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ABSTRACT

This dissertation focuses on how changes in public policies have the ability to affect
the consumption and nutrition of consumers through changes in product prices and quality.
In the first chapter, I examine price pass-through and changes in quality at restaurants in
response to an increase in minimum wage. In the second chapter, I examine changes in
prices among retailers and restaurants in response to the largest tax on sugar sweetened
beverages in the U.S. In the third chapter, I examine changes in nutrition and the labor
market effects on the aging population in response to bans on trans fatty acids in food away
from home establishments.

In the first chapter, I investigate the responses of the restaurant industry to increases
in the minimum wage. I construct a novel panel dataset based on online restaurant menus
that allows me to analyze a full suite of potential margins of response including prices,
quality, the number and types of items offered, hours of operation, and exit. I find that
prices rise 0.3% to 0.8% in response to a 10% increase in the minimum wage. These re-
sults are consistent with previous estimates in the literature, as well as what is predicted by
the textbook model of competitive factor markets and monopolistically competitive firms.
Building on this, I then extend the literature to more broadly understand the price pass-
through as well as provide the first estimates of responses on quality. I find heterogeneity
in pass through across restaurant characteristics, with higher pass-through among small
firms, and lower pass-through for restaurants near the border of a minimum wage policy

region. At the menu item level, pass-through is higher for specific types of items, such
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as sandwiches, and options with organic or gluten-free ingredients. In contrast, I find no
evidence of higher pass-through for popular items. Further, I find significant changes in
restaurant quality due to an increase in minimum wage. Specifically, I find that for low
quality restaurants, quality decreases after an increase in minimum wage, but that quality
increases for high quality restaurants. These quality results are driven more so by changes
in service quality than by changes in food quality. Finally, I find no evidence that restau-
rants systematically change the number or types of items offered, nor hours of business in
response to an increase in the minimum wage. Restaurants are, however, significantly more
likely to exit due to an increase in minimum wage.

In Chapter 2, we estimate the incidence of a relatively new type of excise tax, a tax
on sugar-sweetened beverages (SSBs). We examine the largest such tax to date, which is
two cents per ounce, implemented in Boulder, CO on July 1, 2017. As in other communi-
ties, Boulder levies this tax on distributors. This paper estimates the extent to which this
tax on distributors is passed through to consumers in the form of higher retail prices. To do
so, we examine how the retail prices of SSBs changed after the tax in Boulder relative to a
control community, using hand-collected data from retailers and internet data of restaurant
menus. We find that 50.9 % of the tax was passed through to retail prices 5-7 weeks after
the implementation of the tax. Some retailers add the tax only at the register, indicating
that estimates solely from posted prices would result in an underestimate of pass-through.
Including the taxes that were charged at the register, we find that 78.9 % of the tax was
passed through to consumers.

In Chapter 3, I add to the growing literature on the relationship between health

v
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status and labor market outcomes by providing estimates of how a ban on the use of trans
fatty acids in food away from home establishments, a nutrition based health shock, affected
labor market outcomes for the aging population. I estimate that four and more years after
implementation of a trans fat ban, the percent of those employed increases by 3.4 percent-
age points, and that average hours worked per week increases by 1.5 hours. In addition, I
find that these increases are driven by a decrease in the percent of people unable to work,
not by a decrease in retirement. Further, I find evidence that a decrease in cardiovascular

disease incidences is the driving health mechanism behind these labor market effects.

www.manharaa.com




PUBLIC ABSTRACT

This dissertation focuses on how changes in public policies have the ability to affect
the consumption and nutrition of consumers through changes in product prices and quality.
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as sandwiches, and options with organic or gluten-free ingredients. In contrast, I find no
evidence of higher pass-through for popular items. Further, I find significant changes in
restaurant quality due to an increase in minimum wage. Specifically, I find that for low
quality restaurants, quality decreases after an increase in minimum wage, but that quality
increases for high quality restaurants. These quality results are driven more so by changes
in service quality than by changes in food quality. Finally, I find no evidence that restau-
rants systematically change the number or types of items offered, nor hours of business in
response to an increase in the minimum wage. Restaurants are, however, significantly more
likely to exit due to an increase in minimum wage.

In Chapter 2, we estimate the incidence of a relatively new type of excise tax, a tax
on sugar-sweetened beverages (SSBs). We examine the largest such tax to date, which is
two cents per ounce, implemented in Boulder, CO on July 1, 2017. As in other communi-
ties, Boulder levies this tax on distributors. This paper estimates the extent to which this
tax on distributors is passed through to consumers in the form of higher retail prices. To do
so, we examine how the retail prices of SSBs changed after the tax in Boulder relative to a
control community, using hand-collected data from retailers and internet data of restaurant
menus. We find that 50.9 % of the tax was passed through to retail prices 5-7 weeks after
the implementation of the tax. Some retailers add the tax only at the register, indicating
that estimates solely from posted prices would result in an underestimate of pass-through.
Including the taxes that were charged at the register, we find that 78.9 % of the tax was
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status and labor market outcomes by providing estimates of how a ban on the use of trans
fatty acids in food away from home establishments, a nutrition based health shock, affected
labor market outcomes for the aging population. I estimate that four and more years after
implementation of a trans fat ban, the percent of those employed increases by 3.4 percent-
age points, and that average hours worked per week increases by 1.5 hours. In addition, I
find that these increases are driven by a decrease in the percent of people unable to work,
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CHAPTER 1
PRICE AND QUALITY RESPONSES OF THE RESTAURANT INDUSTRY TO
INCREASES IN THE MINIMUM WAGE

1.1 Introduction

At $7.25 an hour, the federal minimum wage in the United States has remained
stagnant for almost a decade, and is over 30% lower in real terms than the federal mini-
mum wage in 1970 (Wage and Hour Division, United States Department of Labor, 2016).
As a result of this stagnation, a significant number of states, counties, and cities across the
country have recently introduced, or are considering introducing, a local minimum wage.
In 2012 there were only five city or county minimum wage laws across the country, but
by the beginning of 2017 there were over 40 (UC Berkely Center for Labor Research and
Education, 2016) . The number of state level minimum wage laws has also increased, with
19 states raising their respective minimum wage at the beginning of 2017 (The Economic
Policy Institute, 2017). Despite the prevalence of such policies, there remains no clear con-
sensus in the minimum wage literature about the complete response of firms to an increase
in the minimum wage.

Previous studies on the minimum wage provide an incomplete picture of the re-
sponses to an increase in the minimum wage due to data limitations. I construct a novel
dataset based on restaurant menus that allows me to extend the minimum wage literature. In
particular, I examine heterogeneity in the price pass-through of a minimum wage increase
across restaurant characteristics and item type, as well as differences in the pass-through for

restaurants that approach the border of a minimum wage policy region. Further, I provide
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the first estimates in the literature of restaurant quality changes as another margin along
which firms may react to labor cost shocks. Finally, I am able to address three potential
additional margins of response: changes in the number of items offered, changes in hours
of operation, and exit from the market.

I examine restaurants in New York, Massachusetts, and New Jersey. These three
contiguous states on the East Coast increased their respective minimum wages on January
1, 2017, with the state of New York implementing four different levels of local increase. I
examine responses to the minimum wage changes using a panel dataset of restaurant menus
from Grubhub.com and Yelp.com. Using these datasets, and depending on the sample used,
I estimate the overall price pass-through at the restaurant level to be between 0.3% and
0.8%, due to a 10% increase in the minimum wage.1 These estimates are consistent with
previous findings in the literature (e.g., Aaronson, French and MacDonald, 2008; Basker
and Khan, 2013; Allegrotto and Reich, 2018).

Utilizing restaurant-specific characteristics, I find that the price pass-through esti-
mate is heterogeneous across restaurant characteristics, where restaurants with a smaller
number of employees showing higher pass-through at 1.1%. Unlike traditional administra-
tive or government datasets, the data used in this study provide granular menu data at the
item level. I find that the magnitude of the price pass-through varies significantly at the
item category level, with lower pass-through among items such as appetizers and entrées,
but higher pass-through among sandwich items. These results suggest that studies which

examine prices of only a few menu items may significantly over- or underestimate overall

IThis translates to an elasticity of between 0.03 and 0.08.
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price pass-through. Items on a menu that are denoted as popular, however, have statisti-
cally similar price pass-through to all other items. This indicates that there may be high
demand for these items but not necessarily lower price elasticity of demand. It also indi-
cates that restaurants are not using popular items as loss leaders. In contrast, items with
specific indicators of health, including “organic” or “gluten-free,” have significantly higher
pass-through, which indicates that these items may have a lower price elasticity.

One potential negative effect of a minimum wage increase is the inability of restau-
rants close to the border of a minimum wage policy region to account for these increased
input costs in the form of higher prices, without losing business (Allegrotto and Reich,
2018). This paper provides the most comprehensive analysis to date on the existence of
border effects, defined as the relationship between the magnitude of price pass-through,
and the proximity to the border of a policy region. I find a significant relationship between
a restaurant’s proximity to the border and the level of price pass-through for restaurants
located close to a bordering area that is facing a smaller minimum wage hike. Specifically,
I estimate that the prices for a restaurant that is a 10 minute further drive from the border in-
creased by 0.2 percentage points more than the prices for a restaurant on the border. These
restaurants on the border do not increase prices more so than the restaurants on the opposite
side of the border. These border effects suggest that restaurants in close proximity to the
border of a minimum wage policy region may keep prices low as a competitive response in
order to not lose profits.

In addition to changes in price, restaurant quality could change as a result of a

minimum wage increase. Quality changes are difficult to quantify using traditional datasets
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due to a lack of quality measures. However, the data used in this paper provide a means
to measure customer-perceived quality, which can be used as a proxy to measure changes
in firm quality. Using the overall consumer ratings from the Grubhub and Yelp review
platforms, I estimate the impact of a 10% minimum wage increase on the customer rating of
restaurants. Although the net response to an increase in the minimum wage was a decrease
in quality, I find that the response differs based on initial restaurant quality. Restaurants that
were rated at the median or below prior to the minimum wage increase saw a statistically
significant decrease of 1% in the consumer ratings due to an increase in the minimum wage.
Restaurants that started at ratings above the median saw a positive effect on their consumer
ratings (specifically an increase of 0.05%) due to the increase in the minimum wage. These
effects are economically significant, representing 40% (10%) of the average rating decrease
(increase). These results suggest that firms react to a minimum wage increase differently
depending on initial quality.

These quality responses are persistent after controlling for increases in menu prices,
suggesting that the effects are not driven by customer dissatisfaction from increases in
price. To investigate other potential mechanisms of these quality results, I explore changes
in the Grubhub reviews of food quality, order accuracy, and delivery timeliness. I find
that the overall quality effects are driven more so by changes in order accuracy and de-
livery timeliness than by food quality. In addition, I perform sentiment analysis on the
text of the Yelp customer reviews, looking for patterns of dissatisfaction or approval aimed
specifically at service quality or food quality. Although the small sample size of this sup-

plementary analysis yields imprecise estimates, I find suggestive evidence that the quality
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responses to increases in the minimum wage are driven more so by changes in service
quality than by changes in food quality.

Taking advantage of the unique nature of the dataset, I investigate three other po-
tential margins of response to an increase in the minimum wage. I find no significant
changes in the number of menu items offered, or the types of items offered, in response to
an increase in the minimum wage. Similarly, I find no evidence that firms decreased open
hours of business as a margin of response to the increases in the minimum wage. Using
exit from the sample as a proxy for exit from the market, I find a strong response of exit
to the increases in minimum wage. Specifically, I find that a firm is 1.3 percentage points
more likely to exit due to a 10% increase in the minimum wage, and that these effects are
larger for lower quality firms. Overall, this paper provides new estimates to the literature
of a more comprehensive set of responses by firms to minimum wage increases by demon-
strating that increases in price vary by product type and distance to the border, and that the

responses affecting service change the overall quality of customer experiences.

1.2 Background
1.2.1 Responses to the Minimum Wage
Nearly three-fifths of all workers who are paid at or below the minimum wage are
employed in the service industry (U.S. Bureau of Labor Statistics, 2016), making restau-
rants an ideal sector in which to analyze the responses to a minimum wage increase. The
majority of minimum wage-related research focuses on the employment effects of changes

in the minimum wage (e.g., Katz & Krueger, 1992; Card & Krueger, 1994; Stewart, 2004).
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A smaller set of papers have examined the influence of minimum wage increases on sum-
mary measures of price as an attempt to provide insight on employment effects. In this
paper, I focus on the aspects of minimum wage policies that remain relatively unexplored
in the literature: the price and quality responses of firms. In particular, I extend the lit-
erature by adding in depth price responses by item type, restaurant type, and restaurant
location. In addition to the fact that price responses provide information on the underlying
structure of the labor market, price and quality responses of restaurants are important to
understand as restaurant food has become an integral part of both the American budget and
diet.? This paper builds on the current understanding of price responses, and investigates
quality as a new margin of response.

Price changes due to a minimum wage increase have implications for the underlying
employment structure of the restaurant industry. Card and Kruger (1994) found that, after
an increase in the minimum wage, employment was positively impacted to a small degree,
while prices remained unaffected. These findings contradicted the textbook model of com-
petitive labor markets, a model which predicts an increase in output prices and a decrease
in employment. In response to Card and Kruger (1994), many studies analyzed the exis-
tence of monopsony power in the labor market (e.g., Manning, 1995; Rebitzer & Taylor,
1995; Burdett & Mortensen, 1998; Bhaskar & To, 1999), with the monopsony model pre-
dicting an increase in employment and a decrease in prices. Neumark and Wascher (2006)

conclude in their survey of the literature that the most rigorous and reliable studies have

2 Americans spend more money eating out at restaurants than they do on groceries (United States
Department of Agriculture, 2017) .
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found significant price increases but small employment decreases. As Aaronson, French,
and MacDonald (2008) conclude, the presence of significant increases in price in response
to minimum wage increases is evidence against the prevalence of monopsony power in
the labor market. However, the small employment decreases suggest that firms may be
adjusting along other margins to the increases in labor costs.

In the literature, the magnitude of the price pass-through to consumers after a 10%
increase in the minimum wage varies between approximately 0.3% and 1.5%. Aaronsen,
French and MacDonald (2008) utilize the store level data that comprises the “food away
from home” component of the Consumer Price Index. This data consists of several bundles
of food, usually the equivalent of a meal, at a variety of establishments across the country.
By applying variations in state and federal minimum wage changes, the authors estimate a
price pass-through of 0.7%. Basker and Khan (2013) estimate a price pass-through of 0.9%
for McDonald’s Quarter Pounders and Pizza Hut’s regular cheese pizzas using state level
variation in the minimum wage. Luca and Luca (2018) find pass through rates of 0.1% to
0.9% in response to local minimum wage changes in California, and using delivery order
data from a Yelp based, online food delivery service. Though these estimates vary with the
types of items and time period analyzed, they indicate that restaurants consistently pass-
through the increased labor costs in the form of higher output prices.

In the closest related paper to this, Allegrotto and Reich (2018) use full online
menus to analyze prices before and after a local minimum wage increase in San Jose, and
find pass-through to be 0.58%. Further, they find heterogeneous effects across restaurant

characteristics, and examine the existence of border effects. However, they have only two
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time periods of price data, and one treatment and one control area. My paper builds on
this research to examine multiple minimum wage changes with multiple periods before
and after implementation, and a substantially larger sample that allows me to examine
heterogeneous responses in more detail and provide the first estimates on quality responses.

The majority of prior research on price pass-through examines only a few menu
items at primarily large, chain restaurants, and uses state level variation in the minimum
wage increases. This paper utilizes data on primarily non-chain restaurants, with full menu
information, and both state and local changes in the minimum wage. Because of the unique
format of the minimum wage settings and type of data, I am able to expand the understand-
ing of how local restaurants respond to increases in the minimum wage.

From a policy perspective, it is important to understand if the magnitude of price
pass-through is different for firms in close proximity to the border of a policy region. Firms
with competitors that face different input costs, in this case differences in labor costs, may
take into consideration these differences when setting prices (e.g. Nakamura, 2008; Chicu
et al., 2013). Restaurants facing minimum wage increases close to a border where restau-
rants on the opposite side of the border are not facing an increase in labor costs may keep
prices lower in order to compete. These effects are referred to as border effects, and can
be measured by the existence of a relationship between the distance a restaurant is to a
bordering area with a different minimum wage increase and the magnitude of the price in-
crease. The existence of border effects is crucial with regard to policy evaluation and fully
understanding how local businesses are affected by changes in the minimum wage policy.

Quality is another margin along which firms could adjust to the increases in labor
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costs. As discussed previously, economic theory predicts employment decreases in simi-
lar magnitude to price increases after a minimum wage increase. However, most research
has found significant price increases but small employment decreases. This suggests that
firms may be adjusting to an increase in the minimum wage through other channels, such
as changes in quality. Quality could be expected to change after an increase in the mini-
mum wage in either direction. Overall restaurant quality could decrease in response to a
minimum wage hike, for instance, due to reduced portion sizes, decreased quality of ingre-
dients, or a firm being short-staffed.> On the other hand, an increase in the minimum wage
could improve service quality by acting as an efficiency wage (Stiglitz, 1976; Schmitt,
2013). Restaurants could also improve average service quality by decreasing work hours
for less productive employees, or increasing the productivity of current workers (Hirsch et
al. 2015).

In this paper, I use customer reviews as a proxy for quality. Although online ratings
are determined by self-selected reviewers, online ratings have been found to be a reliable
predictor of actual firm quality as well as an important determinant of profit for restaurants.
In a study comparing Yelp star ratings of hospitals to an industry standard assessment of
quality, Bardach et al. (2014) found that customer ratings were significantly related to
patient care and health outcomes. Luca (2011) used a regression-discontinuity design to
analyze the impact of a change in the customer rating on restaurants’ profitability, and

found that a one-star increase in the Yelp rating led to a 5-9% increase in revenue. Using

3Chakrabarti et al., 2017 found that a $0.10 increase in real minimum wage increased the number
of health code violations by 11.45 percent. This indicates a decrease in restaurant quality.
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a similar identification strategy, Anderson and Magruder (2012) estimate that a half-star

rating causes restaurants to fill all reservation openings 49% more frequently.

1.2.2  Minimum Wage Laws
On January 1, 2017, three contiguous states on the East Coast - Massachusetts,
New Jersey, and New York - increased their minimum wage at differing magnitudes, with
a variety of levels of increase within the state of New York. Table 1.1 reports the increases
in the minimum wage in these areas, which range from 0.72% to 22.22%. These states
provide a useful setting for minimum wage analysis as they are in the same geographic
region and have similar economic, demographic, and political characteristics. Each area

faced the changes in the minimum wage over the same time period. In April of 2016, New

Table 1.1: Minimum Wage Policy Changes

Area 2016 2017 %A
NYC & Large $9.00 $11.00 22.22%
NYC & Small $9.00 $10.50 16.67 %
NYC MSA $9.00 $10.00 11.11%
NY Upstate $9.00 $9.70 7.78%
Massachusetts $10.00 $11.00 10.00%
New Jersey $8.38 $8.44 0.72%

Notes: The minimum wage changes from 2016 to 2017 are reported by group.
The first two rows show the minimum wage changes for restaurants in NYC. A
small restaurant is defined as having 10 employees or less, and a large restaurant
is defined by more than 10 employees. For the main analysis I use the average
of the two minimum wage changes, 19.45%, for both small and large restaurants
in NYC. The NYC MSA group consists of restaurants in the three contiguous
counties to NYC: Nassau, Suffolk, and Westchester. NY Upstate encapsulates
restaurants in all other areas of the state. NJ and MA minimum wage laws are
consistent throughout each state.
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York (NY) became the second state, after California, to pass a law that would incrementally
raise the minimum wage for all workers to $15/hour.* In this law, which applies to all non-
fast food restaurants, the degree of the minimum wage increase is based on the type and
location of the establishment (2015-2016 New York Legislative Session, 2016). The first
two rows of Table 1.1 report minimum wage changes for restaurants in New York City
(NYC). Restaurants in NYC with more than ten employees, denoted as large restaurants,
saw a 22.22% increase, from $9 to $11 per hour. Small restaurants in NYC saw an increase
of 16.67%, from $9 to $10.50. The third column of Table 1.1 includes restaurants of all
sizes in the three contiguous counties outside of NYC: Nassau, Suffolk, and Westchester.
These three counties are referred to throughout this paper as NYC MSA. These restaurants
saw an 11.11% increase, from $9 to $10. The final NY group, NY Upstate, which includes
restaurants of all sizes elsewhere in the state of NY, saw a 7.78% increase, from $9 to $9.70.

Two states contiguous to NY saw changes in their own state-wide minimum wage
laws on January 1, 2017. Massachusetts (MA) passed a bill in 2014 that increased the
minimum wage by $1 a year from 2015 to 2017. This bill increased the minimum wage on
January 1, 2017 by 10.00%, from $10 to $11. (State of Massachusetts General Assembly,
2014). In the spring of 2016, New Jersey (NJ) proposed a minimum wage law similar to
that of NY that would have raised the minimum wage to $10.10 per hour on January 1,

2017, and would incrementally raise the minimum wage until the state reached $15/hour

4In 2015, NY passed a minimum wage law only applicable to fast food restaurants, increasing
the minimum wage each year for fast food workers (New York State Department of Labor, 2015).
Due to the small sample size and unique nature of fast food restaurants in the data, I exclude all fast
food restaurants from the analysis.
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(State of New Jersey Senate Budget and Appropriations Committee, 2016). The bill passed
through the House and the Senate, but in August of 2016, NJ governor Chris Christie vetoed
the bill, stating “...[this bill] fails to consider the capacity of businesses, especially small
businesses, to absorb the substantially increased labor costs it will impose” (Christie, 2016).
Thus, in 2017, NJ increased the state minimum wage by only 0.72%, a yearly adjustment
for inflation (State of New Jersey Department of Labor and Workforce Development, 2014).
The state of NJ is therefore a strong counterfactual to NY and MA because of the state’s

similar legislative intent but divergent application due to Christie’s veto.

1.3 Data

I use three primary datasets to understand the responses of firms in the restaurant
industry to increases in the minimum wage. The first is a panel dataset comprised of restau-
rant menu and quality information from Yelp.com. The second, and most extensive, is a
panel dataset comprised of restaurant menu and quality information from Grubhub.com.
The third is a dataset providing detailed business information from ReferenceUSA. T uti-
lize these datasets to determine the magnitude and variability of price pass-through to con-
sumers, how the minimum wage impacted customer-perceived quality, and examine other

potential margins of response.

1.3.1 Yelp
Yelp.com is a website in which consumers can find restaurant information including
customer reviews, and in many cases, full menus. Yelp was founded in 2004, and currently

has an average of 72 million monthly visitors with over 115 million reviews written (Yelp,

www.manaraa.com



13

2016). I collected restaurant and menu information from restaurants in NY, MA, and NJ
over the course of a year. I conducted the first wave of Yelp data collection in April 2016,
the second wave in July 2016, and the third wave in October 2016. Two waves of data
collection occurred after the minimum wage increases, in January 2017 and April 2017.°

I collected information from the Yelp homepage of 69,224 restaurants within NY,
NJ, and MA. Of these, 21,688, or approximately one third of these restaurants, provide a
full menu on Yelp.® In a similar study using online menus, Allegrotto and Reich (2018) also
found that, on average, about one third of restaurants posted full online menus. Some Yelp
restaurants, primarily chain restaurants, provide a full menu but do not include location
specific prices. Out of the restaurants that post full menus, 17,385 of them include location
specific prices. To match each restaurant to a minimum wage group, 14,322 restaurants
were matched by address to a county using the Census Geocoder. The 47 fast food restau-
rants were removed from the dataset.” To create a balanced panel, the final sample used in
the analysis contains the 8,805 restaurants that posted location specific prices in all waves
of data collection. Reasons that restaurants fail to be in all waves of data collection include

closures, name changes, discontinued use of a Yelp menu, or technical errors.

>See the Appendix for further details about the data collection process.

6Some restaurants provide an external link to a menu, but since these menus are not formatted
uniformly, the menu information cannot be correctly parsed and thus, for the sake of this dataset,
these restaurants fall into the same category as those restaurants who do not provide an online menu.
These externally formatted menus were hand entered for one round of the scrape, and the average
price of these restaurants was not statistically different from the Yelp formatted menus. Appendix
Table A1.1 reports comparisons on all characteristics.

7As discussed in Section 1.2.2, I do not include fast food restaurants in this study because fast
food restaurants in NYC had different minimum wage laws prior to the enactment of the laws that I
consider, and were not affected in the same way as were fast food restaurants in the other areas.
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Yelp users provide online reviews of restaurants and assign them an overall star
rating on a scale of 1 to 5, with 1 representing extremely poor and 5 representing outstand-
ing. The rounded star rating that customers see prominently displayed on each restaurant’s
homepage is the monthly average of all Yelp reviews rounded to the nearest half star.®
There is a similar distribution of ratings within each category of price, suggesting that con-
sumers are rating firms based on expectations of quality. There is also significant variation
in the Yelp star rating for restaurants over the time period of the dataset, an indication that
Yelp users are active in reporting the current quality of the establishments. Over 50 percent
of restaurants see a change in star rating between any given observation period, and the
average change given an increase (decrease) is 0.62 (0.61) stars.

During the collection of the Yelp menus, it became apparent that restaurants may
not consistently post updated menu prices, as Yelp menus are updated at the restaurant
owner or manager’s discretion and may not accurately reflect current pricing. To exam-
ine this potential concern, I began data collection in December 2016, from a second menu
source, Grubhub.com. I therefore primarily use the Yelp data as a supplement to corrob-
orate the results of the more accurate Grubhub data, as the Yelp data allow for pre-trend

analysis.

1.3.2  Grubhub
Founded in 2004, Grubhub.com is the largest online food ordering company in the

U.S., providing its 7.7 million customers in over 1,600 cities access to delivery at over

81f a restaurant has less than 10 reviews within a month, then the most recent reviews are added
until the sample size reaches 10.
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85,000 locations (Grubhub, 2016) . I collected menu information for all Grubhub restau-
rants in the areas of interest in December 2016, January 2017, February 2017, March 2017
and April 2017.

Restaurants that use the Grubhub delivery service are contractually obligated to
match the prices they have set on their in-store menus. Thus, the online menus reflect up to
date, accurate item and price information. I collected menus for 12,217 restaurants in the
areas of interest. Of these, 10,414 were matched to a county using the Census Geocoder.
After removing the 67 fast food restaurants, 8,415 restaurants comprise the final balanced
panel. Reasons that restaurants fail to be in all waves of data collection include closures,
name changes, discontinued use of the Grubhub service, or technical errors. All restaurants
on Grubhub provide a uniform menu and are therefore included in the dataset of parsed
menu information.

Grubhub provides customers with a faceted rating system. For customers that have
ordered through the delivery service, they are sent a short survey with three questions: (1)
Was your delivery on time? (2) Was your order correct? (3) Was the food good?. Food
establishments are then given a rating on each of the three dimensions— a number from 0 to
100 that identifies the proportion of customers who responded yes to the given question. |
use the average rating, as well as each individual facet of rating as measures of firm quality.
The food and accuracy ratings soley reflect the restaurant, where the delivery rating could
be a combination of the restaurant or the delivery driver. There is a similar distribution
of ratings within each category of price, suggesting that consumers are rating firms based

on expectations of quality. There is also significant variation in the customer ratings over
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the time period of the dataset, an indication that Grubhub users are also active in reporting
current quality. Over 40 percent of restaurants see a change in the average customer rating

between any given observation period, and the average change given an increase (decrease)

is0.944 (-1.11).

1.3.3 ReferenceUSA

I utilize ReferenceUSA (RUSA), an Infogroup company that provides business
data, to define more detailed characteristics of the restaurants. I collect the data for all busi-
nesses in NY, MA, and NIJ that are categorized under the North American Industry Classi-
fication System (NAICS) as a full-service (722511) or limited-service (722211) restaurant.
The restaurant level variables obtained from this dataset include sales volume, number of
employees, limited service status, and franchise status. I also use the number of years that
a restaurant has been in the RUSA dataset as a measure of firm age.® Since these data
are updated on a yearly basis, the variables are used only as baseline characteristics of the
establishments. Using the number of RUSA firms as the total population of restaurants
in these areas, I estimate that approximately 18% of restaurants in these areas utilize the

Grubhub delivery service, and that approximately 26% of restaurants post a full menu on

Yelp.

9The maximum age of restaurants is bounded at 34 years when the RUSA database was created,
but less than 0.5% of restaurants in the data have an age of 34 years.
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1.3.4 Data Construction and Definitions

To determine the minimum wage that the restaurants face, I match each restaurant
to a county using the Census Geocoder. In NYC, the minimum wage that a non-fast-food
restaurant faces is dependent on the number of employees. The RUSA dataset provides the
number of employees at each location, however I am only able to match approximately half
of the Grubhub and Yelp restaurants to the RUSA dataset. Therefore, in this paper I use
the average minimum wage increase in NYC, 19.45%, for restaurants of all size in NYC.!°
Since there are significantly more restaurants that qualify as small in NYC (less than or
equal to 10 employees), using the un-weighted average of the minimum wage increase will
only bias my estimates towards zero. Figure 1.1 displays the geographic distribution of the
restaurants in the Grubhub dataset.

For the Grubhub and Yelp menu data, I create a balanced panel at the item level,
only including restaurants and items that are in all waves of data collection. One concern
with using a balanced panel is that firms could respond to changes in the minimum wage by
changing the items offered. However, as addressed more extensively in Section 7, I find no
clear relationship between changes in the total number of items offered at a restaurant and
changes in the minimum wage. Another concern is that firms may change the quality of
the items in the balanced sample. These potential quality changes are addressed in Section

5. A third concern is that restaurants may close in response to a minimum wage increase

19T match on address, phone number, and restaurant name. The matching problem is consis-
tent over multiple matching methods, including strict string matching, Stata’s reclink, and Python’s
fuzzywuzzy. Relaxing the strictness of the matching programs increases the number of matches
slightly but also increases the false match rate. However, the overall pass-through results are con-
sistent across matching types, but with slightly larger magnitudes, when relying only on matched
RUSA data and using the specific minimum wage increase by number of employees in NYC.
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Figure 1.1: Sample of Grubhub Restaurants

Notes: Each data point represents a restaurant in the Grubhubh dataset. Samples are color coded by
percent increase in the minimum wage on January 1, 2017. NYC saw the highest increase in the
minimum wage at 19.45%. NYC-MSA, which includes Nassau, Suffolk, and Westchester counties,
saw the second highest increase at 11.11%. The minimum wage increased in MA by 10.00%, in
Upstate NY by 7.72% and in NJ by 0.72%.

(Luca & Luca, 2018). This potential concern is also discussed in Section 7.

Summary statistics of the balanced panels aggregated at the restaurant level for
Grubhub and Yelp are reported in Table 1.2 and Table 1.3, respectively. In the Yelp dataset,
changes in price from April 2016 to October 2016 are not statistically different in each
of the minimum wage groups, providing support that the restaurants in NJ are a strong

comparison group to NY and MA. The price changes over the time period of the minimum
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wage policy changes and the percent of price increases are significantly different between
groups in both datasets. As shown in these tables, restaurants update menus less frequently
in the Yelp dataset than the Grubhub dataset, but changes in price conditional on an increase
or decrease in price are larger in the Yelp dataset. This is consistent with the properties of
each web source. Yelp menus are updated at the owner or manager’s discretion, and may
not always provide updated prices. Grubhub, however, provides updated menu prices as
customers order directly from the site. Limited service and franchise restaurants are a small
portion (less than 10%) of the restaurants in both data sets. Many previous studies in the
literature have focused primarily on limited service and franchise restaurants, thus these
data provide information on an under-represented sub population (e.g., Katz & Krueger,
1992; Basker & Khan, 2016).

A concern of using customer reviews as a point of analysis regards the potential
of restaurants writing fake reviews — both good reviews of themselves and bad reviews of
competitors. Both Grubhub and Yelp use a proprietary algorithm in an attempt to filter out
fake reviews, which are then not included in the overall ratings. In addition, both Luca
(2011) and Anderson and Magruder (2012) found no evidence that restaurants are able to
use fake reviews to manipulate ratings in a discontinuous manner. Although some fake
reviews may still exist, it is unlikely that any fake reviews on quality are correlated with
changes in the minimum wage.

To analyze the existence of border effects, I restrict the sample to restaurants in
NYC and the contiguous NJ counties. I first construct a distance matrix using Google

Maps Distance Matrix Application Programming Interface. This service provides travel
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distance and time for a given origin and destination based on the recommended driving

Table 1.2: Grubhub Restaurant Summary Statistics by Minimum Wage Group

(1 2 3) “) &) (6)
NYC NYCMSA MA NY Upstate NJ F Test
Min Wage Increase 0.194 0.111 0.100 0.078 0.007 0.000
Starting Price (Decl6) 9.356 9.759 9.346 8.640 8949  0.001
(0.087) (0.148) (0.142) (0.147) (0.104)
Number of Items 107.790  133.704 117.472 105.053 126.917 0.000
(1.386) (3.671) (2.509) (3.954) (2.395)
AP (Decl6-Aprl7) 0.013 0.008 0.009 0.013 0.006  0.000
(0.001) (0.001) (0.001) (0.002) (0.001)
Increase 0.374 0.326 0.294 0.349 0.292  0.000
(0.007) (0.020) (0.015) (0.025) (0.013)
Decrease 0.066 0.060 0.053 0.047 0.073  0.242
(0.004) (0.010) (0.008) (0.011) (0.007)
Price Change || Increase 0.040 0.027 0.035 0.037 0.029  0.000
(0.001) (0.001) (0.002) (0.003) (0.001)
Price Change || Decrease ~ -0.025 -0.019 -0.030 -0.011 -0.026  0.896
(0.001) (0.002) (0.002) (0.001) (0.002)
Sales (100k) 8.643 3.218 4.976 4.684 2987  0.000
(0.654) (0.171) (0.262) (0.336) (0.083)
Employees 9.916 5.650 7.996 9.582 5.130  0.000
(0.290) (0.294) (0.416) (0.714) (0.142)
Limited Service 0.042 0.070 0.029 0.067 0.065  0.013
(0.003) (0.011) (0.006) (0.013) (0.007)
Franchise 0.004 0.007 0.011 0.021 0.000  0.006
(0.001) (0.004) (0.004) (0.008) (0.000)
N 4172 565 866 358 1320

Notes: The means and standard errors of the primary dataset, Grubhub, are reported. Each of the
first five columns contains the restaurants that fall into a specific minimum wage group. All data
are balanced at the item level across time periods and aggregated at the restaurant level. Starting
price is average dollars per item. The fourth row reports mean change in natural log of the price,
which is approximately the percentage change. The rows titled “Increase” and “Decrease” report
the percentage of restaurants that increased or decreased price between Dec 2016 and Apr 2017.
The conditional price changes calculated from Dec 2016 to Apr 2017. Quality rating is the average
quality rating for a restaurant in December 2016 and is on a scale of 1-100. Column 6 displays the
p-value of the multiple means test using the respective variable and all five groups.
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Table 1.3: Yelp Restaurant Summary Statistics by Minimum Wage Group

(1 2) 3) C)) &) (6)
NYC NYCMSA MA  NY Upstate NJ F Test
Min Wage Increase 0.194 0.111 0.100 0.078 0.007  0.000

Starting Price (Aprl6) 9.781 10.703 9.891 9.622 9.869  0.044
(0.108) (0.268) (0.136) (0.375) (0.183)

Number of Items 71.679 81.590 68.008 58.653 75.188  0.000
(1.113)  (2.794)  (1.503) (2.459) (1.686)

AP (Aprl6-Octl6) 0.005 0.002 0.003 0.003 0.005 0.428
(0.001) (0.002) (0.001) (0.001) (0.001)

AP (Octl6-Aprl7) 0.008 0.007 0.005 0.001 0.004  0.091
(0.001) (0.004) (0.001) (0.001) (0.002)

Diff. in Change in Price 0.003 0.005 0.002 -0.002 -0.000  0.405
(0.001)  (0.005)  (0.002) (0.002) (0.002)

Increase 0.145 0.089 0.115 0.040 0.085  0.000
(0.005) (0.012) (0.008) (0.009) (0.007)

Decrease 0.041 0.025 0.028 0.015 0.032  0.004
(0.003) (0.006) (0.004) (0.005) (0.004)

Price Change || Increase ~ 0.083 0.108 0.064 0.048 0.087  0.201
(0.002)  (0.011)  (0.003) (0.003) (0.005)

Price Change || Decrease  -0.100 -0.089 -0.097 -0.048 -0.095 0.950
(0.003) (0.006) (0.002) (0.003) (0.003)

Sales (100k) 8.489 7.597 9.233 5.019 5.631  0.000
(0.219) (1.524) (0.471) (0.263) (0.226)

Employees 10.836 10.227 14.603 10.222 9.267  0.000
(0.237)  (0.858)  (0.604) (0.519) (0.360)

Limited Service 0.042 0.072 0.019 0.069 0.043  0.000
(0.003) (0.011) (0.003) (0.011) (0.005)

Franchise 0.001 0.006 0.016 0.000 0.010  0.000
(0.000)  (0.003)  (0.003)  (0.000)  (0.002)

N 4242 595 1658 519 1793

Notes: The means and standard errors of the secondary dataset, Yelp, are reported. Each of the
first five columns contains the restaurants that fall into a specific minimum wage group. All data
are balanced at the item level across time periods and aggregated at the restaurant level. Starting
price is average dollars per item. The fourth and fifth rows report mean change in natural log of
the price, which is approximately the percentage change. The sixth row reports the difference
in the previous two rows, showing the change in trends between pre and post-policy implemen-
tation. The rows titled “Increase” and “Decrease” report the percentage of restaurants that in-
creased or decreased price between Oct 2016 and Apr 2017. The conditional price changes are
calculated from Oct 2016 to Apr 2017. Quality rating is the average quality rating for a restau-
rant in April 2016 and is on a scale of 1-5. Column 6 displays the p-value of the multiple means
test using the respective variable and all five groups.
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route. I calculate a distance matrix for each restaurant in the sample, which is comprised
of driving time to all restaurants in the full RUSA sample that are on the opposite side of
the border. I record the minimum of these driving times as the distance to the border. This
provides a more accurate measure of distance than raw miles. For the border effects anal-
ysis, I include all restaurants that are within 12 minutes of the NYC-NJ border (Appendix
Figure A1.2), as Iacono et al. (2008) found that 90% of Americans travel 12 minutes at
maximum to go to a restaurant. Although the Hudson river separates these two areas, more
than 400,000 people commute from NJ to NYC (United States Census Bureau, 2015), sug-
gesting that it is feasible that consumers may be choosing between dining on either side of
the border.

In the Grubhub data, there are 371 restaurants within 12 minutes of the border in
NJ, and 323 in NYC. The restaurants in NYC that are close to the border are statistically
similar to the overall NYC sample on starting price, customer rating, total items, and total
change in price. The NJ restaurants that are close to the border also have statistically similar
characteristics to the full NJ sample on all of these measures. In the Yelp data, there are 607
restaurants in NYC within 12 minutes of the border, and 395 in NJ. These Yelp restaurants
that are close to the border are similar to the full sample of their respective minimum wage

group on starting price, total items, and total change in price.

1.4 Methods
My primary analysis estimates the extent to which increases in the minimum wage

are passed on to consumers through prices. The equation of price pass-through at the
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restaurant level regresses the log change in price on the log change in the minimum wage,

L
Alnpjy = Z BrAIn(mwye—p) + YPj=0 + CLjre + M + A + €t (L.1)
h=l
where pj, is the average price of the balanced items at restaurant j in the minimum wage
group k in observation wave ¢. Each restaurant is location specific, and pjz; is the mean
price in U.S dollars of all menu items at restaurant j in the balanced panel. Since less than
1% of the sample are franchise restaurants, I do not include fixed effects for restaurants
in the same franchise. This model is an extension of the standard difference-in-differences
model, where NJ is the control group. The coefficient 5, estimates the relationship between
the differences-in-differences and the magnitude of the minimum wage increase at time
t — h. All standard errors are clustered at the minimum wage group level.!!

I allow for a flexible price response from restaurants by including contemporane-
ous and lagged changes in the minimum wage.!? For the specifications using the primary
Grubhub data, I include no lead and three lag periods (I = 0, L = 3). No lead period
can be included since the first period of observation is in December 2016. For the speci-
fications using the Yelp data, I include two lead periods in addition to the one lag period

(I = —2, L = 1) in order to analyze the existence of any relationship between price increase

and minimum wage group before the policy implementation.

"Since there are only five clusters, I also implemented the wild cluster bootstrap method as
recommended by Cameron, Gelbach and Miller (2008). These bootstrapped standard errors are
unchanged but if anything are slightly smaller by 0.005. As a result, I report the more conservative
standard errors, which are clustered at the group level, throughout the paper.

12 Appendix Figure A1.3 displays a cumulative distribution function of the percent of firms who
have updated their menu over the time period of data collection. Less than 20% of restaurants update
menu prices between any observation periods, providing support for the inclusion of lagged time
periods.
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Although all groups knew of the policy changes by April 2016, it is unlikely that
restaurants responded to the impending wage hikes more than four months in advance.
For example, Aaronson et al. (2008) found that restaurants do not respond to changes
in the minimum wage more than two months ahead of implementation. Therefore, the
estimates of these lead terms are a good indication of the existence of potential policy
endogeneity. Although there are three lags included in the Grubhub specification, these
time periods encapsulate price changes over the same three month period as the one period
lag in the Yelp specification. Figure 1.2 displays the normalized price trends over time for
both datasets.

The average price at a restaurant before the change in the minimum wage is the
primary means in which to characterize restaurants in the datasets. Thus, p;,—o is the
average price at restaurant j in the first observation period (April 2016 for the Yelp data
and December 2016 for the Grubhub data).!® I account for the variation in how long the
data collection took for each wave by including the variable 7}, an integer representing
the number of days between observations for a given restaurant. 7 is a fixed effect for
minimum wage group, and &; is a fixed effect controlling for the observation period in
which I collected the data. Together, these two terms account for any differences in the
timing of the data collection between waves as well variation in macroeconomic conditions
and restaurant demand.

To test the extent to which other restaurant characteristics are driving the price pass-

13 Although estimates for ~ are significant, including pjt=o does not significantly change the
coefficients of interest.
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Figure 1.2: Trends in Grubhub and Yelp Menu Prices

Notes: Prices are the average price of all items in the balanced sample. In the top panel, the
Grunbhub prices are normalized to zero in December 2016. In the bottom panel, the Yelp prices are
normalized to zero in October 2016. Changes in normalized price represent the percent change in
price off of the baseline price that is normalized to zero. The percent change in minimum wage in
January 2017 is shown in parenthesis in the legend.

through estimates, I include X ;, a vector of RUSA variables, in some specifications. This
control vector includes sales volume, number of employees, limited service status, fran-
chise status, and firm age.

The key assumption in this identification strategy is that NJ is an appropriate coun-
terfactual for NY and MA, in that the changes in the minimum wage are uncorrelated
with unobserved determinants of price. Supporting this assumption, the second panel of

Figure 1.2 indicates that price trends were relatively similar for all groups prior to im-
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plementation of the minimum wage policies. In addition, as discussed in Section 2, NJ
is geographically close and socioeconomically similar to both states that did increase the
minimum wage. NJ also has a similar political sentiment amongst elected state congres-
sional representatives, as the state attempted to increase their own minimum wage at the

start of 2017.

1.5 Price Responses
1.5.1 Overall Price Pass-Through

I report the results of equation 1.1 in Table 1.4. All estimates are interpreted as
the percent change in price due to a 10% increase in the minimum wage over the given
time period. The row titled Total Pass Through is a linear summation of the estimated
coefficients in all relevant time periods. For the specifications using the Grubhub data
(columns 1-3), the coefficients of all time periods are included in the total pass-through
estimates as there are no lead terms included in the equation. For the specifications using
the Yelp data (columns 4-6), the total pass-through estimates are linear combinations of
the October 2016 to January 2017 and the January 2017 to April 2017 estimates. Since
the April 2016 to July 2016, and July 2016 to October 2016 estimates are only included in
the equation as a means of testing for policy endogeneity, they are not included in the total
pass-through.

Column 1 presents estimates using the Grubhub dataset. There was significant pass-
through in the contemporaneous and lagged time periods. In total, prices increased by an

estimated 0.82% due to a 10% increase in the minimum wage. Controlling for the lagged
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Table 1.4: Main Price Pass-Through Results

Grubhub (Monthly) Yelp (Quarterly)
(€] 2) 3) “4) 4) (6)

Decl6 — Janl7 0.259 0.260 0.244

(0.005) (0.005) (0.013)
Janl7 — Febl7 0.228 0.231 0.295

(0.013) (0.012) (0.029)
Febl7T — Marl7 0.187 0.190 0.189

(0.012) (0.011) (0.025)
Marl7 — Aprl7 0.147 0.149 0.130

(0.013) (0.012) (0.031)
Oct16 — Janl17 0.163 0.208 0.604

(0.056) (0.083) (0.317)
Janl7 — Aprl7 0.150  0.180  0.464
(0.060) (0.096) (0.353)

Total Pass Through 0.820  0.830 0.859 0.313 0.388 1.068

(0.029) (0.026) (0.087) (0.115) (0.171) (0.669)
N 8415 8415 3640 8805 5257 2099
NaT 33660 33660 14560 35220 21028 8396
Lagged Change Price X
Business Characteristics X X
Changers X

Notes: The outcome variable for all columns is the log change in price at the restau-
rant level. All standard errors (in parentheses) are clustered at the minimum wage group
level. Each row represents the amount of pass-through occurring in the contemporane-
ous, lead, and lag time periods of the minimum wage changes. For the specifications
using the Grubhub data, (1)-(3), all time periods are included in the total pass-through
estimates. For the specifications using the Yelp data, (4)-(6), the total pass-through es-
timates are linear combinations of the October 2016 to January 2017 and the January
2017 to April 2017 estimates. Additional variables that are included, but not shown, are
time and group fixed effects. Business characteristics are the control vector from the
RUSA dataset, comprised of sales volume, number of employees, limited service status,
and firm age. The sample size is smaller in column 2 than in column 1 (and in column 5
than in column 4) since not all restaurants are matched to the RUSA dataset. The pass-
through estimates when using the subsample of restaurants that are matched to RUSA
and without including the control vector are slightly smaller than the estimates in column
2. Changers are restaurants that updated the price of at least one menu item throughout
the time period of data collection.
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change in price does not change the estimates (column 2). Including the vector of control
variables from the RUSA dataset (column 3) increases the pass through estimates slightly,
but not significantly so, to 0.86%, indicating that sales volume, number of employees,
franchise status and age are not substantially driving the estimates.'*

Next, I examine the price pass-through using the Yelp data. As shown in column 4,
there was significant pass-through in the contemporaneous and lag period, for a total pass-
through estimate of 0.31%. Adding the vector of control variables provides a marginally
higher pass-through rate. To focus analysis on restaurants that are updating menus and
not posting outdates prices, column 5 restricts the full Yelp sample to only those restau-
rants who changed the price of at least one item throughout the course of the dataset. The
total pass-through estimate for this subsample is larger at 1.07%. Although imprecisely
measured, this estimate is not statistically distinguishable from the pass-through estimates
provided by the Grubhub data. This comparison suggests that the full sample Yelp esti-
mates may be a lower bound for the true pass-through, and support the use of the Grubhub
data estimates. In addition, in all three of the Yelp specifications, the two lead period
pass-through estimates are insignificant and relatively small in magnitude. This provides
evidence against the presence of policy endogeneity within these minimum wage groups.

These main pass-through estimates are consistent with findings in the previous liter-

ature (e.g. Aaronson, French & MacDonald, 2008; Basker & Khan, 2016; Cooper, Luengo-

4The sample size is smaller in column 2 than in column 1 since not all restaurants are matched
to the RUSA dataset. The pass-through estimates when using the subsample of restaurants that are
matched to RUSA and without including the control vector are slightly smaller than the estimates
in column 2.
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Prado & Parker, 2017; Allegretto & Reich, 2018). In addition, these pass-through estimates
are consistent with what is predicted by the textbook model of competitive factor markets
and monopolistically competitive firms. Assuming that firms have a constant returns to
scale production function, then an increase in the minimum wage will be proportionally
passed on to consumers through output prices based on the minimum wage costs share of
total costs. The minimum wage costs share of total costs is estimated to be between 4% and
10% in the restaurant industry (U.S. Department of Commerce, 2002; Aaronson & French,
2007). Taking these estimates as given, the model of monopolistically competitive firms
and competitive factor markets then predicts that a 10% increase in the minimum wage

would lead to a pass-through of 0.4% to 1.0%.

1.5.2 Heterogeneity in Pass-Through

I next investigate the heterogeneity of the price pass-through.!> Table 1.5 reports
heterogeneity by restaurant characteristics, including sales volume, number of employees,
and customer rating. The total pass through results are also shown in Figure A1.4. All
estimates are calculated using equation 1.1 and Grubhub data. Total pass-through estimates
are linear combinations of all coefficients of interest. Columns 1 and 2 compare restaurants
by highest and lowest third of sales volume. Although the low sales volume estimate is
larger at 1.1%, it is only marginally different from the pass-through estimate of high sales
restaurants, 0.54%. Columns 3 and 4 compare restaurants by the number of employees.

The pass-through estimate of 0.85% for small restaurants is higher than the estimate of

SHeterogentiy effects are reported using the more precise Grubhub data, but the same general
patterns are found using the Yelp data.
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0.59% for large restaurants, but not significantly so. These suggestive results are consistent
with Allegretto and Reich (2015) who found price pass-through to be larger in magnitude
for restaurants with a small number of employees. Columns 5 and 6 compare restaurants
by customer rating in December 2016, before any minimum wage changes. The estimated

price pass-through for low rated restaurants is not distinguishable from that of high rated

restaurants.
Table 1.5: Price Pass Through By Restaurant Characteristics
ey 2 3) “4) &) (6)
Low Sale High Sale Low Emp High Emp Low Qual High Qual

Decl6 — Janl7 0.275 0.255 0.257 0.243 0.360 0.236

(0.029) (0.008) (0.024) (0.012) (0.021) (0.022)
Janl7 — Febl7 0.362 0.103 0.284 0.113 0.171 0.217

(0.054) (0.048) (0.042) (0.074) (0.043) (0.018)
FeblT — Marl7 0.297 0.088 0.207 0.109 0.170 0.249

(0.061) (0.049) (0.037) (0.057) (0.037) (0.017)
Marl7 — Aprl7 0.148 0.097 0.106 0.124 0.192 0.161

(0.055) (0.092) (0.035) (0.109) (0.034) (0.015)
Total Pass Through ~ 01.082 0.544 0.854 0.588 0.894 0.864

(0.19) (0.184) (0.124) (0.237) (0.109) (0.051)
N 1297 1167 1218 1061 2954 2518
NaT 5188 4668 4872 4244 11816 10072

Notes: The reported estimates compare price pass-through of restaurants in the lowest and highest
third based on sales, employees, and customer rating in December 2016 using the Grubhub dataset.
The outcome variable for all columns is the log change in price at the restaurant level. Standard
errors are clustered at the minimum wage group level. The total pass-through estimates are linear
combinations of all coefficients. Additional variables that are included, but not shown, are time and
group fixed effects. Low sales restaurants are those firms in the lower third of sales volume at less
than 190k. High sales restaurants are those firms in the higher third of sales volume at over 497k.
Low employee restaurants are those in the lower third of number of employees with less than 3 em-
ployees, where high employee firms have over 9. Low quality firms are those that started with an
average quality rating in the lower third of customer ratings with a rating of lower than 78.2. High
quality firms are those who started with an average quality rating of over 94.6.
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Given the unique nature of the dataset, I can also explore heterogeneity in price
pass-through across item type. Table 1.6 reports pass-through results at the item level. I use
equation 1.1, except now an observation is an item. The comparisons of total pass-through
results are also depicted in Figure 1.3. Column 1 (of both panels) reports pass-through
estimates at the item level for all items, with a total pass-through estimate of 0.51%. This
estimate is smaller than the pass-through estimates reported when aggregating at the restau-
rant level. Analyzing pass-through at the item level assigns more weight to restaurants with
a large number of items. In the data, total number of items offered on the menu is negatively
correlated with the number of items that change price at any given time. In other words,
restaurants with a relatively large number of items offered on the menu change prices for a
smaller proportion of these items than restaurants with a relatively small number of items.
Thus the item level pass-through estimates are expected to be lower than estimates aggre-
gated at the restaurant level.

The subsequent columns of Table 1.6 report pass-through estimates by item cate-
gories (panel 1) and item ingredient type (panel 2). Overall, these results show that there
are significant differences in the pass-through estimate across some item types. Popular
items, however, have statistically similar price pass-through, indicating that restaurants are
not using popular items as loss leaders. Sandwich and side items, on the other hand, show
much higher pass-through, while appetizers and entrées show lower pass through. This
heterogeneity indicates that studies which examine prices of only a few menu items may
significantly under- or over estimate price pass-through. It also suggests that firms may

understand the differences in price elasticity demand for different categories of items.
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Table 1.6: Price Pass Through By Item Type

6] (@) 3 “ () (0) ) (®) ®
All Popular  Appetizer Side Sandwich Pizza Soup/Salad Entre Dessert
Decl6 — Janl7 0.154 0.225 0.138 0.178 0.193 0.224 0.154 0.114 0.165
(0.002) (0.003) (0.009) (0.007) (0.005) (0.010) (0.004) (0.002)  (0.004)
Janl7 — Febl7 0.153 0.163 0.095 0.120 0.313 0.134 0.129 0.150 0.206
(0.011) (0.013) (0.041) (0.029) (0.034) (0.104) (0.011) (0.003)  (0.017)
Febl? — Marl7 0.138 0.104 0.056 0.170 0.196 0.086 0.107 0.100 0.099
(0.006) (0.013) (0.030) (0.013) (0.010) (0.055) (0.015) (0.008)  (0.018)
Marl7 — Aprl7 0.063 0.030 0.002 0.142 0.076 -0.042 0.070 0.064 0.043
(0.010) (0.028) (0.024) (0.030) (0.029) (0.041) (0.025) (0.019)  (0.031)
Total Pass Through 0.507 0.522 0.291F 0.61 0.777F 0.402 0.46 0.429F 0.512
0.02) (0.05) (0.094) (0.068) (0.051) (0.079) (0.042) (0.027)  (0.051)
N 1036350 26222 73256 109540 130354 39749 64290 183494 36352
NaT 4145400 104888 293024 438160 521416 158996 257160 733976 145408
All Drink Chicken Beef Pork Fried Organic ~ Natural  Gluten Free
Decl6 — Janl7 0.154 0.164 0.146 0.118 0.118 0.137 0.157 0.237 0.163
(0.002) (0.002) (0.005) (0.005) (0.010) (0.010) (0.029)  (0.006) (0.082)
Janl7 — Febl7 0.153 0.185 0.159 0.129 0.122 0.099 1.640 0.479 0.527
(0.011) (0.023) (0.010) (0.010) (0.022) (0.025) (0.463)  (0.089) (0.392)
Febl? — Marl7 0.138 0.126 0.142 0.220 0.177 0.169 -0.254 0.049 0.231
(0.006) (0.007) (0.015) (0.013) (0.014) (0.019) (0.400)  (0.087) (0.302)
Marl7 — Aprl7 0.063 0.008 0.088 0.068 0.078 0.070 0.028 0.289 0.368
(0.010) (0.011) (0.023) (0.025) (0.042) (0.030) (0.047)  (0.052) (0.341)
Total Pass Through 0.507 0.482 0.534 0.534 0.494 0.475 1.571 1.055F 1.29
(0.02) (0.021) (0.041) (0.045) (0.074) (0.073) (0.858)  (0.094) (1.029)
N 1036350 78293 176873.25 5681225  46078.5  81928.25 3134.25 2249 6302.5
NzT 4145400 313172 707493 227249 184314 327713 12537 8996 25210

+ statistically different than column (1)

Notes: The outcome variable for all columns is the log change in price at the item level using the
Grubhub dataset. All standard errors are clustered at the minimum wage group level. All time peri-
ods are included in the total pass-through estimates. Additional variables that are included, but not
shown, are time and group fixed effects. The item categories in the top panel are mutually exclusive
but not exhaustive. The items by ingredient type in the bottom panel are not mutually exclusive.
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Figure 1.3: Pass-Through By Item Type

33

Notes: Point estimates and 95% confidence intervals of the total price pass-through using the Grub-
hub data are depicted by restaurant characteristics. The top panel depicts estimates by the item
category listed on the Grubhub menus. The bottom panel depicts estimates by the type of ingredi-
ent that is reported in the item name or item description. The horizontal dotted line in each panel
represents the pass-through estimate for all items. The y-axis ranges are different between the top
and bottom panels to account for the high estimates and large standard errors for the pass-through
estimates by ingredient type in the bottom panel.
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Although I observe all of these restaurants across the same time period, it is possible
that there were changes in local food supply prices that were not constant across the dif-
ferent minimum wage groups. However, I find no difference in pass-through across items
with chicken, beef, or pork, suggesting that local changes in the input costs for these are
not a driving force of the pass-through estimates. Interestingly, items with the words “or-
ganic”, “natural”, or “gluten-free” in the item name or description show much higher levels
of pass-through. This suggests that firms recognize a lower price elasticity demand for

these healthier items. These are the first estimates of differing magnitudes of pass-through

by item type and ingredients in the literature.

1.5.3 Border Effects
To examine the existence of border effects, I restrict the sample to restaurants that
are located within twelve minutes of the NYC-NJ border.'® The specification I use to test

the existence of border effects is

A hl(pj,toftT) =) + Oél]l(NY = 1)
(1.2)
+ o Dj+ o3[ D; * L(NY =1)] + ¢,
where In(p; ¢+, ) is the log change in price from the time period before implementation
(December 2016 for the Grubhub restaurants and October 2016 for the Yelp restaurants) to

the final wave of data collection. 1(NY = 1) is an indicator function denoting if restaurant

J 1s located in NYC, and Dj; is the driving distance in minutes to the closest restaurant on

16The results are persistent further out from the border, but smaller in magnitude.

www.manaraa.com



35

the opposite side of the border.!” Due to the Hudson River which separates NYC and NJ,
the shortest distance between two restaurants on opposite sides of the border is 8 minutes.
In the data there are no significant relationships between distance to the border and sales
volume, number of employees or limited service status. I assume that there are no other
unobserved variables that are related to both the distance to the border and the change in
price.

For restaurants in NYC, the equation becomes
An(pjro—tr) = (a0 + a1) + (a2 + a3)D; + ¢;.

The coefficient oy + a3 describes the relationship between distance to the border and price

increase for restaurants in NYC. For a restaurant in NJ, the equation becomes
AIn(pjte-tr) = (o) + (a2)D; + ;.

The coefficient ai; describes the relationship between distance to the border and price in-
crease for restaurants in NJ close to the NYC border. Figure 1.4 displays a binned scatter
plot of the relationship between distance to the NYC-NJ border and price increase.

I report the results of equation 1.2 in Table 1.7. Column 1 reports the estimated
relationship between price changes from December 2016 to April 2017 and the distance
to the border for restaurants on the NYC-NJ border in the Grubhub dataset. The estimates
show that a restaurant 10 minutes further from the border increases prices by 0.18 percent-
age points (a3 + a3) more than a restaurant on the border. No significant border effects are

reported for NJ restaurants (o).

17T selected the linear specification base on the AIC and BIC values in comparison to the quadratic
specification.
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Figure 1.4: Border Effects: Price Pass Through by Distance to NYC/NJ Border

Notes: The figure shows the relationship between the change in price from December 2016 to April
2017 and the distance to the NYC-NJ border using the Grubhub data. Restaurants are binned into
80 quantiles. There is a gap between the NYC and NJ restaurants due to the Hudson River which
separates the two states. Distance is measured in driving minutes to the nearest restaurant on the
opposite side of the border.

Column 2 reports the results with the Yelp data, estimating a border effect of 0.11
percentage points for restaurants in NY between October 2016 and April 2017. Once again,
no border effects are present for NJ. As a falsification test, I estimate this same relationship
with the Yelp data but for the change in price prior to policy implementation. Column 3
reports this relationship for a price change from April 2016 to October 2016. This estimate
is not significant, suggesting that these border effects are not always present and can be
attributed to the minimum wage changes. The average change in price from December
2016 to April 2017 for all NYC Grubhub restaurants was 1.3%, and the average change in

price from October 2016 to April 2017 for all Yelp restaurants in NYC was 0.81%. Thus
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Source Grubhub
(D 2) 3)
Time Frame Decl6-Aprl7  Octl6-Aprl7  Aprl6-Octl6
I(NY) (aq) -1.019 0.641 -0.636
(1.244) (1.525) (1.161)
Distance  (a2) -0.003 -0.088 0.003
(0.057) (0.076) (0.058)
Distance * 1(NY) (as) 0.187 0.196 0.066
(0.090) (0.112) (0.085)
Constant  («) 0.592 -0.687 0.412
(1.005) (1.336) (1.017)
a9 + a3 0.1843 0.108 0.0691
(0.0701) (0.0826) (0.0629)
N 694 1002 1002

Notes: The outcome variable is the percentage point change in price due to a
10 minute change in the distance of a restaurant to the border. The first col-
umn includes restaurants in the Grubhub dataset within twelve minutes of the
NYC - NJ border between December 2016 and April 2017. Column 2 in-
cludes restaurants in the Yelp dataset within twelve minutes of the NYC - NJ
border between October 2016 and April 2017. Column 3 includes these same
restaurants but using the change in price from July 2016 to October 2016 as

the outcome.

the estimated border effects are relatively large in magnitude, comprising more than 10%

of the total price increase seen during this time period.

1.6 Quality Responses

I now examine changes in quality as another margin of response to increases in the

minimum wage. To investigate this relationship, I use the following equation to analyze the

effect of a minimum wage increase on the customer rating of restaurant j in the minimum
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wage group k at observation wave ¢:

L
Aln(rating;r) = o + Z BrAIn(mwpe—p) + Ypji=0 + Mk + M + i (1.3)
h=l
The variable rating;i, is the customer rating of each establishment. As in equation 1.1, I
include contemporaneous and lag terms for changes in the minimum wage to allow for a
flexible response. In the primary specification using the Grubhub data, I include no lead
terms and three lag terms (I = 0, L = 3). In the specifications that use the Yelp data, I also
include two lead terms (I = —2, L = 1) as a check for any pre-policy change relationships
between minimum wage group and changes in quality.
The term p;;—o, the average price at an individual restaurant in the initial period
before a minimum wage increase, is included as a control. The average price of items at a
restaurant may provide customers with an expectation of what the level of quality should
be. These ex-ante ideas of quality level could have an impact on changes in customer-
perceived quality. Fixed effects for observation time period and minimum wage group are
included in all specifications. I assume that there are no other unobserved characteristics
of restaurants that influence both the minimum wage group that a restaurant belongs to and
changes in customer-perceived quality.'®
The results of equation 1.3 are presented in Table 1.8. All estimates are interpreted
as the percent change in Grubhub customer rating due to a 10% increase in the minimum

wage, and are a linear summation of the contemporaneous and lagged time periods. This

term can be interpreted as the “pass-through” of quality due to a 10% increase in the min-

181 find no systematic change in the number of reviews that a restaurant receives in relationship
to the minimum wage, supporting this claim.
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imum wage. Column 1 presents the total change in rating for all restaurants due to a 10%

Table 1.8: Grubhub Quality Changes by Initial Quality Rating

(D 2 3) “)
All All <= Median > Median
Total % Change in Rating: Average  -0.433  -0.435 -0.985 0.055

(0.001) (0.001) (0.003) (0.011)

Total % Change in Rating: Food -0.292  -0.288 -0.842 -0.024
(0.001) (0.002) (0.01) (0.004)
Total % Change in Rating: Accurate  -0.334  -0338  -0932 0255

Total % Change in Rating: Delivery  -0.654  -0.661 -1.53 0.532
(0.001) (0.004) (0.007) (0.013)

N 7843 7843 4044 3799
NaT 31372 31372 16176 15196
Change in Price X

Notes: The outcome variable for all columns is the total log change in Grubhub quality
rating. All standard errors are clustered at the minimum wage group level. The average
rating is the average of the food, accuracy, and delivery ratings. Each measure is on a
scale from 0-100. Column (2) includes controls for the changes in price. Column (3)
restricts the sample to restaurants starting at or below the median quality rating in De-
cember 2016. Column (4) restricts the sample to restaurants starting above the median
quality rating in December 2016. The median average rating is 90.3, the median food
rating is 89, the median accuracy rating is 93, and the median delivery rating is 90. Ad-
ditional variables that are included, but not shown, are time and group fixed effects.

increase in the minimum wage along four different measures: average quality, food quality,
order accuracy, and delivery time. On all accounts, a minimum wage increase is associated

with a significant decrease in customer-perceived quality. On average, the effect is esti-
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mated at -0.43%. These effects are larger (more negative) for delivery time, and smaller
(less negative) for food quality. Controlling for changes in price (column 2) does not sig-
nificantly change these estimates, suggesting that the changes in quality are not driven by
customer dissatisfaction directed at price increases.

To investigate differences in the response to a minimum wage increase by level
of initial quality, I partition the sample by starting quality rating.'® The effects for those
restaurants that start at or below the median quality rating is reported in column 3. The
average decrease in quality is more severe for these restaurants at -0.99% on average. On
the other hand, the average relationship for restaurants that started above the median rating
(column 4) is 0.06%. These estimates are economically significant. For example, the
average effects for high quality firms represent an increase in quality equal to 3% of the
average increase. Further, the average effects for a low quality firm represent a decrease of
40% of the average decrease. In other words, these are relatively small changes in quality,
but the minimum wage is driving a relatively large portion of the changes.

Table 1.9 displays the results of the quality responses for the Yelp restaurants. The
total percent change in rating is a linear summation of the estimated coefficients from Oc-
tober 2016 to January 2017, and Jan 2017 to Apr 2017. The estimates from April 2016 to
July 2016 and July 2016 to October 2016 are not included in the total effect, but provide
evidence of the pre-minimum wage relationships. The first column of the table reports

estimates using all Yelp restaurants that had a star rating between 2.5 and 4.5, inclusive,

Note that initial quality rating is different than the outcome variable which is the change in rat-
ing. This methodology allows for analysis of changes in quality based on initial quality, in contrast
to a quantile regression method which would not provide estimates that are based on initial quality.
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Table 1.9: Overall Yelp Quality Changes by Initial Star Rating

(1) @) (3) 4) ) (6)
All 2.5 3.0 3.5 4.0 4.5
Aprl6 — Jull6 0035 1.138 0.625 0.068 -1.047 -0.627
(0.213) (1.201) (0.697) (0.187) (0.312) (0.456)
Jull6 — Oct16 0.046 -0.321 -0305 0.109 0.198 -0.792
(0.071) (0.292) (0.400) (0.211) (0.296) (0.413)
Oct16 — Janl7 0049 0255 -1.341 -0268 0.500 0.470
(0.036) (1.068) (0.178) (0.076) (0.090) (0.275)
Janl7 — Aprl7 0416 -1.158 0546 -0.728 -0252 -0.255
(0.167)  (0.609) (0.670) (0.197) (0.080) (0.175)
Total % Change Stars  -0.368  -0.903  -1.887 -0.996 0248 0215
(0.138) (1.667) (0.813) (0.161) (0.123) (0.164)
N 6392 625 1080 1801 1904 982
NzT 25568 2500 4320 7204 7616 3928

Notes: The outcome variable for all columns is the log change in Yelp star rating.
All standard errors are clustered at the minimum wage group level. The total percent
change in stars estimates are linear combinations of the October 2016 to January 2017
and the January 2017 to April 2017 estimates. The initial star ratings are the rounded
Yelp star ratings in April 2016. Restaurants below a 2.5 rating and above a 4.5 rat-
ing are not analyzed as subsamples given that they are close to the lower and upper
bounds, respectively, and so only have one direction to move. Additional variables

that are included, but not shown, are time and group fixed effects.

in each wave of data.’® The total change in quality rating due to a 10% minimum wage

increase 1s estimated at -0.4%.

Column 2 reports the estimated change in star rating due to a minimum wage in-

crease for restaurants that had a 2.5 rating in April 2016. The estimated relationship is more

negative than the full sample at -0.9%, but imprecisely estimated. Column 3 reports the es-

timated relationship for restaurants that started at a 3.0 star rating. For these restaurants,

20Restaurants below a 2.5 rating and above a 4.5 rating are not analyzed as subsamples given that
they are close to the lower and upper bounds of quality ratings, respectively, and so only have one
direction to move. Over 90% of the restaurants with star ratings fall within this 2.5 - 4.5 range.
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a 10% increase in the minimum wage is associated with a 1.9% decrease in star rating.
Column 4 reports estimates for restaurants that began with a 3.5 star rating, the median in
the sample. The estimated relationship for these restaurants is -1.0%. As seen in columns
5 and 6, the estimated relationship for restaurants that started at a 4.0 or 4.5 star rating,
however, is significantly positive. Restaurants starting at a 4.0 rating saw a 0.3% increase
in star rating due to a 10% increase in the minimum wage, and restaurants starting at a 4.5
rating saw a 0.2% increase in star rating.

To further investigate potential mechanisms for these quality results, I also per-
formed sentiment analysis on the text of the Yelp customer reviews, looking for patterns
of dissatisfaction or approval aimed specifically at service quality or food quality. I find
a similar heterogeneous response to the overall quality effects between lower and higher
quality firms for service specific reviews, but not for food specific reviews. Although the
small sample size of this supplementary analysis yields imprecise estimates, the evidence
suggests that the quality responses to increases in the minimum wage are driven more so
by changes in service than by changes in food quality. These results are presented in the

appendix.

1.7 Additional Margins of Response
In addition to price and quality, there are three other potential margins of adjustment
that can be investigated using this dataset. The first variable is the total number of menu
items at each point in time. This variable is of interest since I use a balanced panel in the

main results, as well as that restaurants could decrease the total number of items offered to
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Table 1.10: Change in Number of Items Offered and Hours

of Business

Grubhub Yelp
ey 2 3) “)
Items Hours Items Hours
Decl6 — JanlT7 0.014 -1.473
(0.044)  (0.582)
Janl7 — Febl7 0.127 0.462
(0.122)  (1.558)
Febl7T — Marl7 0.201 0.836
(0.116)  (1.558)
Marl7 — Aprl7 0.165 0.407
(0.311)  (1.558)
Aprl6 — Jull6 0.888  -0.086
(0.370) (0.021)
Jull6 — Oct16 1.083  -0.071
(0.459) (0.032)
Octl6 — Janl7 1.060  -0.032
(0.316) (0.010)
Janl7 — Aprl7 0.964 -0.039
(0.398) (0.021)
Total Pass Through  0.508 0.233 02.024 -0.071
(0.495) (03.578) (0.700) (0.031)
N 8415 8405 8807  6920.5
NaT 33660 33620 35228 27682

Notes: The dependent variables are the percent change in total
items offered (columns (1) and (3)) and the percent change in hours
open per week (columns (2) and (4)) due to a 10% increase in the
minimum wage. Columns (1) and (2) show these results using the
Grubhub data and columns (3) and (4) estimate the relationships
using the Yelp data. All standard errors are clustered at the mini-
mum wage group level. Additional variables that are included, but

not shown, are time and group fixed effects.
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Columns 1 and 3 in Table 1.10 report changes in the total number of items on the
menu over time as an outcome variable using equation 1.1 for Grubhub and Yelp restau-
rants, respectively. Total percent change is a linear combination of the relevant time pe-
riods, and can be interpreted as the percent change in items offered on a menu due to a
10% increase in the minimum wage. These estimates are positive, but only marginally
significant within the Yelp restaurants. Further, the lead period estimates are similar in
magnitude to the post implementation estimates, suggesting that the positive relationship is
not driven by changes in the minimum wage. I therefore find no conclusive evidence that
restaurants significantly alter the total number of items offered on a menu after an increase
in the minimum wage.?!

The second additional variable is hours of operation, as firms could decrease labor
costs by reducing the number of hours the firm is open, and therefore the amount of time
paying hourly workers. Columns 2 and 4 report changes in the total number of hours open
per week due to a minimum wage increase using equation 1.1. Total percent change is
a linear combination of the relevant time periods, and can be interpreted as the percent
change in hours open per week due to a 10% increase in the minimum wage. These results
are slightly positive using the Grubhub data and slightly negative for the Yelp data but are
both imprecisely measured.

A third additional margin of adjustment to the labor cost shock is exit from the mar-

2ITo address the possibility that this net effect could be masking some increases and some de-
creases across different types of items, I partition the sample by item category and ingredients. I
once again find no evidence that restaurants are systematically changing the number of certain types
of items offered.
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ket. Given the nature of the data and that the data was collected online, I cannot guarantee
that a restaurant that exits the sample did indeed exit the market all together. As discussed
in Section 3, reasons that a restaurant fails to to be in all waves of data collection include
closures, name changes, discontinued use of the online service menu, or technical errors.

Regardless of the reason for a restaurant to drop out of my sample, I first use the
Yelp data to address how not including these restaurants that dropped out of the sample
affects the pass-through estimates. I estimate the price pass-through from October 2016 to
January 2017 using all Yelp restaurants that remained in the panel through January 2017.
I then estimate this same price pass-through between October 2016 and January 2017 but
using only the restaurants that remained in the final balanced panel through April 2017. 1
find the two estimates to be statistically indistinguishable, although including the restau-
rants that eventually dropped out of the panel before April 2017 yields slightly higher
pass-through estimates. This suggests that only including restaurants that remain in the
balanced sample throughout the time period of the dataset does not bias my results, and if
anything would lead the results to be a lower bound of the true pass-through.

I next assume that, with the exception of exit from the market, the reasons that
a restaurant fails to remain in the balanced sample are uncorrelated with increases in the
minimum wage, and estimate the relationship between the probability of exit from my
sample and increases in the minimum wage. Figure 1.5 displays the hazard function by
minimum wage group for exit from the sample using the Grubhub data.? This figure

indicates that the exit rate of restaurants from the sample is related to the increases in the

22 Appendix Figure A1.5 displays the hazard functions for the Yelp data.
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Figure 1.5: Hazard Functions for Exit From the Sample

Notes: The Kaplan Meier hazard functions for exit from the sample are depicted by minimum wage
group and using the Grubhub sample. The percent increase in the minimum wage faced by each
group in January 2017 is shown in parenthesis in the legend. The x? value of the log-rank test for
equality of these survivor functions across groups is 367.81 and the corresponding P value is 0.000.

minimum wage. I further estimate the relationship between exit from the sample and the

minimum wage increase using the equation

Ezitjp = A In(mwy) + nk + At + €k, (1.4)

where Exit; is a binary variable denoting whether restaurant j in the minimum wage
group k in time ¢ has exited the sample. A ln(muwy) is the total change in the minimum
wage that a restaurant faced in January 2017. I include time fixed effects as the probability
of exit increases with time for all firms.

Table 1.11 reports the results. The baseline specification using the Grubhub data,

shown in column 1, indicates that a 10% increase in the minimum wage increases the
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probability that a firm exits by 1.3 percentage points.”®> Including the vector of RUSA

Table 1.11: Probability of Exit from the Sample: Grubhub

(@9) 2) 3) )

A(In(mw)) 0.013 0.012 0.023 0.047
(0.005) (0.004) (0.003) (0.014)
Quality -0.006  -0.005
(0.001) (0.001)
A(In(mw)) x Quality -0.003
(0.002)
N 9841 4148 9575 9575
NxT 49205 20740 47875 47875
Business Characteristics X

Notes: Coefficients are reported in percentage point changes in the
probability of exit from the sample due to a 10% increase in the min-
imum wage. The quality measure is the starting average customer
rating of the establishment in December 2016. Business character-
istics are the control vector from the RUSA dataset, comprised of
sales volume, number of employees, limited service status, and firm
age. Additional variables that are included, but not shown, are time
and group fixed effects.

control variables (sales volume, number of employees, franchise status and firm age) does
not significantly alter the estimates (column 2). Including the starting measure of average
quality, as shown in column 3, indicates that higher rated restaurants are less likely to exit,
as would be expected.

Table 1.12 reports the probability of exit from the sample using the Yelp data. Since

23The average probability of exit for restaurants in NJ over the course of the Grubhub dataset was
1.5%. Assuming that this is the baseline probability of exit, an increase of 1.3 percentage points
translates to an 86.7% increase in the probability of exit due to a 10% increase in the minimum
wage.
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there are multiple pre-policy implementation observations, I add an interaction term be-
tween A In(mwy,) and an indicator variable for if the observation occurred after policy im-

plementation, Post,. In this specification, the A In(mwy,) term on its own indicates whether

Table 1.12: Probability of Exit from the Sample: Yelp

(€9) 2) 3) “4)

A(ln(mw)) 0.007 0.014 0.035 0.023

(0.006) (0.007) (0.008) (0.005)

A(ln(mw)) x Post 0.065 0.078 0.094 0.130

(0.014) (0.012) (0.018) (0.019)

Quality -0.015  -0.008

(0.003) (0.005)

A(ln(mw)) x Quality -0.000

(0.003)

A(ln(mw)) x Quality x Post -0.014

(0.003)

N 14275 8424 13379 13379

NxT 71375 42120 66895 66895
Business Characteristics X

Notes: Coefficients are reported in percentage point changes in the proba-
bility of exit from the sample due to a 10% increase in the minimum wage.
The quality measure is the starting star rating of the establishment in Oc-
tober 2016. Post is a binary variable denoting that the time period of data
collection was after the minimum wage policy implementations. Business
characteristics are the control vector from the RUSA dataset, comprised of
sales volume, number of employees, limited service status, and firm age.
Additional variables that are included, but not shown, are time and group
fixed effects.

or not the probability of exit from the sample is related to the January 2017 minimum wage
increases but before implementation. As can be seen in all specifications, the probability of

exit in relationship to the increase in the minimum wage is smaller and imprecisely mea-
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sured compared to the interaction of the minimum wage increase and post implementation.
The baseline specification with the Yelp data (column 5) estimates that a 10% increase in
the minimum wage increases the probability of exit by 6.5 percentage points.>* Adding the
vector of business control variables does not significantly change these estimates.

Column 7 indicates that lower quality restaurants are more likely to exit. Interacting
this quality measure with increases in the minimum wage as well as post implementation
provides support that after the increases in the minimum wage (but not before), lower
quality restaurants facing an increase in the minimum wage were even more likely to exit
the sample. These results are similar to that found in Luca and Luca (2018), and support the
conclusion that firms respond differently to a minimum wage depending on initial quality.
Although these estimates use exit from the sample as a proxy for exit from the market, they
provide suggestive evidence that an increase in the minimum wage causes firms to exit the

market at a higher likelihood, and that this response is stronger for lower quality firms.

1.8 Discussion and Conclusion
In this paper, I investigate the responses of restaurants to increases in the mini-
mum wage. | take advantage of a series of simultaneous minimum wage increases and the
growing online presence of restaurants to investigate heterogeneity in price pass-through
across restaurant characteristics and item type and changes in customer-perceived quality.

I find that prices increase between 0.3 to 0.8% in response to a 10% increase in the mini-

24The average probability of exit for restaurants in NJ over the course of the Yelp dataset was
15.9%. Assuming that this is the baseline probability of exit, an increase of 6.5 percentage points
translates to a 40.8% increase in the probability of exit due to a 10% increase in the minimum wage.
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mum wage, results that are consistent with previous literature. Since the data I use in this
study are primarily non-chain and full service restaurants, these results are not being driven
by large franchises and limited service establishments. The price pass-through estimates
differ across restaurant characteristics, with the estimates marginally higher for smaller
restaurants.

Unlike traditional administrative or government datasets, the data used in this study
provide granular restaurant and menu data at the item level. I find that the magnitude
of the price pass-through varies significantly at the item category level, with lower pass-
through among items such as appetizers and entrées, but higher pass-through among and
sandwich items. These results suggest that studies which examine prices of only a few
menu items may significantly over- or underestimate overall price pass-through. Popular
items, however, have statistically similar price pass-through to all other items, indicating
that restaurants are not using popular items as loss leaders. This also suggest that there
is higher demand for these items but not necessarily lower price elasticity of demand. In
contrast, items with specific indicators of health, including “organic” or “gluten-free,” have
significantly higher pass-through. This indicates that firms may recognize the lower price
demand elasticity for these items.

Further, I examine the extent to which a restaurant’s proximity to a minimum wage
policy border affects the level of price pass-through. I find that restaurants close to a mini-
mum wage policy border increase prices by significantly less than restaurants further from
the border. These border effect estimates have significant economic implications, sug-

gesting that a local minimum wage increase may impede the ability of restaurants on a
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minimum wage policy border to fully pass-through prices to consumers.

I provide the first estimates in the literature of restaurant quality changes as an-
other margin in which firms react to labor cost shocks, finding a heterogeneous effect of an
increase in the minimum wage on restaurant quality. Restaurants that were rated at the me-
dian or below prior to the minimum wage increase saw a significant decrease in the quality
rating given to them by consumers after an increase in the minimum wage. Restaurants that
started at ratings above the median saw a positive effect on their consumer ratings due to
the increase in the minimum wage. The results are consistent over two different measures
of customer-perceived quality. These results suggest that lower quality firms may decrease
output quality in response to a minimum wage increase. However, a minimum wage may
act as an efficiency wage in higher quality restaurants, or higher quality restaurants may be
able to substitute toward higher quality workers.

The unique nature of the dataset allow me to investigate three other potential mar-
gins of response to an increase in the minimum wage. I find no significant changes in the
number of menu items offered or the types of items offered in relationship to an increase
in the minimum wage. Similarly, I find no evidence that firms decreased open hours of
business as a margin of response to the increases in the minimum wage. Using exit from
the sample as a proxy for exit from the market, I find a significant relationship between a
minimum wage increase and exit. Specifically, I find that a firm is 1.3 percentage points
more likely to exit due to a 10% increase in the minimum wage, and that these effects are
larger for lower quality firms. Overall, these data have provided the opportunity to look

further into the effects of a minimum wage increase on restaurants and have brought about
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new areas of exploration for further research.
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CHAPTER 2
THE PASS-THROUGH OF THE LARGEST TAX ON SUGAR-SWEETENED
BEVERAGES: THE CASE OF BOULDER, COLORADO

2.1 Introduction

'The incidence of taxes is a classic topic in public finance. Economic theory indi-
cates that the relative burdens of a tax are determined by the market power of firms and the
elasticities of supply and demand (Kotlikoff & Summers, 1987; Fullerton & Metcalf, 2002;
Weyl and Fabinger, 2013). For example, in a perfectly competitive market, if demand is
completely inelastic or if firms face constant marginal costs, pass-through would be 100
percent and consumers would bear the entire burden of the tax. If the market is imperfectly
competitive, taxes can be overshifted (price may rise by more than the tax) if oligopolists
find it optimal to reduce output and charge higher prices in response (Anderson, de Palma,
& Kreider, 2001; Bonnet & Requillart, 2013). Numerous studies have estimated the pass-
through of taxes on products such as cigarettes and gasoline.?

We estimate the pass-through of a relatively novel tax on sugar-sweetened bever-
ages (SSBs). Numerous organizations, such as the World Health Organization, Institute
of Medicine, American Academy of Pediatrics, and the American Public Health Associ-
ation, have called for taxes on SSBs because SSBs contribute to obesity and poor health

(Rudd Center for Food Policy and Obesity, 2014). In addition to being high-calorie and

IThis chapter is joint work with John Cawley, David Frisvold, and David Jones.

ZEmpirical estimates of excise taxes on alcohol, clothing, cigarettes, and gasoline often find that
100 percent or more of the taxes are passed through to consumers (e.g., Besley & Rosen, 1999;
Poterba, 1996). A smaller body of literature finds partial pass-through, in the range of 45 to 85
percent (e.g., Doyle & Samphantharak, 2008; Harding et al., 2012).
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zero-nutrient, SSBs have a high glycemic load (i.e., they significantly raise blood sugar),
which, independently of obesity, contributes to insulin resistance and diabetes (Malik &
Hu, 2011).

Many countries recently implemented taxes on SSBs, including Australia, Den-
mark, Finland, France, Ireland, Mexico, and the United Kingdom (Thow et al., 2018).
Within the U.S., several cities have adopted taxes on SSBs: first Berkeley, CA, in 2015;
followed by Philadelphia, Boulder, and Oakland in 2017; and San Francisco and Seattle
in 2018.3 All of these city-level taxes are imposed on beverage distributors who sell to
retailers.

Given the relative newness of the taxes, their effects are not well understood.* Com-
paring changes in prices in Berkeley relative to those in control cities such as San Francisco,
both Falbe et al. (2015) and Cawley and Frisvold (2017) estimated that 43-47 percent of
the Berkeley tax was passed on to consumers, and the 95 percent confidence intervals rule
out full pass-through of the tax. Cawley, Willage, and Frisvold (2017) examine the tax in
Philadelphia within the Philadelphia airport, which straddles the city border; thus, some
terminals are taxed and others are untaxed. Within the terminals in Philadelphia, the pass-
through rate was 93 percent. In response, some stores in the untaxed terminals raised prices

by the amount of the tax.

3Many states also impose sales taxes on soft drinks, although they are very small, are primarily
a tool to increase revenue, and apply to diet as well as caloric soft drinks (Fletcher, Frisvold, and
Teftt, 2010, 2015).

4There is also a literature examining the impact of SSB taxes outside of the U.S. Several studies
find that more than 100 percent of the SSB tax in Mexico was passed through to consumers, although
the studies lack geographic control groups and rely on pre-post comparisons and comparisons to
untaxed non-substitute products (Colchero et al., 2015; Grogger, 2017).
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We contribute to this early literature on the pass-through of taxes on SSBs. Specifi-
cally, this paper is the first to estimate the pass-through of the largest city-level tax on SSBs
to date, which is the tax of 2 cents per ounce in Boulder, CO that was implemented on July
1, 2017.° Boulder’s tax on SSBs is substantial; it represents 22 percent of the pretax price
of a 20-ounce bottle, 68 percent of the pretax price of a 2-liter bottle, and 53 percent of the
pretax price of a 12-pack of 12-ounce cans.® Thus, its impact on retail prices may be differ-
ent from that of the smaller taxes of 1 cent per ounce in Berkeley and 1.5 cents per ounce
in Philadelphia. In addition, pass-through may differ across cities because of differences
in the elasticities of supply and demand for SSBs, or the competitiveness of the local retail
markets.

Another important strength of the paper is its rich and varied data. We collected
data in person from stores in Boulder and two control communities in multiple periods
before and after the tax. After the tax, we recorded posted (shelf) prices and purchased a
taxed and untaxed beverage. The tax was levied on beverage distributors, in part, because
excise taxes are more salient and, thus, more likely to reduce consumption (Chetty, Looney,
Kroft, 2009). However, we find that not all retailers included the tax in the posted, or shelf,

prices; some instead added it at the register, where it is less salient.

>The tax in Boulder passed by ballot initiative in November 2016, with 54 percent of voters in
favor of the tax. It is an excise tax on distributors and took effect on July 1, 2017. The tax applies
to SSBs with at least 5 grams of caloric sweetener per 12 fluid ounces. It does not apply to diet
soda, products in which milk is the primary ingredient, alcoholic mixers, or coffee drinks. The tax
is applied to the size of the prepared product; for example, the tax on the syrup used to prepare a 32
ounce fountain drink is 64 cents.

These percentages were calculated using the mean price of SSBs in Boulder in April 2017,
according to our hand-collected store data.
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We additionally collected price data in person from restaurants in the same commu-
nities because restaurants are important points of purchase of SSBs, and the elasticity of
supply of SSBs may differ between restaurants and stores, resulting in a different level of
pass-through. Finally, we collected weekly data from online menus in these communities.
Other strengths of the data include information about the prices of a wide range of taxed
products: various sizes (e.g., 20 ounce and 2-liter bottles), various containers (bottles, cans,
and fountain drinks), and a wide range of brands and products.

We estimate the pass-through of the SSB tax to consumers using a difference-in-
differences design, comparing the changes in prices per ounce over time in Boulder to
two comparison areas. We estimate that the tax increased prices immediately after its
implementation on July 1, 2017 and that this increase remained relatively constant for the
next four months. The posted prices increased by 1.1 cents per ounce on average, a 53.2
percent pass-through rate. However, twenty percent of the stores in Boulder do not include
the tax in their posted prices but instead add it at the register. As a result, pass-through is

larger when measured by the register prices: 1.6 cents per ounce, or 79 percent of the tax.

2.2 Methods
To estimate the pass-through of the SSB tax to retail prices, we use a difference-
in-differences design, comparing the change in prices (in cents per ounce) over time in
Boulder to that in the control communities of Boulder County (minus the city of Boulder)
and Fort Collins, CO. In our primary specification, based on data from all retail stores and

restaurants with two pre-tax periods (April and June) and two periods after the tax was
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introduced (August and October) that we collected in-person, we estimate:

Yiset = Bo + P1(Boulder. x Aprily) + B2(Boulder, x August;) 2.1
+ B3(Boulder. x October;) + 7. + 0 + 0s + ¥; + €iset »

where Y, denotes the price per ounce of product 7 in store s in community ¢ in month
t; Boulder is a binary variable equal to one if store s is located in the City of Boulder
(and O if the store is located in the rest of Boulder County or in Fort Collins); and April,
August, and October are binary variables equal to one if the price is recorded in that month;
June is the omitted reference month. When we estimate the equation using the weekly
online menu data from OrderUp, we replace the month fixed effects with weekly ones.
v. represents community fixed effects, with an indicator variable for Boulder County and
another indicator variable for Fort Collins. J, represents month fixed effects.” , represents
store fixed effects. v; represents product fixed effects.® ¢ is a stochastic error term.

The data include only three geographic clusters (Boulder, the rest of Boulder County,
and Fort Collins).” Cameron and Miller (2015) show that standard errors that do not ac-
count for the number of clusters can overstate precision unless the within-cluster correlation
of errors is solely driven by a common shock process, which would be picked up by our

store-level fixed effects. We cluster standard errors by store, following Cawley and Frisvold

"The results described below are not sensitive to also including day-of-the-week fixed effects
and date-of-the-month fixed effects.

8We define a product based on the size and the name, so examples of products are a 20 oz. bottle
of Pepsi, a 2 liter bottle of 7Up, a 12 pack of 12 oz. cans of Diet Coke, a 8.4 oz. can of Red Bull,
and a small fountain drink.

9With only two geographic areas and two time periods, clustering can lead to degenerate standard
errors (Donald & Lang, 2007; Cameron &Miller, 2015).
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(2017).1% Clustering standard errors at the community level, using the wild cluster boot-
strap method as recommended by Cameron, Gelbach and Miller (2008), yields similar, but
slightly smaller standard errors on the coefficients of interest. As a result, we report the
more conservative standard errors, clustered at the store level.

In the equation listed above, 35 and (35 are the coefficients of interest; they represent
the difference-in-differences estimates of the impact of the Boulder tax on prices in the
post-tax periods of August and October respectively, relative to the pre-tax period of June.
Comparing [5 to 3 indicates whether the estimate of pass-through changed over time after
the tax.

An important assumption underlying this specification is that, in the absence of
the tax, the trends in prices in Boulder would be the same as the trends in the control
communities of Boulder County and Fort Collins. The geographic proximity of these ar-
eas, similarities in demographic characteristics and locations of large, public universities
in Boulder and Fort Collins are consistent with this assumption.!! Boulder County is an
appealing control group because it has the advantage of proximity; any unobserved shocks
to demand in Boulder around the time of the tax are likely experienced by the rest of the
county. However, the disadvantage is that there may be spillover effects of the tax due to

cross-border shopping by Boulder residents seeking to avoid the tax. Fort Collins has the

19T put our limited number of clusters into context, several previous studies of the pass-through
of taxes on SSBs (e.g., Grogger, 2017) had data only for the treated country or state with no geo-
graphic control.

"'The City of Boulder is fully enclosed within Boulder County. When referring to Boulder
County as a community in the control group, we are referring to the area of Boulder County that
excludes the City of Boulder.
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relative advantage of being 45 miles to the north, which makes cross-border shopping from
Boulder unlikely.

To investigate the plausibility of our identifying assumption of parallel trends in
prices in the treatment and control areas, we assess the trends in prices in these areas over
time. In addition, we examine the estimates of (3;, which measure any trend in prices
during the two pre-tax periods of April and June that differs between the treatment and
control group.

We estimate the above equation for taxed and untaxed products separately. We
estimate the impact of the SSB tax on untaxed products because the tax could cause substi-
tution from taxed to untaxed products (e.g., from Coke to Diet Coke) that alters the price
of the untaxed products.

For our primary estimates, we pool all products and sizes. However, because the
price elasticity, and thus the pass-through, may vary by product size and brand, we also

estimate pass-through separately for the most common product sizes and brands.

2.3 Data
We assembled three datasets: 1) hand-collected data of listed prices and purchase
prices of beverages from all retail stores; 2) hand-collected data of listed prices of foun-
tain drinks and coffee drinks from all limited-service restaurants; and 3) web-scraped data
of prices from a selected sample of restaurant menus. Appendix Figures ??, ??, and ??
show the location of each retailer store and restaurant where we gathered prices in Boulder,

Boulder County, and Fort Collins, respectively.
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2.3.1 Hand-Collected Data of Beverage Prices from Stores

We collected beverage prices at four points in time, twice before the tax (April and
June 2017) and twice after the tax (August and October 2017). The four time points enable
us to examine trends in prices before the tax and to compare the pass-through of the tax at
two points in time after implementation.

We collected data from all grocery stores, pharmacies, and convenience stores in
Boulder, Boulder County, and Fort Collins. We identified these stores and their addresses
using the ReferenceUSA database, which includes approximately 24 million U.S. busi-
nesses and is updated monthly.'?> Data collectors visited and recorded prices from 174
retailers in April, 286 retailers in June, 287 retailers in August, and 288 retailers in Octo-
ber.!® After the data collection in April, we expanded the set of retailers to include liquor
stores.

We collected the prices of soft drinks, energy drinks, sports drinks, iced tea, juice,
water, mixers for alcoholic drinks, and fountain drinks. We chose the most common sizes
and brands to maintain consistency among the products and reduce the burden on data
collectors in the field. We selected a mix of products that are taxed and untaxed. For
example, we selected 20 oz. bottles, 2 liter bottles, and 12 packs of 12 oz. cans of Pepsi

(taxed), Diet Pepsi (untaxed), Coke (taxed), and Diet Coke (untaxed).

12Specifically, we included all retailers with verified listings in Boulder County and Fort Collins,
CO that are classified as supermarkets or other grocery stores (NAICS code 445110); convenience
stores (NAICS code 445120); pharmacies and drug stores (NAICS code 446110); gasoline stations
with convenience stores (NAICS code 447110); warehouse clubs and supercenters (NAICS code
452311), and beer, wine, and liquor stores (NAICS code 445310).

3More details on data collection are presented in Appendix Tables A2.1 and A2.2.
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Failing to consider the register price could lead to an underestimate of the overall
pass-through of the tax to consumers. To test this possibility, we construct the register price,
which is equal to the posted price plus the amount of the tax that is itemized on the receipt,
before sales tax is included. Specifically, in October (after the tax), in addition to collecting
posted prices, data collectors purchased 20 oz. bottles of Pepsi and Diet Pepsi from each
retailer and kept the receipt. If the store did not sell these products, the data collectors
purchased another taxed SSB and a comparable untaxed product. Based on the receipts,
we determine whether the posted price matches the price that retailers charge consumers
(excluding sales tax).'* For most retailers, the posted price is equal to the register price.
However, 16 out of 77 Boulder retailers (20.8 percent) did not include the tax in the posted
price, and instead, itemized the amount of the tax on the receipt. If a retailer adds the tax
at the register for the SSB we purchased, we assume that the retailer does the same for all

SSBs in both periods after the tax was implemented.

2.3.2 Hand-Collected Data from Restaurants and Coffee Shops
We collected the price and number of ounces of all sizes of fountain drinks from
restaurants, which are taxed if the drink is caloric (not diet). We also collected the prices
of a 12 oz. drip coffee, a 12 oz. latte, a 12 oz. mocha latte, and a 12 oz. hot chocolate
from coffee shops, which are all untaxed. Although a mocha latte and a hot chocolate are
sweetened beverages, the City Council exempted milk-based products from the tax.

We collected data from all limited-service restaurants and coffee shop locations in

14One retailer includes sales tax in the posted price. As a result, the receipt price, before the sales
tax is included, is less than the posted price in all periods for this retailer.

www.manaraa.com



62

Boulder County, including the City of Boulder, and Fort Collins.!> Data collectors visited
each of these restaurants to determine whether the restaurant sold fountain drinks or coffee
drinks and to record the prices and sizes. We collected this information from restaurants
in April, June, August, and October 2017, and from coffee shops in June, August, and
October 2017. Data collectors visited 236 restaurants in April, 345 restaurants and coffee
shops in June, 342 restaurants and coffee shops in August, and 340 restaurants and coffee

shops in October. !¢

2.3.3 OrderUp Data of Restaurant Beverages

As a third source of data, we collected beverage prices from the menus of restau-
rants that participate in the OrderUp.com delivery platform in the City of Boulder and
the Fort Collins area. There are no restaurants in Boulder County, outside of the City of
Boulder, that participate in OrderUp. OrderUp is an online restaurant food ordering and de-
livery company that was founded in 2009 and serves customers in over 60 locations across
22 states.

We were able to collect these data more frequently because we collected these data
by web scraping as opposed to in-person recording. We scraped the OrderUp data weekly,

beginning every Wednesday, from March 22, 2017 through October 25, 2017. The fre-

15Specifically, using the ReferenceUSA database, we included all restaurants with verified list-
ings in Boulder County and Fort Collins, CO that are classified as limited-service restaurants
(NAICS code 722513) and snack and non-alcoholic beverage bars (NAICS code 722515), which
includes all coffee shops listed under SIC code 581228. Limited-service restaurants are restaurants
in which customers order at the counter.

16The number of restaurants selling each product in each time period are shown in Appendix
Table A2.3.
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quency of the data provides us with greater detail on the timing and consistency of price
changes after the introduction of the tax and of the trends in prices prior to the tax.

The data collection began with 219 restaurants, of which 158 appeared in all waves
of data collection. Reasons for a restaurant not remaining in the sample include termination
of use of the OrderUp system, closures, name or address changes (these are the two identi-
fying variables for a restaurant), and technical errors occurring when the website is updated
and the scrape incorrectly reads or saves a menu. Of the 158 restaurants consistently in the
sample every week, 114 consistently have beverage items throughout the entire period.!”
Of the 114 restaurants, 42 are located within the city of Boulder and 72 are located in the
Fort Collins area.'®

The types of beverages on the OrderUp menus are more varied than the hand-
collected retail and restaurant data. The OrderUp beverage items in the final sample range
from specific branded items (e.g., Coke, Oogave Rootbeer) to general types of drinks (e.g.,
apple juice, tea). The full list of items is shown in Appendix Table A2.4. We categorize
each beverage item into one of three categories based on the Boulder SSB tax law: taxed,
untaxed, or unknown. Most OrderUp beverage items have names that we can categorize
as taxed or not under the Boulder SSB law, but some items have generic names such as
“Coke products”, which we cannot definitively categorize. Of the 877 beverage items in

the balanced sample, 688 are identified as taxed or untaxed. Some beverage items con-

17We identify products by item name, and size when applicable, thus menu updates that change
either variable exclude the item from the balanced sample.

I8For this sample, the Fort Collins area includes Fort Collins, Evans, Garden City, Greeley, Love-
land, and Windsor.
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tain information on fluid ounces, but the majority only contain the name of the item. The
number of ounces of the product is only known for 67 of the 877 items. As such, for the
OrderUp items, we report price per drink instead of price per ounce. We assume that the
number of ounces did not change over time for the drinks for which size is not listed. Al-
though this is untestable for all items, there was no change in size after the tax for the 67

drink items of known size, which supports the plausibility of this assumption.

2.4 Results
2.4.1 Evidence Regarding Parallel Trends

The difference-in-differences method assumes that the comparison community is
a valid counterfactual for the treated community. To investigate the plausibility of this
assumption, we examine whether there existed parallel trends in the outcome (prices per
ounce) between the treatment and comparison communities prior to the treatment. We
present the trends for taxed and untaxed drinks, for the hand-collected store data (Figure
??), hand-collected restaurant data (Appendix Figure ??), and web-scraped restaurant data
(Appendix Figure ??). The trends in prices of all taxed products in Boulder are stable
prior to the introduction of the tax in July and are comparable to the trends in prices of
taxed products outside of Boulder over this same period (Figure ??). Graphs of the trends
in prices for specific sizes (20 ounce bottle, 2 liter bottle, 12 pack of 12 ounce cans, and
fountain drinks) and specific brands (Pepsi products, Coke products, and other brands)
sold in stores show similar patterns. The trends in the price per ounce of fountain drinks

in restaurants and the price per drink from OrderUp are also stable in Boulder and parallel
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to the trends for taxed products outside of Boulder prior to the introduction of the tax

(Appendix Figures ?? and ??).
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Figure 2.1: Trends in the Price per Ounce of SSBs and Other Beverages at Retailers

Notes: Price per ounce is reported in cents. Taxed and not taxed items are defined according to
whether the item is taxed under the law in Boulder. Posted prices are the prices shown on the shelf
for each item. Register prices are constructed to account for stores that do not include the SSB tax
in the posted price, and is equal to the posted price plus the amount of the tax that is itemized on the
receipt. The data are balanced at the store-item level across all four waves of the data collection.

2.4.2 Difference-in-Differences Estimates
Table 2.1 presents the difference-in-differences estimates for taxed and untaxed
items, separately for the entire sample (i.e., unbalanced panel) and the balanced panel of
products. Results for taxed items are shown for both posted prices and register prices. Col-
umn 1 presents results based on posted prices for the entire sample. The posted prices of

SSBs increased from June (the last month prior to the tax) to August by 1.018 cents per
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ounce in Boulder, relative to the control communities.!® The tax is 2 cents per ounce, so
the price increase represents a pass-through of 50.9 percent. In October (3 months after
the tax), prices were 1.022 cents per ounce higher than in June. Thus, prices rose from
June to August, which is the month following the implementation of the tax, and then re-
mained constant through October. Importantly, the coefficient on the interaction term for
Boulder x April suggests that there was not a differential trend in prices between Boulder
and the control communities prior to the tax.

We also selected products that are consumed more commonly in Boulder, such
as Hansen’s soda (taxed), San Pellegrino (untaxed), and GT’s Organic Raw Kombucha
(untaxed).?’ For all products, we collected the posted price and whether the product was
on sale. If a store did not post prices, data collectors asked an employee for the price of the
products. We collected this information for all products in each of the four periods, except
that we began collecting the prices of Hansen’s, San Pellegrino, and alcohol mixers in June
(the second of the two pre-tax periods). The full list of products is shown in Appendix
Table A2.1.

Next, we examine pass-through based on register prices (the results discussed in
this paragraph are not presented in Table 2.1). Approximately twenty percent of stores

itemize the tax at the register; more than half of these (13 out of 16) are convenience stores.

19The estimates are similar if we examine each control community separately, instead of combin-
ing Boulder County and Fort Collins.

20Fermented beverages with less than 11 grams of caloric sweetener per 12 fluid ounces were
exempt from the tax. The GT’s Kombucha products that were collected meet this criteria.
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Table 2.1: Estimates of the Change in Retail Prices in Boulder after the SSB Tax

Taxed Products  Untaxed Products
Register Prices Posted Prices

Taxed Products Taxed Products Untaxed Products  Taxed Products
Posted Prices ~ Register Prices Posted Prices Posted Prices

Full Sample Full Sample Full Sample Balanced Sample Balanced Sample Balanced Sample

Boulder x Apr -0.130 -0.152 -0.385 -0.155 -0.160 -0.339

(0.109) (0.100) (0.184) (0.083) (0.082) (0.129)
Boulder x Aug 1.018 1.578 0.127 1.033 1.557 0.164

(0.129) (0.139) (0.121) (0.210) (0.206) (0.226)
Boulder x Oct 1.022 1.581 0.179 1.026 1.550 -0.023

(0.122) (0.137) (0.129) (0.209) (0.201) (0.142)
N 4078 4078 2625 1536 1536 919
NxT 11825 11825 7446 6129 6129 3676
Mean 7.907 7.907 11.613 7.985 7.985 11.181
R? 0.957 0.957 0.929 0.977 0.977 0.953

Notes: Results in this table are calculated using the hand-collected retail data. The dependent variable is the price in cents per ounce.
The estimates show the change in the number of cents per ounce of the retail price relative to the prices in June in Boulder County and
Fort Collins. Posted prices are the prices shown on the shelf for each item. Register prices are constructed to account for stores that do
not include the SSB tax in the posted price, and is equal to the posted price plus the amount of the tax that is itemized on the receipt.
Standard errors, in parentheses, are clustered at the store level. Additional variables that are included, but not shown, are community
fixed effects, month fixed effects, store fixed effects and product fixed effects. N represents the number of unique store specific items, N
x T represents the number of unique store specific item observations across all waves. Mean is the pre-tax average price per ounce in
cents.
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In contrast, only 8 out of 61 stores that only incorporate the tax into the shelf price are
convenience stores. Stores that itemize the tax at the register also increased their prices
on the shelf. The mean shelf price of taxed beverages in these stores increased by 0.438
cents per ounce (with a standard error of 0.101) from June to August, while the mean
price for untaxed items increased by only 0.147 cents per ounce (with a standard error of
0.078). Since these stores also itemized the tax at the register, the mean price paid at the
register of taxed beverages increased by 2.438 cents per ounce. In contrast, in stores that
only incorporated the tax into the shelf price (and did not itemize the tax), mean prices
increased by 0.965 cents per ounce (with a standard error of 0.150) for taxed beverages and
(0.348 cents per ounce (with a standard error of 0.138) for untaxed beverages.

Column 2 of Table 2.1 shows the difference-in-differences estimates using the reg-
ister prices for all stores. Prices in Boulder increased by 1.578 cents per ounce from June to
August, for an estimated pass-through rate of 78.9 percent. Again, the estimate for October
is very similar to that for August, implying that pass-through remained roughly constant in
the months after the tax.

The third column of Table 2.1 reports results for untaxed beverages. The effect of
the Boulder tax on the price of untaxed items is small in magnitude and not statistically
significant. There is some evidence of a differential trend in the prices of untaxed products
from April to June.

In the last three columns of Table 2.1, we find that the estimates are similar when
we restrict the sample to the balanced panel of products that are consistently in the sample

during all four periods. Thus, changes in products or stores do not drive the estimates for
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the entire sample.

We next examine whether the extent of pass-through varies by the size of the bev-
erage, whether it is a fountain drink, and by store type. Pass-through could vary by size
if demand is more inelastic for individual servings (e.g., 20-ounce bottles) than for larger
volumes that are part of larger shopping trips in which people drive. Pass-through could
vary by store type if the elasticities of demand and supply differ across store type, because
of differences in the stores’ marginal costs or because of differences in their clientele.

Table 2.2 displays difference-in-difference estimates using the entire sample and
register prices for beverages by size (20 ounce bottles, 2 liter bottles, and 12 packs of 12
ounce cans), for fountain drinks, and for store types (convenience, grocery, pharmacies,
and liquor). There are not major differences in pass-through by the size of the beverage;
it is roughly 75 percent for each. Fountain drinks stand out because the tax is over-shifted
onto their retail prices; prices on fountain drinks rise by roughly 2.8 cents per ounce or 140
percent of the tax. The pass-through estimates are smaller for pharmacies and for grocery
stores than other types at 52 percent and 64 percent, respectively. In contrast, the tax is
passed through at 84 percent for liquor stores and at 99 percent for convenience stores.?!
Table 2.3 reports results using the hand-collected data on fountain drinks and coffee

drinks from restaurants. The price of fountain drinks increased by 0.972 cents per ounce in

Boulder from June to August, relative to the price in Boulder County and Fort Collins,

2IThe estimates are similar for chain and independent stores. Pass-through rates do not vary based
on the distance of the retailer within Boulder to the nearest competitor in an untaxed area. Pass-
through rates are similar for soda, energy drinks, and sweetened teas, but lower for sports drinks at
53 percent in August. Appendix Table A2.5 displays estimates for specific products.
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Table 2.2: Heterogeneity in Estimates of the Change in Retail Prices in Boulder after the SSB Tax

200z 2L 12Pk  Fountain Convenience Grocery Pharmacy Liquor
Boulder x Apr  0.182  -0.050 0.018 1.625 -0.099 -0.242 -0.203
(0.100) (0.138) (0.170)  (0.278) (0.128) (0.218) (0.175)
Boulder x Aug  1.565 1.450 1.703 2.792 1.989 1.274 1.054 1.679
(0.157) (0.154) (0.169) (0.430) (0.201) (0.234) (0.350)  (0.242)
Boulder x Oct  1.533 1.459 1.584 2.834 1.933 1.385 1.013 1.787
(0.150) (0.159) (0.166)  (0.440) (0.212) (0.215) (0.304)  (0.246)
N 1357 685 369 365 1643 1071 534 830
NxT 3953 1962 1153 1066 4527 3374 2077 1847
Mean 8997  3.158 3.86 4.089 8.07 7.667 7.964 7.814
R? 0.690  0.807  0.843 0.897 0.98 0.928 0.973 0.959

Notes: Results in this table are calculated using the full sample of taxed products from the hand-collected re-
tail data and the prices charged at the register. The dependent variable is the price in cents per ounce. The
estimates show the change in the number of cents per ounce of the retail price relative to the prices in June in
Boulder County and Fort Collins. Standard errors, in parentheses, are clustered at the store level. Additional
variables that are included, but not shown, are community fixed effects, month fixed effects, store fixed effects
and product fixed effects. N represents the number of unique store specific items, N x T represents the num-
ber of unique store specific item observations across all waves. Mean is the pre-tax average price per ounce
in cents.
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implying a pass-through of 48.6 percent. In contrast to retail prices, the prices of fountain

drinks in restaurants continued to rise after August. In October, the relative price per ounce

in Boulder was 1.387 cents higher than in June, for a pass-through of 69.4 percent. As also

shown in the table, the prices of untaxed products in coffee shops did not change as a result

of the tax on SSBs. Again, estimates for the balanced sample of stores are similar to those

for the entire (unbalanced) sample.

Table 2.3: Estimates of the Change in Hand Collected Restaurant Prices in Boulder after

the SSB Tax
Fountain Coffee Fountain Coffee
Full Sample Full Sample Balanced Sample Balanced Sample
Boulder x Apr -0.187 -0.146
(0.316) (0.342)
Boulder x Aug 0.972 -0.069 1.013 -0.048
(0.204) (0.234) (0.211) (0.236)
Boulder x Oct 1.387 -0.125 1.340 -0.100
(0.267) (0.228) (0.275) (0.228)
N 689 628 471 419
NxT 2250 1557 1830 1257
Mean 7.963 23.315 7.853 24.048
R? 0.752 0.904 0.712 0.907

Notes: Results in this table are calculated using the hand-collected restaurant data. The
dependent variable is the price in cents per ounce. The estimates for Boulder x August
and Boulder x October show the change in the number of cents per ounce of the restau-
rant price relative to the prices in June in Boulder County and Fort Collins. Standard
errors, in parentheses, are clustered at the store level. Additional variables that are in-
cluded, but not shown, are community fixed effects, month fixed effects, restaurant fixed
effects and product fixed effects. N represents the number of unique restaurant specific
items, N x T represents the number of unique restaurant specific item observations across

all waves. Mean is the pre-tax average price per ounce in cents.
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Table 2.4 displays results using the price data scraped from restaurant menus on
OrderUp. An advantage of these data is that they could be collected more often, so we
have greater ability to examine any difference in trends between the treatment and control
communities prior to the tax, as well as changes in pass-through over time after the tax.
A limitation of the OrderUp data is that we generally do not observe the size of the drink
in ounces, so we observe price per drink rather than price per ounce, and while we can
estimate the change in overall price we cannot estimate percent pass-through.

The interaction of the indicator variable for Boulder with months prior to the tax
(March, April, and May) yields no evidence of a differential trend between the treatment
and control communities, which is consistent with the identifying assumption of the re-
gression model. For taxed beverages, the tax increased prices by 17.3 cents in August,
21.1 cents in September, and 20.2 cents in October. Prices also rose for untaxed beverages
following the SSB tax: by 6.5 cents in August, 8.4 cents in September, and 7.8 cents in
October. Beverages of unknown tax status (listed in column 3) experienced changes in
price similar to those of untaxed items. Although we cannot estimate the percentage pass-
through of the tax, these data serve the important purposes of confirming parallel trends
for Boulder and the control communities prior to the tax, and for confirming that the retail

prices of taxed drinks rose more in Boulder than in the control communities after the tax.
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Table 2.4: Estimates of the Change in OrderUp Restaurant Prices in Boulder after the SSB

Tax

Taxed Untaxed Unknown
Boulder x Mar  0.013 0.011 0.015
(0.021)  (0.006) (0.018)
Boulder x Apr  0.010 0.011 -0.007
(0.009) (0.006) (0.012)
Boulder x May  0.000 0.007 0.008
(0.003) (0.005) (0.014)
Boulder x Jul 0.082 0.027 0.003
(0.041) (0.032) (0.020)
Boulder x Aug  0.173 0.065 0.066
(0.067) (0.038) (0.032)
Boulder x Sept  0.211 0.084 0.090
(0.087)  (0.040) (0.039)
Boulder x Oct  0.202 0.078 0.087
(0.089) (0.040) (0.039)

N 343 345 189
NxT 10976 11040 6048
Mean 2.448 2.84 3.447
R? 0.921 0.753 0.745

Notes: Results in this table are calculated using the
balanced sample of the OrderUp restaurant data. The
dependent variable is the price in dollars per drink.
The estimates show the change in the dollars per
drink of the restaurant price relative to the prices
in June in Boulder County and Fort Collins. Stan-
dard errors, in parentheses, are clustered at the store
level. Additional variables that are included, but not
shown, are community fixed effects, month fixed ef-
fects, restaurant fixed effects and product fixed ef-
fects. N represents the number of unique restau-
rant specific items, N x T represents the number of
unique restaurant specific item observations across
all waves. Mean is the pre-tax average price per
drink in dollar.
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2.5 Discussion and Conclusion

This paper provides the first evidence of the impact of the tax on SSBs in Boulder,
CO, a tax that is noteworthy because it is the largest tax on SSBs passed by any U.S.
city. Using hand-collected data from hundreds of retailers and hundreds of restaurants, we
estimate that the tax was substantially, but not fully, passed through to consumers in the
form of higher prices. Data from transactions at store registers indicate that 79.3 percent
of the tax was passed through one month after the tax was instituted, and that the pass-
through remained roughly constant for the next several months. The pass-through was
similar across sizes of SSBs and was larger for liquor stores and convenience stores than in
pharmacies. There is little evidence of any impact of the tax on the store prices of untaxed
beverages. Data hand-collected from restaurants indicates that the pass-through of the tax
was 69.4 percent on fountain drinks, and the tax had no detectable impact on the prices of
untaxed coffee drinks. For restaurants, the increase in prices is slightly more gradual than
retailers; this could be due to restaurants in general changing their prices less frequently
than retailers.

It is commonly assumed that an excise tax will be incorporated into the shelf price
(e.g., Chetty Looney, and Kroft, 2009). However, we find that not all retailers increase the
posted price of SSBs in response to the tax. Among retailers in Boulder selling SSBs, 21
percent chose to add the tax at the register and itemize it on the receipt. Ignoring these
decisions of retailers would lead to a substantial underestimate of the pass-through rate.
The estimated pass-through based on posted prices is 51.2 percent; whereas, pass-through

based on register prices is 79.3 percent.
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Increasing the price at the register compared to the shelf could have important im-
plications for the impact of the tax on purchases and the regressivity of the tax. The tax
i1s more salient when it is included in the shelf price because it is observed at the point of
decision-making; consumers may not notice it being added at the register. Consistent with
this, Chetty, Looney, and Kroft (2009) find that alcohol purchases decrease more when the
tax is incorporated into the posted price instead of added at the register. Taubinsky and
Rees-Jones (2018) find that consumers are less responsive to taxes that are not as salient
on low-priced items, such as single-serving SSBs. Goldin and Homonoft (2013) suggest
that cigarette taxes imposed at the register could be less regressive than similar taxes incor-
porated into the posted prices if low-income consumers are more attentive to prices at the
register than high-income consumers.

Overall, our estimates suggest that the tax on SSBs in Boulder was substantially,
but not fully, passed through to consumers. With the exception of fountain drinks and
convenience stores, the 95 percent confidence intervals rule out 100 percent pass-through.
The estimates of the pass-through of the tax in Boulder are larger than estimates of the
pass-through of the SSB tax in Berkeley (Falbe et al., 2015; Cawley and Frisvold, 2017).
They are lower than the estimates of the pass-through of taxes on SSBs in other countries
(e.g. Colchero et al., 2015; Grogger, 2017; Berardi et al., 2016; Bergman and Hansen,
2010); although, this may be because those studies lack geographic control groups.

These results have implications beyond Boulder. Many cities have recently enacted
taxes on SSBs, and their effects are not well understood. This paper contributes to the

growing literature on the impacts of these taxes. These results also have implications for
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simulations of the effect of SSB taxes on consumption, which have often assumed that
taxes will be fully passed through to consumers (e.g., Dharmasena, Davis, & Capps, 2014;
Long et al., 2015; Wang et al., 2012). The results of this paper imply that consumers do not
always bear the full burden of SSB tax (e.g., pass-through is not necessarily full) and that
pass-through rates can vary across different localities.

Strengths of this analysis in Boulder include: (1) multiple periods of prices prior
to the implementation of the tax, which allow us to assess whether the trends in prices
are similar in the treated and the multiple comparison communities; (2) multiple periods
of prices after the implementation of the tax, which allow us to determine how quickly
restaurants and retailers respond to the tax; (3) prices from a wide range of products; (4)
prices from all retailers and limited-service restaurants in the three communities, which
minimizes sampling error; (5) large sample sizes of hundreds of stores and hundreds of
restaurants; (6) weekly prices from online restaurant menus; and (7) both posted and receipt
prices from retailers.

We acknowledge that the comparison communities may be imperfect controls for
Boulder, and we do not observe prices charged by the distributor to retailer. We also lack
of information on sales, consumption, or consumer weight. Another limitation of this
study is that we have a small number of clusters; we examine three geographic areas and
four time periods (in the hand-collected data, with more periods in the web-scraped data).
Despite these limitations, this paper presents important information about the incidence of

the largest tax on SSBs in the United States.
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CHAPTER 3
LABOR MARKET EFFECTS OF A HEALTH SHOCK ON THE
AGING POPULATION: EVIDENCE FROM A BAN ON TRANS FAT

3.1 Introduction

Health status is a major determinant of labor market outcomes including labor force
participation, retirement, and hours worked. From 1996 to 2016, the labor force partici-
pation rate for those ages 55 and older increased from 30.3% to 40.0%, and from 12.1%
to 19.3% for those ages 65 and older. Since the risk of many serious health conditions
increases with age, this aging workforce increasingly must deal with the onset of serious
health conditions while still in the labor force. This paper adds to the growing literature on
the relationship between health status and labor market outcomes by providing estimates
of how a ban on trans fatty acids, a nutrition based health shock, affected labor market
outcomes for the aging population.

There is a large literature linking health status and labor market outcomes, dating
back to Grossman (1972), who argued that health is an investment good of which the labor
supply function is dependent. In the labor market, workers must choose between leisure and
goods, and the onset of a serious health problem steepens the indifference curve when sub-
stituting between leisure and goods by the same as multiple additional years of age (Gust-
man and Steinmeier, 1986; Pelkowski and Berger, 2004). Similarly, poor health increases
the value of retirement relative to either part-time or full-time employment (Berkovec and
Stern, 1991; Chan and Huff Stevens, 2001; French and Jones, 2011). In addition, self re-

ported poor health has the largest impact on the probability of retiring, more so than educ-
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tion, income, or marital status (Diamond and Hausman, 1984; Van der Klaauw and Wolpin,
2008). Although the relationship between health and the labor force is well established, it
is important to further understand how specific changes in health can directly impact labor
force outcomes, specifically for the aging population due to the increasing participation
rate. One such prevalent health condition that has the ability to drastically change health
status is cardiovascular disease.

Cardiovascular disease (CVD) is the leading cause of death in the U.S, and in 2010
constituted $273 billion a year in direct medical costs and $172 billion in lost productivity
(Heidenreich, Trogdon, Khavjou, Butler, Dracup, Ezekowitz, Finkelstein, Hong, Johnston,
Khera et al., 2011). CVD can be particularly influenced by diet and nutrition (Bazzano,
He, Ogden, Loria, Vupputuri, Myers and Whelton, 2002; Harris, Mozaffarian, Rimm, Kris-
Etherton, Rudel, Appel, Engler, Engler and Sacks, 2009). One such dietary nutrient that
has been specifically linked to CVD is trans fatty acid (TFA), or partially hydrogenated
oil. TFAs have been shown to reduce HDL (good) cholesterol and increase LDL (bad)
cholesterol and inflammation (Mensink and Katan, 1990; Mensink et al., 2003; Brouwer
et al., 2010). In a survey of the literature, Mozaffarian et al. (2006) concluded that the
most reliable research suggests that a 2% increase in daily energy intake from TFAs is
associated with a 23% increased risk of CVD. As an informative example, according to
the 2002 Harvard Food Composition Database, the average single order of French fries
contained over 5 grams of TFAs, which is the equivalent of over 2% of daily energy intake
based on a 2,000 calorie per day diet. Thus, TFAs incur a substantial increased risk of CVD

at relatively low levels of consumption.
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In response to the establishment of the unfavorable physiologic changes due to con-
sumption of TFAs, cities and counties began to restrict the use of TFAs in food establish-
ments in 2007, and by June 2018, all TFAs were removed from manufactured goods by
order of the FDA. The first ban on TFAs was implemented in New York City (NYC) on
July 1, 2007. This ban on the use of TFAs applied to all eating establishments, including but
not limited to, restaurants, bakeries, caterers, cafeterias, and senior-meal programs (City of
New York, 2006). Over this time period in the U.S., consumption of food prepared away
from home comprised over 40% of total food expenditures (Economic Research Service,
USDA and National Bureau of Economic Research, 2016), and more than one third of daily
food energy intake was from food prepared away from home (Moshfegh, Goldman, Ahuja,
Rhodes and LaComb, 2009). Brandt et. al (2017) concluded that the TFA ban in NYC
decreased hospital admissions for heart attack and strokes by 6.2%. In addition, Restrepo
and Rieger (2016) found that cardiovascular disease mortality rates decreased by 4.5% due
to the implementation of this TFA ban in NYC. These two studies provide evidence that
the NYC ban on TFAs provided a positive health shock to the aging workforce.

In this paper, I examine the impact of the nutrition based health shock from a reduc-
tion in TFA consumption on labor market outcomes of the aging population in the decade
following the ban on TFAs in NYC. This paper is the first to examine the labor market
impact of a TFA ban. Using data from the Current Population Survey (CPS), I estimate the
impact of the TFA ban on retirement, employment, ability to work, and hours worked for
people ages 50 and over. Using the preferred specification of control group, I find that the

percent of those employed at ages 50 and over increased by 3.4 percentage points, and that
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hours worked per week increased by 1.5 hours four and more years after the implementa-
tion of a ban on TFAs. I find that these changes were driven by a decrease in the percent of
those who were unable to work, and not by a decrease in the percent of those who retired.
To gain a better understanding of the health mechanisms through which these labor market
effects occur, I utilize data from the Health and Retirement Study (HRS). I estimate that the
incidence of a heart condition decreased by 2.3 percentage points three to five years after
the implementation of a TFA ban. These results suggest that the decrease in CVD events is

the driving health mechanism behind these labor market effects.

3.2 Background
3.2.1 Trans Fatty Acids

Trans fatty acids (TFAs) are unsaturated fatty acids with one or more double bond(s)
in the trans configuration. The most common form of TFAs are created through an indus-
trial process called partial hydrogenation, which converts vegetable oil into a semi solid
fat. Prior to the government restrictions on its use, the primary form of consumption of
TFAs was through fried foods, bakery products, packaged snacks, margarines, and crackers
(Kris-Etherton, Lefevre, Mensink, Petersen, Fleming and Flickinger, 2012). The benefits
of using TFAs, from a food industry standpoint, include a long shelf life, stability during
frying, they are relatively inexpensive, and the semisolidity which can be used for multiple
types of food. Small amounts of TFAs also occur naturally in meats and dairy products
from animals with multi-chambered stomachs. These sources produce levels which are

significantly smaller than the levels found in foods with artificial TFAs, and have not been
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found to have detrimental health effects; thus, for the remainder of this paper I will consider
only the artificial TFAs found in manufactured foods.

Dietary fat composition is widely demonstrated to be a strong determinant of car-
diovascular related diseases. TFAs, specifically, are associated with decreased high-density
lipoprotein (HDL) cholesterol, commonly known as “good cholesterol”, and increased low-
density lipoprotein (LDL) cholesterol, commonly known as “bad cholesterol” (Mensink
and Katan, 1990; Zock and Katan, 1992; Willett, Stampfer, Manson, Colditz, Speizer, Ros-
ner, Hennekens and Sampson, 1993; Mensink, Zock, Kester and Katan, 2003; Brouwer,
Wanders and Katan, 2010). TFAs are also associated with higher levels of systemic inflam-
mation as well as endothelial cell dysfunction (Han, Leka, Lichtenstein, Ausman, Schaefer
and Meydani, 2002; Mozaffarian, Pischon, Hankinson, Rifai, Joshipura, Willett and Rimm,
2004).

In a survey of the literature on the relationship between TFAs and cardiovascular
disease, Mozaffarian et al. (2006) report that TFAs increase the risk of cardiovascular
disease more so than any other macronutrient. On average, the literature finds that a 2%
increase in energy intake from TFAs is associated with a 23% increase in the risk of car-
diovascular disease, a substantial increase in risk at a relatively low level of consumption
(Mozaffarian, Katan, Ascherio, Stampfer and Willett, 2006). To put this in perspective, on
average, one serving of french fries contains 4.6 to 6.1 grams of TFAs, which represents
2.1 to 2.7 percent of daily energy intake based on a 2000 calorie diet. As another compar-
ison, based on data from the 1999-2002 NHANES, TFAs comprised an average of 2 to 3

percent of total energy intake in the U.S. (Kris-Etherton, Lefevre, Mensink, Petersen, Flem-
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ing and Flickinger, 2012). In response to the establishment of the unfavorable physiologic
changes due to consumption of TFAs and the large proportion of energy intake consumed
from food away from home, cities and counties began to restrict the use of TFAs in food

establishments.

3.2.2 Policies on Trans Fatty Acids

Between 2007 and 2010, 15 localized areas in 6 states banned the use of TFAs
in food establishments. In 2013, the U.S. Food and Drug Administration declared TFAs
“not generally recognized as safe” and were removed from all food products by July 2018
(Food and Drug Administration, 2015).New York City was the first area in the U.S. to enact
a ban on TFA. The ban on TFAs was implemented on July 1, 2007 and applied to eating
establishments including restaurants, bakeries, caterers, cafeterias, senior meal programs,
and others (City of New York, 2006).

The first phase of the restriction, implemented on July 1, 2007, banned the use of
TFAs in frying, grilling, and use as a spread. The second phase, implemented on July
1, 2008, banned the use of TFA in deep frying, batter, and yeast dough. In this paper, I
define the start of phase one as the implementation of the TFA ban, as this was the earliest
date of a reduction in TFA consumption. Estimates from NYC fast food restaurant receipts
collected prior to and after implementation suggest that the average TFA content per meal
decreased by 2.4 grams, from 2.9 grams to 0.5 grams (Angell, Cobb, Curtis, Konty and
Silver, 2012). Based on a 2,000 calorie per day diet, this is a decrease of 1.2% energy

intake from TFA. In addition, by 16 months after the implementation of the ban, less than
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2% of NYC restaurants were found to use any TFAs (Angell, Silver, Goldstein, Johnson,

Deitcher, Frieden and Bassett, 2009).

3.3 Data

3.3.1 CPS
To estimate changes in labor market outcomes for the aging population due to the
nutrition based health shock of a decrease in TFA consumption, I utilize data from the Cur-
rent Population Survey (CPS). The CPS is a monthly survey of U.S. households sponsored
by the U.S. Census Bureau and the U.S. Bureau of Labor Statistics. It is the primary source
of labor force statistics in the U.S., providing comprehensive household data on labor force
participation, employment, unemployment, hours of work, as well as other demographic
characteristics. 1 use the Basic Monthly CPS IPUMS Sample (Flood, King, Ruggles and

Warren, 2017), restricting the sample to those ages 50 and above.

3.3.2 HRS

As a second source of data, I use the Health and Retirement Study (HRS) in order
to explore the health mechanisms by which a ban on TFAs affect the labor market out-
comes of the aging population. The HRS is a longitudinal panel study that surveyed a
representative sample of approximately 20,000 people in the U.S. between 1992 and 2016.
The survey data obtained consists of extensive economic, health, and family information.
Funding for this survey is provided by The National Institute on Aging and the Social Se-
curity Administration. Surveys were conducted by the Institute for Social Research Survey

Research Center at the University of Michigan. Sample selection was driven by a mul-
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tistage area probability sample of households based on the Survey Research Center’s 84
National Sample frame.

Throughout the duration of the survey, there have been seven cohorts of respon-
dents. For each cohort, the sampling included households in the contiguous U.S. with at
least one spouse born between the years of the identified cohort sample.! Appendix Fig-
ure ?? depicts he HRS longitudinal cohort sample design. The original HRS cohort was
surveyed starting in 1992 and was administered every other year. The Asset and Health
Dynamics Among the Oldest Old cohort was surveyed in 1993, 1995, and then every other
year from 1998 to 2012. Primary household respondents in this cohort were born before
1924. The majority of this cohort was deceased prior to the implementation of the TFA
bans, thus is not included in the analysis for this paper.

The Children of the Depression cohort and the War Babies cohort were surveyed
every other year from 1998 to 2016. The Children of the Depression cohort primary house-
hold respondents were born between 1924 and 1930. The War Babies cohort primary
household respondents were born between 1942 and 1947. The Early Baby Boomers cohort
was surveyed every other year from 2004 to 2016. These primary household respondents
were born between 1948 and 1953. The Mid-Baby Boomers were surveyed every other
year between 2010 and 2016, and the primary household respondents were born between
1954 and 1959. The Late Baby Boomers were surveyed starting in 2016, and the primary

household respondents were born between 1960 and 1965. The last two cohorts, the Mid

!Individuals that were in institutions were excluded from the survey population, however survey
participants were followed if they moved from a household into an institution throughout the course
of the survey.
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and Late Baby Boomers, are excluded from analysis since they were not in the data prior
to the TFA bans.

The primary HRS variable of interest is the prevalence of a heart condition. This is
a binary variable denoting whether a respondent has been told by a doctor in the last two
years (or since the last survey wave) that the respondent has had a heart attack, coronary

heart disease, angina, congestive heart failure, or other heart problems.

3.3.3 Control Groups

A key assumption underlying the difference-in-differences model used in this paper
is that the trends in the outcomes of interest in NYC, in the absence of the ban on TFAs,
would be comparable to trends in the outcomes of interest in the comparison group. To
address this, I utilize multiple comparison groups. The first comparison group is comprised
of respondents that live in the state of New York (NY) but outside of NYC.? Upstate NY
has been used as the counterfactual group in the previous studies that have examined effects
of the TFA ban (Brandt, Myerson, Perraillon and Polonsky, 2017; Restrepo and Rieger,
2016), as upstate NY is geographically and socioeconomically similar to NYC in multiple
dimensions.

As a second comparison group, I use individuals that live in a metropolitan statisti-
cal area (MSA) of larger than 5 million people. Pre-TFA ban, baseline characteristics and
sample sizes of these two comparison groups and the treatment group in the CPS and HRS

datasets are shown in Tables 3.1 and 3.2, respectively.

>Three other counties in NY (Nassau, Westchester, and Albany) implemented a ban on TFAs
between 2008 and 2009, and thus are excluded from all control groups.
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Table 3.1: Baseline Characteristics of Comparison Groups: CPS

NYC  Upstate NY LgMSA

Female 0.581 0.541 0.549
(0.002) (0.002) (0.001)
Age 64.455 64.121 63.726
(0.041) (0.035) (0.016)
Low Income 0.288 0.197 0.173
(0.002) (0.001) (0.001)
High Income  0.065 0.083 0.085
(0.001) (0.001) (0.000)
High School  0.607 0.566 0.505
(0.002) (0.002) (0.001)
Retired 0.424 0.456 0412
(0.002) (0.002) (0.001)
Working 0.371 0.405 0.446
(0.002) (0.002) (0.001)
Unable 0.093 0.058 0.051
(0.001) (0.001) (0.000)
Hours 40.042 38.951 39.963
(0.072) (0.068) (0.028)
NxT 64442 88732 414087

Notes: Monthly CPS IPUMS data from 2000-2006
were used for all statistics. These are pre TFA ban
averages. Upstate NY includes all CPS respondents
that live within the state of NY, but outside of NYC
and excluding the three other counties that later en-
acted a TFA ban; Westchester, Nassau, and Albany
counties. The Lg MSA comparison group includes
all respondents that reside in a metropolitan statisti-
cal area of greater than 5 million people and that do
not live in a county that enacted a ban on TFA be-

tween 2000-2016.
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Table 3.2: Baseline Characteristics of Comparison Groups: HRS

NYC Upstate NY LgMSA  Other

Female 0.635 0.581 0.590 0.586
(0.010) (0.010) (0.003)  (0.002)
Age 69.429 69.135 67.824  67.937
(0.250) (0.222) (0.060)  (0.041)
Low Income 0.659 0.714 0.602 0.630
(0.010) (0.009) (0.003)  (0.002)
High Income 0.094 0.070 0.110 0.084
(0.006) (0.005) (0.002)  (0.001)
High School 0.658 0.636 0.545 0.600
(0.010) (0.010) (0.003) (0.002)
Heart Condition  0.223 0.254 0.235 0.242
(0.009) (0.009) (0.002)  (0.002)
Rate Health 3.125 2.787 2.803 2.863
(0.024) (0.022) (0.006)  (0.004)
NxT 2168 2371 34119 73891

Notes: Biannual HRS data from 2000-2006 were used for all
statistics. These are pre TFA ban averages. Upstate NY includes
all CPS respondents that live within the state of N, but outside
of NYC and excluding the three other counties that later enacted
a TFA ban; Westchester, Nassau, and Albany counties. The Lg
MSA comparison group includes all respondents that reside in a
metropolitan statistical area of greater than 1 million people and
that do not live in a county that enacted a ban on TFA between
2000-2016. The Other comparison group includes all survey re-

spondents outside of NYC.

3.4 Methods

To determine the impact of the TFA ban in NYC on labor market and health out-

comes in the decade following implementation, I compare changes in labor market and

health outcomes over time in NYC to a comparison group. Specifically, I estimate:
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Yia = a+ Years_Postyf + yTreat. + X;C + 0 + € 3.1

where Yj.; denotes the labor market or health outcome of interest of individual ¢ in city ¢
in time ¢, Years_Post,. is a vector of binary variables that represent the number of years
since implementation of the TFA ban, all of which are zero for individuals outside of NYC,
T'reat. is a binary variable equal to one if the individual resides in NYC. X;; is an array
of time-varying, and individual specific demographic variables. 6, represents time fixed
effects.> The vector of coefficients 3 are the coefficients of interest. 3 coefficients that
represent years prior to implementation provide evidence of potential policy endogeneity.
[ coefficients that represent years after implementation represent the primary estimates of
interest.

Trends in the labor market outcomes of interest for NYC, including retirement,
working, unable to work, and hours worked are depicted in comparison to upstate NY in
Figure ??. Retirement, working, and unable to work are binary variables. Hours worked
is an integer representing usual hours worked per week. Although the comparison group
does not show directly parallel trends prior to the implementation of the TFA ban, the figure
plots the raw data and is not adjusted for demographic variables. The coefficients in the
B vector that represent time periods prior to the TFA ban will be a stronger indication of
the validity of the parallel trends assumption. Similarly, Figure ?? plots the trends in the
prevalence of heart conditions from the HRS data, comparing the treatment group with the

primary control group.

3In specifications with CPS data, month fixed effects and month-year fixed effects are included
in addition to year fixed effects.
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Figure 3.1: CPS Labor Market Trends: NYC vs. Upstate NY

Notes: Labor market trends from the monthly CPS IPUMS data are shown. Data is collapsed to
the year level for visual clarity. The vertical line at 2007 represents the year that the TFA ban
was implemented. NYC includes all CPS respondents that live in NYC. NY includes all CPS
respondents that live within the state of NY, but outside of NYC and excluding the three other
counties that later enacted a TFA ban: Westchester, Nassau, and Albany counties. Retired is a
binary variable denoting if the respondent is retired. Working is a binary variable denoting if the
respondent is currently working at a job. Disabled is a binary variable denoting if the respondent is
unable to work at a job. Hours is an integer denoting the usual number of hours worked per week,
with a value of zero if the respondent is not working for any reason.

v
8
K)
* ... ~
c ™A . e .
S . .
3
3 o
t B4
8 20N
Igf ',l---_‘ Re N
. , S o S
. ¢ (N 4 ®,
’ ~ e i
. . o A
- v L
° —_.__—
-
-
~ "
T T T T
2000 2005 2010 2015
== == NYC == -: NY State

Figure 3.2: HRS Heart Condition Trends: NYC vs. Upstate NY

Notes: Trends in the prevalence of heart conditions are shown in each panel. Heart condition is a
binary variable that is equal to one if the respondent has been told by a doctor in the last two years
that the respondent-hasthad a heart attack, coronary heart disease, angina, congestive heart failure
or other heart problems.
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3.5 Results

Table 3.3 shows the main results for the labor market effects of a ban on TFAs
in NYC throughout the decade following implementation. The preferred control group,
upstate NY, is used in this specification. As the vector of coefficients of interest () is rather
large, the estimated coefficients along with the corresponding 95% confidence intervals are
plotted in Figure ??. The first panel in Figure ?? suggests that there were no significant
changes in the proportion of those ages 50 and above who retired after the implementation
of the TFA ban. The estimates for working and hours worked, however, show a significantly
positive effect five and more years after implementation. The proportion of people working
increased by an average of 3.4 percentage points in comparison to upstate NY, and the
average number of hours worked per week increased by 1.5 hours. These results are driven
by the decrease in the proportion of those unable to work, which decreased by an average
of 1.9 percentage points.

The labor market outcome results are similar when using the secondary control
group: those living in another large MSA. Table 3.4 shows the results of this analysis. I
find no significant effect on the proportion of those ages 50 and above who are retired. The
percent of people working and the average number of hours worked per week increased
significantly four and more years after implementation, by a magnitude of 2.6 percent-
age points and 1.1 hours per week. Dissimilar to the upstate NY control group, however,
this comparison group suggests no significant effects on the proportion of people who are

unable to work.
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Table 3.3: CPS Labor Market Effect Estimates: Upstate NY as Control Group

Retired Working Disabled  Hours
NYC x 6 Years Before  0.007 -0.011 0.018 -0.111
(0.007)  (0.008)  (0.005) (0.334)
NYC x 5 Years Before  0.010 -0.001 0.010 0.378
(0.007)  (0.008)  (0.005) (0.336)
NYC x 4 Years Before  -0.020 -0.003 0.018 0.108
(0.007)  (0.008)  (0.005) (0.335)
NYC x 3 Years Before  -0.010 -0.012 0.025 -0.164
(0.007)  (0.008)  (0.005) (0.337)
NYC x 2 Years Before  0.004 -0.001 0.012 0.217
(0.007)  (0.008)  (0.005) (0.343)
NYC x I Year Before 0.008 -0.008 0.006 0.214
(0.007)  (0.008)  (0.005) (0.348)
NYC x 1 Year After -0.010 0.002 0.013 0.079
(0.007)  (0.008)  (0.005) (0.353)
NYC x 2 Years After -0.001 0.003 0.017 0.212
(0.007)  (0.008)  (0.005) (0.351)
NYC x 3 Years After 0.005 -0.015 0.005 -0.082
(0.007)  (0.008)  (0.005) (0.347)
NYC x 4 Years After 0.010 0.006 -0.011 0.586
(0.007)  (0.008)  (0.005) (0.345)
NYC x 5 Years After 0.009 0.025 -0.011 0.852
(0.007)  (0.008)  (0.005) (0.343)
NYC X 6 Years After -0.009 0.035 -0.006 1.549
(0.007)  (0.008)  (0.005) (0.345)
NYC x 7 Years After -0.027 0.046 -0.020 1.540
(0.007)  (0.008)  (0.005) (0.346)
NYC x 8 Years After -0.008 0.037 -0.013 1.074
(0.007)  (0.008)  (0.005) (0.344)
NYC x 9 Years After 0.003 0.032 -0.019 1.248
(0.007)  (0.008)  (0.005) (0.345)
NYC x 10 Years After ~ 0.003 0.022 -0.028 0.767
(0.007)  (0.008)  (0.005) (0.345)
NYC x 11 Years After  -0.015 0.041 -0.039 1.432
(0.007)  (0.008)  (0.005)  (0.347)
R? 0.48 0.33 0.10 0.31
N 376,353 376,353 376,353 376,353

Notes: The regression estimates using equation (1) are reported. Con-
trols that are included but not reported are sex, age, income, education,
county, and state. Fixed effects include month, month-year, and year.
The x-axes represent years since the implementation of the TFA ban in
NYC. All coefficients are in comparison with year 0, which is equiva-
lent to 2007.
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Figure 3.3: CPS Labor Market Effect Estimates

Notes: Each graph plots the coefficient and corresponding 95% confidence intervals for the regres-
sion estimates using equation (1). The coefficients are calculated using the preferred control group,
upstate NY. Controls include sex, age, income, education, county, and state. Fixed effects include
month, month-year, and year. The x-axes represent years since the implementation of the TFA ban
in NYC. All coefficients are in comparison with year 0, which is equivalent to 2007.
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Table 3.4: CPS Labor Market Effect Estimates: Other Large MSAs as Control Group

Retired Working  Disabled Hours

NYC x 6 Years Before -0.010 -0.019 0.026 -0.168
(0.006) (0.007) (0.004) (0.282)
NYC x 5 Years Before -0.008 -0.021 0.025 -0.253
(0.006) (0.007) (0.004) (0.285)
NYC x 4 Years Before -0.045 0.004 0.032 0.261
(0.006) (0.007) (0.004) (0.285)
NYC x 3 Years Before -0.023 -0.011 0.031 -0.032
(0.006) (0.007) (0.004) (0.285)
NYC x 2 Years Before -0.012 -0.001 0.013 0.351
(0.006) (0.007) (0.004) (0.298)
NYC x 1 Year Before -0.017 0.009 0.007 0.591
(0.006) (0.007) (0.004) (0.301)
NYC x 1 Year After -0.023 0.004 0.020 -0.132
(0.006) (0.007) (0.004) (0.304)
NYC x 2 Years After -0.022 0.014 0.021 0.217
(0.006) (0.007) (0.004) (0.302)
NYC x 3 Years After -0.019 0.004 0.013 0.275
(0.006) (0.007) (0.004) (0.299)
NYC x 4 Years After -0.014 0.020 0.003 0.973
(0.006) (0.007) (0.004) (0.295)
NYC x 5 Years After -0.013 0.023 0.008 1.174
(0.006) (0.007) (0.004) (0.294)
NYC X 6 Years After -0.021 0.023 0.011 1.141
(0.006) (0.007) (0.004) (0.296)
NYC x 7 Years After -0.032 0.031 -0.000 1.037
(0.006) (0.007) (0.004) (0.296)
NYC x 8 Years After -0.028 0.037 0.003 1.211
(0.006) (0.007) (0.004) (0.293)
NYC x 9 Years After -0.013 0.029 -0.009 0.972
(0.006) (0.007) (0.004) (0.292)
NYC x 10 Years After -0.025 0.020 0.003 0.568
(0.006) (0.007) (0.004) (0.292)
NYC x 11 Years After -0.032 0.027 -0.009 0.807
(0.006) (0.007) (0.004) (0.294)
R? 0.49 0.34 0.07 0.32
N 1,148,771 1,148,771 1,148,771 1,148,771

Notes: The regression estimates using equation (1) are reported. Controls
that are included but not reported are sex, age, income, education, county,
and state. Fixed effects include month, month-year, and year. The x-axes
represent years since the implementation of the TFA ban in NYC. All coef-
ficients are in comparison with year 0, which is equivalent to 2007.
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To investigate the health mechanisms through which these labor market effects are
occurring, I estimate the effect of the TFA ban on the incidence of a heart condition. Table
3.5 reports the estimated effects of a TFA ban on the incidence of a heart condition. Since
the frequency of the HRS survey is every other year and the sample sizes are relatively
small, I bin years together into 5 & 7 years before the ban, 1 & 3 years before the ban, 1 &
3 years after the ban, and 5 & 7 years after the ban. The reference bin is 1 & 3 years before
the ban. The baseline specification using upstate NY as a control group, as shown in the
first column, estimates that the incidence of a heart condition decreased by 2.3 percentage
points 1-3 years after implementation of the TFA ban.

Smaller estimates are found when using respondents who live in other large MSAs
and all other respondents in the survey, at -1.0 and -1.3 percentage points. The estimates for
5-7 years after the ban are much smaller. Since the HRS is a repeated longitudinal panel,
the last three columns of Table 5 report the same estimates but include individual level fixed
effects. In this specification, only respondents who are in the panel at least once before and
at least once after implementation contribute to the coefficients of interest. The estimates
for 1-3 years after the ban are smaller, between -0.9 and -1.6 percentage points when using
individual fixed effects. However, the estimates for 5-7 years after the ban remain larger in

magnitude at between -0.3 and -2.2.

3.6 Discussion and Conclusion
The estimates from the CPS show that the ban on TFAs in NYC increased the

percent of those working by an average of 3.4 percentage points, and increased average
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Table 3.5: HRS Heart Condition Effect Estimates: Comparing Control Groups

No Ind. FE Ind. FE
NY MSA Other NY MSA Other

NYC x 5-7 Years Before Ban  0.016  -0.013  -0.014  0.033 0.005 0.004

(0.020) (0.014) (0.014) (0.016) (0.011) (0.011)
NYC x 1-3 Year After Ban -0.023 -0.010 -0.013 -0.013 -0.009 -0.016

(0.016) (0.010) (0.010) (0.016) (0.011) (0.011)
NYC x 5-7 Years After Ban 0.008 -0.000 -0.003 -0.003 -0.012 -0.022

(0.022) (0.010) (0.010) (0.018) (0.012) (0.012)

Female -0.042  -0.063 -0.072 -0.114 -0.082  -0.053
(0.017) (0.007) (0.006) (0.113) (0.050) (0.035)
Age 0.012  0.011 0.011 0.015 0.014 0.014
(0.002) (0.000) (0.000) (0.001) (0.000) (0.000)
R? 0.10 0.07 0.06 0.06 0.06 0.07
N 7,905 67,320 139,927 7,905 67,320 139,927

Notes: The regression estimates using equation (1) are reported. Controls that are included but
not reported are sex, age, income, education, county, and state. Survey year fixed effects are
included in all specifications. The last three columns also include individual level fixed effects.

hours worked per week by 1.5 hours. Both percent working and hours worked per week
began increasing in comparison to the control group four years after implementation of the
ban, and continued increasing until 7 years after the ban, after which the effects remained
relatively constant. Estimates suggest that these effects were driven by a decrease in the
percent of those unable to work, and not by a decrease in the percent of those retired.
Further analysis with the HRS data supports previous findings in the literature that the ban
on TFA did decrease the prevalence of heart conditions. Overall, the findings presented
in this paper extend the literature by providing the first estimates of how a nutrition based

health shock affected labor market outcomes for the aging population.
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APPENDIX A
APPENDIX TO CHAPTER 1

The webscrape for the Yelp data collection was originally written to collect data
for a different project, funded under the National Institute of Diabetes and Digestive And
Kidney Diseases of the National Institutes of Health under Award Number ROIDK107686.
This paper analyzes the effect of the calorie posting aspect of the Affordable Care Act
(Frisvold, Courtemanche, and Price, 2017). The specific aim of that project is to determine
whether and why the Affordable Care Act (ACA) menu labeling requirement for restaurants
impacts obesity by examining changes in consumer behavior and restaurant menus.

The geographical areas of interest for this calorie posting project were created based
on counties in the U.S. which had already enacted a calorie posting law for restaurants prior
to the enactment of the ACA. These areas which had already enacted a calorie posting law
were defined as the control groups, and the surrounding areas which had not yet enacted a
calorie posting law and were affected by the ACA requirement were defined as the treat-
ment groups. The control groups included New York City, NY, Philadelphia County, PA,
King County, WA, Albany and Schenectady Counties, NY, Montgomery County, MD, and
Vermont. The treatment groups included New York City MSA, Philadelphia MSA, Seattle
MSA, Washington, DC MSA, Albany, NY MSA and Connecticut, Maine, Massachusetts,
New Hampshire, and Rhode Island. The list of areas for data collection was thus based on
obtaining a representative sample from these treatment and control groups.

I began collecting Yelp data in April, 2016, and continued data collection quarterly

thereafter. Data collection began on the 15th of the first month of each quarter. The first
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two waves of the Yelp scrape took approximately two months for each round, but after
improving the program, the subsequent scrapes took approximately two weeks for each
round. This is why there is substantial variation in the time between observations for the
Yelp restaurants.

After three rounds of Yelp data collection, it became apparent that restaurants may
not consistently post updated menu prices. To examine this potential concern, I began menu
data collection using a second source, Grubhub, in December 2016. Figure A4 depicts
the timeline of the data collection for both sources and the minimum wage policies. The
webscrape for Yelp and Grubhub work in a similar manner. For both sources, the scrapes
iterate through each area of interest, creating a list of the web page links for all restaurants.
The same order of areas is used in each wave of data collection. The scrapes then randomize
these restaurants and iterate through each location saving the home page and menu page
for each restaurant.

After data collection is complete, I use a parsing program to manipulate the restau-
rant menu data into a usable format. As noted in the paper, for restaurants in the Yelp
dataset, only restaurants with a uniform Yelp menu are parsed for analysis. For the round
of data collection in April, 2016, the other externally formatted Yelp menus were hand en-
tered to examine restaurant characteristics. These externally formatted menus include PDF
menus and other non-Yelp HTML menus. Table A1 reports these results, comparing restau-
rant characteristics from the Yelp formatted menus and the externally formatted menus in
April 2016. These restaurants are statistically similar on average price, percent of limited

service restaurants, and percent of franchise restaurants. The external menus have more
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menu items, higher star ratings, lower sales volume and a smaller number of employees.

o AJLb
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Figure A1.1: Data Collection and Minimum Wage Policy Timeline

Notes: Minimum wage is measured in U.S. dollars. All policy changes went into effect January 1,
2017. The plots of Yelp and Grubhub observations represent the month in which each round of data
collection began. Data collection for both sources began on the 15th of each given month. Yelp
data was collected in April 2016, July 2016, October 2016, January 2017, and April 2017. Grubhub
data was collected in December 2016, January 2017, February 2017, March 2017 and April 2017.
Minimum wage groups and policies are defined in detail in Section 2 of the paper.
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Notes: Each data point represents a restaurant in the Grubhub dataset in NJ and NYC. Samples
are color coded by the magnitude of the increase in the minimum wage on January 1, 2017. The
highlighted restaurants in each group represent the restaurants that are within twelve minutes from
the border and are used in the border effects analysis.
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Notes: Each point on the graph represents the percent of restaurants in the sample that had updated
prices by the given point in time. Updating prices is defined as changing the price of at least one
menu item.
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Figure A1.4: Pass-Through By Restaurant Characteristics

Notes: Point estimates and 95% confidence intervals of the total price pass-through using the Grub-
hub data are depicted by restaurant characteristics. Low sales restaurants are those firms in the
lower third of annual sales volume at less than 190k. High sales restaurants are those firms in the
higher third of annual sales volume at over 497k. Low employee restaurants are those in the lower
third of number of employees with less than 3 employees, where high employee firms have over 9.
Low quality firms are those that started with an average quality rating in the lower third of customer
ratings with a rating of lower than 78.2. High quality firms are those who started with an average
quality rating of over 94.6.
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Figure A1.5: Hazard Function for Exit From the Sample
Notes: The Kaplan Meier hazard functions for exit from the sample are depicted by minimum wage

group using the Yelp sample. The x? value of the log-rank test for equality of these survivor func-
tions across groups is 367.81 and the corresponding P value is 0.000.
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Table Al.1: Yelp Formatted - Externally Formatted Menu

Comparison
(1) (2) 3)
Yelp Menus  External Menus  F Test Sig.

Price 10.224 10.234 0.957
(0.067) 0.127)

Number of Items 85.472 103.821 0.000
(0.545) (1.911)

Stars 3.552 3.712 0.000
(0.004) (0.011)

Limited Service 0.055 0.060 0.372
(0.001) (0.004)

Franchise 0.020 0.019 0.835
(0.001) (0.002)

Sales (100k) 905.036 653.031 0.012
(22.244) (21.426)

Employees 12.845 10.524 0.002
(0.163) (0.256)

N 29559 3657

Notes: The means and standard errors of all baseline characteris-
tics are reported. Price, stars and total items are calculated using
the online menu data. Limited service, franchise, sales volume
and number of employees are calculated using the RUSA matched
restaurants. All restaurants were collected in the April 2016 wave.
Column 3 reports the p-values for the means test for each variable.

www.manharaa.com




Table A1.2: Price Pass Through By Restaurant Characteristics

105

(D 2 3) ) ®) (6)
Low Sale High Sale Low Emp High Emp Low Stars High Stars
Aprl6 — Jull6 0.288 0.182 0.249 0.122 -0.076 -0.003
(0.145) (0.271) (0.147) (0.260) (0.142) (0.182)
Jull6 — Oct16 0.249 -0.073 0.286 0.019 -0.131 0.028
(0.182) (0.204) (0.140) (0.245) (0.126) (0.073)
Octl16 — Janl7 0.260 0.096 0.364 0.032 0.170 0.033
(0.126) (0.121) (0.119) (0.155) (0.064) (0.064)
Janl6 — Aprl7 0.468 0.334 0.238 0.386 0.097 0.056
(0.122) (0.142) (0.132) (0.176) (0.130) (0.094)
Total Pass Through ~ 0.728 0.43 0.602+ 0.4187" 0.267 0.089
(0.244) (0.262) (0.231) (0.331) (0.19) (0.156)
N 1556 1723 2142 1894 2020 2995
NzT 6224 6892 8568 7576 8080 11980

+ statistically different than comparison group

Notes: The reported estimates compare price pass-through of restaurants in the lowest and highest
third based on sales, employees, and number of stars in April 2016 using the Yelp dataset. The out-
come variable for all columns is the log change in price at the restaurant level. All standard errors
are clustered at the minimum wage group level. The total pass-through estimates are linear com-
binations of the October 16 to January *17 and the January ’17 to April *17 estimates. The cutoff
values for sales are 204 and 598 thousand. The cutoff values for employees are 4 and 10, and the
cutoff values for stars are 3 and 4.
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Table A1.3: Changes in Yelp Service Specific Quality

(1 2 3)
All <= Median > Median
Aprl6-Jull6 -0.086 0.341 0.024
(0.025) (0.015) (0.361)
Jull6-Octl6 -0.181 0.272 -0.045
(0.042) (0.015) (0.249)
Octrl6-Janl7 -0.138 -0.144 0.007
(0.046) (0.010) (0.861)
Janl7-Aprl7 -0.133 -0.246 0.035
(0.052) (0.015) (0.445)
Total Pass-Through  -0.272 -0.387 0.042
(0.064) (0.212) (0.048)
N 5511 2856 2933
NxT 22045 11427 11732

Notes: All estimates are percentage point change in the pro-
portion of positive Yelp service specific reviews. All standard
errors are clustered at the minimum wage group level. Total
percentage point change is a linear combination of the Oct
2016 to Jan 2017 and Jan 2017 to Apr 2017 estimates. Below
the median and above the median restaurants are grouped to-
gether due to the small sample sizes.

www.manharaa.com




107

APPENDIX B
APPENDIX TO CHAPTER 2
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Figure A2.1: Geographic Location of Retail Stores, Hand Collected Restaurants, and Or-

derUp Restaurants in the City of Boulder

Notes: The red border signifies the city limits of Boulder. All hand collected retail stores and restau-
rants that had at least one observation throughout the four waves of data collection are included. In
the city of Boulder, there are 77 hand collected retail locations and 113 hand collected restaurant
locations. All OrderUp restaurants that are included in the balanced panel from March 22 to Oc-
tober 25, 2017 are included in the map. There are 42 OrderUp restaurants within the city limits of
Boulder.
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Figure A2.2: Geographic Location of Retail Stores, Hand Collected Restaurants, and Or-

derUp Restaurants in Boulder County

Notes: The red border signifies the city limits of Boulder. The larger, blue border signifies the
county limits of Boulder County. All hand collected retail stores and restaurants that had at least
one observation throughout the four waves of data collection are included. In Boulder County but
outside of the city of Boulder, there are 102 hand collected retail locations and 132 hand collected
restaurant locations. There are no OrderUp restaurants outside the city limits of Boulder but within
Boulder County in the balanced panel.
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Figure A2.3: Geographic Location of Retail Stores, Hand Collected Restaurants, and Or-

derUp Restaurants in Fort Collins

Notes: All hand collected retail stores and restaurants that had at least one observation throughout
the four waves of data collection are included. Outside of Boulder County in the Fort Collins
area, there are 113 hand collected retail locations and 140 hand collected restaurant locations. All
OrderUp restaurants that are included in the balanced panel from March 22 to October 25, 2017 are
included in the map. There are 72 OrderUp restaurants in the Fort Collins area, which includes Fort
Collins, Evans, Garden City, Greeley, Loveland, and Windsor.
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Figure A2.4: Trends in the Price per Ounce of Fountain Drinks and Coffee Drinks at

Restaurants

Notes: Price per ounce is reported in cents. Fountain drinks are taxed items under the law in Boulder.
Coffee drinks are not taxed under the Boulder law. The data are balance at the store-item level across
all four waves of the data collection for fountain drinks, and across June, August, and October for
the coffee drinks since those items were not part of the April data collection.
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Figure A2.5: OrderUp Trends in the price per drink from March to October

Notes: Price per drink is reported in dollars. Taxed, not taxed and unknown items are defined
according to whether the item is taxed under the law in Boulder. A complete list of the taxed status
of items is shown in Appendix Table 3. The data are balance at the store-item level across all waves
of the data collection.
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Table A2.1: Description of Items from Retailers

Number of Stores

Category Item Size (oz) Taxed Apr Jun Aug Oct

Soda Pepsi 20 Yes 144 190 185 189
Pepsi 67.6 Yes 110 184 184 184
Pepsi 12x 12 Yes 118 151 150 149
Diet Pepsi 20 No 140 181 179 185
Diet Pepsi 67.6 No 107 163 167 175
Diet Pepsi 12x 12 No 115 142 150 144
Mountain Dew 20 Yes 139 187 181 189
Mountain Dew 67.6 Yes 104 167 175 182
Coke 20 Yes 137 191 179 193
Coke 67.6 Yes 113 198 203 198
Coke 12x 12 Yes 113 157 155 160
Diet Coke 20 No 136 185 175 189
Diet Coke 67.6 No 108 181 189 191
Diet Coke 12x 12 No 113 153 150 154
Sprite 20 Yes 136 181 174 190
Sprite 67.6 Yes 104 178 191 194
7Up 20 Yes 118 159 153 147
7Up 67.6 Yes 91 162 169 166
Hansen’s 12 Yes 0 8 12 13
Hansen’s 6x12 Yes 0 24 28 26
San Pellegrino  11.15 Yes 0 26 31 35
San Pellegrino 6 x 11.15  Yes 0 49 63 56

Notes: These items were collected in April, June, August, and October 2017.
The April round of data collection did not include Hansen’s Sodas, San Pelle-
grino, mixers or formula. In the April wave, 3,359 total item prices were col-
lected from 174 retailers. In April, data collectors visited retailers to record
prices in Boulder between April 3 and April 21, in Boulder County between
April 3 and April 22, and in Fort Collins between April 3 and April 26. On
May 16, the Boulder City Council exempted alcoholic mixers from the tax.
In the June wave, 5,250 total item prices were collected from 286 retailers. In
June, data collectors recorded prices in Boulder between May 30 and June 16,
in Boulder County between May 30 and June 16, and in Fort Collins between
June 1 and June 15. The tax was implemented on July 1. In the August wave,
5,337 total item prices were collected from 287 retailers. In August 2017,
data collectors visited retailers in Boulder between August 4 and 19, in Boul-
der County between August 4 and 17, and in Fort Collins between August 8
and 21. In the October wave, 5,478 total item prices were collected from 288
retailers. In October 2017, data collectors recorded prices in Boulder between
October 11 and 23, in Boulder County between October 9 and 27, and in Fort
Collins between October 11 and 29.
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Table A2.2: Description of Items from Retailers (Continued)

Number of Stores

Category Item Size (0z) Taxed Apr Jun Aug Oct
Energy Drinks  Red Bull 8.4 Yes 129 199 206 217
Red Bull 4x84 Yes 99 116 131 134
Red Bull Sugar Free 8.4 No 119 193 191 217
Red Bull Sugar Free 4x84 No 66 96 99 111
Sports Drinks Gatorade 20 Yes 79 138 156 157
Gatorade G2 20 Yes 23 24 8 6
Iced Tea Arizona 23 Yes 101 160 159 154
Arizona 128 Yes 50 56 58 57
Juice Tropicana Orange Juice 12 No 61 70 69 70
Water Dasani 20 No 101 120 119 124
Aquifina 20 No 110 132 133 150
Mixers Jose Cuervo Margarita Mix  33.8 No 0 38 36 47
Jose Cuervo Margarita Mix 59.2 No 0 66 61 69
Tres Agaves Margarita Mix 33.8 No 0 37 41 42
Mr. T Bloody Mary Mix 33.8 No 0 83 86 70
Mr. T Bloody Mary Mix 59.2 No 0 57 54 58
Other GT Kombucha 16 No 38 58 62 68
Fountain Drinks  Small - Yes 60 91 101 100
Medium - Yes 52 86 95 95
Large - Yes 53 72 83 80
Extra Large - Yes 20 31 25 21

Notes: These items were collected in April, June, August, and October 2017. The April round of
data collection did not include Hansen’s Sodas, San Pellegrino, mixers or formula. In the April
wave, 3,359 total item prices were collected from 174 retailers. In April, data collectors visited
retailers to record prices in Boulder between April 3 and April 21, in Boulder County between
April 3 and April 22, and in Fort Collins between April 3 and April 26. On May 16, the Boulder
City Council exempted alcoholic mixers from the tax. In the June wave, 5,250 total item prices
were collected from 286 retailers. In June, data collectors recorded prices in Boulder between
May 30 and June 16, in Boulder County between May 30 and June 16, and in Fort Collins between
June 1 and June 15. The tax was implemented on July 1. In the August wave, 5,337 total item
prices were collected from 287 retailers. In August 2017, data collectors visited retailers in Boul-
der between August 4 and 19, in Boulder County between August 4 and 17, and in Fort Collins
between August 8 and 21. In the October wave, 5,478 total item prices were collected from 288
retailers. In October 2017, data collectors recorded prices in Boulder between October 11 and 23,
in Boulder County between October 9 and 27, and in Fort Collins between October 11 and 29.
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Table A2.3: Description of Items from Hand Collected Restaurants

Number of Restaurants

Category Item Size (0z) Taxed Apr Jun Aug Oct

Fountain Drinks  Small - Yes 235 228 222 226
Medium - Yes 208 201 202 203
Large - Yes 126 125 119 121
Extra Large - Yes 22 21 27 27

Coffee Drinks Drip Coftee 12 No - 161 128 129
Latte 12 No - 133 129 128
Mocha Latte 12 No - 127 126 123
Hot Chocolate 12 No - 121 126 126

Notes: These items were collected in April, June, August, and October 2017. The
April round of data collection did not include coffee shops. In the April wave, 591
total item prices were collected from 236 retailers. In the June wave, 1,117 total
item prices were collected from 321 retailers. In the August wave, 1,079 total item
prices were collected from 318 retailers. In the October wave, 1,084 total item prices
were collected from 317 retailers. The timing of data collection is the same as that
described in the notes of Appendix Table 1.
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Number of Stores Number of Stores

Item taxed In Each Wave Item taxed In Each Wave
1% Low Fat Milk No 1 Lassi No 8
100% Juice No 6 Latte No 10
2% Milk No 2 Lemonade Yes 18
A&W Root Beer Yes 1 Mango Juice Unknown 1
Allegro Coffee No 1 Matcha No 3
Americano No 8 Mello Yello Yes 1
Amp Energy Drink Yes 1 Mexican Coke Yes 1
Apple Juice Unknown 10 Mexican Fanta Yes 1
Arabic Coffee No 2 Mexican Soda Yes 1
Arizona Flavored Tea Yes 9 Milk No 25
Banana Milk No 2 Minute Maid Unknown 2
Baristo Unknown 1 Minute Maid Lemonade Yes 3
Barq’s Root Beer Yes 7 Monster Yes 4
Big Yellow Cup Unknown 4 Mountain Dew Yes 9
Black Tea No 2 Mountain Dew Kick Start Yes 2
Boba Tea Unknown 9 Mr. Pibb Yes 2
Blueberry Pomegranate Juice No 2 Mug Rootbeer Yes 1
Boylan Soda Unknown 7 Nantucket Tea Unknown 1
Cappuccino No 5 NOS Energy Drink Yes 1
Chai Tea No 18 Oogave Ginger Ale Yes 1
Cherry Coke Yes 1 Oogave Rootbeer Yes 1
Cherry Limeade Yes 1 Oolong Tea No 2
Cherry Pepsi Yes 1 Orange Crush Yes 2
Chocolate Milk No 17 Orange Juice Unknown 17
Coconut Water No 3 Orange Pellegrino Yes 2
Coffee No 38 Orange Soda Yes 1
Coke Yes 27 Peach Tea Yes 1
Coke Products Unknown 2 Pepsi Yes 11
Coke Zero No 2 Pepsi Products Unknown 1
Cold Brew No 6 Perrier No 2
Craft Soda Yes 1 Pibb Extra Yes 1
Cranberry Juice No 3 Pink Lemonade Yes 1
Dasani No 10 Pomegranate Juice No 1
Drink Unknown 51 Pomegranate Pellegrino Yes 1
Diet Barq’s Root Beer No 1 Powerade Yes 7
Diet Coke No 27 Raspberry Tea Yes 5
Diet Pepsi No 10 Red Bull Yes 6
Dr. Pepper Yes 22 Rockstar Yes 2
Energy Drink Yes 2 Rootbeer Yes 7
Espresso No 2 San Pellegrino Yes 4
Fanta Yes 10 Seltzer Water No 1
Flavored Latte No 31 Shirley Temple Yes 1
Flavored Tea Yes 6 Sierra Mist Yes 9
Fountain Drink Yes 29 Simply Apple Juice No 2
Fruit Punch Yes 3 Simply Lemonade Yes 2
Gatorade Yes 6 Simply Orange No 2
Ginger Ale Yes 5 Smart Water No 1
Gold Peak Green Tea Yes 1 Snapple Yes 2
Gold Peak Sweet Tea Yes 3 Sobe Life Water No 2
Grapefruit Juice Unknown 1 Soda Unknown 32
Green Tea No 1 Soy Milk No 1
GT Kombucha No 1 Sparkling Ginger Lime Juice Yes 1
Herbal Tea No 1 Sparkling Lime Juice Yes 1
Hi-C Yes 4 Sparkling Water No 1
Honest Tea Unknown 2 Sparkling Orange Drink Unknown 1
Hot Chocolate No 9 Sprite Yes 24
Hot Cider Yes 1 Sprite Zero No 1
Hot Tea No 14 Stewart’s Soda Yes 1
Hubert’s Lemonade Yes 2 Strawberry Lemonade Yes 4
IBC Cream Soda Yes 1 Sweet Tea Yes 14
IBC Rootbeer Yes 1 Tea No 9
Iced Coffee No 2 Thai Tea No 16
Italian Soda Yes 1 Tomato Juice No 2
Izze Yes 2 Tropicana Lemonade Yes 1
Jarritos Yes 5 Unsweetened Tea No 10
Juice Unknown 5 Vitamin Water Yes 4
Kombucha No 2 ‘Water No 29
Lacroix No 1 Yoo-hoo Yes 1

Notes: These items were collected weekly from menus on OrderUp from March 22, 2017 to Octo-
ber 25, 2017, for a total of 32 weeks of observations. On these online menus, some beverage menu
items have a general name (e.g. soda), and the customer must choose a more specific item when
they check out (e.g. Coke). The webscrape only saves initial menu item names, thus the taxed status
of some items is unknown.
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Coke Coke D.Coke D. Coke Pepsi Pepsi D.Pepsi D.Pepsi Mt Dew Mt Dew
200z 2L 200z 2L 200z 2L 200z 2L 200z 2L
Bould x Apr 0.018 -0.006 0.096 -0.075 0.169 -0.101 0.175 -0.097 0.195 -0.125
(0.140)  (0.212)  (0.122) (0.189)  (0.105) (0.167)  (0.098) (0.150) (0.132) (0.165)
Bould x Aug 1.670 1.424 0.213 0.216 1.634 1.528 0.262 0.215 1.696 1.664
(0.204)  (0.191)  (0.155) (0.212)  (0.195)  (0.207)  (0.154) (0.172) (0.227) (0.207)
Bould x Oct 1.462 1.370 0.218 0.169 1.797 1.536 0.213 0.189 1.784 1.572
(0.209)  (0.199)  (0.150) (0.192)  (0.206)  (0.205)  (0.143) (0.188) (0.211) (0.213)
N 227 247 222 238 222 224 218 210 222 214
NxT 700 712 685 669 708 662 685 612 696 628
Mean 9.148 3.227 9.172 3.225 9.247 3.156 9.272 3.141 9.249 3.16
R? 0.875 0.879 0.844 0.854 0.87 0.874 0.874 0.824 0.865 0.891
Sprite Sprite 7 Up 7 Up Red Bull ~ SF Red Bull Gat Az. Tea Dasani  Aquafina
200z 2L 200z 2L 8.40z 8.40z 200z 230z 200z 200z
Bould x Apr 0.028 -0.046 -0.177 -0.093 -1.820 -2.130 -0.559 -0.717 -0.209 -0.058
(0.131)  (0.265)  (0.253)  (0.184) (0.676) (0.733) (1.261)  (0.407)  (0.217) (0.206)
Bould x Aug 1.642 1.526 1.312 1.394 1.394 0.083 0.948 1.661 0.032 0.212
(0.207)  (0.211)  (0.381)  (0.263) (0.355) (0.657) (0.391)  (0.248)  (0.153) (0.278)
Bould x Oct 1.504 1.457 1.128 1.446 1.243 0.137 0.849 1.829 0.037 -0.030
(0.207)  (0.215) (0.315) (0.244) (0.401) (0.444) (0.348)  (0.319)  (0.167) (0.123)
N 223 241 211 214 256 250 197 197 165 178
NxT 681 667 571 588 750 720 530 574 464 525
Mean 9.202 3.221 8.859 3.074 28.693 28.63 8.103 4.321 7.758 7.948
R? 0.875 0.894 0.877 0.824 0.792 0.621 0.803 0.778 0.939 0.899

Notes: Results in this table are calculated using products from the hand-collected retail data and the
prices charged at the register. The dependent variable is the price in cents per ounce. Items that are
taxed include Coke, Pepsi, Mountain Dew, Sprite, 7 Up, Red Bull, Gatorade, and Arizona Iced Tea.
Untaxed items include Diet Coke, Diet Pepsi, Sugar Free (SF) Red Bull, Dasani Water, Aquafina
Water. The estimates show the change in the number of cents per ounce of the retail price relative to
the prices in June in Boulder County and Fort Collins. Standard errors, in parentheses, are clustered
at the store level. Additional variables that are included, but not shown, are community fixed effects,
month fixed effects, store fixed effects and product fixed effects. N represents the number of unique
store specific items, N x T represents the number of unique store specific item observations across
all waves. Mean is the pre-tax average price per ounce in cents.
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APPENDIX C
APPENDIX TO CHAPTER 3

HRS Longitudinal Cohort Sample Design
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Figure A3.1: HRS Longitudinal Cohort Sample Design
Notes: This figure depicts the longitudinal sample design for the HRS.
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Figure A3.2: HRS Heart Condition Trends By Cohort

Notes: This figure depicts the trends in incidence of heart condition over time and by cohort.
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Figure A3.3: HRS Food Expenditure Trends By Cohort

Notes: This figure depicts the trends in proportion of total food expenditures spent on food away
from home over time and by cohort.
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Table A3.1: HRS Rate Health Effect Estimates: Comparing Control Groups

No Ind. FE Ind. FE

NY MSA Other NY MSA Other

NYC x 5-7 Years Before Ban  -0.128  -0.027 -0.034  -0.156 -0.091 -0.091
(0.047) (0.037) (0.036) (0.044) (0.033) (0.033)

NYC x 1-3 Year After Ban 0.016  0.028 0.011 0.063  0.083 0.071
(0.030) (0.024) (0.023) (0.046) (0.034) (0.034)

NYC x 5-7 Years After Ban 0.017 -0.003 -0.023  0.107  0.105 0.102
(0.049) (0.045) (0.045) (0.050) (0.037) (0.037)

Female -0.105 -0.039 -0.016  0.057  0.111 0.369
(0.044) (0.019) (0.013) (0.317) (0.149) (0.105)
Age -0.023  -0.021 -0.019 -0.040 -0.038  -0.038
(0.004) (0.001) (0.001) (0.003) (0.001) (0.001)
R? 0.07 0.05 0.05 0.04 0.05 0.05
N 7,906 67,330 139,943 7,906 67,330 139,943

Notes: The regression estimates using equation (1) are reported. Controls that are included but
not reported are sex, age, income, education, county, and state. Fixed effects include month,
month-year, and year.

www.manharaa.com




121

REFERENCES

2015-2016 New York Legislative Session, “Senate Bill S6406C,” 2016.

Aaronson, Daniel and Eric French, “Product market evidence on the employment effects
of the minimum wage,” Journal of Labor Economics, 2007, 25 (1), 167-200.

— ,_ ,and James MacDonald, “The minimum wage, restaurant prices, and labor market
structure,” Journal of Human Resources, 2008, 43 (3), 688—720.

Abadie, Alberto, Alexis Diamond, and Jens Hainmueller, “Synthetic control methods
for comparative case studies: Estimating the effect of California’s tobacco control pro-
gram,” Journal of the American statistical Association, 2010, 105 (490), 493-505.

Allegretto, Sylvia and Michael Reich, “Are local minimum wages absorbed by price
increases? Estimates from internet-based restaurant menus,” /LR Review, 2018, 71 (1),
35-63.

Alm, James, Edward Sennoga, and Mark Skidmore, ‘“Perfect competition, urbanization,
and tax incidence in the retail gasoline market,” Economic Inquiry, 2009, 47 (1), 118-
134.

Anderson, Michael and Jeremy Magruder, “Learning from the crowd: Regression dis-
continuity estimates of the effects of an online review database,” The Economic Journal,
2012, 122 (563), 957-989.

Anderson, Simon P, Andre De Palma, and Brent Kreider, “Tax incidence in differenti-
ated product oligopoly,” Journal of Public Economics, 2001, 81 (2), 173-192.

Angell, Sonia Y, Laura K Cobb, Christine J Curtis, Kevin J Konty, and Lynn D Silver,
“Change in trans fatty acid content of fast-food purchases associated with New York
City’s restaurant regulation: a pre—post study,” Annals of Internal Medicine, 2012, 157
(2), 81-86.

_ , Lynn Dee Silver, Gail P Goldstein, Christine M Johnson, Deborah R Deitcher,
Thomas R Frieden, and Mary T Bassett, “Cholesterol control beyond the clinic: New
York City’s trans fat restriction,” Annals of Internal Medicine, 2009, 151 (2), 129-134.

Bardach, Naomi S, Renée Asteria-Penaloza, W John Boscardin, and R Adams Dud-
ley, “The relationship between commercial website ratings and traditional hospital per-
formance measures in the USA,” BMJ quality & safety, 2012, pp. bmjqs—2012.

Basker, Emek and Muhammad Taimur Khan, “Does the Minimum Wage Bite into Fast-
Food Prices?,” Journal of Labor Research, 2016, 37 (2), 129-148.

www.manaraa.com



122

Bazzano, Lydia A, Jiang He, Lorraine G Ogden, Catherine M Loria, Suma Vupputuri,
Leann Myers, and Paul K Whelton, “Fruit and vegetable intake and risk of cardiovas-
cular disease in US adults: the first National Health and Nutrition Examination Survey
Epidemiologic Follow-up Study,” The American journal of clinical nutrition, 2002, 76
(1), 93-99.

Berardi, Nicoletta, Patrick Sevestre, Marine Tepaut, and Alexandre Vigneron, “The
impact of a ‘soda tax’ on prices: evidence from French micro data,” Applied Economics,
2016, 48 (41), 3976-3994.

Bergman, U Michael and Niels Lynggard Hansen, “Are excise taxes on beverages fully
passed through to prices? The Danish evidence,” Working Paper, 2010.

Berkovec, James and Steven Stern, “Job exit behavior of older men,” Econometrica:
Journal of the Econometric Society, 1991, pp. 189-210.

Besley, Timothy and Harvey S. Rosen, “Sales Taxes and Prices: An Empirical Analysis,”
National Tax Journal, 1999, 52 (2), 157-78.

Bhaskar, Venkataraman and Ted To, “Minimum wages for Ronald McDonald monop-
sonies: A theory of monopsonistic competition,” The Economic Journal, 1999, 109
(455), 190-203.

Bonnet, Céline and Vincent Réquillart, “Tax incidence with strategic firms in the soft
drink market,” Journal of Public Economics, 2013, 106, 77-88.

Brandt, Eric J, Rebecca Myerson, Marcelo Coca Perraillon, and Tamar S Polonsky,
“Hospital admissions for myocardial infarction and stroke before and after the trans-fatty
acid restrictions in New York,” JAMA cardiology, 2017, 2 (6), 627-634.

Brouwer, Ingeborg A, Anne J Wanders, and Martijn B Katan, “Effect of animal and
industrial trans fatty acids on HDL and LDL cholesterol levels in humans—a quantitative
review,” PloS one, 2010, 5 (3), €9434.

Brown, Charles, “Minimum wages, employment, and the distribution of income,” Hand-
book of labor economics, 1999, 3, 2101-2163.

Burdett, Kenneth and Dale T Mortensen, “Wage differentials, employer size, and unem-
ployment,” International Economic Review, 1998, pp. 257-273.

Cameron, A Colin and Douglas L Miller, “A practitioner’s guide to cluster-robust infer-
ence,” Journal of Human Resources, 2015, 50 (2), 317-372.

_ , Jonah B Gelbach, and Douglas L. Miller, “Bootstrap-based improvements for in-
ference with clustered errors,” The Review of Economics and Statistics, 2008, 90 (3),
414-4217.

www.manaraa.com



123

Carbonnier, Clement, “Who pays sales taxes? Evidence from French VAT reforms, 1987—
1999,” Journal of Public Economics, 2007, 91 (5-6).

Card, David and Alan B Krueger, “Minimum wages and employment: A case study of
the fast food industry in New Jersey and Pennsylvania,” Technical Report 4 1994.

Cawley, John and David E Frisvold, “The Pass-Through of Taxes on Sugar-Sweetened
Beverages to Retail Prices: The Case of Berkeley, California,” Journal of Policy Analysis
and Management, 2017, 36 (2), 303-326.

_ , Barton Willage, and David Frisvold, “Pass-through of a tax on sugar-sweetened bev-
erages at the Philadelphia International Airport,” Jama, 2018, 319 (3), 305-306.

Chakrabarti, Subir, Srikant Devaraj, and Pankaj Patel, “Minimum Wage and Restau-
rant Hygiene Violation: Evidence from Food Establishments in Seattle,” 2017.

Chan, Sewin and Ann Huff Stevens, “Job loss and employment patterns of older work-
ers,” Journal of Labor Economics, 2001, 19 (2), 484-521.

Chetty, Raj, “Sufficient statistics for welfare analysis: A bridge between structural and
reduced-form methods,” Annu. Rev. Econ., 2009, I (1), 451-488.

_ , Adam Looney, and Kory Kroft, “Salience and taxation: Theory and evidence,” Amer-
ican Economic Review, 2009, 99 (4), 1145-77.

Chicu, Mark, Chris Vickers, and Nicolas L Ziebarth, “Cementing the case for collusion
under the National Recovery Administration,” Explorations in Economic History, 2013,
50 (4), 487-507.

Christie, Chris, “Assembly Committee Substitute for Assembly Bill No. 15,” 2016.

City of New York, “Article 81: food preparation and food establishments: 81.08: foods
containig artificial trans fat,” 2006.

Colchero, M Arantxa, Juan Carlos Salgado, Mishel Unar-Munguia, Mariana Molina,
Shuwen Ng, and Juan Angel Rivera-Dommarco, “Changes in prices after an excise
tax to sweetened sugar beverages was implemented in Mexico: evidence from urban
areas,” PloS one, 2015, 10 (12), e0144408.

Cooper, Daniel, Maria José Luengo-Prado, and Jonathan A Parker, “The local aggre-
gate effects of minimum wage increases,” 2017.

DeClicca, Philip, Donald Kenkel, and Feng Liu, “Excise tax avoidance: the case of state
cigarette taxes,” Journal of Health Economics, 2013, 32 (6), 1130-1141.

der Klaauw, Wilbert Van and Kenneth I Wolpin, “Social security and the retirement and
savings behavior of low-income households,” Journal of Econometrics, 2008, 145 (1-2),
21-42.

www.manaraa.com



124

Dharmasena, Senarath, George C Davis, and Oral Capps Jr, “Partial versus general
equilibrium calorie and revenue effects associated with a sugar-sweetened beverage tax,”
Journal of Agricultural and Resource Economics, 2014, pp. 157-173.

Diamond, Peter A and Jerry A Hausman, “Individual retirement and savings behavior,”
Journal of Public Economics, 1984, 23 (1-2), 81-114.

Dixit, Avinash K and Joseph E Stiglitz, “Monopolistic competition and optimum product
diversity,” The American Economic Review, 1977, 67 (3), 297-308.

Donald, Stephen G and Kevin Lang, “Inference with difference-in-differences and other
panel data,” The Review of Economics and Statistics, 2007, 89 (2), 221-233.

Economic Research Service, USDA and National Bureau of Economic Research,
“Food Expenditures data product,” 2016.

Falbe, Jennifer, Nadia Rojas, Anna H Grummon, and Kristine A Madsen, “Higher
retail prices of sugar-sweetened beverages 3 months after implementation of an excise
tax in Berkeley, California,” American Journal of Public Health, 2015, 105 (11), 2194—
2201.

Fletcher, J. M., D. E. Frisvold, and N. Tefft, “Non-linear effects of soda taxes on con-
sumption and weight outcomes,” Health Economics, 2015, 24 (5), 566-582.

Fletcher, Jason M, David E Frisvold, and Nathan Tefft, “The effects of soft drink taxes
on child and adolescent consumption and weight outcomes,” Journal of Public Eco-
nomics, 2010, 94 (11-12), 967-974.

Flood, Sara, Miriam King, Steven Ruggles, and J. Robert Warren, “Integrated Public
Use Microdata Series, Current Population Survey: Version 5.0.,” 2017.

Food and Drug Administration, “Final determination regarding partially hydrogenated
oils,” Federal Register, 2015, 80, 34650-34670.

Fort, Teresa C, John Haltiwanger, Ron S Jarmin, and Javier Miranda, “How firms
respond to business cycles: The role of firm age and firm size,” IMF Economic Review,
2013, 61 (3), 520-559.

French, Eric and John Bailey Jones, “The Effects of Health Insurance and Self-Insurance
on Retirement Behavior,” Econometrica, 2011, 79 (3), 693-732.

Fullerton, Don and Gilbert E Metcalf, “Tax incidence,” Technical Report, National Bu-
reau of Economic Research 2002.

Goldin, Jacob and Tatiana Homonoff, “Smoke gets in your eyes: cigarette tax salience
and regressivity,” American Economic Journal: Economic Policy, 2013, 5 (1), 302-36.

Gopinath, Gita and Oleg Itskhoki, “Frequency of price adjustment and pass-through,”
Technical Report, National Bureau of Economic Research 2008.

www.manaraa.com



125

Greenhouse, Steven, “How the $15 Minimum Wage Went From Laghable to Viable,” The
New York Times, 2016. https://www.nytimes.com/2016/04/03/sunday-review/how-the-
15-minimum-wage-went-from-laughable-to-viable.html.

Grogger, Jeffrey, “Soda taxes and the prices of sodas and other drinks: evidence from
Mexico,” American Journal of Agricultural Economics, 2017, 99 (2), 481-498.

Grubhub, “Grubhub, About Us,” 2016. http://about.grubhub.com/about-us/what-is-
grubhub/default.aspxt.

Gustman, Alan L and Thomas L Steinmeier, “A disaggregated, structural analysis of
retirement by race, difficulty of work and health,” The review of economics and statistics,
1986, pp. 509-513.

Han, Sung Nim, Lynette S Leka, Alice H Lichtenstein, Lynne M Ausman, Ernst J
Schaefer, and Simin Nikbin Meydani, “Effect of hydrogenated and saturated, relative
to polyunsaturated, fat on immune and inflammatory responses of adults with moderate
hypercholesterolemia,” Journal of lipid research, 2002, 43 (3), 445-452.

Harding, Matthew and Michael Lovenheim, “The effect of prices on nutrition: com-
paring the impact of product-and nutrient-specific taxes,” Journal of Health Economics,
2017, 53, 53-71.

_ , Ephraim Leibtag, and Michael F Lovenheim, “The heterogeneous geographic and
socioeconomic incidence of cigarette taxes: Evidence from Nielsen Homescan Data,”
American Economic Journal: Economic Policy, 2012, 4 (4), 169-98.

Harris, Jeffrey E, Ana Inés Balsa, and Patricia Triunfo, “Tobacco control campaign in
Uruguay: Impact on smoking cessation during pregnancy and birth weight,” Journal of
health economics, 2015, 42, 186-196.

Harris, William S, Dariush Mozaffarian, Eric Rimm, Penny Kris-Etherton,
Lawrence L. Rudel, Lawrence J Appel, Marguerite M Engler, Mary B Engler, and
Frank Sacks, “Omega-6 fatty acids and risk for cardiovascular disease: a science ad-
visory from the American Heart Association Nutrition Subcommittee of the Council on
Nutrition, Physical Activity, and Metabolism; Council on Cardiovascular Nursing; and
Council on Epidemiology and Prevention,” Circulation, 2009, 119 (6), 902-907.

Heidenreich, Paul A, Justin G Trogdon, Olga A Khavjou, Javed Butler, Kathleen
Dracup, Michael D Ezekowitz, Eric Andrew Finkelstein, Yuling Hong, S Claiborne
Johnston, Amit Khera et al., “Forecasting the future of cardiovascular disease in the

United States: a policy statement from the American Heart Association,” Circulation,
2011, 123 (8), 933-944.

Hill, James O, Holly R Wyatt, George W Reed, and John C Peters, “Obesity and the
environment: where do we go from here?,” Science, 2003, 299 (5608), 853—855.

www.manaraa.com



126

Hirsch, Barry T, Bruce E Kaufman, and Tetyana Zelenska, “Minimum wage channels
of adjustment,” Industrial Relations: A Journal of Economy and Society, 2015, 54 (2),
199-239.

Hurd, Michael D, Paco Martorell, Adeline Delavande, Kathleen J Mullen, and Ken-
neth M Langa, “Monetary costs of dementia in the United States,” New England Journal
of Medicine, 2013, 368 (14), 1326-1334.

Iacono, Michael, Kevin Krizek, and Ahmed El-Geneidy, “Access to Destinations: How
Close is Close Enough? Estimating Accurate Distance Decay Functions for Multiple
Modes and Different Purposes,” Access to Destinations Study, 2008, (4).

Jr, Joseph J Doyle and Krislert Samphantharak, “$2.00 Gas! Studying the effects of a
gas tax moratorium,” Journal of Public Economics, 2008, 92 (3-4), 869-884.

Katz, Lawrence F and Alan B Krueger, “The effect of the minimum wage on the fast-
food industry,” Industrial & Labor Relations Review, 1992, 46 (1), 6-21.

Kenkel, Donald S, “Are alcohol tax hikes fully passed through to prices? Evidence from
Alaska,” American Economic Review, 2005, 95 (2), 273-2717.

Kennan, John, “The elusive effects of minimum wages,” Journal of Economic Literature,
1995, 33 (4), 1950-1965.

Koning, Lawrence De, Vasanti S Malik, Eric B Rimm, Walter C Willett, and Frank B
Hu, “Sugar-sweetened and artificially sweetened beverage consumption and risk of type
2 diabetes in men—," The American journal of clinical nutrition, 2011, 93 (6), 1321-
1327.

Kotlikoff, Laurence J and Lawrence H Summers, “Tax incidence,” in “Handbook of
Public Economics,” Vol. 2, Elsevier, 1987, pp. 1043-1092.

Kris-Etherton, Penny M, Michael Lefevre, Ronald P Mensink, Barbara Petersen, Jen-
nifer Fleming, and Brent D Flickinger, “Trans fatty acid intakes and food sources in
the US population: NHANES 1999-2002,” Lipids, 2012, 47 (10), 931-940.

Lloyd-Jones, Donald, Robert Adams, Mercedes Carnethon, Giovanni De Simone,
T Bruce Ferguson, Katherine Flegal, Earl Ford, Karen Furie, Alan Go, Kurt Green-
lund et al., “Heart disease and stroke statistics—2009 update: a report from the Ameri-

can Heart Association Statistics Committee and Stroke Statistics Subcommittee,” Circu-
lation, 2009, 119 (3), e21-e181.

Long, Michael W, Steven L. Gortmaker, Zachary J Ward, Stephen C Resch, Marj L
Moodie, Gary Sacks, Boyd A Swinburn, Rob C Carter, and Y Claire Wang, “Cost
effectiveness of a sugar-sweetened beverage excise tax in the US,” American Journal of
Preventive Medicine, 2015, 49 (1), 112—-123.

www.manaraa.com



127

Luca, Dara Lee and Michael Luca, “Survival of the Fittest: The Impact of the Minimum
Wage on Firm Exit,” Harvard Business School NOM Unit Working Paper, 2018, (17-
088).

Luca, Michael, “Reviews, reputation, and revenue: The case of Yelp. com,” Com (Septem-
ber 16, 2011). Harvard Business School NOM Unit Working Paper, 2011, (12-016).

MaCurdy, Thomas and Margaret O’Brien-Strain, “Increasing the Minimum Wage:
California’s Winners and Losers,” Technical Report, Working Paper. San Francisco: Pub-
lic Policy Institute of California 2000.

Malik, Vasanti S and Frank B Hu, “Sugar-sweetened beverages and health: where does
the evidence stand?,” The American Journal of Clinical Nutrition, 2011, 94 (5), 1161-
1162.

Manning, Alan, “How do we know that real wages are too high?,” The Quarterly Journal
of Economics, 1995, pp. 1111-1125.

Meer, Jonathan and Jeremy West, “Effects of the minimum wage on employment dy-
namics,” Journal of Human Resources, 2016, 51 (2), 500-522.

Mensink, Ronald P and Martijn B Katan, “Effect of dietary trans fatty acids on high-
density and low-density lipoprotein cholesterol levels in healthy subjects,” New England
Journal of Medicine, 1990, 323 (7), 439-445.

— , Peter L Zock, Arnold DM Kester, and Martijn B Katan, “Effects of dietary fatty
acids and carbohydrates on the ratio of serum total to HDL cholesterol and on serum
lipids and apolipoproteins: a meta-analysis of 60 controlled trials,” The American journal
of clinical nutrition, 2003, 77 (5), 1146-1155.

Morris, Martha Clare and Christine C Tangney, “Dietary fat composition and dementia
risk,” Neurobiology of aging, 2014, 35, S59-S64.

Moshfegh, Alanna, Joseph Goldman, Jaspreet Ahuja, Donna Rhodes, and Randy La-
Comb, “What we eat in America, NHANES 2005-2006: usual nutrient intakes from
food and water compared to 1997 dietary reference intakes for vitamin D, calcium, phos-
phorus, and magnesium,” US Department of Agriculture, Agrictural Research Service,
2009.

Mozaffarian, Dariush, Martijn B Katan, Alberto Ascherio, Meir J Stampfer, and Wal-
ter C Willett, “Trans fatty acids and cardiovascular disease,” New England Journal of
Medicine, 2006, 354 (15), 1601-1613.

_ , Michael F Jacobson, and Julie S Greenstein, “Food reformulations to reduce trans
fatty acids,” New England Journal of Medicine, 2010, 362 (21), 2037-2039.

www.manaraa.com



128

_, Tobias Pischon, Susan E Hankinson, Nader Rifai, Kaumudi Joshipura, Walter C
Willett, and Eric B Rimm, “Dietary intake of trans fatty acids and systemic inflamma-
tion in women,” The American journal of clinical nutrition, 2004, 79 (4), 606—-612.

Nakamura, Emi, “Pass-through in retail and wholesale,” Technical Report, National Bu-
reau of Economic Research 2008.

Neumark, David and William Wascher, “Minimum wages and employment: A review
of evidence from the new minimum wage research,” Technical Report, National Bureau
of Economic Research 2006.

New York State Department of Labor, “Minimum Wage Information,” 2015.
http://www.labor.ny.gov/formsdocs/factsheets/pdfs/p716.pdf.

News, ABC 27, “Rep. Kim pushes for $15 minimum wage increase,” 2017.
http://abc27.com/2017/01/24/rep-kim-pushes-for-15-minimum-wage-increase/.

Ogden, Cynthia L, Margaret D Carroll, Lester R Curtin, Margaret A McDowell, Car-
olyn J Tabak, and Katherine M Flegal, “Prevalence of overweight and obesity in the
United States, 1999-2004,” Jama, 2006, 295 (13), 1549-1555.

Pelkowski, Jodi Messer and Mark C Berger, “The impact of health on employment,
wages, and hours worked over the life cycle,” The Quarterly Review of Economics and
Finance, 2004, 44 (1), 102-121.

Post-Gazette, Pittsburgh, “Gov. Wolf’s budget porposal boosts minimum wage to cut
Medicaid costs,” 2017. http://www.post-gazette.com/news/state/2017/04/17/minimum-
wage-Pennsylvania-budget-Tom-Wolf-budget-proposal-Scott-Wagner-
Medicaid/stories/201704170002.

Poterba, James M, “Retail price reactions to changes in state and local sales taxes,” Na-
tional Tax Journal, 1996, 49, 165-176.

Powell, Lisa M, Jamie F Chriqui, Tamkeen Khan, Roy Wada, and Frank J
Chaloupka, “Assessing the potential effectiveness of food and beverage taxes and subsi-
dies for improving public health: a systematic review of prices, demand and body weight
outcomes,” Obesity Reviews, 2013, 14 (2), 110-128.

Putnam, Judith Jones, Jane E Allshouse et al., Food consumption, prices, and expendi-
tures, 1970-97 number 965, US Department of Agriculture, ERS, 1999.

Rebitzer, James B and Lowell J Taylor, “The consequences of minimum wage laws some
new theoretical ideas,” Journal of Public Economics, 1995, 56 (2), 245-255.

Rees-Jones, Alex and Dmitry Taubinsky, “Taxing Humans: Pitfalls of the Mechanism
Design Approach and Potential Resolutions,” Tax Policy and the Economy, 2018, 32 (1),
107-133.

www.manaraa.com



129

Restrepo, Brandon J and Matthias Rieger, “Trans fat and cardiovascular disease mortal-
ity: evidence from bans in restaurants in New York,” Journal of health economics, 2016,
45, 176-196.

Rudd Center for Food Policy and Obesity, “Sugar-Sweetened Beverage Taxes and Sugar
Intake: Policy Statements, Endorsements, and Recommendations,” 2014.

Schmitt, John, “Why does the minimum wage have no discernible effect on employment,”
Center for Economic and Policy Research, 2013, 22, 1-28.

State of Connecticut General Assembly, “Senate Bill No. 32, Public Act No. 14-1,” 2014.
State of Iowa General Assembly, “House File 295,” 2017.
State of Massachusetts General Assembly, “Session Laws: Chapter 144, 2014.

State of New Jersey Department of Labor and Workforce Development, “New Jersey
Administrative Code 12:56-3.1,” 2014.

State of New Jersey Senate Budget and Appropriations Committee, “Senate Budget
and Appropriations Committee Statement to Assembly Committee Substitute for As-
sembly, No. 15,” 2016.

State of Vermont Department of Labor, “Vermont Minimum Wage Rules, Chapter 5,
Title 21,” 2014.

Stewart, Mark B, “The employment effects of the national minimum wage,” The Eco-
nomic Journal, 2004, 114 (494), C110-Cl116.

Stiglitz, Joseph E, “The efficiency wage hypothesis, surplus labour, and the distribution of
income in LDCs,” Oxford Economic Papers, 1976, 28 (2), 185-207.

Taubinsky, Dmitry and Alex Rees-Jones, “Attention variation and welfare: theory and
evidence from a tax salience experiment,” NBER Working Paper #22545, 2018.

The Economic Policy Institute, “Minimum Wage Tracker,” 2017.

Thow, Anne Marie, Shauna M Downs, Christopher Mayes, Helen Trevena, Temo
Wagqanivalu, and John Cawley, “Fiscal policy to improve diets and prevent noncom-
municable diseases: from recommendations to action,” Bulletin of the World Health
Organization, 2018, 96(3), 201-210.

UC Berkely Center for Labor Research and Education, “Inventory of Local Minimum
Wage Ordinances (Cities and Counties),” 2016.

United States Census Bureau, “American Community Survey,” 2015.

United States Department of Agriculture, “Food Expenditures,” 2017.

www.manaraa.com



130

U.S. Bureau of Labor Statistics, “Characteristics of Minimum Wage Workers, 2015,”
2016.

U.S. Census Bureau, “Quick Facts, Boulder City, Colorado,” 2018.
U.S. Department of Commerce, “Food Services and Drinking Places: 2002,” 2002.

Wage and Hour Division, United States Department of Labor, “History of Federal Min-
imum Wage Rates Under the Fair Labor Standards Act, 1938-2009,” 2016.

Wang, Y Claire, Pamela Coxson, Yu-Ming Shen, Lee Goldman, and Kirsten Bibbins-
Domingo, “A penny-per-ounce tax on sugar-sweetened beverages would cut health and
cost burdens of diabetes,” Health Affairs, 2012, 31 (1), 199-207.

Weyl, E Glen and Michal Fabinger, “Pass-through as an economic tool: Principles of
incidence under imperfect competition,” Journal of Political Economy, 2013, 121 (3),
528-583.

Willett, Walter C, Meir J Stampfer, JoAnn E Manson, Graham A Colditz, Frank E
Speizer, Bernard A Rosner, Charles H Hennekens, and Laura A Sampson, “Intake
of trans fatty acids and risk of coronary heart disease among women,” The Lancet, 1993,
341 (8845), 581-585.

Yelp, An Introduction to Yelp Metrics, 2016. https://www.yelp.com/factsheet.

Zock, Peter L and Martijn B Katan, “Hydrogenation alternatives: effects of trans fatty
acids and stearic acid versus linoleic acid on serum lipids and lipoproteins in humans.,”
Journal of Lipid Research, 1992, 33 (3), 399-410.

www.manaraa.com



	Essays in health and labor economics
	Recommended Citation

	tmp.1572536163.pdf.kLGgy

