.
This implies that if a company unilaterally lowers sodium amounts across its product line, it will
lose market share to its competitors. This provides the evidence on the challenges that voluntary
sodium reduction strategy faces.

Compared with the voluntary sodium reduction strategy, it has been suggested that an
industry-wide mandated sodium reduction strategy can be more effective since the changes to the
food environment makes it easy for the population to consume less salt (Dotsch et al., 2009). Our
analysis shows that when the sodium content is reduced by 10 percent from all brands, sales of
all companies decline and the whole market share decreases by 5.75 percentage points. However,
increasing fat content would offset the demand effect of sodium reduction. This empirical
finding reveals the potential of food reformulation toward reducing populations’ salt intake, that
is, food companies could produce palatable products with less sodium content by means of
ingredient reformulation.

It should be noted that food reformulation may cause unintended consequences. As our
analysis shows, food companies could compensate the negative impact on sales by reformulating
their products to contain higher levels of fat, this may result in fat over-consumption and offset
the health gains from sodium reduction. As we know, fat over-consumption can increase the risk
of illnesses, such as obesity (Stewart, Newman, & Keast, 2011; Swinburn et al., 2011), heart

diseases (De Souza et al., 2015; Praagman et al., 2016) and diabetes (Ravussin & Smith, 2002).
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Although food reformulation has been recommended as an effective way toward reducing
populations’ salt intake in prior studies (e.g., Kloss, Meyer, Graeve, and Vetter (2015); Regan et
al. (2017)), we suggest that it is critical to monitor changes in the food supply side to avoid the
unintended consequences and to ensure that new formulations are truly healthier.

To summarize, efforts to reduce population sodium intake is underway, as part of an
overall strategy to support healthy diets. Sodium reduction strategies needs to be designed to
help achieve the safe levels of sodium in consumers’ diet without loss of consumers’ acceptance
of foods and to avoid the unintended consequences. To this end, the sodium reduction strategies

must be supported by policy makers and ensure coordination with food industry.
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Table 2.1: Summary statistics of instant noodle brands

Brand Sample  Market Price Serving Sodium Energy Protein Carbohydrate Fat

size  share (%) (RMB) size(g)  (9) (KJ) (9) (9) (9)

MasterKong 4802 1918 266 100 192 191522 8.24 54.99 23.13
(0.71) (12.73) (0.13) (84.83) (0.45) (2.66)  (1.79)

JinMaiLang 2212 423 200 111 227 199893 9.46 62.21 21.08
(0.79) (15.58) (0.08) (36.11)  (0.49) (0.71)  (0.75)

Uni-President 2852 511 2.52 91 204 1,863.08 8.57 51.94 22.22
(0.81) (27.34) (0.37) (99.05) (1.22) (3.62)  (1.23)

BaiXiang 1565 245 1.75 94 242 1,979.67 8.65 56.56 22.76
(0.72) (23.94) (0.06) (30.70) (0.12) 0.41)  (0.92)

FuManDuo 1725  0.79 1.79 95 192 1,73054 7.28 55.15 21.26
(0.75) (21.10) (0.03) (193.87) (0.36) (0.58)  (0.33)

HuaFeng 1688  0.30 1.58 97 096 203584 7.80 62.00 22.30
(0.26) (12.18) (0.01) (2.31) (0.03)  (0.002)  (0.02)

Nissin 1233 039 4.65 93 126 1,871.01 9.35 57.28 23.37
(1.42) (20.39) (0.34) (408.36) (0.74) (2.72)  (3.75)

WuGuDaoChang 1,319  0.74 2.35 99 192 162020 10.73 69.01 7.35
(0.90) (4.44) (0.04) (21.98) (0.39) (1.46)  (1.22)

HuaLong 812 0.96 1.05 97 234 2001.63 9.73 62.09 21.09
0.21) (7.22) (0.06) (8.85)  (0.10) (0.15)  (0.26)

Total 18,208  34.15 - - - - - - -

Notes: 1. Results are averages of all markets in the 2011-2012 period.
2. The values of price and nutritional components are normalized to 100 grams.
3. Serving size is rounded to the nearest integer.

4. Standard deviation is in parentheses.
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Table 2.2: Results for the BLP model

Variable Mean utility Mean utility
Coefficient  S.E. Coefficient  S.E.
Product Attributes Province/Megacity
Baseline: AnHui
Price -2.507" (0.941) Beiling 1.094™ (0.321)
Sodium 12.290™" (1.289) ChongQing 0.056 (0.189)
Sodium square -2.342" (0.200) FuJian 0.020 (0.219)
Fat 0.480™" (0.078) GuangDong  -0.320 (0.274)
Fat square -0.004™ (0.001) GuangXi -0.654™ (0.291)
Sodium*Fat -0.055" (0.029) GuiZhou -0.516 (0.337)
Energy 0.001™" (0.0001) HeBei 1.535™ (0.361)
Protein -0.310™ (0.024) HeNan 0.859™ (0.256)
Carbohydrate 0.007 (0.008) HeiLongliang 0.651" (0.144)
Brands
Baseline: MasterKong
JinMailLang -0.554™" (0.092) HuBei -0.4377 (0.155)
Uni-President -0.361"" (0.055) HuNan -0.738" (0.245)
BaiXiang -1.579™ (0.098) JiLin 0.841™ (0.166)
FuManDuo -1.501™" (0.063) JiangSu 0.034 (0.102)
HuaFeng 1.083" (0.206) JiangXi -0.291™ (0.129)
Nissin 0.615™ (0.124) LiaoNing 0.688™" (0.183)
WuGuDaoChang 2.968™ (0.309) ShaanXi 0.473™ (0.114)
HualLong -1.129™ (0.110) ShanDong 0.560™" (0.156)
Time effects: 4-week period
Baseline: QW1
QW2 0.163™ (0.075) ShanXi 2.160™" (0.536)
QW3 0.162™ (0.072) ShangHai 0.657" (0.138)
QW4 -0.062 (0.069) SiChuan -0.941™ (0.231)
QW5 -0.215™ (0.096) TianJin 0.958™" (0.236)
QW6 -0.271" (0.125) YunNan -0.269 (0.170)
QW7 -0.310™ (0.107) Zheliang -0.060 (0.082)
Qws -0.150" (0.079) Constant -24.535"" (2.225)
QW9 -0.088 (0.069)
QW10 -0.075 (0.070)
QW11 -0.062 (0.062) Random utility
QW12 0.042 (0.064) Coefficient  S.E.
QW13 0.059 (0.064) Price SD' 1.192 (1.051)
Observations 18208

Note: Standard errors in parentheses.
“p<0.10, " p<0.05 " p<0.01

fSD: Standard Deviation.
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Table 2.3a: Price elasticities of demand for TOP 4 instant noodle brands

1% rise in Price

% changein 111 112 121 122 131 132 141 142 211 212 231 232
111 -1.4867 0.0355 0.0137 0.0016  0.0210  0.0023  0.0140 0.0022 0.0390 0.0021  0.0128  0.0009
112 0.2271  -1.6627 0.0139 0.0016  0.0211  0.0023  0.0140 0.0022 0.0392 0.0021  0.0127  0.0009
121 0.2283 0.0355  -1.6935 0.0016 0.0211 0.0022  0.0141 0.0022  0.0394  0.0021  0.0128  0.0009
122 0.2296  0.0360 0.0146  -1.6877 0.0217  0.0023  0.0145 0.0023  0.0404 0.0021  0.0141  0.0009
131 0.2204 0.0357 0.0135 0.0016  -1.6805 0.0023  0.0141  0.0022 0.0367 0.0021  0.0124  0.0009
132 0.2112 0.0358 0.0132 0.0016  0.0212  -1.6837 0.0142 0.0024  0.0354 0.0020 0.0123  0.0009
141 0.2286 0.0352 0.0133 0.0016  0.0209  0.0022  -1.6907 0.0022  0.0393  0.0021  0.0128  0.0009
142 0.2258 0.0356  0.0138 0.0016  0.0214  0.0023  0.0143  -1.6915 0.0390 0.0021  0.0125  0.0009
211 0.2306  0.0357 0.0138 0.0016  0.0210 0.0022  0.0140 0.0022  -1.6488 0.0021  0.0128  0.0009
212 0.2316  0.0360 0.0140 0.0016  0.0213 0.0022 0.0146 0.0022  0.0423 -1.7121 0.0134  0.0009
231 0.2397 0.0347 0.0139 0.0016  0.0213  0.0020  0.0151  0.0022  0.0440 0.0021  -1.7054  0.0009
232 0.2342 0.0356 0.0132 0.0016  0.0219  0.0022  0.0163  0.0026  0.0422 0.0021  0.0142  -1.7054
311 0.2285 0.0359 0.0139 0.0016 0.0214 0.0023 0.0140 0.0022  0.0394 0.0021  0.0128  0.0009
312 0.2258 0.0360 0.0139 0.0016  0.0213 0.0023 0.0139 0.0022 0.0389 0.0021  0.0126  0.0009
331 0.2372  0.0357 0.0148 0.0016  0.0217  0.0021  0.0168 0.0024  0.0456  0.0022  0.0154  0.0009
332 0.1796  0.0393 0.0100 0.0015 0.0210 0.0032 0.0122  0.0025 0.0193 0.0014  0.0075  0.0008
341 0.2382 0.0353 0.0139 0.0016 0.0216  0.0021  0.0153  0.0023  0.0453 0.0020  0.0143  0.0009
342 0.1716  0.0405 0.0087  0.0014 0.0196 0.0033  0.0118 0.0028 0.0213 0.0014 0.0079  0.0007
411 0.2557  0.0359  0.0155 0.0016  0.0192  0.0016  0.0145 0.0020 0.0529  0.0023  0.0183  0.0009
412 0.2203 0.0392 0.0133 0.0016 0.0174 0.0015 0.0109 0.0019 0.0421 0.0026  0.0099  0.0007
421 0.2767  0.0350 0.0198  0.0018 0.0213  0.0015 0.0192 0.0022 0.0579  0.0027 0.0265  0.0010
422 0.1973  0.0307 0.0150  0.0023  0.0210  0.0010  0.0144 0.0019 0.0600 0.0035 0.0155  0.0005
431 0.2713 0.0344 0.0171 0.0017 0.0210 0.0015 0.0165 0.0021  0.0546  0.0024  0.0233  0.0009
432 0.2727 0.0337 0.0208 0.0016  0.0201  0.0009  0.0178 0.0020  0.0696  0.0037  0.0242  0.0011

Note: The values are median price elasticity of all the markets.
Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang,
5= FuManDuo, 6= HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= HualLong.
The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood
The third number represents the package shape: 1= Bag, 2=Other shapes (i.e., barrel package, box package, and cup package).
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Table 2.3b: Price elasticities of demand for TOP 4 instant noodle brands (Continued)

1% rise in Price
% changein 311 312 331 332 341 342 411 412 421 422 431 432

111 0.0653 0.0086  0.0044 0.0007 0.0029 0.0005 0.0106 0.0010 0.0026 0.0003 0.0096 0.0007
112 0.0658 0.0085 0.0044 0.0007 0.0029 0.0005 0.0105 0.0010 0.0026 0.0003 0.0097 0.0007
121 0.0657 0.0085 0.0044 0.0007 0.0029 0.0005 0.0109 0.0010 0.0026 0.0003 0.0097 0.0007
122 0.0655 0.0083 0.0046 0.0007 0.0029 0.0005 0.0097 0.0010 0.0027 0.0004 0.0105 0.0007
131 0.0639 0.0090 0.0044 0.0007 0.0028 0.0005 0.0098 0.0010 0.0027 0.0003 0.0107 0.0007
132 0.0632 0.0090 0.0044 0.0007 0.0029 0.0005 0.0084 0.0009 0.0025 0.0004 0.0091 0.0006
141 0.0655 0.0084 0.0044 0.0007 0.0029 0.0005 0.0106 0.0010 0.0026 0.0003 0.0097 0.0007
142 0.0650 0.0087 0.0044 0.0007 0.0028 0.0005 0.0099 0.0010 0.0027 0.0003 0.0095 0.0007
211 0.0661 0.0086 0.0044 0.0007 0.0028 0.0005 0.0107 0.0010 0.0027 0.0003 0.0098 0.0007
212 0.0659 0.0084 0.0044 0.0007 0.0029 0.0005 0.0109 0.0009 0.0026 0.0003 0.0097 0.0006
231 0.0644 0.0083 0.0045 0.0007 0.0029 0.0005 0.0116 0.0010 0.0026 0.0003 0.0105 0.0007
232 0.0657 0.0092 0.0046 0.0008 0.0030 0.0005 0.0093 0.0008 0.0025 0.0003 0.0083 0.0005
311 -1.6155 0.0087 0.0044 0.0007 0.0029 0.0005 0.0106 0.0010 0.0027 0.0003 0.0094 0.0007
312 0.0664 -1.6758 0.0043 0.0007 0.0029 0.0005 0.0106 0.0010 0.0026 0.0003 0.0095 0.0007
331 0.0637 0.0082 -1.7041 0.0008 0.0029 0.0005 0.0115 0.0009 0.0028 0.0003 0.0117 0.0007
332 0.0706  0.0117 0.0039 -1.5205 0.0038 0.0005 0.0045 0.0009 0.0014 0.0004 0.0022 0.0003
341 0.0645 0.0084 0.0046 0.0007 -1.7076 0.0005 0.0109 0.0011 0.0027 0.0003 0.0109 0.0007
342 0.0674 0.0122 0.0033 0.0008 0.0039 -1.6294 0.0054 0.0008 0.0016 0.0003 0.0022 0.0003
411 0.0668 0.0075 0.0039 0.0005 0.0025 0.0005 -1.7188 0.0011 0.0027 0.0004 0.0116 0.0007
412 0.0692 0.0111 0.0014 0.0006 0.0023 0.0004 0.0124 -1.7183 0.0036 0.0003 0.0155 0.0007
421 0.0670 0.0065 0.0047 0.0005 0.0026 0.0005 0.0130 0.0010 -1.7326 0.0003 0.0131 0.0007
422 0.0395 0.0049 0.0015 0.0005 0.0014 0.0007 0.0178 0.0007 0.0086 -1.7103 0.0506 0.0006
431 0.0651 0.0064 0.0044 0.0005 0.0028 0.0005 0.0127 0.0010 0.0027 0.0003 -1.7168 0.0007
432 0.0652 0.0055 0.0024 0.0005 0.0021 0.0004 0.0286 0.0016 0.0076 0.0004 0.0569 -1.8155

Note: The values are median price elasticity of all the markets.
Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang,
5= FuManDuo, 6= HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= HualLong.
The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood
The third number represents the package shape: 1= Bag, 2=Other shapes (i.e., barrel package, box package, and cup package).
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Table 2.4: Comparison of Market Share (MS) under different scenarios (%o)

Voluntary sodium reduction Mandated sodium All brands reduce 10%

Brand Baseline from MasterKong (by 10%) reduction (by 10%) sodium and increase 6% fat
Change in MS Change in MS Change in MS
Mean (std) Mean (std) Mean (std) Mean (std)
MasterKong 19.18 (6.88) -5.56 (1.72) -4.82 (1.28) -1.67 (0.81)
JinMaiLang 4.23 (3.73) 0.54 (0.55) -0.20 (0.25) 0.42 (0.39)
Uni-President 5.11 (1.90) 0.56 (0.34) -0.28 (0.41) 0.67 (0.51)
BaiXiang 2.45 (3.37) 0.31 (0.47) 0.28 (0.46) 0.67 (0.87)
FuManDuo 0.79 (0.73) 0.09 (0.10) -0.22 (0.20) -0.11 (0.10)
HuaFeng 0.30 (0.34) 0.04 (0.05) -0.11 (0.13) -0.06 (0.07)
Nissin 0.39 (0.58) 0.04 (0.07) -0.16 (0.23) -0.08 (0.13)
WuGuDaoChang 0.74 (0.80) 0.09 (0.11) -0.27 (0.28) -0.27 (0.28)
HualLong 0.96 (1.88) 0.11 (0.22) 0.03 (0.15) 0.16 (0.28)
Overall 34.15 -3.78 -5.75 -0.27

Note: Product’s market share is calculated as dividing its purchase volume by the market size, brand’s market share reported here is the sum of the

market shares of all the products which belong to the same brand.
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Table 2.5: Summary statistics of own-price elasticity estimates under different scenarios

. Volunta'ry sodium Mandated sodium All brands reduce 10%
Brand Baseline reduction from reduction (by 10%) sodium and increase 6% fat
MasterKong (by 10%) y
Median Min Max Median Min

Max Median Min Max Median Min Max
Overall -1.703 -1.862 -1.487 -1.650 -1.807 -1.468 -1.627 -1.780 -1.449 -1698 -1.852 -1.502
MasterKong -1.686 -1.694 -1487 -1634 -1650 -1507 -1612 -1626 -1.478 -1.680 -1.692 -1.502

Other brands  -1.707 -1.862 -1521 -1.656 -1.807 -1.468 -1632 -1.780 -1.449 -1.704 -1.852 -1514
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CHAPTER 3
NUTRITIONAL QUALITY OF RETAIL FOOD PURCHASES IS NOT ASSOCIATED WITH

PARTICIPATION IN THE SUPPLEMENTAL NUTRITION ASSISTANCE PROGRAM FOR

NUTRITION-ORIENTED HOUSEHOLDS"

Yu Chen, Chen Zhen and Biing-Hwan Lin. To be submitted to Public Health.
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3.1. Abstract

We examine the association between the US Supplemental Nutrition Assistance Program
(SNAP) and the nutritional quality of participants’ food-at-home (FAH) purchases. Using the
detailed food purchase data from the US Department of Agriculture (USDA) National Household
Food Acquisition and Purchase Survey (FoodAPS), we investigate the potential heterogeneity in
the association between SNAP and diet quality among consumers with different levels of
nutrition attitude. We find that SNAP participation is associated with lower nutritional quality of
FAH purchases among less nutrition-oriented households, but not among more nutrition-oriented
households. This heterogeneity in the SNAP-nutritional quality association may have important

policy implications.

Key words: SNAP participation, Nutritional quality, Low-income households, FOodAPS
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3.2. Introduction

Suboptimal diet is related to increased risks of obesity and many nutrition-related non-
communicable diseases, such as heart disease, type 2 diabetes and certain cancers (HHS and
USDA, 2015). In 2017, poor diet was associated with 11 million deaths and loss of 255 million
disability-adjusted life-years globally (Afshin et al.). There is evidence that low-income
populations are more likely, than their higher-income counterparts, to purchase and consume
foods of lower nutritional quality (Darmon & Drewnowski, 2008).

In the United States, the Supplemental Nutrition Assistance Program (SNAP, formerly
the Food Stamp Program) is the largest domestic hunger safety net program, serving 40.4 million
low-income Americans in fiscal year 2018 at a cost of $60.9 billion in food benefit. SNAP
participants receive benefits through an Electronic Benefit Transfer (EBT) card that can be used
to purchase most foods and beverages (except alcohol, tobacco, dietary supplements, hot foods,
and foods for on-premise consumption) at SNAP-authorized stores. There is overwhelming
evidence that SNAP reduces food insecurity, which is the central goal of the program
(Gundersen, Kreider, & Pepper, 2017; Ratcliffe, McKernan, & Zhang, 2011). In recent years,
there is a debate among policymakers and public health researchers and advocates in whether
SNAP may be restructured to promote a healthier diet (Brownell & Ludwig, 2011; Levin,
Barnard, & Saltalamacchia, 2017). The ongoing discussion about SNAP can be informed by the
substantial line of research on the association between SNAP and nutrition outcomes. Using
nationally representative datasets, some observational studies found SNAP participants to have
lower-quality diets or purchases overall, as indicated by a lower score on the Healthy Eating
Index (HEI) or an alternative index, than income-eligible nonparticipants(Andreyeva, Tripp, &

Schwartz, 2015; Gregory, Ver Ploeg, Andrews, & Coleman-Jensen, 2013; Cindy W. Leung et
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al., 2012; Mancino, Guthrie, Ver Ploeg, & Lin, 2018). Results at the food/nutrient group level or
by demographic group are more mixed because of the multitude of dimensions in measurement,
consumer heterogeneity and differences in analytical approaches and data. For example, several
studies reported that SNAP participation is not correlated with intake of total fruit and total
vegetables for adults and children (Leung et al., 2013; Cindy W Leung et al., 2012); one found
SNAP was associated with lower fruit intake for female participants (Fox & Cole, 2004); and
one study concluded that SNAP participation increased fruit consumption (Gregory et al., 2013).
In terms of grains consumption, compared with income-eligible nonparticipants, SNAP
participants had a lower whole grain intake (Hilmers, Chen, Dave, Thompson, & Cullen, 2014;
Cindy W Leung et al., 2012), even though total grain consumption was almost the same (Cole &
Fox, 2008; Fey-Yensan, English, Pacheco, Belyea, & Schuler, 2003; Leung et al., 2013). The
literature also has mixed results on the intake of milk, meats, solid fats, beverages, and added
sugars (Andreyeva, Luedicke, Henderson, & Tripp, 2012; Cole & Fox, 2008; Gregory et al.,
2013; Leung et al., 2014; Cindy W Leung et al., 2012; Leung & Villamor, 2011).

This study aims to fill two gaps in the literature. First, because previous studies relied on
health and nutrition surveys that do not collect food price information, few controlled for the
influences of food prices on diet quality while examining the SNAP-diet relationship. With food
prices being one of the most important determinants of food choice, omitting the role of food
prices may create biases in the statistical analysis. Second, no research has investigated the
potential heterogeneity in the association between SNAP and diet quality among consumers with
different levels of nutrition attitude. Addressing this will inform the debate on potential
restructuring of SNAP. This analysis uses detailed food purchase data from the US Department

of Agriculture (USDA) National Household Food Acquisition and Purchase Survey (FoodAPS).
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We measure a household’s attitude toward nutrition using its response to a question on whether
the household searched the internet for nutrition information in the last 2 months. The nutritional
quality of each food item is measured by the nutrient profiling algorithm of the Guiding Stars
program, although the results are robust to using Healthy Eating Index-2010 (HEI-2010) as an
alternative measure.

3.3. Methods

3.3.1. FoodAPS

The USDA FoodAPS was fielded between April 2012 and January 2013. 4,826 households
completed the 7-day survey of food acquisitions and purchases. Our analysis focuses on items
purchased for in-home consumption, defined as food and drinks brought into the home. We
dropped free food acquisitions (1.93% of total food-at-home energy for low-income FoodAPS
respondents) from the analysis because of the lack of prices for these foods. We focus on nine
food groups: grain, vegetables, fruits, milk products, meat/beans, prepared meals/sides/salads,
oils/fats/gravies, beverage, and sweet/salty snacks®. This classification scheme largely follows
that of the ERS Tier 1 Food Group (FoodAPS, 2016).

3.3.2. Guiding Stars Program

The Guiding Stars is a summary shelf nutrition label that uses a nutrient profiling algorithm to
rate the nutritional quality of food items on a 0 (least healthy) to 3-star (most healthy)
scale(Fischer et al., 2011). The objective of this label is to translate nutrition facts into a rating

that is easier for consumers to rank of the healthfulness of food items. We use the Guiding Stars

8 «“oils/fats/gravies” food group includes fats, oils, salad dressings, gravies, sauces, condiments and spices.
“sweet/salty snacks” food group includes desserts, sweets, candies and salty snacks.
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rating to compare the nutritional quality of food purchases between SNAP participants and
income-eligible nonparticipants. For food items with calories, the nutrient profiling algorithm
that generates the star rating incorporates only nutrients with a scientific consensus of significant
health promotion or an associated health risk. The nutrient scores in the algorithm reflect dietary
recommendations from authoritative scientific bodies (e.g., the Dietary Guidelines for
Americans) (Fischer et al., 2011; Rahkovsky, Lin, Lin, & Lee, 2013). Based on the threshold
values for each nutrient, health-promoting nutrients such as vitamins receive positive scores, and
health-risking nutrients such as sodium receive negative scores. Based on the total scores
received, food items are assigned a 0, 1, 2 or 3-star rating. Items with 0 star receive negative total
scores and those receiving positive total scores are classified into 1 to 3 stars with 3-star offering
the best nutritional quality. We calculate the gram-weighted average Guiding Stars rating of all
purchased items to measure the overall nutritional quality of a household’s food-at-home (FAH)
purchases.

3.3.3. SNAP Participation and Eligibility

FoodAPS is representative of SNAP households and non-participant households at three income
levels: below 100% of the Federal Poverty Line (FPL), between 100 and 185% of the FPL, and
above 185% of the FPL. We treat households with income below 185% of the FPL as SNAP
income-eligible households (Taylor & Villas-Boas, 2016; Ver Ploeg, Mancino, Todd, Clay, &
Scharadin, 2015). SNAP income-eligible non-participants were oversampled in FoodAPS to
allow analysis of food purchases by low-income non-participants, which is not always possible
with other datasets. To avoid bias from misreported SNAP status, we include in the analysis only

households whose SNAP status was administratively verified (Gregory & Smith, 2019).
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3.3.4. Study Covariates

SNAP participation status is our key covariate of interest. Because SNAP participants are
income-eligible for the Special Supplemental Nutrition Program for Women, Infants, and
Children (WIC), to separate their effects, we include WIC participation status as a control
variable.

We measure local cost of living by the 2012 metropolitan area-level regional price
parities produced by the Bureau of Economic Analysis. Households’ self-rated financial
condition and house ownership status are taken as indicators of financial status. Cost of healthier
foods is measured as the price of starred foods relative to the price of unstarred foods. Other
covariates include household total food expenditure, and indicator variables for rurality of a
household’s location, access to a supermarket in the census block group, food security status, and
whether they visited a food pantry/bank in the past 30 days for groceries. We also included a
number of demographic variables as control variables, including household composition
(household size, proportion of children, and indicator variables for elderly member, Hispanic
race, obese household members, smoker, and household member in poor health), and the main
meal-planner’s education.

3.4. Statistical Analysis

Of the 2,218 low-income households in our analysis, 1,184 households participate in the SNAP,
and 1,034 households are income-eligible non-SNAP households. We first explore the
association of SNAP participation with the nutritional quality of foods purchased by low-income
households. Then we examine the association of SNAP participation with density of the

purchased nutrients. Last, we compare the average purchase difference between SNAP
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participants and income-eligible non-participants by food group. All analyses incorporated
sample weights and accounted for the complex survey design of FoodAPS.

We use the following equation to explore the association of SNAP with nutrition.

GSPh = HlSNAPh + HZSNAPh X NuSerh + 93NuSeTh + 94Pratio,h + 95Xh + &En (1)

GSPy, is the gram-weighted average Guiding Stars rating across all FAH items purchased by
household h, SNAP,, is the indicator for SNAP participation status, NuSery, is the indicator for
whether h searched for nutrition information online in the last two months, P,,¢;, 5, is the ratio of
price of foods with stars to price of foods without stars, X,, is the vector of all other covariates
discussed earlier, and ¢, is the error term. Using grams to weight item-level Guiding Stars
ratings prevents the household average star rating from being unduly influenced by energy-dense
foods. We use the interaction term SNAP,, X NuSer;, to capture heterogeneity in the nutrition-
SNAP association that can be tracked to a household’s nutrition attitude.

Second, we examine the association of SNAP participation with FAH nutrients density
using equation (2) below.
Nutr; , = pySNAPy, + p,SNAP, x NuSery, + psNuSer, + puXp + & 1=1,...,7 2
where Nutr; 5, is the amount of nutrient i per 100 kcal of household h’s FAH purchases. Seven
nutrients that significantly affect a product’s Guiding stars rating are included. Four are
“nutrients to limit”: saturated fat, sodium, cholesterol and added sugar. The other three are

“nutrients to encourage”: dietary fiber, whole grain, and vitamins/minerals °.

9 vitamins/minerals here is the total purchased amount of vitamin A, vitamin B-6, vitamin B-12, vitamin C, vitamin
D (D2+D3), vitamin E, vitamin K (phylloguinone), iron, thiamin, riboflavin, niacin, folic acid, phosphorus,
magnesium, zinc, selenium and copper.
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In addition, we compare the average purchase differences between SNAP participants
and income-eligible non-participants of the nine food groups. That is, in each food group, by star
level, we compare the proportion of gram quantity purchased by SNAP households with that
purchased by income-eligible non-SNAP households.

3.5. Results

Table 3.1 summarizes low-income households’ characteristics. The average Guiding Stars rating
of low-income households’ FAH purchases is 0.664 points (out of a maximum 3 points). The
Guiding Stars rating of SNAP participants is 0.558 points (0.173 points lower than non-SNAP
participants). The statistic shows that SNAP households purchased foods with lower nutritional
quality than income-eligible non-participants. We observe similar patterns when using HEI-2010
as an alternative measure of nutritional quality. The average HEI-2010 score of overall low-
income households is 49.174 points, out of a maximum 100 points. SNAP households have an
average score of 46.927 points, 3.664 points lower than income-eligible nonparticipants. This is
consistent with the finding of a prior study that SNAP-households have a lower HEI-2010 score
of FAH acquisitions than low-income nonparticipants(Mancino et al., 2018).

Compared to income-eligible non-SNAP households, SNAP households have more
family members, a larger proportion of children, a larger proportion of Hispanic members, and a
smaller proportion of older adults. In terms of health status, SNAP households have larger
proportions of obese people, smokers, and members in poor self-rated health status. Besides,
SNAP households are more likely to be food insecure, i.e., 15 percentage points higher than
income-eligible non-SNAP households. Compared with income-eligible nonparticipants, larger
proportions of SNAP households participate in the WIC program, as expected, and more than

twice as likely to have been to a food pantry or food bank in the past 30 days for groceries than
42



non-SNAP households. Relative to low-income nonparticipants, smaller proportions of SNAP
households own a house, are satisfied with their financial condition, have post-college education,
and have no supermarket within a mile of the household’s census block group. The result on
supermarket access is due to a higher proportion of rural low-income nonparticipants in the
FoodAPS sample. SNAP households on average spend $130/month more on food, and SNAP
households are more likely to live in lower-cost counties. Table 3.1 results indicate that SNAP
participants and income-eligible nonparticipants differ in a number of ways. To control for the
influences of observed household characteristics, we now turn to the multivariate regression
results.

Table 3.2 shows the estimated associations between nutritional quality and covariates
among low-income households. For less nutrition-oriented households, classified as those not
searching for nutrition information online in the last two months, SNAP participation is
associated with a statistically significant 0.085 points lower Guiding Stars rating than non-SNAP
participants. In comparison, for more nutrition-oriented households, SNAP participation is
associated with a statistically insignificant 0.013 points lower average Guiding Star rating (p-
value=0.834) . We find no significant association of WIC participation with FAH nutritional
quality. As expected, we find that a one-unit increase in the ratio of starred food price to
unstarred food price is associated with a 0.043-point lower Guiding Stars rating. A higher cost of
living is associated with a higher Guiding Stars rating. Households that went to a food bank or

food pantry in the past month for groceries are more likely to have a lower average Guiding Stars

10 Although the coefficient on SNAP*NutritionSearch is not individually significant, it is comparable to the
coefficient on SNAP participation in magnitude but opposite in sign. These are sufficient to push the overall
estimate for this subgroup of participants to a statistical zero. In Appendix B, we also estimated equation (1)
separately for participants who did not search for nutrition information and for participants who did. We arrived at
the same results.
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rating and so are larger households. The proportions of children and smokers in a household are
inversely associated with the Guiding Stars rating of household FAH purchases. When
nutritional quality is measured by the HEI-2010 score (see Appendix Table B.1), among less
nutrition-oriented households, SNAP participation is associated with a statistically significant
2.003 points lower HEI-2010 score than income-eligible nonparticipants. Among more nutrition-
oriented households, SNAP participation is not associated with a lower HEI-2010 score (p-
value=0.670). As another robustness check, we examined the association of SNAP with
nutritional quality using separate regressions for the two types of households distinguished by
online nutrition search. The main result regarding the heterogeneity of SNAP association with
nutritional quality remains unchanged (see Appendix Table C.1).

Comparison of nutrients purchased per 100 kcal of FAH energy between SNAP
households and income-eligible non-SNAP households is shown in Table 3.3. Compared to
nonparticipants, SNAP participants purchased more on added sugars but less on all three
encouraged nutrients. Specifically, per 100 kcal of FAH energy, SNAP participants on average
purchased 0.139 tsp. more added sugars (1.076 vs 0.937) while purchased 0.007 g less on
vitamins/minerals (0.082 vs 0.089), 0.176 g less on dietary fiber (0.662 vs 0.838), and 0.011 oz.
less on whole grain (0.033 vs 0.044).

Next, we assess the association of SNAP participation with nutrient density using
multivariate regressions in order to control for observed differences in household characteristics.
The results are shown in Table 3.4 and 3.5. None of the coefficient estimates on SNAP
participation reach statistical significance. However, each coefficient on SNAP participation
takes the expected sign consistent with the comparison of means in table 3.3. With the exception

of sodium, the nutrient density of FAH purchases by SNAP participants is lower, than low-
44



income nonparticipants, on encouraged nutrients and higher on nutrients to limit. Except for the
nutrient density regressions for dietary fiber and vitamins/minerals, all coefficients on the
interaction term “SNAP*NutritionSearch” have signs opposite to the corresponding coefficients
on SNAP participation. This is consistent with the Table 3.2 result that being nutrition oriented
counteracts the influence of SNAP on nutrition quality.

With respect to other covariates, WIC participation is significantly associated with 0.005
g more vitamins/minerals per 100 kcal of food purchased. Other results include food insecure
households purchasing less saturated fat; and wealthier households (e.g., better self-rated
financial condition or home ownership) being associated with healthier nutrient densities (e.g.,
less added sugar and more dietary fiber and vitamins/minerals). In terms of household
demographics, household size is positively associated with added sugar purchase; a larger
proportion of children is associated with purchasing more added sugar but less cholesterol and
dietary fiber; proportion of older adults is negatively associated with whole grain purchase;
proportion of smokers is negatively associated with dietary fiber and whole grain purchases; and
higher education of a household’s primary respondent is associated with less added sugar
purchase.

Finally, we compare food purchases by star rating within each food group between SNAP
and income-eligible non-SNAP participants. As shown in Figure 3.1a and 3.1b, each of the nine
panels represents a food group and within a panel, for SNAP and non-SNAP households, the box
plot shows the average proportion of food subgroup by star rating to total household purchases
on this food group. There are no 3-star milk products and meat/beans products that were
purchased by low-income households in the FoodAPS sample. For 0-star subgroups, the average

gram share of prepared meals/sides/salads purchased by income-eligible non-SNAP participants
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are larger than that of SNAP households. While for other food groups, no significant mean
differences are found for this level of star rating. For starred subgroups, we find no significant
mean differences for milk products between the two types of households. For other starred
subgroups, compared to non-SNAP participants, the average gram share of 2-star fruit purchased
by SNAP households is larger. Otherwise, the average gram shares of other starred foods
purchased by SNAP households are smaller, compared to non-SNAP households, and the
magnitude of the difference varies by food group.

3.6. Discussion

Previous studies found SNAP participants to have lower diet quality than their income-eligible
nonparticipating counterparts (Andreyeva et al., 2015; Fox & Cole, 2004; Gregory et al., 2013;
Nguyen, Shuval, Njike, & Katz, 2014). In this study, we find that SNAP participation is
associated with lower nutritional quality of FAH purchases among less nutrition-oriented
households, but not among more nutrition-oriented households. This heterogeneity in the SNAP-
nutritional quality association may have important policy implications. For example, some
researchers and public health advocates have proposed to restrict SNAP-eligible items to healthy
foods (Brownell & Ludwig, 2011; Dinour, Bergen, & Yeh, 2007; Levin et al., 2017; Schwartz,
2017), similar to the WIC program which prescribes only healthier food options. Opponents to
these proposals have cited possible stigma-induced reduction in SNAP enrollment and added
administrative and retailer costs. As the merit of the SNAP restrictions is premised on the
existence of a negative association between SNAP and nutritional quality, the lack of such an
association for nutrition-oriented participants suggests that the intended benefit of the proposed
changes may not reach this subgroup of SNAP population. It is even possible that low-income

nutrition-oriented households become worse off if the restrictions reduce food security by
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discouraging participation in SNAP. Because food security is positively associated with health
(Gundersen & Ziliak, 2015), there is a potential for SNAP restrictions to increase health disparity
among low-income households, which is something policymakers hope to avoid.

SNAP Education (SNAP-Ed) is an optional component of SNAP that aims to increase the
likelihood of healthy eating behavior among the low-income population through direct nutrition
education and social marketing. There is evidence that certain SNAP-Ed interventions are
effective in promoting healthier behavioral and attitudinal changes for low-income children and
adults (Cates et al., 2014; Savoie et al., 2015; Williams et al., 2014). This and the dependency of
the SNAP-nutrition relationship on nutrition attitude underscores the promising role of SNAP
Education (SNAP-Ed) in closing the nutrition gap between less nutrition-oriented SNAP
participants and low-income nonparticipants.

Among other policy-relevant results, we found the price of starred foods relative to
unstarred foods to be negatively associated with nutritional quality. This is consistent with the
law of demand-a tenet of economics that predicts demand to increase in response to a decline in
price, As starred foods become more expensive relative to unstarred foods, the mix of purchase
shifts toward unstarred foods and, hence, causes a reduction in nutritional quality. The USDA
Food Insecurity Nutrition Incentive (FINI) grant program is designed to support financial
incentives that reduce the relative price of fruit and vegetables for the SNAP population at
farmers markets. There is mixed evidence on the program’s effectiveness in increasing SNAP
participants’ fruit and vegetable intake (Alaofé H, 2017; Steele-Adjognon & Weatherspoon,
2017; Vericker et al., May 2019). Our result suggests that, to improve the overall nutritional

quality, financial incentives have to apply to a much broader range of healthy foods.
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Our study has several limitations. First, our analysis is based on household purchase data.
Compared to food intake surveys, FOodAPS has the advantage of reporting both expenditures
and quantities that can be used to calculate prices. However, with purchase decisions made and
reported at the household level, we cannot make definitive statements about food intake at the
individual level because of food waste, stockpiling and intrahousehold sharing that make the
linkage between household purchase and individual intake imperfect. Stockpiling is an issue
because the one-week data collection of FOodAPS likely missed some nonperishable packaged
foods (e.g., sugar-sweetened beverages) that were consumed but not purchased by some
households in the survey week. For households who purchased during the FOodAPS survey, the
purchased amount may be higher than consumption for storable food items. However, on
average, the net effect of the two opposing forces may be small. Second, our results are subject
to potential omitted variable bias. This is also known as selection bias that causes the
counterintuitive finding of a negative association between SNAP and food security commonly
found in observational studies (Gundersen et al., 2017). Although we included a number of
household characteristics to control for the effects of observed variables, there may be
unobserved factors that are both determinants of SNAP participation and nutritional quality of
FAH purchases. Omitting these factors would create bias in the coefficients on SNAP
participation and its interaction with the indicator for nutrition search. To the extent that the same
unobserved factors also influence household food security, financial condition, home ownership,
and use of food pantry and food bank, we are able to reduce the bias by including these variables
as controls (Chalak & White, 2011). Future studies should examine the robustness of our results

using other datasets and bias reduction econometric techniques.
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Table 3.1: Summary statistics of low-income households’ characteristics

Income-eligible

Variable Overall SNAP Non-SNAP
Nutritional Quality
Guiding Stars rating 0.664 (0.016) 0.558 (0.022) 0.731" (0.025)
HEI-2010 score 49.174 (0.505) 46.927 (0.496) 50.591" (0.725)
Household Characteristics
Household size (mean) 2.522 (0.081) 2.962 (0.087) 2.245™ (0.095)
Proportion of children (mean) 0.181 (0.009) 0.253 (0.014) 0.135"" (0.010)
Proportion of older adults (mean) 0.226 (0.021) 0.109 (0.019) 0.301" (0.030)
Proportion of Hispanics (mean) 0.209 (0.040) 0.243 (0.051) 0.188" (0.037)
Proportion of obese members (mean) 0.317 (0.010) 0.371 (0.016) 0.283" (0.015)
Proportion of smokers (mean) 0.256 (0.019) 0.305 (0.020) 0.224™ (0.025)
Proportion of members in poor 0.051 (0.006) 0.072 (0.011) 0.038™ (0.007)
health(mean)
Food expenditure (mean, $) 419.954 (12.070)  500.652 (14.864)  369.013"" (13.530)
Cost-of-living index (mean) 98.799 (1.147) 97.727 (1.094) 99.476™ (1.217)
WIC participation (share) 0.086 (0.008) 0.149 (0.016) 0.046™" (0.008)
NutritionSearch (share) 0.190 (0.013) 0.214 (0.023) 0.175 (0.019)
Household financial condition (share) 0.349 (0.015) 0.248 (0.022) 0.412™" (0.019)
Own house (share) 0.445 (0.028) 0.316 (0.030) 0.526™" (0.034)
Food pantry/food bank (share) 0.091 (0.009) 0.146 (0.015) 0.056™" (0.009)
Low access BG at 1 mile (share) 0.438 (0.042) 0.380 (0.044) 0.474™ (0.045)
Rural (share) 0.332 (0.049) 0.304 (0.042) 0.349 (0.058)
Food insecure (share) 0.338 (0.015) 0.432 (0.021) 0.278™" (0.018)

Primary Respondent (PR)

10th grade or less (share)

11th or 12th grade, no diploma

High School diploma or GED (share)

College education (share)

Bachelor’s degree (share)

Master's degree or more (share)
Number of Households

0.144 (0.016)
0.065 (0.011)
0.329 (0.016)
0.332 (0.017)
0.099 (0.010)
0.028 (0.006)
2,218

0.167 (0.021)
0.088 (0.016)
0.338 (0.025)
0.316 (0.017)
0.076 (0.011)
0.015 (0.006)
1,184

0.130"* (0.016)
0.051* (0.010)
0.323 (0.020)
0.342 (0.025)
0.114" (0.014)
0.037* (0.010)
1,034

1 Weighted means reported, standard errors are in parentheses and we control for survey design.

2 %%* n<0.01, ** p<0.05, * p<0.1 = statistically different from SNAP households.
3 Definition of variables: Food expenditure — household monthly food expenditures, including both food-at-home
and food-away-from-home expenditures, calculated as 4 times the reported one-week expenditures. Cost-of-living
index - 2012 metropolitan area-level regional price parities from the Bureau of Economic Analysis (base=100 at the
national mean); NutritionSearch — whether a household searched online nutrition information in the last 2 months;
Low access BG at 1 mile — a binary indicator for low access block groups (BGs), based on not having any
supermarket/supercenters within 1 mile; Household financial condition — household’s self-rated financial condition
is comfortable and secure; Food pantry/food bank - household went to a food bank or food pantry in past 30 days for
groceries; Food insecure — household is food insecure based on USDA’s 30-day Adult Food Security Scale,
households with adult members in low food security and very low food security are categorized as being “food

insecure”.

4 Children are defined as age <18, an older adult is defined as age>65.
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Table 3.2: Associations between nutritional quality and covariates among low-income
households

Variables Guiding Stars rating
Coefficient Std. Err.
SNAP participation (Yes=1) -0.085™ 0.041
SNAP*NutritionSearch 0.072 0.067
NutritionSearch (Yes=1) 0.001 0.056
WIC participation (Yes=1) 0.008 0.029
Food price ratio -0.043" 0.023
Food insecure (Yes=1) 0.014 0.039
Standardized food expenditure 0.009 0.012
Standardized cost-of-living index 0.053"™ 0.019
Rural (Yes=1) 0.009 0.049
Household size -0.022" 0.012
Proportion of children -0.290™" 0.059
Proportion of older adults 0.092 0.055
Proportion of Hispanic 0.077 0.047
Proportion of obese members -0.055 0.041
Proportion of smokers -0.215™ 0.046
Proportion of members in poor health -0.018 0.070
Household financial condition 0.005 0.032
Own house (Yes=1) 0.043 0.043
Food pantry/food bank (Yes=1) -0.090™ 0.043
PR’s highest education 0.016 0.014
Low access BG at 1 mile (Yes=1) -0.067 0.044
Constant 0.825™ 0.064

1 #%% pn<0.01, ** p<0.05, * p<0.1
2 The estimates use sample weights and control for survey design.
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Table 3.3: Comparison of nutrients densities (per 100 kcal of food purchased) between
SNAP and non-SNAP households

SNAP Income - eligible Mean
participants Non-SNAP participants Difference
1) ) 1-@
Nutrients to limit
Saturated fat (g) 1.351 (0.023) 1.311 (0.037) 0.040
Cholesterol (g) 0.013 (0.001) 0.013 (0.0004) 0
Added sugars (tsp eq.) 1.076 (0.038) 0.937 (0.034) 0.139™
Sodium (g) 0.176 (0.007) 0.209 (0.027) -0.033
Nutrients to encourage
Vitamins/minerals (g) 0.082 (0.001) 0.089 (0.002) -0.007™
Dietary fiber (g) 0.662 (0.024) 0.838 (0.034) -0.176™"
Whole grain (0z eq.) 0.033 (0.003) 0.044 (0.003) -0.011™

L Weighted means reported, Standard Errors are in parentheses and we control for survey design.
2 Statistical difference with *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.4: Associations between covariates and densities (amounts per 100 kcal of food
purchased) of nutrients to limit among low-income households

Dependent variable Saturated fat (g) Sé?}%?:;?;g;j Added :ggars (tsp Sogg')u m
SNAP participation (Yes=1)  0.036 (0.040) 0.074 (0.070) 0.023 (0.074) -0.042 (0.034)
SNAP*NutritionSearch -0.043 (0.073) -0.092 (0.162) -0.059 (0.132) 0.020 (0.049)
NutritionSearch (Yes=1) 0.006 (0.069) 0.151" (0.083) -0.020 (0.102) -0.027 (0.040)

WIC participation (Yes=1)
Food insecure (Yes=1)

Standardized food
expenditure

Standardized cost-of-living
index

Rural (Yes=1)
Household size
Proportion of children
Proportion of elderly
Proportion of Hispanic
Proportion of obese
Proportion of smokers

Proportion of poor health
members

Household financial
condition

Own house (Yes=1)

Food pantry/food bank
(Yes=1)

PR’s highest education

Low access BG at 1 mile
(Yes=1)

Constant

0.042 (0.049)
-0.087" (0.043)

0.021 (0.014)

0.008 (0.015)

0.116™(0.043)
-0.012 (0.013)
0.083 (0.086)
0.047 (0.071)
-0.083 (0.051)
0.116 (0.084)
0.119(0.075)

-0.039 (0.090)

-0.034 (0.070)
0.004 (0.044)
0.107(0.102)
0.022(0.016)
-0.082 (0.054)

1.230™(0.104)

0.126 (0.095)
-0.092 (0.062)

0.001 (0.028)

-0.002 (0.032)

-0.095 (0.093)
0.003 (0.021)
-0.349" (0.136)
-0.055 (0.087)
0.117(0.077)
-0.005 (0.092)
0.007 (0.108)

0.047 (0.183)

0.097 (0.063)
-0.021 (0.063)
0.190 (0.124)
-0.031 (0.035)
0.143 (0.087)

0.064 (0.178)

-0.067 (0.067)
-0.032 (0.072)

-0.014 (0.022)

-0.050"" (0.022)

0.020 (0.074)
0.056™* (0.018)
0.255" (0.115)
-0.075 (0.096)
-0.023 (0.073)
-0.122* (0.067)

0.211 (0.140)

0.055 (0.114)

-0.132"* (0.053)
-0.043 (0.058)
0.014 (0.083)

-0.052™" (0.017)
-0.040 (0.059)

1.060" (0.104)

0.022 (0.023)
-0.031 (0.025)

0.020" (0.011)

-0.013 (0.014)

-0.062 (0.058)
-0.011 (0.008)
-0.041 (0.036)
0.034 (0.035)
0.033 (0.033)
0.038 (0.036)
0.060 (0.051)

-0.062 (0.043)

-0.037 (0.033)
0.011 (0.034)
0.036 (0.040)
-0.010 (0.010)
0.020 (0.056)

0.276™" (0.080)

1% n<0.01, ** p<0.05, * p<0.1.
2 The estimates use sample weights and control for survey design.
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Table 3.5: Associations between covariates and densities (amounts per 100 kcal of food
purchased) of nutrients to encourage among low-income households

Dependent variable Dietary fiber Vitamins/minerals Whole grain
(9) (9) (0z.)

SNAP participation (Yes=1) -0.076 (0.056) -0.001 (0.003) -0.008 (0.005)
SNAP*NutritionSearch -0.026 (0.096) -0.001 (0.005) 0.011 (0.016)
NutritionSearch (Yes=1) 0.043 (0.085) 0.006 (0.004) -0.004 (0.012)
WIC participation (Yes=1) -0.013 (0.037) 0.005™ (0.002) 0.002 (0.006)
Food insecure (Yes=1) 0.030 (0.049) 0.001 (0.002) -0.003 (0.004)
Standardized food expenditure -0.024 (0.019)  -0.005™" (0.001)  -0.0002 (0.002)
Standardized cost of living 0.027 (0.019) 0.001 (0.001) 0.001 (0.003)
Rural (Yes=1) -0.040 (0.051) -0.001 (0.003) 0.003 (0.008)
Household size -0.019 (0.013) -0.001 (0.001) -0.001 (0.001)
Proportion of children -0.182™ (0.070) -0.009 (0.006) -0.014 (0.010)
Proportion of elderly 0.074 (0.083) -0.004 (0.006) -0.018" (0.010)
Proportion of Hispanic 0.148™" (0.034) 0.002 (0.003) -0.007 (0.005)
Proportion of obese -0.069 (0.060) -0.007 (0.004) -0.008 (0.011)
Proportion of smokers -0.205™ (0.079) -0.008 (0.006) -0.029™"" (0.008)

Proportion of poor health
members

Household financial condition
Own house (Yes=1)

Food pantry/food bank (Yes=1)
PR’s highest education

Low access BG at 1 mil (Yes=1)

Constant

0.023 (0.090)

-0.016 (0.047)

0.092™ (0.039)
-0.049 (0.058)

0.027 (0.023)

-0.020 (0.054)
0.7917 (0.087)

0.0003 (0.004)

0.007" (0.004)
0.005™ (0.002)
0.002 (0.004)
0.002 (0.001)
0.001 (0.003)
0.081"" (0.006)

0.012 (0.014)

0.004 (0.006)
0.006 (0.007)
-0.002 (0.006)
0.002 (0.002)
0.003 (0.005)
0.051"" (0.012)

Tow* p<0.01, ** p<0.05, * p<0.1

2 The estimates use sample weights and control for survey design.
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Figure 3.1a Comparison of gram share purchased by Guiding Stars rating of nine food groups between SNAP and non-SNAP households

Note: ** indicates that there is significant mean difference between SNAP households and income-eligible non-SNAP households at 10% significance level.
2 Estimates use sample weights and control for survey design. The vertical axis measures the gram share of a star rating within the food group.
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Figure 3.1b Comparison of gram share purchased by Guiding Stars rating of nine food groups between SNAP and non-SNAP households
(Continued)

Note: ** indicates that there is significant mean difference between SNAP households and income-eligible non-SNAP households at 10% significance level.
2 Estimates use sample weights and control for survey design. The vertical axis measures the gram share of a star rating within the food group.
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CHAPTER 4

THE EFFECTS OF SNAP AND PRICE ON LOW-INCOME HOUSEHOLDS’ FOOD

SPENDING *

Yu Chen and Chen Zhen. To be submitted to Journal of Health Economics.
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4.1. Abstract

We estimate the effects of SNAP and price on low-income households’ food spending, based on
which we discuss food tax and subsidy strategies to improve households’ nutritional status. We
use the FoodAPS data combined with a two-part model to estimate the food group-specific
marginal propensity to spend out of SNAP benefits and price elasticities of demand for eighteen
food groups. Considering low-income households with worse food hardship are more likely to
self-select into SNAP, we use state-level variation in SNAP enrollment policies and eligibility
requirements and respondent-level variation in driving distance to the nearest SNAP office as

instrumental variables to identify the causal effect of SNAP on food spending.

Key words: SNAP participation, Nutritional quality, Low-income households, Marginal

propensity to spend, Two-part model, FOOdAPS
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4.2. Introduction

Low-income populations are more likely, than their higher-income counterparts, to purchase and
consume foods of lower nutritional quality, such as refined grains and added sugar and fats
(Darmon and Drewnowski, 2008). This question has surfaced in the context of the increasing
costs of obesity and many nutrition-related non-communicable diseases, such as heart disease,
type 2 diabetes and cancer (Finkelstein et al., 2009; Leung and Villamor, 2011; Wagner and
Brath, 2012).

The Supplemental Nutrition Assistance Program (SNAP, formerly the Food Stamp
Program) is one of the nation’s leading anti-hunger programs, enrolling 17.53 percent of
households in the average month of fiscal 2017 (USCB, 2019; USDA-FNS, 2019)*. SNAP has
been shown to be an essential safety net to successfully reduce food insecurity (Gundersen et al.,
2017; Mabli et al., 2013). The SNAP provides recipient households monthly benefits to support
their food purchases at authorized retailers. We would hope that dietary quality would be better
among program participants because of receiving additional benefits. However, prior studies
suggest that SNAP participation is associated with suboptimal dietary patterns and even lower
diet quality than their income-eligible nonparticipating counterparts (Andreyeva et al., 2015;
Nguyen et al., 2014), and has led researchers to study how SNAP benefits are spent.

A strand of literature focuses on estimating the marginal propensity to spend (MPS) on
food out of SNAP benefits, which measures how much food expenditures rise in response to a $1
increase in SNAP benefits. In earlier work, Fraker (1990), concludes that the most reasonable

MPS estimates range between 0.17 and 0.47. The most recent review, Cuffey et al. (2016)

1 Over the months of fiscal 2017, the average number of SNAP participating households is 20,828,954, and there
were 118,825,921 households in the United States on average from 2013-2017.
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summarizes that the estimates of MPS are between 0.16 and 0.48, with a mean of 0.30. One
outstanding question is whether the SNAP-induced higher expenditures on food are translated
into increased nutritional quality. This question can be addressed by estimating food group-
specific MPS, which has not been investigated in the past 2 decades (Cuffey et al., 2016). One
study dating back to the 1990s estimates MPS for individual food categories (Arcia et al., 1990).
However, this study uses the Food Stamp Program and is limited to meat, cereals/bakery
products, and vegetables.

We contribute to the literature by providing new evidence on the MPS of each of the 9
unique food groups and each group is further classified as a starred and no-star subgroups, thus
giving us 18 food groups in total (the star level of food is identified by the Guiding stars
program). Our estimates shed light on the food spending differences between healthy and
unhealthy food, which contribute to designing targeted strategies to improve dietary quality of
SNAP households.

We use the FoodAPS data combined with a two-part model to estimate the MPS on food
out of SNAP benefits. We control for SNAP self-selection bias*? by using the driving distance
from the centroid of the FoodAPS household’s census block group to the nearest SNAP office as
well as state-level variables on SNAP eligibility rules and administrative policies as instrumental
variables for endogenous SNAP participation. Our results suggest that SNAP participation
increases expenditure on unhealthy food more than healthy food by $14/month, with higher
estimates of MPS on no-star meat and beans, no-star snacks, and no-star beverages and lower

estimates of MPS on vegetables and fruit.

12 There is evidence that SNAP participants have higher needs or preferences for food at home than non-participants,
which cause these households to self-select into the program (Wilde PE, Troy LM, Rogers BL. Food Stamps and
Food Spending: An Engel Function Approach. American Journal of Agricultural Economics 2009;91; 416-430.
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Aside from SNAP participation, we also take food prices into consideration. Price is one
of the most important determinants of food choice (Lusk and Briggeman, 2009). Changes in food
prices create incentives for low-income households to alter their eating pattern. For example,
subsidies could be provided to healthier foods (e.g., fruit and vegetables) and less healthy foods
could be taxed (e.g., sugar-sweetened beverages (SSB) and salty snacks) (Andreyeva et al., 2011;
Dong and Lin, 2009). Andreyeva et al. (2010) reviews earlier work on price elasticity of demand
for major food groups, and finds that a 10% reduction in the price of fruit and vegetables would
increase their purchases by 7.0% and 5.8%, respectively, and a 10% tax on soft drinks could lead
to an 8% to 10% reduction in purchases of these beverages.

Moreover, price-based interventions should target products within each food group, such
as healthier and less healthy products. In our sample, for example, vegetables includes fresh
vegetables as well as unhealthy products such as canned vegetables which contains high salt
content (Webster et al., 2014), a possible price-based intervention could be subsidized the fresh
vegetables. Therefore, examining consumers’ responses to price change within a food group is
needed. Harding and Lovenheim (2017) find that there exists substantial variation in price
elasticities within food categories, which indicates that consumers respond differently to price
changes for products within a category. For example, within vegetables and fruit category, the
own-price elasticities are -1.13 for fresh fruit, -0.83 for fresh vegetables and -1.38 for canned
vegetables and fruit. Zhen et al. (2014) provides price elasticities and income elasticities for 23
categories of packaged foods and beverages, in which some pairs of categories are differentiated
by healthfulness. They find that substitutions are evident between whole and reduced-fat/skim
milk, and between whole-grain and white bread, suggesting that households will switch to

healthier products when the prices of less healthy products rise. Besides, their results show that
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the income elasticity is always higher for the healthier category than for the less healthy
category.

Following the above research, we estimate price elasticities on food subgroups
differentiated by food type and healthfulness, then we simulate low-income households’ likely
responses to a tax on no-star meat and beans, no-star beverage and no-star snacks and a subsidy
on starred vegetables and starred whole fruits. Our results suggest that while taxes and subsidies
would create incentives for consumers to consume less (or more) of targeted foods, they could
have unintended consequences by possibly increasing added sugar, saturated fat and salt intake.
Therefore, to improve low-income households’ dietary quality, the expected benefits of any tax
or subsidy must be evaluated against the potential costs.

The rest of the article is organized as follows. The next section describes the data,
followed by a section on the two-part model, which is our choice of the econometric model for
characterizing the household’s food purchase decisions. The subsequent section provides the
results on food subgroup-specific MPS out of SNAP benefits and price elasticities of demand for
the 18 food groups. The second to last section discusses the results. Finally, the last section
summarizes and concludes.

4.3. Data

4.3.1. FoodAPS Data

Data in this study comes from the U.S. Department of Agriculture (USDA)’s the National
Household Food Acquisition and Purchase Survey (FoodAPS). A total of 4,826 households
completed the survey between April 2012 and January 2013. Each sampled household was asked
to provide information on the food that all members acquired over the course of seven days.

Respondents were asked to scan barcodes, either on packaged food or provided in the barcode

64


https://www.usda.gov/

book for random-weight foods, and to record information in provided food books with receipts
attached. In addition, the Primary Respondent (PR) of each household - the main food shopper or
meal-planner - provided information about the household’s economic and socio-demographic
characteristics.

This paper analyzes households’ food-at-home purchases defined as food and drinks
brought into the home. We focus on nine food groups, i.e., grains, vegetables, whole fruits, milk
products, meat and beans, prepared meals, fats and oils, beverages, and snacks*®. This
classification scheme largely follows that of the ERS Tier 1 Food Group (FoodAPS, November
2016). We further classify each food group to a star (1-, 2-, 3-star) and no-star subgroups, thus
giving us 18 food subgroups in total.

4.3.2. State-level Sales Tax Data

Data on state-level sales tax rates for food purchased through grocery stores comes from data
collected from the “Bridging the Gap” program that is supported by Robert Wood Johnson
Foundation. Sales tax rates were compiled from state statutory and administrative (regulatory)
laws via primary legal research and were verified by the states (Sturm et al., 2010). This data
contains annual sales tax rates for sodas, bottled water, and selected snack products*. For other
foods, we use state-level general food sales tax rates. To match the state-level sales tax rates data
to the FOodAPS data, we used tax rates that were in effect in January of 2012 and 2013.

4.3.3. SNAP Participation and Eligibility

FoodAPS data is representative of SNAP households and non-participant households at three

income levels: below 100% of the Federal Poverty Line (FPL), between 100 and 185% of the

13 Prepared meals include prepared meals, sides, and salads; fats and oils include fats, oils, salad dressings, gravies,

sauces, condiments and spices; snacks include desserts, sweets, candies, and salty snacks.

14 Snack products include candy, chewing gum, chips, pretzels, ice cream, popsicles, milkshakes, and baked goods.
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FPL, and above 185% of the FPL. We treat households with income below 185% of the FPL as
SNAP income-eligible households (Taylor and Villas-Boas, 2016; Ver Ploeg et al., 2015). SNAP
income-eligible non-participants were oversampled in FoodAPS to allow analysis of food
purchases of low-income households, which is not always possible with other datasets. To avoid
bias from misreported SNAP status, we include in the analysis only households whose SNAP
status was administratively verified (Gregory and Smith, 2019). The administrative match in
FoodAPS uses two sources of data, i.e., State SNAP participation records and the Anti-fraud
Locator using EBT Retailer Transactions (ALERT) system data, which tracks the use of the
program’s EBT card.

4.3.4. Guiding Stars Program

The Guiding Stars is a summary shelf nutrition label that uses a nutrient profiling algorithm to
rate the nutritional quality of food items on a 0 (least healthy) to 3-star (most healthy) scale.
(Fischer et al., 2011) The objective of this label is to translate nutrition facts into a rating that is
easier for consumers to rank of the healthfulness of food items. We use the Guiding Stars rating
to compare the nutritional quality of food purchases between SNAP participants and income-
eligible nonparticipants. For food items with calories, the nutrient profiling algorithm that
generates the star rating incorporates only nutrients with a scientific consensus of significant
health promotion or an associated health risk. The nutrient scores in the algorithm reflect dietary
recommendations from authoritative scientific bodies (e.g., the Dietary Guidelines for
Americans) (Fischer et al., 2011; Rahkovsky et al., 2013). Based on the threshold values for
each nutrient, health-promoting nutrients such as vitamins receive positive scores, and health-
risking nutrients such as sodium receive negative scores. Based on the total scores received, food

items are assigned a 0, 1, 2 or 3-star rating (items with O star receive negative total scores and
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those receiving positive total scores are classified into 1 to 3 stars with 3-star offering the best
nutritional quality). We calculate the gram-weighted average Guiding Stars rating of all
purchased items to measure the overall nutritional quality of a household’s food-at-home
purchases.

4.3.5. Food Price Construction

Accurate measurement of food prices is key in interpreting the households’ purchasing behavior
as prices fluctuate over time and across regions, as well as in characterizing the constraints that a
household faces (McKelvey, 2011). In this paper, we first construct the household-level price
index P, for each food category, using a weighted product dummy method which is modified
from the weighted country product dummy method (CPD) (Deaton and Dupriez, 2011; Rao,
2005). The advantage of this method is that it handles missing item-level prices and controls for
item-level quality differences in the same step. The former is caused by not all households
purchasing all food items in the 7-day reporting period. The latter is caused by household
heterogeneity in preferences for quality, which makes the unit value (calculated as subgroup-
level expenditure divided by quantity) endogenous with demand. The concept of this method is
to project products’ prices onto a set of location, time, household, and product dummies by

running a weighted regression as equation (1).

(1) InP;., = aPSU, + BWEEK,, + yHH,, + 6Product; + €., c=1,...,18

Subscript i indexes the UPC, ¢ denotes the subgroup (nine food groups, each separated
into a star (1-, 2-, 3-star) and no-star subgroups), h indicates the unique household. P;., is the
price of UPC i in food subgroup ¢ purchased by household h. PSU is primary sampling unit

(PSU) dummy, WEEK is weekly dummy, HH is the household dummy, Product is product
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dummy, and €, is error term. The weight in the regression is the budget share of each UPC in
food subgroup ¢ consumed by household h. The argument for the weight is that food products
with large (small) budget shares should count more (less) in the calculations, and therefore the
fitted model would weigh more important price observations higher than those items which are
less important.

We construct the household-level price index P,;, using the estimated coefficients of
PSU, week, and household dummies. Product fixed effects are differenced out. It is used in the
price index construction in the sense that we subtracted them from raw prices to remove product
heterogeneity. Further, we add state-level sales tax rate to the price index P, since grocery taxes
also affect consumers’ food expenditures. SNAP participants are exempt from paying local and
state taxes on any of the products that they purchase with SNAP benefits. Therefore, the tax-
adjusted food price is represented in equation (2) for non-SNAP households and equation (3) for
SNAP households.
(2) Pricey, = P, X (1 4+ Tax,) c=1,...,18
(3) Prices, = Pop X (1 + Tax, X PCyponsnap) €=1,...,18

Where Price,;, is the new price index for food group ¢ of household h, Tax, is the state-
level tax rate for food group ¢, PC,,,nsnap 1S @ CcONstant average percentage of SNAP households’
food expenditure that is purchased by non-SNAP benefits, and in our analysis, PC,onsnap 1S
equal to 28.91%.
4.3.6. Study Covariates
SNAP participation status is our key covariate of interest. We measure local cost of living by the
2012 metropolitan area-level regional price parities produced by the Bureau of Economic

Analysis. Tract-level median family income in the past 12 months (2012 inflation-adjusted US
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dollars) is also included to measure local area poverty. Households’ monthly income, self-rated
financial condition, house ownership status and the household average monthly income as
percent of 2012 household poverty guideline are taken as indicators of financial status. We also
included a number of demographic variables as control variables, including household’s
composition (household size, proportions of children, older adults, Hispanic race, obese
household members, smokers, and household members in poor health), and the main meal-
planner’s education. Other covariates include indicator variables for rurality of a household’s
location, access to the supermarket in the census block group, food security status, and whether
family members visited a food pantry or food bank in the past 30 days for groceries, and whether
a household searched online nutrition information in the last 2 months. We also include tax-
adjusted prices of all 18 food groups.

4.4. Methodology

4.4.1. Two-Part Model

The dependent variables in our analysis are the monthly expenditures on each of the 18 food
groups, and the data on food expenditures feature a spike at zero and a skewed distribution (see
Figure 4.1a and 4.1b). Accounting for food subgroup-level nonpurchases in the (short) one-week
reporting period in the demand model is important because simply excluding these zeros may
produce biased results. We, therefore, employ the two-part model to overcome the problem of
censored dependent variables. The two-part model is suitable for modeling continuous non-
negative outcomes with a large proportion of zero values and a skewed distribution, and has been
widely used in health economics and health services research, such as modeling medical

expenditures (Cawley and Meyerhoefer, 2012; Zhou et al., 2017).
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We ran separate two-part models for each of 18 food groups to quantify the effects of
SNAP and price on low-income households’ spending separately on each food group. The two-
part model estimates the probability of spending on a specific food group (i.e., no-star beverage)
in the first part, and then estimate how much a household spends conditional on having positive
spending in the second part. The predictions from each part are then combined to generate
predicted spending of no-star beverage. To be specific, for households’ expenditures on food
group c, the zeros are handled using a model for the probability of a positive expenditure, given
in equation (4), and for the positive expenditures, the model is represented in equation (5):
(4) 9(Expen > 0) = Pr(Expe, > 0|Xp) = F(X48)
(5) B(Expen|Expen > 0,Xp) = g(XpnY)
where Exp,y, is the monthly expenditure of food subgroup ¢ by household h. X}, is a vector of
explanatory variables. & and y are the corresponding vectors of parameters to be estimated, F is
the cumulative distribution function of an independent and identically distributed error term,
typically chosen to be from Logit or Probit distributions, and g is an appropriate density function
for Exp.p|Expcn, > 0.

The likelihood function for an observation can be written as equation (6):
(6) B(Exper) = {1 —F(Xp8)} EPen=0 x {F(x8)g(Xpy)} EPen>0
where I(+) denotes the indicator function. Then, the log-likelihood function is equation (7):
(7) In@(Expcr) = I(Expey, = 0) - In{1 — F(X38)} + I(Expcp > 0) - [In{F (X,8)} +
In{g(Xpy)}]

Because the & and y parameters are additively separable in the log-likelihood function for

each observation, the models for the zeros and the positives can be estimated separately. The
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overall mean can be written as the expectations from the first and second parts of the model, as
equation (8):
(8) E(Expcn|Xn) = Pr(Expcn > 01Xp) X E(Expen|EXpen > 0, Xp)

In this analysis, the first part, Pr(Exp., > 0]|X}), is modeled using a Probit model. The
second part, E(Expcp|Expcn > 0, X}) is specified in a generalized linear model (GLM)
framework with a “log link” and Gamma distribution. The “log link” as shown in equation (10),
relates the conditional mean to the covariates, and the Gamma distribution has a variance
function that is proportional to the square of the mean function, as shown in equation (11).

(9) E(Expenl Expen > 0,Xp) = exp(Xny) = 97 (XnY)
(10) g(E(Expcp|Expen > 0,Xp)) = In(E(Expcp|Exper > 0,Xp)) = XpyY
(11) Var ((Expcn|Exper, > 0,Xp)) o (E(Expen|Expen > 0, Xp))?

After getting the estimates from the Probit and GLM models, the prediction of the
expected Exp.p,, (Expen|Xy) can be constructed by multiplying predictions from both parts,
observation by observation, that is,

(12) Expep|Xp = Pr(Expcn, > 0|1Xp) X (Expep| Expen > 0, Xp)

where X}, includes SNAP participation status, food prices and other covariates discussed before.
SNAP participation status is our key covariate of interest. It is notable that households in most
need of food assistance are also more likely to participate in SNAP, resulting in self-selection
bias, which is a challenge for our estimation. To solve this problem, in the Probit model, we use
the household’s driving distance to the nearest SNAP office as well as state-level SNAP
eligibility rules and administrative policies as instrumental variables for SNAP participation
status. When we estimate the GLM model, we construct an exogenous index for SNAP

participation status to solve the endogeneity problem, using equation (13).
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(13) SNAP, = a, Disty, + a,Dist,> + pPolicys+t,HHsize, + T,In(Inc_try,) + t3PPovy,+¢p,
where SNAP,, is the SNAP participation status, Disty, is the (standardize) driving distance from
the centroid of the household’s census block group to the nearest SNAP office; Policyy is a
vector of state-level SNAP eligibility rules and administrative policies'®; HHsize,, is household
size, Inc_try, is the tract-level median family income in the past 12 months (2012 inflation
adjusted U.S. dollar), PPovy,, is the (standardized) household average monthly income as a
percent of household poverty guideline, and ¢, is error term. The index for SNAP participation
status is constructed as the predicted probability of SNAP participation using the estimated
coefficients of driving distance as well as state-level SNAP eligibility rules and administrative
policies from equation (13).

4.4.2. Marginal Propensity to Spend (MPS)

The average change in food spending attributable to SNAP participation for each food group,
compared to income-eligible non-SNAP households, was calculated by subtracting the average
predicted spending for SNAP households with the SNAP participation variable set to 0, from the
average predicted spending for the same households with the SNAP participation variable set to

1.

15 State-level SNAP eligibility rules (or administrative policies) include: whether the State has been granted a waiver
to use a telephone interview in lieu of a face-to-face interview at recertification, without having to document
household hardship (1= no waiver); the interaction of distance and telephone interview granted status at
recertification; whether the State requires fingerprinting of SNAP applicants (1= required); whether the State allows
households to submit a SNAP application online (1= allowed); standardized per capita outreach expenditure (i.e., the
sum of Federal, State, and grant outreach spending in nominal dollars (in thousands)); whether the State excludes at
least one vehicles in the household from the SNAP asset test (1 = yes); whether the State uses the simplified
reporting option that reduces requirements for reporting changes in household circumstances (for households with
earnings) (1 = yes); whether the state operates a combined application project for recipients of supplemental security
income (SSI), so that SSI recipients are able to use a streamlined SNAP application process (1 = yes); and the
proportion of SNAP units with earnings with 1-6 month recertification periods.
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The impact of SNAP participation on a household’s spending on each food group is
defined as @ = @/f. Where $ and @ represent the estimated marginal effects of SNAP from
logit model and from two-part model, using equation (14) and (15), respectively.

(14) SNAP, = BSNAP_index;, + €,

(15) Exp.p, = aSNAP_indexy, + wxy + €., c=1,...,18

where SNAP_index;y, is the index for SNAP participation status of household h, xj, is a vector of
all the other study covariates and w are corresponding parameters, and &, and &, are error term.

The MPS on each food group out of SNAP benefit is calculated as

average change of food spending
, here the

MPS = SNAP benefit

“SNAP benefit” is an average value ($282.76)

which is reported by SNAP households in FoodAPS. We further calculate the overall MPS by

adding up MPS values of all 18 food groups.
4.4.3. Price Elasticity of Demand

We calculate own- and cross-price elasticities of demand for 18 food groups. An own-price
elasticity reflects changes in the purchase quantity of a food group with changes in its own price,
and a cross-price elasticity reflects changes in demand for a food group when prices of other
food groups change. These price elasticities are important from a policy perspective in that
relative shifts in prices through taxation or subsidies can affect demand for food groups.

The price elasticity of demand, ¢;; , is derived from equation (16) and (17).

dExp; _ Pj _ 0P, _ Pj , 00Q;  Pj
(16) L2Pi po 1 = OPiye 7 4 Oy )
Exp; 6Pj P; 6P]- Q; aP]'

oBxp | Py _ 9P P

Expl- 6P] Pi aP]

(17) &5 =
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where i and j indicate food groups, and the own- and cross-price elasticity of demand can be

expressed as equation (18).

oBxp; _ P L
=P~ _q fori=j
18) 6P]' Exp;
( g =251y i fori #j
u 6P]' Exp; J
To calculate P x oo from the two-part model, we know that
j i

(19) E(Exp;|X) = Pr(Exp; > 0|X) X E(Exp;|Exp; > 0,X), therefore,

6E(Expi|X) Pj _
(20) an E(Expi|Xn) -
0Pr(Exp;>0|X) _ ' ' OE(Expi|Exp;>0,X) Pj
<—ap, x E(Expi|Exp > 0,X) + Pr(Exp; > 0[) x 242 ) —

All the calculations were estimated using Stata/MP 14.2, and the standard errors were
computed via the bootstrap method.
4.5. Results
Table 4.1 summarizes the characteristics of low-income households. Around 53 % of SNAP
income-eligible households in our analysis participate in the SNAP. Relative to income-eligible
nonparticipants, SNAP households have more family members, larger proportion of children,
larger proportion of Hispanic members, and smaller proportion of older adults. In terms of
health, SNAP households have larger proportion of obese people, smokers, and members with
poor self-reported health status. Besides, SNAP households are more likely to be food insecure,
i.e., 15 percentage points higher than income-eligible non-SNAP households. Compared with
income-eligible nonparticipants, larger proportion of SNAP households has been to a food pantry
or food bank in the past 30 days for groceries. In contrast, small shares of SNAP households own

a house, are satisfied with their financial condition, have post-college education, and have no
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supermarket within a mile of the household’s census block group. Additionally, SNAP
households on average have higher monthly income, while the county-level cost of living and the
census tract-level household annual median income where the SNAP households reside are
lower.

Turning to the first set of our main findings, Table 4.2 shows the marginal propensity to
spend (MPS) on food at home out of an increase in SNAP benefit. Ordinary least squares (OLS)
and two-part model estimates point in the same direction. The overall MPS is 0.326 to 0.348 for
the OLS and instrumental variable (1) two-part model, respectively. Although the overall MPS
estimates are similar, there are important differences between the OLS and instrumental variable
MPS estimates at the food group level. For example, all MPS estimates from 1V two-part model
are significant, while in OLS model, MPS estimates are insignificant for starred whole fruit,
starred milk products, and starred beverages. Besides, for food groups that account for a large
share of household’s monthly food expenditure, MPS estimates on no-star meat and beans,
starred meat and beans, and no-star snacks in OLS are larger than MPS estimates in IV two-part
model. While MPS estimate on no-star beverage in OLS is smaller than MPS estimate in IV two-
part model.

In our analysis, low-income households on average spent about $338/month on food,
with large expenditures on no-star meat and beans ($45), no-star snacks ($44), starred meat and
beans ($36), and no-star beverages ($29). SNAP households on average receive benefit of
$282.76/month. Estimates from the two-part model show that SNAP participation could increase
food expenditure by $98, in which starred food expenditure increases $42 and no-star food

expenditure increases $56, with MPS out of SNAP benefits being 0.149 for starred food and
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0.198 for no-star food, respectively 6. Expenditures of all food groups are increased, especially
for no-star meat and beans, no-star snacks and no-star beverages, their expenditures increase by
around $12, $11, and $10, respectively, with relatively high MPS out of SNAP benefits being
0.042, 0.038 and 0.036, respectively. In contrast, expenditures on no-star vegetables (e.g., canned
mixed vegetables), no-star whole fruit (e.g., canned whole fruit), starred whole fruit and starred
milk products are increased by $1.686, $0.649, $2.347 and $0.877, respectively, and all have
MPS less than 0.01.

Price is another primary determinant of food consumption patterns. Especially for low-
income households, high food prices affect their purchases and nutrients intake (Drewnowski,
2010). To understand low-income households’ responses to price changes, we estimate own- and
cross-price elasticities of demand for 18 food groups. Mean estimates and standard errors are
presented in Table 4.3a - 4.3d.

Overall, mean own-price elasticity estimates (the values in the diagonal of Table 4.3a -
4.3d) for 18 food groups range from -1.216 (no-star meat and beans) to -0.741 (starred
vegetables). Nine food groups have own-price elasticities between -0.74 and -0.99 (i.e.,
consistent with customary characterization of the demand response to food prices as being
inelastic), specifically, including grains (no-star products -0.994 and starred products -0.926),
starred vegetables (-0.741), starred whole fruit (-0.799), no-star milk products (-0.991), no-star
fats and oils (-0.961), beverages (no-star products -0.961 and starred products -0.979) and starred
snacks (-0.989). To interpret, for example, a 10% price increase in starred vegetables will lead to

a 7.41% drop in its purchase quantity. Own-price elasticities of other food groups are elastic.

16 The numbers are calculated by adding MPS of all the starred food groups and all no-star food groups,
respectively.
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Cross-price elasticities are smaller than own-price elasticities (in terms of absolute
values), and most cross-price elasticities are negative and significant, indicating a
complementary relationship, that is, as the price of one food group rises, purchases of both food
groups decrease. Substitutions are evident between no-star vegetables and starred vegetables,
between starred whole fruit and starred milk products, between no-star vegetables and starred
milk products, between no-star milk products and starred prepared meals, and between starred
prepared meals and no-star fats/oils.

For negative cross-price elasticities, a larger value (in terms of absolute value) indicates a
stronger complementary relationship between the two food groups. For example, if the price of
no-star snacks increase (by, say, 10%), compared to other food groups, the quantities of no-star
prepared meals and no-star beverages will decrease more (by 1.31% and 1.21%, respectively).
Similarly, increasing the price of no-star meat and beans results in a larger decrease of no-star
beverages and no-star prepared meals purchases, and increasing the price of no-star fats and oils
results in a larger decrease of no-star meat and beans and no-star prepared meals purchases. For
starred food, if the price of starred snacks increases, the quantity purchases of starred grains,
starred whole fruit and starred milk products will decrease more. Besides, increasing the price of
starred fats and oils will lead to more quantity decreases of starred meat and beans and starred
vegetables.

4.6. Discussion

Estimation of the effects of SNAP benefits on food spending has received substantial attention.
A strand of literature focuses on estimating the marginal propensity to spend (MPS) on food out
of SNAP benefit. Fraker (1990) found that the MPS on food out of SNAP is in the range of 0.17-

0.47, which translates into additional food expenditures of between $0.17 and $0.47 for every
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dollar of SNAP benefit. Hoynes and Schanzenbach (2009) used county variation in the adoption
of the program from 1963 - 1975 to identify the impact of food stamps, and they found that the
MPS on food out of food stamps is 0.163 to 0.318. Bruich (2014) used retail scanner data with
method-of-payment information to study the effect of SNAP benefit reduction in 2013, and
estimated that MPS on food out of SNAP benefits is 0.3. In our analysis, we find that after
participating in SNAP, households increase spending by about $98 per month, equivalent to
more than one-third of their monthly SNAP benefit, thus implying an overall MPS out of SNAP
benefits is around 0.35, which is in line with prior studies. Besides, prior estimates of low-
income households” MPS out of cash income are generally at or below 0.1 (Cuffey et al., 2016;
Hoynes and Schanzenbach, 2009), smaller than the MPS of SNAP benefit, which is interpreted
as evidence that SNAP increases food spending by more than an equivalent cash-transfer system.
After participating in SNAP, household’s expenditure on no-star meat and beans increase
$11.8/month, accounting for the largest share of households’ total purchases that use SNAP
benefits. Among the no-star meat and beans products purchased by low-income households,
bacon, sausage and lunch meat account for 36% of the total purchased gram, and these foods
have been associated with increased cancer risk (Bouvard et al., 2015; Cross et al., 2010). Two
other large food groups in terms of expenditures are found on no-star snacks and no-star
beverages (around $10/month on each food group). While for vegetables and fruit, their
purchases merely increased by $5.69 and $3 per month. This observation implies that SNAP
participation has the role of increasing households’ food purchase, while SNAP households
could have lower dietary quality because of their much larger purchases on unhealthy food rather

than healthy foods.
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The increasing burden of diet-related chronic diseases has prompted policymakers and
researchers to explore strategies to improve diets, which has proved challenging to date.
Increasing attention has been paid to the use of economic incentives to change the relative prices
of selected foods, for example, through adding taxes to energy-dense nutrient-poor food which
are rich in sugar, fat, and oil (e.g., sugar-sweetened beverages and snacks) or providing price
subsidies to nutrient-rich food (e.g., vegetables and fruit) (Pearson-Stuttard et al., 2017; Powell
and Chaloupka, 2009). In our analysis, we explore the effects of adding taxes on no-star meat
and beans, no-star snacks and no-star beverages, considering that low-income households’ large
spending on these food. And following prior studies, we simulate the effects of subsidies on fruit
and vegetables.

For no-star meat and beans, a 10% increase in price will lead to a drop in its purchase
quantity of 12.16%. Simultaneously, quantities of no-star prepared meals and no-star beverages
will also decrease, by 1.98% and 2.03%, respectively. Additionally, no-star meat and beans
purchases will decrease because of the reduction in the prices of starred vegetables and starred
milk products. That is, if the prices of starred vegetables decrease 10%, no-star meat and beans
will decrease 0.19%, and if the prices of starred milk products decrease 10%, no-star meat and
beans will decrease 1.15%. Among no-star snacks, an 10% price increase would reduce quantity
purchased by 10.04%. For no-star beverages, in which soft drinks account for 53% of the total
purchased grams (by low-income households), a 10% increase in its price will lead to a 9.61%
drop in its purchase quantity and a 0.28% increase in the quantity of starred beverage.

Prior studies showed that levying excise taxes on food was a possible way to address the
growing prevalence of obesity and overweight. Kuchler et al. (2004) estimated that based on a

unitary elastic demand (own-price elasticity = -1.0), a 10% price increase of salty snacks,
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induced by a national sales tax, could reduce body weight by 0.5 kg per year. Besides, Zhen et al.
(2014) estimated that if the price of sugar-sweetened beverage (SSB) was increased half-cent per
ounce (about 26% increase in average retail price) by an excise tax, it would reduce per capita
daily calorie intake by 13.2 kcal for low-income population and they predicted a weight
reduction of 0.37 kg/person per year. Although there exists potential public health benefits,
concerns remain in the event of higher prices resulting from increased taxes. First, it may cause
undesirable side effects of purchasing other nutrient-poor food. As Zhen et al. (2014) found, an
SSB price increase will increase sodium and fat intakes as a result of product substitution. Our
estimate suggests that a price increase of no-star beverage will lead to more purchase on no-star
vegetables (e.g., canned mixed vegetables), and a price increase of no-star snacks will increase
no-star grains purchase (e.g., ready-to-eat cereal with high sugar content). Second, taxes are
treated as being potentially regressive by disproportionately affecting lower-income households
who spend a larger proportion of their household budget on food (Sanders, 2016).

Turning to fruit and vegetables, they could help in reducing the incidence of
cardiovascular diseases (He et al., 2007; He et al., 2006). However, for low-income households,
high price is a barrier for them to purchase (Drewnowski, 2010). As shown in our analysis, low-
income households spend lower on vegetables and fruit, compared to other food groups, with
spending around $24/month on vegetables and $17/month on whole fruits. To promote the
consumption of fruits and vegetables by reducing their prices, Andreyeva et al. (2010)
summarized that a 10% price reduction is on average associated with a 7% increase in spending
for fruits and a 5.8% increase for vegetables. In our analysis, assuming there are price subsidies
for starred whole fruits and starred vegetables, a 10% price reduction on these foods would

encourage households to increase starred whole fruits and starred vegetables purchases by 8.0%
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and 7.4%, respectively. This finding suggests that price subsidy would encourage the purchases
of vegetables and fruits among low-income households and thus may be effective in reducing the
rate of obesity (Powell et al., 2013). However, like food tax, price subsidy could also have
unintended consequences. For example, under a price subsidy on fruit and vegetables,
households might purchase more of other foods that high in saturated fat and sodium, and our
analysis shows that reducing the price of starred whole fruits will increase no-star snacks and no-
star fats and oil consumption.
4.7. Conclusion
In this study, we use USDA’s FoodAPS data to study the effect of SNAP participation on the
food purchases of low-income households as well as their responses to food prices change, based
on which we discuss food tax and subsidy strategies to improve households’ nutritional status.

We estimate a two-part model for 18 food groups (i.e., 9 unique food groups that are
further classified as star and no-star food groups), controlling for household-level and area-level
characteristics, as well as prices of all food groups. Instrumental variables are used to correct for
the self-selection bias caused by endogenous SNAP participation. Our findings suggest that after
enrolling in SNAP, households increase food spending by about $100 a month, equivalent to
more than one-third of their monthly SNAP benefit, implying an MPS out of SNAP benefit of
0.35. It is notable that participating in SNAP causes spending on no-star meat and beans, no-star
snacks and no-star beverages to increase more than those on vegetables, whole fruit and starred
milk products. This implies that the observed lower overall dietary quality of SNAP participants
compared to low-income nonparticipants may be causally linked to the program.

We also estimate the effects of food taxes and subsidies on low-income households’

purchases by increasing prices of no-star meat and beans, no-star beverage and no-star snacks,
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and reducing prices of starred vegetables and starred whole fruits. We find that food taxes and
subsidies have the potential to encourage the targeted nutrient-rich food and decrease the
targeted nutrient-poor food purchases, while concerns remain that they may have unintended
consequences of purchasing other nutrient-poor food that high in sugar, saturated fat and sodium.
For example, a price increase of no-star beverages and no-star snacks could lead to larger
purchase of no-star vegetables (e.g., canned mixed vegetables) and no-star grains (e.g., ready-to-
eat cereal with high sugar). Similarly, a price subsidy on fruit and vegetables could lead
households to purchase more of no-star snacks and no-star fats and oils.

This highlights the complexity of using targeted food taxes and subsidies to improve low-
income households’ nutrition outcomes. Therefore, the design of these financial incentives
should be done with care. One strategy may be deriving an optimal package of taxes and
subsidies on several food products to reach the goal of supporting healthy eating. Besides, it may
be more effective to interact with other types of interventions such as providing nutrition
information that contributes to enhancing the effectiveness of these strategies. Finally, promising
strategies need to be evaluated and tested to ultimately improve dietary quality among low-

income households.
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Table 4.1: Summary statistics of low-income households’ characteristics

Income-eligible

Variable Overall SNAP Non-SNAP
Household Characteristics
Household size (mean) 2.522 (0.081) 2.962 (0.087) 2.245™ (0.095)
Proportion of children (mean) 0.181 (0.009) 0.253 (0.014) 0.135" (0.010)
Proportion of older adults (mean) 0.226 (0.021) 0.109 (0.019) 0.301" (0.030)
Proportion of Hispanics (mean) 0.209 (0.040) 0.243 (0.051) 0.188"(0.037)
Proportion of obese members(mean) 0.317 (0.010) 0.371 (0.016) 0.283" (0.015)
Proportion of smokers (mean) 0.256 (0.019) 0.305 (0.020) 0.224™ (0.025)
Proportion of poor health 0.051 (0.006) 0.072 (0.011) 0.038™ (0.007)
members (mean)
Household average monthly income 1818.107 2034.856 1681.283™
(mean, $) (50.192) (77.221) (55.896)
Tract-level median household annual 53479 50027 55657
income (mean, $) (1412.904) (1591.110) (1711.510)
Cost of living (mean) 98.799 (1.147) 97.727 (1.094) 99.476™ (1.217)
NutritionSearch (share) 0.190 (0.013) 0.214 (0.023) 0.175 (0.019)
Household financial condition (share) 0.349 (0.015) 0.248 (0.022) 0.412™" (0.019)
Own house (share) 0.445 (0.028) 0.316 (0.030) 0.526™" (0.034)
Food pantry/food bank (share) 0.091 (0.009) 0.146 (0.015) 0.056™ (0.009)
Low access BG at 1 mile (share) 0.438 (0.042) 0.380 (0.044) 0.474™ (045)
Rural (share) 0.332 (0.049) 0.304 (0.042) 0.349 (0.058)
Food insecure (share) 0.338 (0.015) 0.432 (0.021) 0.278™" (0.018)
Primary Respondent’s Educational Characteristics
10th grade or less (share) 0.144 (0.016) 0.167 (0.021) 0.130™ (0.016)
11th or 12th grade, no diploma (share) 0.065 (0.011) 0.088 (0.016) 0.051™ (0.010)
H.S. diploma or GED (share) 0.329 (0.016) 0.338 (0.025) 0.323 (0.020)
College education (share) 0.332 (0.017) 0.316 (0.017) 0.342 (0.025)
Bachelor’s degree (share) 0.099 (0.010) 0.076 (0.011) 0.114™ (0.014)
Master's degree or more (share) 0.028 (0.006) 0.015 (0.006) 0.037" (0.010)
Number of Households 2,218 1,184 1,034

I Weighted means reported, standard errors are in parentheses and we control for survey design.

2 %%* n<0.01, ** p<0.05, * p<0.1 = statistically different from SNAP households.

3 Definition of variables: Proportion of poor health members— the share of people that in a household rates their
health condition as “poor”; Cost of living - 2012 metropolitan area-level regional price parities produced by the
Bureau of Economic Analysis; NutritionSearch — whether a household searched online nutrition information in the
last 2 months; Low access BG at 1 mile — a binary indicator for low access block groups, based on
supermarket/supercenters within 1 mile; Household financial condition — household’s self-rated financial condition
is comfortable and secure; Food pantry/food bank - Household went to a food bank or food pantry in past 30 days
for groceries; Food insecure — household is food insecure based on USDA’s 30-day Adult Food Security Scale,
households in low food security and very low food security among adults are described as “food insecure”.

3 Children here are defined as age less than or equal to 18 years old, the elderly is defined as age equal to or over 65

years old.
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Table 4.2: Summary Statistics of Marginal Propensity to Spend (MPS) on food out of SNAP benefit.

OLS Two-part Model Average monthly
expenditure

Coeff. Std. Err. MPS Mélfrfge::tal Std. Err. MPS ($, by Low-income
households)
Grains No-star 2.329™ 0.635 0.008 3.396™ 0.049 0.012 6.775
Starred 3.805™" 1.284 0.013 7.696™" 0.122 0.027 21.619
Vegetables No-star 1.004™ 0.387 0.004 1.686™" 0.027 0.006 3.183
Starred 2.330" 1.300 0.008 4.004™ 0.120 0.014 20.916
Whole Fruit No-star 1.090™" 0.341 0.004 0.649™" 0.047 0.002 1.808
Starred 1.563 1.223 0.006 2.347 0.156 0.008 16.170
Milk Products No-star 4.429™ 1.508 0.016 7.484™" 0.138 0.026 26.734
Starred 0.087 0.514 0.000 0.877 0.043 0.003 3.535
Meat and Beans No-star ~ 15.272""  2.484 0.054 11.757 0.298 0.042 45.213
Starred 14.587" 2.729 0.052 8.008™" 0.294 0.028 36.342
Prepared Meals No-star 9.754: 1.740 0.034 4,907 0.173 0.017 23.848
Starred 4917 1.078 0.017 5797 0.095 0.021 13.783
: No-star ~ 3.942™"  0.885 0.014 532277 0.082 0.019 12.317
Fats and Oils . -
Starred 1.795 0.537 0.006 3.033 0.045 0.011 5.694
Beverages No-star 8.097° 1.783 0.029 10.08%11* 0.160 0.036 29.387
Starred 1.733 1.839 0.006 7.007 0.104 0.025 17.389
Snacks No-star 14.17?:* 2.871 0.050 10.84%:* 0.219 0.038 44.094
Starred 1.401 0.674 0.005 3.426 0.068 0.012 9.291
Total 92.312 0.326 98.327 0.348 338.098

Note: 1. *** p<0.01, ** p<0.05, * p<0.1

2. The food group classification scheme largely follows that of the ERS Tier 1 Food Group, except that we classify 100% Fruit and
vegetable juices to beverage category, and no-rating (because of zero calorie) diet drinks are categorized to “unstarred beverage”. Prepared meals
include prepared meals, sides, and salads; fats and oils include fats, oils, salad dressings, gravies, sauces, condiments and spices; snacks include
desserts, sweets, candies, and salty snacks.

3. The average monthly SNAP benefits (reported last received by SNAP households) is $282.76.
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Table 4.3a. Price elasticities of demand (Means and Standard Errors (SE)) for 18 food groups.

1% rise in Price Grains Grains Vegetables  Vegetables Whole Whole Milk Milk Meat and
% change in No-star Starred No-star Starred Fruit Fruit Products Products Beans
No-star Starred No-star Starred No-star
Grains -0.994 -0.187 -0.008 -0.026 -0.006 0.023 0.034 -0.105 -0.032
No-star (0.002) (0.007) (0.001) (0.004) (0.0004) (0.003) (0.004) (0.004) (0.003)
Grains -0.041 -0.926 -0.012 0.062 -0.012 -0.126 0.021 0.066 -0.134
Starred (0.004) (0.006) (0.001) (0.005) (0.001) (0.004) (0.007) (0.006) (0.004)
Vegetables -0.007 0.028 -1.010 0.025 -0.002 -0.009 -0.082 0.048 -0.031
No-star (0.003) (0.005) (0.001) (0.005) (0.0005) (0.003) (0.006) (0.003) (0.003)
Vegetables 0.003 -0.025 0.022 -0.741 -0.022 -0.003 0.004 0.044 -0.012
Starred (0.005) (0.008) (0.002) (0.006) (0.001) (0.006) (0.010) (0.006) (0.007)
Whole Fruit 0.014 0.046 0.011 0.012 -1.004 -0.083 -0.046 -0.017 -0.011
No-star (0.002) (0.005) (0.001) (0.004) (0.001) (0.004) (0.007) (0.003) (0.003)
Whole Fruit 0.013 0.130 0.031 0.134 0.001 -0.799 -0.113 0.157 -0.117
Starred (0.007) (0.015) (0.002) (0.011) (0.001) (0.015) (0.011) (0.008) (0.010)
Milk Products -0.075 -0.018 0.009 0.079 -0.014 -0.057 -0.991 -0.018 -0.086
No-star (0.003) (0.004) (0.001) (0.004) (0.001) (0.003) (0.005) (0.004) (0.003)
Milk Products 0.019 0.004 0.003 -0.013 -0.004 0.028 -0.017 -1.022 -0.026
Starred (0.002) (0.003) (0.001) (0.004) (0.001) (0.002) (0.004) (0.002) (0.002)
Meat and Beans 0.033 -0.064 0.013 0.019 -0.015 -0.024 -0.012 0.115 -1.216
No-star (0.005) (0.007) (0.002) (0.010) (0.001) (0.005) (0.008) (0.006) (0.004)
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Table 4.3b. Price elasticities of demand (Means and Standard Errors (SE)) for 18 food groups (Continued).

1% rise in Price Grains Grains Vegetables  Vegetables Whole Whole Milk Milk Meat and
% change in No-star Starred No-star Starred Fruit Fruit Products Products Beans
No-star Starred No-star Starred No-star
Meat and Beans -0.031 -0.005 -0.006 0.034 -0.031 -0.054 0.094 -0.027 -0.151
Starred (0.007) (0.011) (0.001) (0.008) (0.001) (0.006) (0.009) (0.006) (0.006)
Prepared Meals -0.020 -0.085 -0.030 0.182 -0.002 -0.014 -0.078 0.048 -0.198
No-star (0.005) (0.010) (0.002) (0.011) (0.001) (0.006) (0.008) (0.008) (0.006)
Prepared Meals -0.015 -0.038 0.004 0.083 -0.014 -0.027 0.052 -0.028 -0.120
Starred (0.004) (0.007) (0.001) (0.006) (0.001) (0.005) (0.010) (0.005) (0.004)
Fats and Oils -0.004 -0.007 0.010 0.071 -0.024 -0.070 -0.142 0.012 -0.135
No-star (0.005) (0.005) (0.001) (0.006) (0.001) (0.004) (0.008) (0.005) (0.005)
Fats and Oils -0.031 -0.033 0.008 0.021 -0.002 -0.021 0.019 0.003 -0.024
Starred (0.003) (0.005) (0.001) (0.004) (0.001) (0.004) (0.005) (0.005) (0.003)
Beverages 0.037 -0.113 -0.019 0.026 -0.012 0.001 -0.019 0.110 -0.203
No-star (0.005) (0.009) (0.002) (0.006) (0.001) (0.007) (0.013) (0.009) (0.006)
Beverages -0.158 -0.005 -0.021 0.099 -0.012 -0.192 -0.063 -0.082 -0.130
Starred (0.010) (0.010) (0.004) (0.007) (0.001) (0.007) (0.012) (0.006) (0.007)
Snacks -0.117 -0.079 0.003 0.158 -0.056 -0.112 -0.126 0.123 -0.137
No-star (0.006) (0.010) (0.002) (0.010) (0.001) (0.006) (0.009) (0.013) (0.006)
Snacks -0.031 -0.030 0.013 0.014 -0.005 -0.022 0.015 -0.018 -0.066
Starred (0.003) (0.006) (0.001) (0.005) (0.001) (0.004) (0.006) (0.004) (0.004)
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Table 4.3c. Price elasticities of demand (Means and Standard Errors (SE)) for 18 food groups (Continued)

1% rise in Price

Meat and

Prepared

Prepared

Fats and

Fats and

% change in Starred No-star Starred No-star Starred
Grains -0.044 -0.023 -0.047 -0.048 0.007 -0.045 -0.038 0.016 -0.029
No-star (0.002) (0.003) (0.004) (0.003) (0.001) (0.003) (0.002) (0.004) (0.005)
Grains -0.060 -0.158 -0.065 -0.024 -0.029 -0.087 -0.018 -0.059 -0.140
Starred (0.003) (0.005) (0.005) (0.004) (0.002) (0.003) (0.002) (0.005) (0.008)
Vegetables -0.031 -0.043 -0.001 -0.020 -0.012 0.042 -0.007 -0.045 -0.051
No-star (0.003) (0.003) (0.004) (0.003) (0.001) (0.003) (0.001) (0.003) (0.005)
Vegetables -0.092 -0.114 -0.037 -0.008 -0.056 0.0004 -0.047 -0.100 -0.049
Starred (0.005) (0.007) (0.005) (0.003) (0.001) (0.003) (0.002) (0.005) (0.009)
Whole Fruit -0.053 -0.016 0.001 -0.025 -0.007 0.003 -0.003 -0.012 0.009
No-star (0.002) (0.004) (0.004) (0.002) (0.0005) (0.002) (0.002) (0.003) (0.006)
Whole Fruit -0.052 -0.184 -0.136 -0.010 -0.024 -0.115 -0.064 0.006 -0.176
Starred (0.007) (0.008) (0.008) (0.004) (0.002) (0.005) (0.003) (0.006) (0.012)
Milk Products -0.031 -0.093 0.029 -0.024 -0.024 -0.057 -0.026 -0.008 -0.058
No-star (0.002) (0.004) (0.004) (0.003) (0.001) (0.003) (0.002) (0.003) (0.007)
Milk Products -0.010 -0.024 -0.019 -0.001 0.004 -0.019 -0.014 -0.029 -0.161
Starred (0.002) (0.003) (0.003) (0.001) (0.001) (0.002) (0.001) (0.002) (0.005)
Meat and Beans -0.076 -0.040 -0.109 -0.075 -0.043 -0.073 -0.043 -0.063 0.017
No-star (0.006) (0.007) (0.007) (0.004) (0.001) (0.005) (0.002) (0.006) (0.010)
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Table 4.3d. Price elasticities of demand (Means and Standard Errors (SE)) for 18 food groups (Continued)

1% rise in Price

Meat and

Prepared

Prepared

Fats and

Fats and

% change in Starred No-star Starred No-star Starred
Meat and Beans -1.088 -0.015 -0.067 -0.043 -0.043 -0.051 -0.068 -0.013 -0.020
Starred (0.005) (0.007) (0.006) (0.003) (0.002) (0.006) (0.003) (0.004) (0.011)
Prepared Meals 0.002 -1.138 -0.149 -0.111 -0.029 -0.051 -0.067 -0.131 -0.055
No-star (0.005) (0.007) (0.009) (0.005) (0.001) (0.005) (0.003) (0.005) (0.012)
Prepared Meals -0.050 -0.168 -1.051 0.051 -0.038 -0.047 -0.053 -0.010 -0.058
Starred (0.003) (0.007) (0.004) (0.004) (0.001) (0.004) (0.003) (0.006) (0.009)
Fats and Oils -0.068 -0.033 0.034 -0.961 -0.036 -0.026 -0.031 -0.015 0.044
No-star (0.004) (0.005) (0.005) (0.003) (0.001) (0.003) (0.002) (0.002) (0.008)
Fats and Oils -0.059 0.001 0.012 -0.001 -1.022 -0.012 -0.012 -0.049 0.017
Starred (0.003) (0.004) (0.005) (0.004) (0.0005) (0.002) (0.001) (0.006) (0.006)
Beverages 0.002 -0.183 -0.032 -0.018 -0.028 -0.961 -0.062 -0.121 -0.005
No-star (0.003) (0.008) (0.008) (0.005) (0.001) (0.003) (0.002) (0.007) (0.010)
Beverages -0.094 -0.174 -0.075 0.055 0.014 0.028 -0.979 -0.008 -0.061
Starred (0.004) (0.007) (0.010) (0.005) (0.002) (0.004) (0.006) (0.004) (0.010)
Snacks -0.069 -0.189 -0.130 0.025 -0.035 -0.073 -0.044 -1.004 -0.082
No-star (0.005) (0.008) (0.007) (0.004) (0.001) (0.007) (0.003) (0.003) (0.011)
Snacks -0.015 -0.153 0.077 -0.019 -0.016 -0.007 -0.043 -0.031 -0.989
Starred (0.002) (0.005) (0.005) (0.003) (0.001) (0.003) (0.001) (0.003) (0.005)
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CHAPTER 5

CONCLUSION

Suboptimal diet is related to increased risks of many nutrition-related non-communicable diseases,
such as heart disease, type 2 diabetes and certain cancers (HHS and USDA, 2015). This has raised
concerns regarding the sodium content of the foods that we consume. Two main sodium reduction
strategies are widely discussed in prior studies, one is to call for efforts by the food industry to
voluntarily reduce sodium in their products and the other is to set mandatory standards for the
sodium content of foods.

To assess the feasibility of these two strategies from a consumer demand angle, we focus our
analysis on the Chinese instant noodle market and we simulate the impact of each sodium reduction
strategy on the demand for instant noodles using the random-coefficients logit model. We find that if
a company unilaterally lowers sodium amounts across its product line, it will lose market share to its
competitors. This provides the evidence on the challenges that voluntary sodium reduction strategy
faces. The positive valuation of saturated fat by consumers suggests that if a mandated sodium
reduction is implemented through regulation, manufacturers could compensate the negative impact
on sales by reformulating their products to contain higher levels of saturated fat, which would offset
the health benefits gained from a reduction in sodium. As we know, fat over-consumption can
increase the risk of illnesses, such as obesity, heart diseases and diabetes. Therefore, sodium reduction
strategies need to be designed to help achieve the safe levels of sodium in consumers’ diet without

loss of consumers’ acceptance of foods and to avoid the unintended consequences.
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Low-income households are more likely, than high-income households, to purchase and
consume foods of lower nutritional quality, such as refined grains and added sugar and fats (Darmon
and Drewnowski, 2008). In the U.S., the Supplemental Nutrition Assistance Program (SNAP)
provides recipient households monthly benefits to support their food purchases at authorized
retailers. In the last two chapters of this dissertation, we focus on evaluating the association between
SNAP with nutritional quality of food-at-home purchases among low-income households, as well as
exploring the effects of SNAP and prices on low-income households’ food spending.

First, we find that SNAP participation is associated with lower nutritional quality of FAH
purchases among less nutrition-oriented households, but not among more nutrition-oriented
households. This heterogeneity in the SNAP-nutritional quality association may have important
policy implications. For example, some researchers proposed to restrict SNAP-eligible items to
healthy foods (Brownell & Ludwig, 2011; Dinour, Bergen, & Yeh, 2007; Levin et al., 2017,
Schwartz, 2017). Opponents to these proposals have cited possible stigma-induced reduction in
SNAP enrollment. As the merit of the SNAP restrictions is premised on the existence of a negative
association between SNAP and nutritional quality, the lack of such an association for nutrition-
oriented participants suggests that the intended benefit of the proposed changes may not reach this
subgroup of SNAP population. Besides, the dependency of the SNAP-nutrition relationship on
nutrition attitude underscores the promising role of SNAP Education (SNAP-Ed) in closing the
nutrition gap between less nutrition-oriented SNAP participants and low-income nonparticipants.

In addition, we find the price of starred foods relative to unstarred foods to be negatively
associated with nutritional quality. As starred foods become more expensive relative to unstarred
foods, the mix of purchase shifts toward unstarred foods and, hence, causes a reduction in nutritional
quality. The USDA Food Insecurity Nutrition Incentive (FINI) grant program is designed to support

financial incentives that reduce the relative price of fruit and vegetables for the SNAP population at
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farmers markets. Our result suggests that financial incentives have to apply to a much broader range
of healthy foods to improve the overall nutritional quality.

In term of how the SNAP benefits are spent on food, we find that the overall marginal
propensity to spend on food out of SNAP benefit is 0.35. SNAP participants spend more on no-star
meat and beans, no-star snacks and no-star beverages to increase more than those on vegetables,
whole fruit and starred milk products. This implies that the observed lower overall dietary quality of
SNAP participants compared to low-income nonparticipants may be causally linked to the program.

We also find that food taxes and subsidies have the potential to encourage the targeted
nutrient-rich food and decrease the targeted nutrient-poor food purchases, while concerns remain that
they may have unintended consequences of purchasing other nutrient-poor food that high in sugar,
saturated fat and sodium. This highlights the complexity of using targeted food taxes and subsidies to
improve low-income households’ nutrition outcomes. Therefore, the design of these financial
incentives should be done with care, and the promising strategies need to be evaluated and tested to

ultimately improve dietary quality among low-income households.
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APPENDIX A: Additional Tables

Table A.la: Price elasticities of demand for all instant noodle products, all provinces

1% rise in Price

% change in 111 112 121 122 131 132 141 142 211 212 231 232
111 -1.4867 0.0355 0.0137 0.0016 0.0210 0.0023 0.0140 0.0022 0.0390 0.0021 0.0128 0.0009
112 0.2271 -1.6627 0.0139 0.0016 0.0211 0.0023 0.0140 0.0022 0.0392 0.0021 0.0127 0.0009
121 0.2283 0.0355 -1.6935 0.0016 0.0211 0.0022 0.0141 0.0022 0.0394 0.0021 0.0128 0.0009
122 0.2296 0.0360 0.0146 -1.6877 0.0217 0.0023 0.0145 0.0023 0.0404 0.0021 0.0141 0.0009
131 0.2204 0.0357 0.0135 0.0016 -1.6805 0.0023 0.0141 0.0022 0.0367 0.0021 0.0124 0.0009
132 0.2112 0.0358 0.0132 0.0016 0.0212 -1.6837 0.0142 0.0024 0.0354 0.0020 0.0123 0.0009
141 0.2286 0.0352 0.0133 0.0016 0.0209 0.0022 -1.6907 0.0022 0.0393 0.0021 0.0128 0.0009
142 0.2258 0.0356 0.0138 0.0016 0.0214 0.0023 0.0143 -1.6915 0.0390 0.0021 0.0125 0.0009
211 0.2306 0.0357 0.0138 0.0016 0.0210 0.0022 0.0140 0.0022 -1.6488 0.0021 0.0128 0.0009
212 0.2316 0.0360 0.0140 0.0016 0.0213 0.0022 0.0146 0.0022 0.0423 -1.7121 0.0134 0.0009
231 0.2397 0.0347 0.0139 0.0016 0.0213 0.0020 0.0151 0.0022 0.0440 0.0021 -1.7054 0.0009
232 0.2342 0.0356 0.0132 0.0016 0.0219 0.0022 0.0163 0.0026 0.0422 0.0021 0.0142 -1.7054
311 0.2285 0.0359 0.0139 0.0016 0.0214 0.0023 0.0140 0.0022 0.0394 0.0021 0.0128 0.0009
312 0.2258 0.0360 0.0139 0.0016 0.0213 0.0023 0.0139 0.0022 0.0389 0.0021 0.0126 0.0009
331 0.2372 0.0357 0.0148 0.0016 0.0217 0.0021 0.0168 0.0024 0.0456 0.0022 0.0154 0.0009
332 0.1796 0.0393 0.0100 0.0015 0.0210 0.0032 0.0122 0.0025 0.0193 0.0014 0.0075 0.0008
341 0.2382 0.0353 0.0139 0.0016 0.0216 0.0021 0.0153 0.0023 0.0453 0.0020 0.0143 0.0009
342 0.1716 0.0405 0.0087 0.0014 0.0196 0.0033 0.0118 0.0028 0.0213 0.0014 0.0079 0.0007
411 0.2557 0.0359 0.0155 0.0016 0.0192 0.0016 0.0145 0.0020 0.0529 0.0023 0.0183 0.0009
412 0.2203 0.0392 0.0133 0.0016 0.0174 0.0015 0.0109 0.0019 0.0421 0.0026 0.0099 0.0007
421 0.2767 0.0350 0.0198 0.0018 0.0213 0.0015 0.0192 0.0022 0.0579 0.0027 0.0265 0.0010
422 0.1973 0.0307 0.0150 0.0023 0.0210 0.0010 0.0144 0.0019 0.0600 0.0035 0.0155 0.0005
431 0.2713 0.0344 0.0171 0.0017 0.0210 0.0015 0.0165 0.0021 0.0546 0.0024 0.0233 0.0009
432 0.2727 0.0337 0.0208 0.0016 0.0201 0.0009 0.0178 0.0020 0.0696 0.0037 0.0242 0.0011

Note: The values are median price elasticity of all the markets.

98



Table A.1b: Price elasticities of demand for all instant noodle products, all provinces (Continued)

1% rise in Price
% change in 311 312 331 332 341 342 411 412 421 422 431 432

111 0.0653 0.0086 0.0044 0.0007 0.0029 0.0005 0.0106 0.0010 0.0026 0.0003 0.0096 0.0007
112 0.0658 0.0085 0.0044 0.0007 0.0029 0.0005 0.0105 0.0010 0.0026 0.0003 0.0097 0.0007
121 0.0657 0.0085 0.0044 0.0007 0.0029 0.0005 0.0109 0.0010 0.0026 0.0003 0.0097 0.0007
122 0.0655 0.0083 0.0046 0.0007 0.0029 0.0005 0.0097 0.0010 0.0027 0.0004 0.0105 0.0007
131 0.0639 0.0090 0.0044 0.0007 0.0028 0.0005 0.0098 0.0010 0.0027 0.0003 0.0107 0.0007
132 0.0632 0.0090 0.0044 0.0007 0.0029 0.0005 0.0084 0.0009 0.0025 0.0004 0.0091 0.0006
141 0.0655 0.0084 0.0044 0.0007 0.0029 0.0005 0.0106 0.0010 0.0026 0.0003 0.0097 0.0007
142 0.0650 0.0087 0.0044 0.0007 0.0028 0.0005 0.0099 0.0010 0.0027 0.0003 0.0095 0.0007
211 0.0661 0.0086 0.0044 0.0007 0.0028 0.0005 0.0107 0.0010 0.0027 0.0003 0.0098 0.0007
212 0.0659 0.0084 0.0044 0.0007 0.0029 0.0005 0.0109 0.0009 0.0026 0.0003 0.0097 0.0006
231 0.0644 0.0083 0.0045 0.0007 0.0029 0.0005 0.0116 0.0010 0.0026 0.0003 0.0105 0.0007
232 0.0657 0.0092 0.0046 0.0008 0.0030 0.0005 0.0093 0.0008 0.0025 0.0003 0.0083 0.0005
311 -1.6155 0.0087 0.0044 0.0007 0.0029 0.0005 0.0106 0.0010 0.0027 0.0003 0.0094 0.0007
312 0.0664 -1.6758 0.0043 0.0007 0.0029 0.0005 0.0106 0.0010 0.0026 0.0003 0.0095 0.0007
331 0.0637 0.0082 -1.7041 0.0008 0.0029 0.0005 0.0115 0.0009 0.0028 0.0003 0.0117 0.0007
332 0.0706  0.0117 0.0039 -1.5205 0.0038 0.0005 0.0045 0.0009 0.0014 0.0004 0.0022 0.0003
341 0.0645 0.0084 0.0046 0.0007 -1.7076 0.0005 0.0109 0.0011 0.0027 0.0003 0.0109 0.0007
342 0.0674 0.0122 0.0033 0.0008 0.0039 -1.6294 0.0054 0.0008 0.0016 0.0003 0.0022 0.0003
411 0.0668 0.0075 0.0039 0.0005 0.0025 0.0005 -1.7188 0.0011 0.0027 0.0004 0.0116 0.0007
412 0.0692 0.0111 0.0014 0.0006 0.0023 0.0004 0.0124 -1.7183 0.0036 0.0003 0.0155 0.0007
421 0.0670 0.0065 0.0047 0.0005 0.0026 0.0005 0.0130 0.0010 -1.7326 0.0003 0.0131 0.0007
422 0.0395 0.0049 0.0015 0.0005 0.0014 0.0007 0.0178 0.0007 0.0086 -1.7103 0.0506 0.0006
431 0.0651 0.0064 0.0044 0.0005 0.0028 0.0005 0.0127 0.0010 0.0027 0.0003 -1.7168 0.0007
432 0.0652 0.0055 0.0024 0.0005 0.0021 0.0004 0.0286 0.0016 0.0076 0.0004 0.0569 -1.8155

Note: The values are median price elasticity of all the markets.
Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang,
5= FuManDuo, 6= HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= HualLong.
The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood
The third number represents the package shape: 1= Bag, 2=0ther shapes (Include barrel package, box package and cup package).

99



Table A.1c: Price elasticities of demand for all instant noodle products, all provinces (Continued)

1% rise in Price

% change in 111 112 121 122 131 132 141 142 211 212 231 232
511 0.2243 0.0344 0.0134 0.0016 0.0209 0.0023 0.0145 0.0023 0.0385 0.0019 0.0140 0.0008
512 0.2078 0.0367 0.0116 0.0014 0.0203 0.0024 0.0126 0.0021 0.0353 0.0020 0.0102 0.0008
521 0.2548 0.0314 0.0205 0.0021 0.0231 0.0015 0.0226 0.0023 0.0569 0.0022 0.0314 0.0010
531 0.2119 0.0320 0.0161 0.0018 0.0237 0.0022 0.0189 0.0025 0.0389 0.0017 0.0162 0.0009
532 0.1976 0.0526 0.0053 0.0019 0.0231 0.0030 0.0194 0.0030 0.0419 0.0021 0.0126 0.0005
541 0.2784 0.0317 0.0258 0.0021 0.0270 0.0016 0.0297 0.0034 0.0704 0.0025 0.0386 0.0012
542 0.2143 0.0330 0.0198 0.0023 0.0287 0.0026 0.0402 0.0054 0.0469 0.0012 0.0288 0.0010
611 0.2606 0.0348 0.0166 0.0016 0.0222 0.0019 0.0168 0.0023 0.0544 0.0023 0.0204 0.0010
612 0.2131 0.0285 0.0175 0.0020 0.0181 0.0019 0.0126 0.0015 0.0290 0.0007 0.0055 0.0008
621 0.2650 0.0349 0.0177 0.0016 0.0213 0.0018 0.0160 0.0022 0.0551 0.0024 0.0206 0.0009
631 0.2573 0.0353 0.0165 0.0017 0.0217 0.0018 0.0160 0.0023 0.0530 0.0022 0.0173 0.0009
641 0.2743 0.0343 0.0193 0.0016 0.0209 0.0015 0.0181 0.0022 0.0585 0.0024 0.0259 0.0009
711 0.2041 0.0343 0.0117 0.0016 0.0231 0.0036 0.0167 0.0033 0.0311 0.0015 0.0112 0.0008
712 0.1808 0.0396 0.0090 0.0013 0.0199 0.0026 0.0123 0.0027 0.0231 0.0015 0.0076 0.0008
731 0.2147 0.0470 0.0082 0.0013 0.0211 0.0034 0.0135 0.0028 0.0319 0.0014 0.0095 0.0007
732 0.1676 0.0392 0.0092 0.0014 0.0208 0.0028 0.0121 0.0028 0.0217 0.0014 0.0076 0.0008
741 0.1326 0.0314 0.0139 0.0017 0.0235 0.0036 0.0162 0.0033 0.0174 0.0013 0.0096 0.0006
742 0.1859 0.0393 0.0094 0.0013 0.0206 0.0027 0.0123 0.0026 0.0236 0.0015 0.0082 0.0008
811 0.2593 0.0352 0.0174 0.0017 0.0236 0.0019 0.0204 0.0027 0.0545 0.0024 0.0222 0.0010
812 0.2433 0.0350 0.0155 0.0017 0.0258 0.0024 0.0217 0.0031 0.0537 0.0026 0.0223 0.0010
821 0.2575 0.0336 0.0196 0.0019 0.0258 0.0021 0.0245 0.0030 0.0550 0.0025 0.0256 0.0010
822 0.2381 0.0338 0.0145 0.0021 0.0293 0.0030 0.0242 0.0035 0.0506 0.0023 0.0280 0.0012
831 0.2477 0.0341 0.0186 0.0019 0.0264 0.0020 0.0248 0.0031 0.0525 0.0024 0.0252 0.0010
832 0.2448 0.0359 0.0181 0.0021 0.0322 0.0023 0.0283 0.0037 0.0533 0.0025 0.0286 0.0013
911 0.2243 0.0340 0.0139 0.0016 0.0216 0.0022 0.0145 0.0023 0.0426 0.0020 0.0126 0.0009
931 0.2435 0.0309 0.0163 0.0020 0.0244 0.0021 0.0228 0.0028 0.0553 0.0022 0.0278 0.0012
941 0.2862 0.0305 0.0339 0.0029 0.0315 0.0012 0.0470 0.0035 0.0777 0.0024 0.0417 0.0017

Note: The values are median price elasticity of all the markets.

Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang, 5= FuManDuo, 6=
HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= Hual.ong. The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood.
The third number represents the package shape: 1= Bag, 2=0ther shapes (Include barrel package, box package and cup package).
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Table A.1d: Price elasticities of demand for all instant noodle products, all provinces (Continued)

1% rise in Price

% change in 311 312 331 332 341 342 411 412 421 422 431 432
511 0.0632 0.0082 0.0046 0.0007 0.0029 0.0005 0.0096 0.0008 0.0024 0.0004 0.0088 0.0005
512 0.0647 0.0098 0.0032 0.0007 0.0027 0.0005 0.0096 0.0011 0.0025 0.0003 0.0069 0.0006
521 0.0558 0.0050 0.0048 0.0006 0.0028 0.0004 0.0144 0.0007 0.0035 0.0003 0.0170 0.0006
531 0.0474 0.0059 0.0043 0.0007 0.0030 0.0005 0.0113 0.0007 0.0028 0.0004 0.0124 0.0004
532 0.0638 0.0089 0.0097 0.0008 0.0043 0.0003 0.0137 0.0004 0.0032 - 0.0030 0.0001
541 0.0566 0.0048 0.0060 0.0007 0.0029 0.0004 0.0175 0.0009 0.0038 0.0005 0.0225 0.0007
542 0.0451 0.0062 0.0044 0.0011 0.0029 0.0005 0.0046 0.0012 0.0032 0.0005 0.0122 0.0006
611 0.0643 0.0069 0.0049 0.0008 0.0030 0.0005 0.0132 0.0008 0.0028 0.0003 0.0127 0.0007
612 0.0771 0.0092 0.0017 0.0005 0.0030 0.0007 0.0200 0.0000 0.0011 - 0.0012 -
621 0.0659 0.0072 0.0049 0.0007 0.0029 0.0005 0.0130 0.0009 0.0027 0.0004 0.0120 0.0007
631 0.0659 0.0076 0.0048 0.0007 0.0029 0.0005 0.0125 0.0009 0.0027 0.0003 0.0118 0.0007
641 0.0669 0.0062 0.0049 0.0006 0.0027 0.0004 0.0136 0.0009 0.0028 0.0005 0.0138 0.0007
711 0.0616 0.0103 0.0057 0.0011 0.0038 0.0005 0.0038 0.0003 0.0021 0.0003 0.0029 0.0003
712 0.0677 0.0121 0.0037 0.0009 0.0036 0.0005 0.0058 0.0010 0.0019 0.0003 0.0025 0.0005
731 0.0714 0.0128 0.0047 0.0009 0.0038 0.0005 0.0053 0.0005 0.0018 0.0003 0.0020 0.0003
732 0.0696 0.0120 0.0037 0.0008 0.0039 0.0005 0.0045 0.0007 0.0017 0.0003 0.0023 0.0003
741 0.0565 0.0104 0.0053 0.0011 0.0044 0.0006 0.0009 0.0004 0.0010 0.0003 0.0013 0.0001
742 0.0666 0.0118 0.0040 0.0008 0.0035 0.0005 0.0054 0.0007 0.0020 0.0002 0.0030 0.0004
811 0.0621 0.0075 0.0053 0.0008 0.0031 0.0006 0.0125 0.0010 0.0029 0.0003 0.0122 0.0007
812 0.0616 0.0082 0.0054 0.0008 0.0032 0.0006 0.0099 0.0010 0.0029 0.0004 0.0096 0.0006
821 0.0586 0.0070 0.0058 0.0009 0.0030 0.0005 0.0112 0.0008 0.0030 0.0005 0.0121 0.0006
822 0.0570 0.0072 0.0060 0.0012 0.0038 0.0006 0.0052 0.0005 0.0033 0.0005 0.0077 0.0004
831 0.0580 0.0067 0.0054 0.0009 0.0030 0.0005 0.0104 0.0008 0.0028 0.0004 0.0118 0.0006
832 0.0567 0.0069 0.0063 0.0010 0.0031 0.0005 0.0046 0.0010 0.0029 0.0014 0.0074 0.0004
911 0.0647 0.0078 0.0042 0.0007 0.0031 0.0005 0.0107 0.0010 0.0026 0.0004 0.0099 0.0006
931 0.0582 0.0063 0.0054 0.0008 0.0035 0.0006 0.0108 0.0008 0.0033 0.0005 0.0121 0.0005
941 0.0571 0.0038 0.0051 0.0004 0.0028 0.0002 0.0176 0.0012 0.0071 0.0005 0.0277 0.0006

Note: The values are median price elasticity of all the markets.

Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang, 5= FuManDuo, 6=
HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= HualLong. The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood.
The third number represents the package shape: 1= Bag, 2=0ther shapes (Include barrel package, box package and cup package).
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Table A.le: Price elasticities of demand for all instant noodle products, all provinces

1% rise in Price

% change in 511 512 521 531 532 541 542 611 612 621 631 641 711 712
111 0.0080 0.0007 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0011
112 0.0081 0.0007 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0010
121 0.0081 0.0007 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0011
122 0.0082 0.0006 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0004 0.0009 0.0012 0.0007 0.0006 0.0013
131 0.0078 0.0006 0.0014 0.0017 0.0003 0.0019 0.0003 0.0006 0.0002 0.0008 0.0011 0.0007 0.0006 0.0011
132 0.0079 0.0007 0.0014 0.0017 0.0003 0.0018 0.0003 0.0005 0.0004 0.0007 0.0010 0.0006 0.0006 0.0012
141 0.0079 0.0007 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0011
142 0.0083 0.0006 0.0014 0.0017 0.0003 0.0019 0.0003 0.0006 0.0004 0.0008 0.0012 0.0007 0.0006 0.0011
211 0.0080 0.0007 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0011
212 0.0082 0.0007 0.0014 0.0017 0.0003 0.0018 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0011
231 0.0085 0.0006 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0011
232 0.0090 0.0006 0.0013 0.0019 0.0003 0.0019 0.0003 0.0006 0.0004 0.0007 0.0011 0.0006 0.0006 0.0013
311 0.0080 0.0007 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0010
312 0.0080 0.0007 0.0014 0.0017 0.0003 0.0019 0.0003 0.0007 0.0005 0.0008 0.0013 0.0007 0.0006 0.0011
331 0.0090 0.0006 0.0014 0.0017 0.0003 0.0019 0.0003 0.0006 0.0003 0.0008 0.0013 0.0008 0.0006 0.0013
332 0.0061 0.0007 0.0003 0.0020 0.0004 0.0012 0.0002 0.0004 0.0004 0.0005 0.0007 0.0003 0.0006 0.0018
341 0.0087 0.0006 0.0014 0.0018 0.0003 0.0019 0.0003 0.0007 0.0004 0.0009 0.0013 0.0007 0.0006 0.0011
342 0.0063 0.0007 0.0002 0.0022 0.0003 0.0011 0.0002 0.0004 0.0003 0.0004 0.0007 0.0003 0.0006 0.0017
411 0.0097 0.0007 0.0015 0.0015 0.0002 0.0022 0.0003 0.0008 0.0011 0.0009 0.0016 0.0008 0.0003 0.0005
412 0.0083 0.0007 0.0012 0.0012 0.0003 0.0017 0.0002 0.0008 0.0001 0.0009 0.0017 0.0009 0.0003 0.0005
421 0.0110 0.0006 0.0018 0.0015 0.0002 0.0022 0.0003 0.0007 0.0006 0.0009 0.0017 0.0009 0.0003 0.0005
422 0.0111 0.0005 0.0011 0.0035 - 0.0021 0.0001 0.0021 - 0.0027 0.0019 0.0012 0.0008 0.0016
431 0.0100 0.0006 0.0018 0.0017 0.0003 0.0022 0.0003 0.0008 0.0006 0.0009 0.0016 0.0008 0.0004 0.0006
432 0.0098 0.0008 0.0014 0.0012 0.0001 0.0017 0.0002 0.0014 - 0.0013 0.0028 0.0016 0.0008 0.0005

Note: The values are median price elasticity of all the markets.

Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang,

5= FuManDuo, 6= HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= HualLong.
The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood

The third number represents the package shape: 1= Bag, 2=0ther shapes (Include barrel package, box package and cup package).
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Table A.1f: Price elasticities of demand for all instant noodle products, all provinces (Continued)

1% rise in Price

% change in 731 732 741 742 811 812 821 822 831 832 911 931 941
111 0.0018 0.0012 0.0006 0.0006 0.0067 0.0005 0.0012 0.0003 0.0013 0.0002 0.0045 0.0021 0.0034
112 0.0018 0.0013 0.0006 0.0006 0.0066 0.0005 0.0012 0.0003 0.0013 0.0002 0.0045 0.0021 0.0033
121 0.0019 0.0013 0.0006 0.0006 0.0066 0.0005 0.0012 0.0003 0.0013 0.0002 0.0046 0.0021 0.0034
122 0.0020 0.0014 0.0006 0.0007 0.0071 0.0005 0.0012 0.0003 0.0013 0.0002 0.0046 0.0022 0.0034
131 0.0018 0.0013 0.0006 0.0006 0.0070 0.0005 0.0012 0.0003 0.0013 0.0002 0.0044 0.0022 0.0036
132 0.0018 0.0013 0.0005 0.0006 0.0063 0.0005 0.0011 0.0003 0.0013 0.0002 0.0039 0.0020 0.0038
141 0.0019 0.0013 0.0006 0.0006 0.0068 0.0005 0.0012 0.0003 0.0013 0.0002 0.0046 0.0021 0.0034
142 0.0018 0.0013 0.0006 0.0006 0.0067 0.0005 0.0012 0.0003 0.0013 0.0002 0.0043 0.0021 0.0035
211 0.0019 0.0013 0.0006 0.0006 0.0067 0.0005 0.0012 0.0003 0.0013 0.0002 0.0045 0.0022 0.0034
212 0.0019 0.0013 0.0005 0.0006 0.0067 0.0005 0.0012 0.0003 0.0013 0.0002 0.0046 0.0021 0.0034
231 0.0018 0.0013 0.0005 0.0006 0.0067 0.0005 0.0012 0.0003 0.0013 0.0002 0.0049 0.0022 0.0033
232 0.0020 0.0015 0.0006 0.0007 0.0068 0.0005 0.0011 0.0003 0.0013 0.0002 0.0048 0.0025 0.0035
311 0.0018 0.0013 0.0005 0.0006 0.0067 0.0005 0.0012 0.0003 0.0013 0.0002 0.0046 0.0021 0.0034
312 0.0018 0.0013 0.0006 0.0006 0.0066 0.0005 0.0012 0.0003 0.0013 0.0002 0.0045 0.0021 0.0034
331 0.0019 0.0014 0.0005 0.0007 0.0071 0.0005 0.0012 0.0003 0.0013 0.0002 0.0053 0.0022 0.0034
332 0.0022 0.0019 0.0006 0.0015 0.0044 0.0004 0.0009 0.0002 0.0010 0.0002 0.0028 0.0018 0.0035
341 0.0017 0.0013 0.0005 0.0006 0.0069 0.0005 0.0012 0.0003 0.0013 0.0002 0.0052 0.0022 0.0034
342 0.0025 0.0019 0.0006 0.0013 0.0039 0.0004 0.0008 0.0002 0.0009 0.0002 0.0034 0.0017 0.0019
411 0.0011 0.0007 0.0005 0.0003 0.0074 0.0005 0.0013 0.0003 0.0014 0.0002 0.0058 0.0025 0.0031
412 0.0011 0.0006 0.0004 0.0003 0.0071 0.0003 0.0011 0.0002 0.0012 0.0001 0.0038 0.0020 0.0024
421 0.0011 0.0007 0.0004 0.0003 0.0083 0.0005 0.0013 0.0003 0.0015 0.0002 0.0074 0.0027 0.0034
422 0.0016 0.0016 0.0011 0.0009 0.0089 0.0005 0.0009 0.0001 0.0009 0.0002 0.0152 0.0028 0.0032
431 0.0012 0.0008 0.0005 0.0003 0.0077 0.0005 0.0013 0.0003 0.0014 0.0001 0.0066 0.0024 0.0034
432 0.0011 0.0008 0.0006 0.0002 0.0090 0.0003 0.0012 0.0002 0.0011 0.0001 0.0069 0.0019 0.0021

Note: The values are median price elasticity of all the markets.

Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang,
5= FuManDuo, 6= HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= HualLong.
The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood
The third number represents the package shape: 1= Bag, 2=0ther shapes (Include barrel package, box package and cup package).
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Table A.1g: Price elasticities of demand for all instant noodle products, all provinces (Continued)

1% rise in Price

% changein 511 512 521 531 532 541 542 611 612 621 631 641 711 712
511 -1.6931 0.0006 0.0013 0.0017 0.0004 0.0019 0.0003 0.0006 0.0005 0.0008 0.0011 0.0006 0.0006 0.0012
512 0.0077 -1.6610 0.0007 0.0021 0.0003 0.0017 0.0003 0.0006 0.0003 0.0007 0.0012 0.0006 0.0005 0.0011
521 0.0117 0.0005 -1.7399 0.0017 0.0003 0.0025 0.0003 0.0011 0.0001 0.0010 0.0018 0.0009 0.0005 0.0006
531 0.0102 0.0005 0.0020 -1.6706 0.0003 0.0025 0.0003 0.0008 0.0001 0.0009 0.0015 0.0006 0.0007 0.0017
532 0.0148 0.0008 0.0002 0.0017 -1.7294 0.0007 0.0002 0.0003 - 0.0002 0.0002 0.0001 0.0007 0.0038
541 0.0119 0.0005 0.0024 0.0019 0.0003 -1.7873 0.0004 0.0011 - 0.0009 0.0021 0.0010 0.0006 0.0014
542 0.0122 0.0006 0.0028 0.0023 0.0002 0.0034 -1.6797 0.0014 - 0.0007 0.0010 0.0003 0.0015 0.0019
611 0.0103 0.0006 0.0016 0.0017 0.0004 0.0021 0.0003 -1.7380 0.0005 0.0009 0.0016 0.0008 0.0007 0.0012
612 0.0029 0.0006 0.0000 0.0025 - - - 0.0052 -1.5791 0.0044 0.0022 0.0023 0.0026 0.0034
621 0.0101 0.0006 0.0014 0.0019 0.0003 0.0019 0.0003 0.0009 0.0005 -1.7218 0.0017 0.0009 0.0007 0.0008
631 0.0097 0.0006 0.0016 0.0017 0.0003 0.0021 0.0003 0.0008 0.0005 0.0009 -1.7003 0.0008 0.0007 0.0011
641 0.0100 0.0006 0.0020 0.0017 0.0002 0.0024 0.0003 0.0009 0.0006 0.0010 0.0018 -1.7460 0.0004 0.0007
711 0.0066 0.0005 0.0005 0.0033 0.0002 0.0011 0.0002 0.0006 0.0003 0.0007 0.0011 0.0003 -1.6071 0.0031
712 0.0065 0.0007 0.0004 0.0023 0.0004 0.0010 0.0002 0.0004 0.0004 0.0005 0.0007 0.0003 0.0007 -1.6384
731 0.0074 0.0007 0.0002 0.0019 0.0004 0.0008 0.0002 0.0003 0.0003 0.0004 0.0007 0.0002 0.0006 0.0023
732 0.0069 0.0006 0.0003 0.0022 0.0004 0.0012 0.0002 0.0004 0.0002 0.0004 0.0006 0.0003 0.0006 0.0016
741 0.0054 0.0005 0.0005 0.0044 0.0002 0.0021 0.0002 0.0006 0.0003 0.0008 0.0011 0.0002 0.0006 0.0027
742 0.0064 0.0007 0.0003 0.0022 0.0004 0.0012 0.0002 0.0004 0.0003 0.0004 0.0007 0.0003 0.0007 0.0017
811 0.0100 0.0006 0.0015 0.0018 0.0003 0.0020 0.0003 0.0006 0.0002 0.0009 0.0015 0.0007 0.0007 0.0015
812 0.0100 0.0005 0.0013 0.0021 0.0004 0.0016 0.0003 0.0006 0.0002 0.0008 0.0012 0.0006 0.0007 0.0021
821 0.0103 0.0006 0.0017 0.0018 0.0003 0.0021 0.0003 0.0006 0.0003 0.0008 0.0012 0.0007 0.0006 0.0023
822 0.0102 0.0005 0.0019 0.0023 0.0004 0.0014 0.0003 0.0006 0.0001 0.0007 0.0007 0.0004 0.0007 0.0033
831 0.0108 0.0005 0.0018 0.0019 0.0004 0.0020 0.0003 0.0006 0.0001 0.0008 0.0013 0.0008 0.0006 0.0018
832 0.0096 0.0005 0.0018 0.0018 0.0006 0.0023 0.0005 0.0005 - 0.0006 0.0005 0.0004 0.0007 0.0026
911 0.0089 0.0006 0.0014 0.0019 0.0003 0.0021 0.0003 0.0008 0.0004 0.0008 0.0013 0.0008 0.0006 0.0012
931 0.0107 0.0005 0.0020 0.0027 0.0004 0.0026 0.0003 0.0009 0.0002 0.0008 0.0014 0.0007 0.0006 0.0017
941 0.0127 0.0005 0.0026 0.0018 - 0.0028 0.0005 0.0016 0.0016 0.0014 0.0021 0.0014 0.0010 0.0004

Note: The values are median price elasticity of all the markets.
Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang, 5= FuManDuo, 6=

HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= HualLong. The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood.

The third number represents the package shape: 1= Bag, 2=0ther shapes (Include barrel package, box package and cup package).
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Table A.1h: Price elasticities of demand for all instant noodle products, all provinces (Continued)

1% rise in Price

% changein 731 732 741 742 811 812 821 822 831 832 911 931 941
511 0.0019 0.0013 0.0005 0.0006 0.0065 0.0005 0.0012 0.0003 0.0013 0.0002 0.0046 0.0022  0.0033
512 0.0017 0.0014 0.0006 0.0006 0.0060 0.0004 0.0010 0.0002 0.0011 0.0002 0.0036 0.0017 0.0025
521 0.0017 0.0010 0.0005 0.0004 0.0089 0.0005 0.0016 0.0003 0.0016 0.0002 0.0088 0.0029  0.0035
531 0.0020 0.0017 0.0008 0.0015 0.0083 0.0004 0.0012 0.0002 0.0013 0.0002 0.0067 0.0028 0.0042
532 0.0040 0.0026 0.0005 0.0029 0.0058 0.0006 0.0021 0.0001 0.0008 0.0002 0.0129 0.0020 -
541 0.0019 0.0015 0.0005 0.0011 0.0112 0.0006 0.0016 0.0003 0.0019 0.0002 0.0111 0.0038 0.0038
542 0.0017 0.0020 0.0008 0.0056 0.0129 0.0005 0.0011 0.0006 0.0033 0.0003 0.0121 0.0051 0.0052
611 0.0021 0.0015 0.0006 0.0006 0.0079 0.0005 0.0013 0.0003 0.0014 0.0002 0.0067 0.0024 0.0030
612 0.0047 0.0029 0.0019 0.0093 0.0009 0.0004 0.0004 0.0002 0.0006 - 0.0014 0.0011 0.0017
621 0.0018 0.0013 0.0008 0.0004 0.0071 0.0005 0.0012 0.0003 0.0013 0.0002 0.0062 0.0022 0.0035
631 0.0020 0.0013 0.0005 0.0005 0.0072 0.0005 0.0012 0.0003 0.0013 0.0002 0.0058 0.0022 0.0031
641 0.0015 0.0012 0.0005 0.0004 0.0073 0.0004 0.0013 0.0003 0.0015 0.0002 0.0058 0.0026 0.0026
711 0.0031 0.0032 0.0007 0.0054 0.0060 0.0005 0.0009 0.0002 0.0008 0.0001 0.0034 0.0016 0.0054
712 0.0022 0.0017 0.0006 0.0011 0.0043 0.0004 0.0009 0.0002 0.0009 0.0002 0.0031 0.0018 0.0024
731 -1.5533 0.0023 0.0007 0.0030 0.0048 0.0004 0.0008 0.0002 0.0009 0.0002 0.0031 0.0015 0.0025
732 0.0021 -1.6251 0.0006 0.0013 0.0040 0.0004 0.0011 0.0003 0.0010 0.0003 0.0034 0.0018 0.0043
741 0.0029 0.0032 -1.6011 0.0064 0.0044 0.0005 0.0008 0.0002 0.0009 0.0001 0.0025 0.0012 0.0019
742 0.0023 0.0017 0.0006 -1.6379 0.0045 0.0004 0.0009 0.0002 0.0010 0.0003 0.0028 0.0019 0.0043
811 0.0021 0.0017 0.0006 0.0010 -1.7074 0.0005 0.0012 0.0003 0.0013 0.0002 0.0063 0.0024 0.0035
812 0.0023 0.0019 0.0008 0.0017 0.0085 -1.7373 0.0013 0.0003 0.0014 0.0002 0.0059 0.0025 0.0042
821 0.0025 0.0022 0.0007 0.0019 0.0098 0.0005 -1.7715 0.0003 0.0014 0.0002 0.0074 0.0030 0.0038
822 0.0050 0.0033 0.0008 0.0050 0.0108 0.0009 0.0011 -1.7544 0.0014 0.0003 0.0095 0.0041 0.0052
831 0.0022 0.0019 0.0007 0.0012 0.0092 0.0005 0.0012 0.0003 -1.7653 0.0002 0.0068 0.0027  0.0041
832 0.0036 0.0026 0.0007 0.0030 0.0099 0.0008 0.0013 0.0002 0.0013 -1.8096 0.0067 0.0033 0.0062
911 0.0019 0.0013 0.0005 0.0008 0.0075 0.0005 0.0012 0.0003 0.0013 0.0002 -1.7026 0.0023  0.0033
931 0.0024 0.0018 0.0007 0.0014 0.0104 0.0006 0.0015 0.0003 0.0016 0.0003 0.0107 -1.7282 0.0037
941 0.0004 0.0005 0.0006 0.0002 0.0173 0.0009 0.0020 0.0003 0.0028 0.0002 0.0191 0.0067 -1.8620

Note: The values are median price elasticity of all the markets.
Product number: The first number represents the brand: 1=MasterKong, 2= JinMaiLang, 3= Uni-President, 4= BaiXiang, 5= FuManDuo, 6=

HuaFeng, 7= Nissin, 8= WuGuDaoChang, 9= HualLong. The second number represents the flavor: 1= Beef, 2= Chicken, 3= Pork, 4= Seafood.
The third number represents the package shape: 1= Bag, 2=Other shapes (Include barrel package, box package and cup package)
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APPENDIX B: Robustness Check

Associations between HEI-2010 score and covariates of low-income households

We also evaluated the nutritional quality of household FAH food purchases as measured by the
2010 Healthy Eating Index (HEI-2010) which has been widely used in studies to assess diet
quality. The HEI-2010 score uses a density approach to set standards, such as servings per 1,000
calories or as a percentage of calories. The HEI-2010 ranges from 0 to 100 and is the sum of 12
component scores, each of which measures conformance to an aspect of the 2010 Dietary
Guidelines for Americans (DGA). The scores increase with relative increases in dietary
constituents that are encouraged such as fruit and decrease with relative increases in dietary
constituents that are recommended in moderation such as added sugars. We computed
household-level HEI-2010 scores based on the one-week purchases collected by FoodAPS and a
higher HEI-2010 score represents higher nutritional quality of food purchases.

Our results show that SNAP participation is associated with a 2.003-point lower HEI
score among less nutrition-oriented households while no significant association is detected
among more nutrition-oriented households (p-value=0.670), the results are consistent with those
based on the Guiding stars rating. We find that a one-unit increase in the ratio of starred food
price to unstarred food price is associated with a 1.962-point lower HEI-2010 score. Households
with more members, larger proportions of children and smokers are associated with lower HEI-

2010 scores. Besides, we also find that wealthier households (e.g., home ownership), households
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with higher food expenditure, larger proportions of Hispanic, and higher main meal-planner’s

education are associated with higher HEI-2010 scores.
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Table B.1: Associations between HEI-2010 score and covariates among low-income
households

HEI-2010 score

Coefficient SE
SNAP participation (Yes=1) -2.003" 0.992
SNAP*NutritionSearch 1.159 2.274
NutritionSearch (Yes=1) 1.446 1.686
WIC participation (Yes=1) 1.320 0.896
Food price ratio -1.962" 0.752
Food insecure (Yes=1) -1.208 0.990
Standardized food expenditure 2.358™ 0.601
Standardized cost-of-living index 0.596 0.489
Rural (Yes=1) -0.161 1.500
Household size -1.162" 0.307
Proportion of children -4.614™ 1.460
Proportion of older adults -0.512 1.553
Proportion of Hispanic 1.990° 1.138
Proportion of obese members -1.554 1.828
Proportion of smokers -9.016™ 1.227
Proportion of members in poor health 3.390 2.393
Household financial condition 1.450 1.271
Own house (Yes=1) 2.316" 1.199
Food pantry/food bank (Yes=1) 0.465 1.829
PR’s highest education 0.620" 0.345
Low access BG at 1 mile (Yes=1) -1.070 1.408
Constant 54,748 2.009

1 #%% p<0.01, ** p<0.05, * p<0.1
2 All estimates use sample weights and control for survey design.
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APPENDIX C: Robustness Check

Associations of SNAP with nutritional quality separately for households distinguished by

online nutrition search

Equation (1) in the main text restricts the coefficients on the household characteristic variables to
be the same between less and more nutrition-oriented households. We now relax this restriction
by running separate regressions for the two types of households. Appendix Table C.1 reports the
results. 471 households are defined as more nutrition-oriented households because they searched
online for nutrition information in the last 2 months. Among these households, SNAP is not
associated with the nutritional quality of FAH purchases, the same holds for WIC. Households
with more members and larger proportions of children and smokers are more likely to have
lower nutritional quality of food purchase. If the households have no access to a supermarket
within 1 mile of their census block group, they tend to have lower nutritional quality.

The remaining 1,747 low-income households are classified as less nutrition-oriented
households because they did not search for nutrition online. For these households, SNAP
participation is associated with a statistically significant 0.089 points lower Guiding Stars rating
than non-SNAP participants. We find that a one-unit increase in the ratio of starred food price to
unstarred food price is associated with a 0.055-point lower Guiding Stars rating. Households
with larger proportions of children and smokers are more likely to have a lower Guiding Stars

rating, while households with a larger proportion of older adults tend to have a higher rating. In
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addition, higher cost of living is associated with higher Guiding Stars rating, and if households
went to the food bank or food pantry in the past month for grocery, they tend to have a lower

rating.
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Table C.1: Associations between nutritional quality and covariates among low-income
households

Guiding Stars rating More nutrition-oriented Less nutrition-oriented
households households

Coefficient Std. Err. Coefficient Std. Err.
SNAP participation (Yes=1) -0.009 0.053 -0.089™ 0.042
WIC participation (Yes=1) 0.013 0.077 0.005 0.033
Food price ratio 0.023 0.076 -0.055™ 0.024
Food insecure (Yes=1) -0.078 0.074 0.041 0.041
Standardized food expenditure 0.038 0.030 0.005 0.010
Standardized cost-of-living index 0.024 0.039 0.063™ 0.021
Rural (Yes=1) 0.113 0.088 -0.019 0.043
Household size -0.050" 0.026 -0.015 0.012
Proportion of children -0.285™ 0.133 -0.262" 0.067
Proportion of older adults -0.010 0.208 0.114" 0.060
Proportion of Hispanic 0.100 0.072 0.070 0.050
Proportion of obese members -0.097 0.104 -0.041 0.044
Proportion of smokers -0.403™" 0.107 -0.176™" 0.049
Proportion of members in poor health -0.130 0.212 0.020 0.079
Household financial condition 0.014 0.088 0.011 0.039
Own house (Yes=1) -0.046 0.058 0.064 0.047
Food pantry/food bank (Yes=1) -0.099 0.106 -0.084™ 0.041
PR’s highest education 0.026 0.031 0.014 0.013
Low access BG at 1 mile (Yes=1) -0.252"" 0.089 -0.019 0.045
Constant 0.986™ 0.200 0.762°" 0.069
Number of households 471 1,747

1 #%% n<0.01, ** p<0.05, * p<0.1

2 The estimates use sample weights and control for survey design. More nutrition-oriented households are those who
reported searching for nutrition information online in the last two months. Less nutrition-oriented households are
those who did not.
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