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Abstract 

 

Thanks to the standardized work protocol and technology of McDonald’s 

restaurants, the hourly wage rate of basic crew McDonald’s workers offers 

consistent, easy-to-interpret, and up-to-date wage comparisons for workers 

supplying identical skill input under uniform hedonic job conditions. The 

McWage rate captures variation in low-skill labor costs across locations, 

while the Big Macs (earned) Per Hour (BMPH) index measures the 

purchasing power of labor income. We compare 2016 McWages across 

11,365 restaurants corresponding to 80% of all US US McDonald’s 

restaurants covering counties with 97% of US population. The 5/95 

percentile range of BMPH across US counties is 1.6/2.3 suggesting only 

limited labor market integration. In future, these data can be used to 

measure the pass-through price effects of minimum wage legislation. 
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Introduction 

 

The study of local labor markets is at the center of the current debate on the effects of 

international trade and automation on US workers (e.g., Acemoglu and Restrepo, 2017; Autor et 

al., 2016; Yagan, 2016). Most of this work focuses on employment and wages as the key outcome.1 

To study wage rates at the local level, one can employ multiple surveys, including the American 

Community Survey and the Current Population Survey. However, these surveys at best allow one 

to compare workers with similar productive characteristics (education, age) and occupation. Such 

comparisons across locations and economic circumstances can be confounded by variation in 

schooling and labor force quality as well as by variation in hedonic job conditions within 

occupations.2 There is also only limited information available on regional price differences in the 

US, which curbs the ability of researchers to contrast the purchasing power of wage rates of similar 

workers across areas.  

In this paper, we contribute to measurement of local-area wage rates and price levels. We 

avoid the comparison difficulties present in existing data and provide a meaningful quantification 

of cross-area differences in prices of an identical factor of production, namely of a standardized 

amount of human capital corresponding to Basic Crew workers in McDonald’s restaurants. The 

McDonald’s global guarantee of standardized sanitized food production implies that these 

restaurants use the same ‘fixed-coefficient’ technology of production and that their workers follow 

the same detailed operation protocol. Thanks to this standardization, one can measure wage rates of 

workers supplying identical skill input using identical technology (having identical physical 

productivity) under identical hedonic job conditions. To this effect, we collect 2016 wage rates for 

workers located in 11,365 thousand McDonald’s restaurants in 2,255 US counties covering 97% of 

the US population. 

Our primary goal is to provide simple, easily collected, and credible measures of real wage 

rates that may be compared across varied economic circumstances. The Basic Crew McDonald’s 

job is both more widely available for data collection and more standardized that any alternative job, 
                                                           
1 An important separate line of research studies mortality differences across US locations (Case and Deaton, 2016; 

Chetty et al., 2016). 
2 Administrative data allow researchers to observe wage rates of workers by occupation for specific employers, but 

confidentiality conditions imply that such research must aggregate results across multiple employers (e.g., Yagan, 

2016). This makes it difficult to choose employers who do not vary hedonic job conditions, technology, and skill inputs 

of their workers across locations. 
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both within the US and across the more than 100 countries of the world where the fast food chain 

operates. These wages, which we will refer to as ‘McWages’, are highly comparable. They offer 

several other advantages. Where not affected by minimum wage legislation, they can be thought of 

as effectively measuring the price (the marginal product) of a standardized amount of human 

capital input of production on local labor markets. These wage rates are also easy to collect and 

thus provide a more up-to-date labor market indicator than all existing systematic data collection 

efforts. Finally, the McWage data collection allows one to simultaneously measure both the 

nominal and the real level of wages of workers supplying identical skill inputs: We capture the 

purchasing power of McWages using the price of a standardized product, the Big Mac sandwich.  

In addition to the basic wage rates expressed in US dollars, we thus also collect data on the 

price of a Big Mac in each surveyed restaurant. The Big Mac is a standardized hamburger sandwich 

and the price of Big Macs has been used in cross-country work as an easily obtained measure of 

purchasing power parity (PPP)3 based on a perfectly standardized consumption ‘basket’.4 We use 

these data for the same purpose across local labor markets and also express wage rates in 

purchasing power using the Regional Price Parity index provided for Metropolitan Statistical Areas 

(MSAs) by the U.S. Bureau of Economic Analysis (BEA). We thus measure hourly wage rates in 

US dollars, in consumption PPP dollars, and in units of “Big Macs”, i.e. in Big Macs Per Hour 

(BMPH). 

As McDonald’s restaurants exist in countries at dramatically different levels of 

development and as they operate in essentially all populous counties of the US, i.e., in local labor 

markets facing dramatically different economic conditions, McWages can be employed in both 

cross-county and within-country research designs. In the companion project (Ashenfelter, 2012; 

Ashenfelter and Jurajda, 2017), we measure McWages across more than 80 countries and track 

them along the development path. Looking at the US, our international survey (based on over 20 

                                                           
3 See Ong (2003) and Clements et al. (2010) for summaries of studies on the value of the Big Mac Index in 

predicting exchange rate movements, i.e., adjustments to PPP. 
4 General price indices deal with issues of quality differences only to a limited degree. Recently, Imbs et al. 

(2010) highlight the importance of (TV) quality differences for prices even within an integrated economic 

zone—the EU. Broda and Weinstein (2008) show that using barcode data instead of typical price indices, 

i.e. conditioning on product quality, substantially alters the conclusions on international price dispersion. 
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US cities) implies that the US BMPH index declined steadily from its 2007 level of 2.36 to a low of 

1.84 in 2014 and then rose to 1.96, its 2016 value.5  

In this study, we focus on the US regional differences in McWages in the fall of 2016, i.e., 

after the rebound from the Great Recession.6 We survey over 80% of all US McDonald’s 

restaurants from almost all populous US counties. The mean (median) value of BMPH is 1.98 

(1.97), which corresponds to mean (median) McWages in US dollars of 8.53 (8.25). Our analysis 

indicates that there are large differences in the real wage rates of workers doing identical jobs 

across US locations. Looking across the 11,365 restaurants in our data, 5% of the US McDonald’s 

pay under 1.62 Big Macs per hour of work; 5% pay over 2.43 BMPH, i.e., 50% more in real terms. 

The range based on county means or medians across the 2,255 US counties with a McDonald’s, is 

also almost identical at 1.63/2.31. When we adjust US$ McWages using the BEA’s Regional Price 

Parities as opposed to expressing them in “Big Macs”, the cross-area real wage gaps decline, but 

remain sizeable.  

Almost half of US McWages equal the effective local minimum wage level. We document 

how the geographic variation in minimum wages represents a primary source of cross-state 

differences in real wage rates and also show that states set their minimum wage levels in tandem 

with the mean of the latent state-specific McWage distributions, in effect cutting off a similar part 

of the McWage distribution. We estimate the median of the US latent McWage distribution that 

would be observed in absence of minimum wage legislation to be $7.93, a value that translates to 

1.86 Big Macs per Hour. The lowest state latent median of $6.58 is in Mississippi. 

In addition to studying cross-areas McWage differences, we also use a 2008-2017 panel of 

all McDonald’s restaurants to ask about the effects of minimum wages on restaurant entry and exit. 

We find that an additional dollar of minimum wages introduced through local minimum wage 

ordinances leads to a simultaneous increase of both entry and exit rates by about 50%. The effect of 

state-level minimum wage legislation is about half the size of the local minimum wage effect.  

                                                           
5 Ashenfelter and Jurajda (2017) show that the US BMPH value is below that of most EU-15 countries and 

is about twice the level of values typical of Central and Eastern Europe or of more successful Latin 

American countries. The US BMPH is almost six times the corresponding Mexican value. 
6 During the last quarter of 2016, the US unemployment rate was below the corresponding rate from 2007. 

However, using the same time comparison, the median weekly earnings of full-time workers have grown 

only slightly and the labor force participation rate has not recovered to pre-crisis levels. 
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Our evidence is based on a single job, that of McDonald’s basic crew, which is the price 

paid for the high consistency of McWages over time and space. However, McDonald’s basic crew 

employees belong to and plausibly represent a large occupation. According to the Bureau of Labor 

Statistics, the two most common occupations in the U.S. are retail salespersons and cashiers with 

about 4 million workers each. As of 2016, retail salesperson is the largest occupation in 36 of the 

50 states and retail firms employ almost a quarter of U.S. private sector workers.7 These  

occupation groups are also particularly important to study as the Great Recession has had enduring 

employment-rate effects concentrated among the low-skilled, a demographic that is 

disproportionately employed in the retail sector (Charles, Hurst, and Notowidigdo, 2016; Yagan, 

2016).  

The paper is organized as follows. In the next section, we discuss a simple theoretical 

concept of real wage measurement. Next, we describe our measurements of both wages and prices 

and discuss the advantages and drawbacks of the new wage measure. The following section 

presents the basic empirical findings, and correlates McWages to other available wage measures as 

well as to several important outcome measures. Next, we study the minimum wage effect on 

restaurant entry and exit. The concluding sections offer some directions for future research. 

McWages can be used to assess the wage effects of regulation or international trade and 

automation. For example, in future one can employ these data to study the price pass-through 

effects of minimum wage legislation. McWages in PPP can also be used in analyses inferring 

welfare gains from migration across both country borders and across local labor markets within the 

US. 

 

Conceptual Real Wage Measures and McWages 

 

As discussed in Ashenfelter (2012), one can employ a conventional consumer-worker utility 

maximization setup to define a constant-utility index number of real wages, which is increasing in 

prices but decreasing in non-work income. The welfare interpretation of such an index is not 

affected by product market monopoly or labor market monopsony. However, approximating the 

effect of prices on such an index raises all the usual problems of index number base levels (Deaton 

                                                           
7 https://www.bls.gov/news.release/pdf/ocwage.pdf  

https://www.bls.gov/news.release/pdf/ocwage.pdf
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2010) and purchasing power parity measurement.8 Our comparable real McWages (in PPP or 

BMPH) provide a consistent indicator of labor income purchasing power that current data 

collection efforts fail to provide.  

At the same time as the real wage rate determines labor supply, it also plays a key role in 

the demand for labor.  A profit maximizing firm treats the wage rate as the price of labor and hires 

workers to the point where the value of an additional worker’s marginal product is equal to it.  The 

familiar relation Pmp=w, where P is output price and mp is the marginal product of labor, implies 

that w/P is a measure of the physical marginal product of labor when firms are maximizing profits 

and there are competitive labor and product markets.   If follows that real wage rate differences can 

also be used to measure productivity differences under some circumstance.  

The technology of production at McDonald’s is largely fixed around the world as well as 

over time or across US local labor markets, as are the tasks performed by the Basic Crew workers. 

The restaurants do not adjust their technology to reflect the price or available skills of local labor; 

they simply pay local market wages to their workers for the skill that they provide, which is fixed 

across countries and local labor markets.9 Based on descriptive accounts of their practices, we 

believe that McDonald’s restaurants do not over-pay their workers relative to local market pay 

levels. Furthermore, they are certainly not large enough to act as a monopsony and they do not 

generally affect the technology of local-area firms. We therefore think of the restaurants as a 

standardized measurement instrument “reading off” the market-level marginal product of labor at 

the labor market level. 

The construction of a wage-based productivity indicator requires an appropriate price 

deflator. If real wage rates differ from place to place, then the prices of non-tradable goods will also 

differ from place to place because local wage rates indicate the cost of a factor of production that is 

used in producing non-tradable goods. The simplest version of this phenomenon, known as the 

Balassa-Samuelson effect, is based on the observation that if tradable goods prices are the same 

                                                           
8 A key insight relevant for cross-country comparisons is that comparisons of real wage rates for economies 

where non-work income differs substantially may be seriously misleading as can be comparisons over 

periods during which hours of work decline substantially. Measuring non-work income of McWorkers is an 

important avenue of future research. 
9 The introduction of touch-screen ordering devices represents an exception to this statement. We explore the 

2016 roll-out of touch-screen ordering, which occurred in Florida, New York and Southern California, in a 

robustness check. Restaurants in San Francisco, Boston, Chicago, D.C. and Seattle will get upgrades in 2017 

and our 2017 survey will ask about the technology update directly. 
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everywhere and if productivity differs in the production of tradable goods, then the prices of non-

tradable goods must differ too. This results because the equality of wage rates between workers in 

the tradable and non-tradable sectors within a labor market area makes labor-intensive goods more 

expensive to produce in high productivity markets. 

Consider a product produced according to a Cobb-Douglas production function from a 

combination of tradable goods and local labor that is paid wage wi in location i.  The cost of 

producing such a good will be pni=wi
ap1-a, where pni is the price of the quasi-tradable good, p is the 

(constant across places) price of tradable goods, and 0<a<1.  

A real wage defined as wi/pni=(wi/p)1-a, is a purchasing-power-parity price adjusted wage, 

where the weights in the purchasing power basket are allocated in the proportion a and 1-a to 

tradables and non-tradables.  This index is a concave function of the wage rate measured in the 

tradable price and it will thus show a smaller gap between high and low wage labor markets than 

would a real wage rate measured in tradable prices.  Note that relative nominal wages are linked to 

the relative marginal product of labor and TFP across locations, unless they are affected by 

minimum wage legislation.10 In contrast, it is natural to think of the quasi-tradable-goods-based 

wage rate, wi/pni , as more closely related to the welfare of workers as represented by a constant-

utility real wage index.  

We therefore use McWages measured in US$ as an indicator of both cost of labor and of 

productivity (more on this below), and we use McWages expressed in PPP$ or in “Big Macs” as an 

indicator of standards of living of workers. Parsley and Wei (2007) who study ‘Big Mac’ real 

exchange rates match Big Mac price data collected by The Economist with city specific ingredients 

prices, rents, energy, and labor costs collected by the Economist Intelligence Unit across 34 

countries. They assume that the Big Mac price follows an additive function of input costs, 

corresponding to a Leontief production function, and find that labor is by far the most important 

non-tradable cost, with minimal cost shares of energy or rent. Specifically, in their sample tradable 

inputs compose about 30% of the costs of producing the Big Mac, with labor accounting for 45%.  

 

                                                           
10 Development, international, and trade economics are among the sub-fields of economics that frequently 

use or wish to use consistent cross-country-comparable wage information, mainly to estimate productivity 

gaps. See Ashenfelter and Jurajda (2017) for a detailed discussion. A similar approach can be applied to 

trade models describing trade patterns across geographic markets within a country. 
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Measurement of Wages and Prices  

 

 

Basic McFacts 

 

World-wide, there are over 36,000 McDonald’s restaurants in over 100 countries, such that 

McDonald’s is the largest fast food chain. Over 14,000 of these restaurants are in the US. 

McDonald's restaurants operate with a standardized protocol for employee work. Food ingredients 

are delivered to the restaurants and stored in coolers and freezers. These ingredients are handled 

using a highly mechanized food preparation system with equipment that differs little from place to 

place. Although the skills necessary to handle contracts with suppliers or to manage and select 

employees may differ among restaurants, the basic food preparation work in each restaurant is 

highly standardized. Operations are monitored using the 600-page Operations and Training 

Manual, which covers every aspect of food preparation and includes precise time tables as well as 

color photographs.11 A key motivation for the use of standardized work protocols is the implied 

warrantee of food safety that eating at a McDonald’s restaurant provides.  The standardized 

McDonald’s brand is both a risk (in case of some failure) and a reward (when failure is rare). As a 

result of the standardization of both the product and the workers tasks, cross-area comparisons of 

real wages of McDonald’s crew are free of interpretation problems stemming from differences in 

skill content or compensating wage differentials. Similarly, the ‘consumption basket’ used to adjust 

for price level differences is robust to goods heterogeneity concerns. 

 

Data Collection 

 

Our survey of US McDonald’s wages was carried out through phone interviews in the 

summer and fall of 2016.12 In 2016, there were 14,138 McDonald’s restaurants in the US, of which 

84% were free standing (as opposed to being part of a shopping mall, a gas station, a Walmart 

                                                           
11 See, e.g., Royle (2000, pp. 45-59) for details on the unification of McDonald’s workers. About 90% of all 

employees at McDonald’s are hourly paid Crew and Training Squad workers. Employees typically start 

work at a food preparation station, and are then rotated through various stations and eventually to the sales 

counter. As a result, workers may undertake several different assignments at different times. 
12 Our data collection thus occurred after the 2015 company-wide increase in US McWages that reflected 

workers protests and declining sales. See, e.g., https://www.usatoday.com/story/money/business/2015/04/01/mcdonalds-

pay-raise-motivated-workers-sales-decline/70784978/  

https://www.usatoday.com/story/money/business/2015/04/01/mcdonalds-pay-raise-motivated-workers-sales-decline/70784978/
https://www.usatoday.com/story/money/business/2015/04/01/mcdonalds-pay-raise-motivated-workers-sales-decline/70784978/
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store, an Airport, etc.).13  In the first stage of our data collection in June 2016, we contacted 5,300 

restaurants from 2,200 counties and gathered information from 4,752 restaurants from 2,066 

counties (with a 90% response rate).  At this point, we were covering 88% (2,066/2,348) of US 

counties with a McDonald's (and 94% of all counties with free-standing McDonald’s restaurants). 

In the 2nd stage of data collection in September 2016 we contacted 9,387 restaurants (including the 

non-responding ones from the first stage) and collected information from 6,613 of them (with a 

response rate of 70%). The combined data consists of 11,365 geo-coded McWage observations. It 

corresponds to 80% of all McDonald’s restaurants in the US and covers 8,110 5-digit zip-code 

areas, almost all US cities, and all (381) US Metropolitan Statistical Areas (MSAs). The 2,255 

counties covered by our data correspond to 96% of US counties with a McDonald’s and 72% of all 

US counties. McDonald’s restaurants are more likely to be found in populous locations; as a result, 

92% of the restaurants in our data are located in MSA areas and the counties covered by our data 

house over 97% of the US population. 

The survey instrument asks about the starting hourly rate for the regular day shift for entry-

level crew members 18 or older who finished initial training. An important aspect of our data is that 

we collect gross wages, without any adjustment for taxes. In the US, the EITC clearly plays a large 

role for low-skill workers’ net pay, and there are differences in the state EITC levels. We do not 

collect information on the family (and tax) status of the basic crew workforce.  

Since we want to construct purchasing power parity adjustments that were coincident with 

the timing of our collection of wage data, we also collected the price of a Big Mac in each 

restaurant at the time of the wage survey. We ask about the price of the sandwich (not of the combo 

meal) including sales tax and excluding temporary promotions.  

Our price measure is clearly limited in that we only observe the price of one product.14 On 

the other hand, a key advantage of our price measure is that it corresponds to a standardized 

product. The importance of comparing identical products is underscored by Handbury and 

Weinstein (2015) who construct an urban price index for 49 US cities based on measuring prices of 

                                                           
13 This information and our sampling frame corresponds to the complete list of all McDonald's US restaurant 

locations from 2016 along with their geographic coordinates generated by AggData. 
14 Big Mac prices are reported regularly by the Economist as one possible measure of purchasing power 

parity (PPP) adjustment, and have, in fact, been shown to perform relatively well in comparison to other 

sophisticated PPP measures. This perhaps reflects the mix of several tradable commodities and non-tradable 

services that make up the sandwich. 
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identical goods sold in comparable stores across the U.S. and show that grocery prices indexes do 

not rise, but fall, with population. The difference vis-à-vis comparisons based on earlier price 

indices is due to heterogeneity biases that are eliminated by relying on identical products. While we 

do not observe purchase quantities, so that we cannot construct comprehensive area price-level 

indices, our geo-coded Big Mac prices cover almost all US cities, allow for detailed geographic 

comparisons, and provide up-to-date price information.15 This is a potentially important advantage 

as there are no price-level indices available at the sub-MSA level in the US and the Regional Price 

Parities (RPP) available from the BEA are from 2014. 

Finally, following Card and Krueger (1994) we ask whether the restaurant is company-

owned or a franchise and we also ask whether the respondent is a manager or a basic crew member. 

The telephone survey instrument is provided in the Appendix.  

 

Empirical Findings 

 

Dispersion Measures and Measurement Error 

 

The basic descriptive statistics based on our survey are contained in Table 1. The mean 

McWage rate across the 11,365 restaurants in our data is $8.52, and the mean Big Mac price is 

$4.33, so that the mean Big-Macs-per-Hour (BMPH) value is 1.98.16 The value of the BMPH index 

based the corresponding median values is almost identical. The 5-95 percentile range of the hourly 

McWage rate is $7.25-$10.5; it is $3.68-$5.11 for the Big Mac price, and 1.62-2.42 for the BMPH 

index.17 The 5-95 percentile ranges are not materially affected by weighting using ZIP-level 

population. The range based on county means or medians across the 2,255 US counties in our data 

is also almost identical (at 1.63-2.31 for the BMPH index). 

 

 

                                                           
15 See Cavallo and Rigobon (2016) for work on price-level measurement using on-line prices, which 

typically does not cover restaurant prices in limited-service (fast-food) restaurants.  
16 These mean values are remarkably close to the estimates based on our independent cross-country data 

collection effort from fall of 2016 where we surveyed approximately 30 US restaurants using a different 

data collection company; see Ashenfelter and Jurajda (2017). 
17 These statistics are nearly identical in data corresponding to each of the two phases of our data collection. 
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Tab. 1: Basic Descriptive Indicators 

 Mean Median S.D. P5 P95 

$ McWages 8.52 8.25 1.04 7.25 10.5 

$ BigMac price 4.33 4.27 0.46 3.68 5.11 

BMPH 1.98 1.97 0.26 1.62 2.42 

 

The standard deviation of the $McWage is 1.044. To what extent is this statistic reflecting 

measurement error? To assess the extent of noise in our wage measure, we collected 438 repeat 

interviews on a random sample of the restaurants.18 Only 17% of these re-interviews were 

answered by the same person based on respondent’s first name. The mean (absolute) difference 

between the two interviews is $0.24 and this gap drops to $0.11 for re-interviews where the 

respondent was the same person. As a first approximation, we assume that the two wage measures 

are affected by classic measurement error with uncorrelated errors:  w*=w+e*  and w**=w+e** .19 

The sample covariance of the two measures equals 1.058 (with a s.d. of 0.07).20  Under zero co-

variance of measurement errors the statistic Cov(w*, w**) / SD(w*)SD(w**) converges to Var(w) / 

[Var(w)+Var(e*)], i.e., to the reliability ratio. When evaluated using the 83% of re-interviews that 

were not answered by the same respondent (where it is more plausible that errors are independent), 

this statistic equals 0.87 for both $McWages and their logs.21 Under such reliability ratio, the 

standard deviation of true $McWages is 0.91.22 

The US-wide $McWage coefficient of variation (CV) in our data is thus 0.12 (0.11 

adjusting for measurement error). The corresponding state-specific CV values range from 0.02 to 

0.11 (0.03 to 0.10 if we focus on the 34 states where we observe at least 100 McWages) and 

                                                           
18 The second interview occurred within a month of the first one. 
19 See Hansen, Hurwitz, and Pritzker (1964) and Bailar and Dalenius (1969) for the “gold standard” re-

interview approach for estimating response variance reflecting various survey error contributions. Our 

simple approach is similar in spirit to that of Abowd and Stinson (2013) who assume that both measures of 

earnings they observe contain measurement error.  
20 We know the exact population means (there is almost no sampling error in estimating the expectations of 

wages in the covariance formula) so that we are interested in the s.d. of the so-called ideal sample 

covariance, which is normally distributed with a variance that is easy to derive. 
21 The ratio equals 0.95 when evaluated on the small sample of re-interviewed restaurants where the 

respondent was the same person, which implies the covariance between errors due to the same person 

answering at 0.09. 
22 Using the same approach, the standard deviation of true Big Mac prices is 0.32. 
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average across states at 0.07.23 The US-wide CV for Big Mac prices and BMPH is similar at 0.11 

and 0.13, respectively. At 0.11, the state average of BMPH CV values is higher than the 

corresponding McWage statistic; it ranges from 0.06 to 0.14 across states (with the same range 

based on the subset of 34 states with over 100 observations).24 Even at county level, the 99th 

percentile of the McWage (BMPH) CV does not exceed 0.14 (0.20). Below, we return to 

measuring state differences in dispersion of McWages when we account for the extent of censoring 

at minimum wage levels. 

How does the dispersion of McWages across US states compare to that observed across 

countries? The state-level coefficient of variation (based on state median McWages) across US 

states is 0.12. The CV value measured across the single-market EU-15 economies25 is 0.41 (0.33 

excluding Greece and Portugal, the two poorest EU-15 economies), that is much above the US 

value. This comparison is not materially affected by using only US McWage observations from 

populous counties, to approximate our international data collection, which focuses on large cities 

(see Ashenfelter and Jurajda, 2017) and it illustrates how less integrated EU-15 labor markets are 

compared to US state labor markets.  

 

Geographical Differences in McWage and BMPH levels 

 

The maps of US states and counties presented in the Appendix visualize the extent of 

geographical variation in McWages, Big Mac Prices and BMPH values, i.e., in how many Big 

Macs can be bought with an hour’s wages in different places. Comparing US states using the 

BMPH measure based on state median McWages and median Big Mac prices, the highest average 

purchasing power of McWages is found in Nebraska, North Dakota, and Minnesota (at BMPH of 

about 2.3) while the lowest observed BMPH values are in Maine and Louisiana (at about 1.7). 

Considering only counties with at least three McWage observations, the lowest-BMPH county in 

the US is Osage, Oklahoma (with a BMPH of only 1.34) and the highest BMPH county is Kerr 

                                                           
23 These CV values are in line with the existing evidence. For example, the mean starting wage in the Card 

and Krueger (1994) sample of 331 New Jersey fast food restaurants in early 1992 was $4.61 with a standard 

deviation of 0.35, corresponding to a coefficient of variation of 0.08. The standard deviation then decreased 

to 0.11 after the introduction of higher minimum wage. 
24 We observe McWages in all 50 states and also count Washington, D.C. as a separate ‘state’. 
25 Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, Italy, Netherlands, Norway, 

Portugal, Spain, Sweden, the UK. 
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county, Texas (with a BMPH of 2.66, almost twice the lowest value). Clearly, there are large 

geographic differences in the real wage rates of workers supplying identical skill inputs. 

 

McWages and Minimum Wages 

 

The restaurant industry is the most intensive employer of minimum wage workers in the US 

(U.S. Bureau of Labor Statistics, 2016b) and the pay level at McDonald’s is powerfully affected by 

minimum wage legislation. Labor-market distortions do not impinge on the interpretation of our 

wage measure as reflecting cost-of-labor differences across locations, but they do affect the 

interpretation of McDonald’s wages as reflecting the marginal product of labor. 

The current federal minimum wage is $7.25;26 in addition, by 2016, 29 states and 41 cities 

have introduced higher-than-federal minimum wages. The effective minimum wage is the 

maximum of the federal and the state or the city minimum wage. The geographic variation in 

effective minimum wages thus represents a primary source of cross-county and cross-state 

differences in real wage rates. For example, Ohio McDonald’s workers enjoy a higher minimum 

wage ($8.1) than do workers in Pennsylvania ($7.25) and their McWage is also higher ($8.35 vs. 

$7.81) as is their BMPH (2.05 vs. 1.81). 

Out of the 11,365 McWages we collected, 45% are at (or below)27 the effective minimum 

wage level.28 One obtains the same share when taking the population-weighted average across the 

2,255 counties or the 8,110 5-digit zip-code areas in our data. The share of McWage rates at the 

minimum wage level is over 90% in Massachusetts and Rhode Island and as low as 5% in Alaska 

and North Dakota. Figure 1 shows the observed relationship between the level of state minimum 

wages and the share of state-specific McWage observations censored at the minimum wage level. 

                                                           
26 The last time the US Congress approved a federal minimum wage increase was in 2007. This increase was 

phased in gradually so that the federal minimum wage level has been at $7.25 since 2009. 
27 Only 3% of restaurants report a wage that is below the effective state minimum wage level and the median 

extent of the violation is $0.25. The share of violations is above 10% in four states (CT, NJ, RI, WV), which 

all raised their minimum wage level recently, in either 2015 or 2016. 
28 Only 307 restaurants (in CA, DC, IL, MD, ME, MO, NM, and WA) are located in cities or counties with 

local minimum wage ordinances. Additional increases in city minimum wages were introduced during our 

data collection and we assume that they are not yet in full effect. While the difference between the local and 

the state level of minimum wages reaches up to $3, the difference is only $0.5 in over a half of the 405 cases 

(in 236 restaurants in CA to be precise). We observe 66 cases of violation of the local minimum wage level 

with the median extent of violation of only $0.25. Source: http://laborcenter.berkeley.edu/minimum-wage-

living-wage-resources/inventory-of-us-city-and-county-minimum-wage-ordinances/  

http://laborcenter.berkeley.edu/minimum-wage-living-wage-resources/inventory-of-us-city-and-county-minimum-wage-ordinances/
http://laborcenter.berkeley.edu/minimum-wage-living-wage-resources/inventory-of-us-city-and-county-minimum-wage-ordinances/
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Given the high share of binding minimum wages, it is not surprising that 83% of the variation in 

average $McWages across states can be explained by the state minimum wage level.29 
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State minimum wages and McWages

 

Fig. 1 State Minimum Wage Levels and McWages 

 

Looking across the 2,255 counties in our data, about a third of counties have all restaurants 

paying the effective minimum wage level and another third of counties have all restaurants paying 

strictly above. This is in large part due to many counties having only one McWage observation. 

Across the 908 counties with at least 3 McWage observations, 20% of counties have no 

McDonald’s paying at the minimum wage level and 15% of counties have all of the McDonald’s 

paying at the minimum wage level.30  

                                                           
29 The county with the highest mean $McWage level (of over $12) is the San Francisco county, which 

increased its minimum wage to $13.00 in July 2016 while we were collecting data so that the increase is not 

yet fully reflected in the observed wage rates. Among the large counties with mean wage rates over $11 are 

also the District of Columbia and the King County, WA, which covers Seattle. Almost a third of the 73 

counties with mean McWage rates of over $10 are in California and over a tenth are in Washington state. 
30 In the 286 large counties with over 10 McWage observations, the share of restaurants paying the minimum 

wage level is no longer strongly bi-polar at the extremes. 
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Is there a cross-border ripple effect of minimum wages on McWages? We follow Dube et 

al. (2010) and ask this question for contiguous counties that straddle a state border. Out of the 

11,365 McWages we observe, 3,514 McWages are in such contiguous counties.31 Out of these 

observations 1,211 correspond to a situation where the cross-border minimum wage is higher than 

the home-state minimum wage. The coefficient corresponding to the cross-border log minimum 

wage level in the Tobit model explaining these 1,211 ln(McWage) observations is large, at 0.44, 

and statistically significant at the 1% level based on clustering at the state level.32 Such cross-

border ripple effect is problematic for the literature estimating minimum wage employment effects 

using contiguous counties. Dube et al. (2010) find no minimum wage cross-border wage spillovers. 

 

How Low are McWages? 

  

In this section, we aim to estimate parameters of the state-specific distributions of 

McWages that would be observed in absence of minimum wage legislation. We focus on two wage 

statistics: the state median and the state 33rd percentile (P33) of the (latent) McWage distribution. 

We do not observe an un-censored median (P33) in 17 (30) states and use two approaches to 

estimate these parameters of the underlying McWage distribution in these states.  

First, we assume that natural-log McWages are normally distributed and we estimate state-

specific Tobit models (without any control variables). The state-specific Tobit mean ranges from 

1.88 to 2.41 and averages at 2.11. (In the states with over 90% of censoring, ln(McWage) Tobit 

means are 0.25 lower compared to the observed means.) The state-specific Tobit standard 

deviations range across states from 0.04 to 0.18 and average at 0.1.33 The corresponding state 

medians of $McWages range from $6.58 in Mississippi to $11.50 in Washington D.C. and average 

at $8.24. Weighting using the number of McWage observations gives a US average of $8.13. For 

comparison, when using the individual-level ln(McWage) data to run an all-US Tobit with variable 

                                                           
31 With practically identical descriptive statistics in contiguous and in non-contiguous counties. 
32 The coefficient’s size is not sensitive to further conditioning the analysis on the restaurants within 20, 10 

or 5 kilometers of a state border.  
33 These statistics change little when based on the 34 states with at least 100 McWage observations. The 

average of Tobit standard deviations is higher, at 0.12, in the states where the latent median McWage is not 

observed compared to the less censored states, where it is 0.09. 
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censoring thresholds, we obtain a mean of 2.07 (corresponding to a McWage of $7.93) and a 

standard deviation of 0.15. 

Second, instead on relying on a distributional assumption, we match more and less censored 

states to estimate the parameters of the latent McWage distributions. Specifically, we match each 

heavily censored state to one less censored state based on the longest inter-percentile range 

(starting with the 90th percentile) observed in the heavily censored state. For example, when 

estimating the median in a state, where the lowest observed uncensored percentile is P60, we 

calculate the P90-P60 range and find a state (where the median is not censored) with the nearest 

value of this range.34 We then use this matched state to predict the latent median in the heavily 

censored state. We proceed analogously to estimate the latent 33rd percentiles. The matching-based 

estimates of median McWages are robust to the potential effect of minimum wages on restaurant 

exits (e.g. Luca and Luca, 2017), which would affect the degree of observed censoring and thus the 

Tobit approach. Yet, in almost all cases, the matched median predictions and the Tobit mean 

predictions are nearly identical.35 In what follows, we base our median-McWage conclusions on 

the Tobit approach.36 The Appendix Table A.1 shows the observed median values or predictions 

for all states together with descriptive statistics and both Tobit- and matching-based estimates.  

The predicted latent McWage median is lowest in Mississippi at $6.58 and is substantially 

below the federal minimum wage level also in Alabama, Louisiana, and Georgia. (These four states 

are highlighted in Table A.1.) The next three states in the increasing McWage order are South 

Carolina, Virginia, and West Virginia, where the median McWage is close to $7.3. Furthermore, 

the 33rd percentile of the (latent) McWage distribution is below $7 in Pennsylvania, Tennessee, 

Virginia, Georgia, and, of course, Mississippi. 

What are the implied BMPH values in these low-McWage southern US states? The median 

Mississippi Big Mac price is $4.04, implying a BMPH value of 1.63. At the 33rd percentile of the 

                                                           
34 As a robustness check, we have also matched to multiple states, matched on multiple inter-decile ranges 

(summarized using the Kolmogorov-Smirnov D-statistic computed from the empirical CDFs), and used the 

95th as opposed to the 90th percentile as the highest point of the inter-percentile range. We have always 

obtained highly similar results. Note that since we always use the 90th percentile as the basis of comparison, 

we do not look for matches for states where about 90% of McWages are censored. 
35 We explore the effect of minimum wages on McDonald’s exit below. 
36 We also tested the Tobit approach by additionally censoring the state distributions with less than 33% of 

censored data at the 70th percentile and found that the resulting Tobit means were 0.02 to 0.08 higher 

compared to the means estimated on the observed McWages. We thus view the Tobit-implied medians as 

conservative estimates of how low US McWages actually are. 
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McWage distribution in Mississippi, the BMPH is 1.50. We obtain similarly low values at the 33rd 

percentile in Georgia, Tennessee, and Virginia. However, thanks to high price levels, the lowest 

state-level BMPH values based on the latent McWage median are in fact in Massachusetts and 

Rhode Island at 1.53 and 1.59, respectively. These are followed by Louisiana, Mississippi, and 

Maine at about 1.63. While these BMPH levels are far above the 2016 Chinese BMPH value of 0.8 

(see Ashenfelter and Jurajda, 2017), they are comparable to recent BMPHs of Taiwan and Russia. 

There are four US states (Alaska, North Dakota, Nebraska, and Washington, plus 

Washington, D.C.), where median McWages are at or above $10. The highest latent-median-

implied BMPH of 2.4 is in Nebraska, with Minnesota, North Dakota, and Washington, D.C., 

having BMPH values of 2.31 to 2.34. Focusing on the extreme states based on the latent McWage 

distribution, nominal McWages are 60% higher in Alaska than in Mississippi and real McWages 

are 57% higher in Nebraska compared to Massachusetts. These are large differences for nearly 

identical jobs and skill inputs and suggest limited labor market integration.  

We return to the issue of local labor market integration below. But first we investigate how 

the state level of minimum wages relates to state-specific McWage levels. Given the high extent of 

minimum-wage censoring of McWages in the US, it is important to ask whether states with higher 

latent McWages introduce higher minimum wages to cut off a relatively similar portions of the 

McWage distribution. The answer suggested by Figure 2 is affirmative. 

The Figure shows the relationship between the state minimum wage level and the state 

(latent) McWage means estimated using state-specific Tobit likelihoods. The highly statistically 

significant slope of this relationship (estimated using the Tobit model due to censoring at the 

federal minimum wage level) is 1.18 (0.96) when based on the weighted (unweighted) state-level 

data. This slope is consistent with states reacting to (percentage) changes in state latent McWage 

means with an identical change in the state minimum wage. There are also clear exceptions to this 

rule: Massachusetts, Rhode Island, and West Virginia set their minimum wages much above the 

level implied by their state latent McWage means.37 Mississippi is the US state most constrained by 

the federal minimum wage level in setting its state-specific minimum wage level. 

 

                                                           
37 As of January 2017, Massachusetts and Washington state have the highest minimum wage levels in the 

US at $11, up from $10 and $9.47, respectively, in 2016. Our analysis suggests that the Washington state 

level of minimum wage in 2016 is not particularly high. 
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Fig. 2: State Minimum Wage Levels and McWages 

 

This evidence is important for the large literature using the CPS to study the relationship of 

minimum wages and lower-tail wage inequality (e.g., Lee, 1999; Autor, Katz, and Kearney, 2008; 

Autor, Manning, and Smith, 2016), which points to political economy of minimum wage increases 

as a potentially important factor in this relationship.38 The main conclusion of this literature is that 

skill demand shifts (induced by increasing trade exposure as well as increasing automation) have 

played a central role in the move towards employment losses in manufacturing and towards wage 

structure “polarization” since the 1980s. We return to studying the relationship of McWages to 

local-area trade and automation shocks below. 

 

 

                                                           
38 This literature typically assumes that minimum wage variation across states and over time is orthogonal to 

the shape of the (latent) wage distributions and that wage distributions are identical across states in a given 

year, with only a locational shift. Our estimates of the state means of McWages derived using the matching 

approach are not based on this strong assumption.  
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Local Labor Market Definitions 

 

Our wage measure is highly consistent across space and thus offers an opportunity to 

investigate the extent of wage equalization within local labor markets. More specifically, we can 

ask how well commonly used definitions of local labor markets capture the geographic variation in 

McWages. The most widely used geographical definition of local labor markets in the recent US 

literature is that of a commuting zone (e.g., Dorn, 2009; Autor, Dorn, Hanson, and Song, 2014; 

Chetty, Hendren, Kline, and Saez, 2014). Alternatively, researchers often rely on states or counties 

as their definitions of local labor markets (e.g., Yagan, 2014). McWages cover all US states, 2,255 

counties, and 645 out of the 722 commuting zones (CZs).39 How well do these various definitions 

capture the variation in comparable wage rates?40  

The adjusted R2 in the OLS regression of McWages 645 CZ (2,255 county) fixed effects is 

0.71 (0.76).41 Hence, Commuting Zones appear almost as effective in capturing variability in 

comparable wage rates as more geographically detailed counties are. Next, we ask whether 

conditional on CZ fixed effects, state fixed effects have additional explanatory power. Given the 

high extent of minimum wage censoring, we estimate the Tobit model for ln(McWages) with 

variable censoring thresholds corresponding to the effective local minimum wage level. This 

results in all but two of the estimated state fixed effects being statistically significant at the 1% 

level.42 State borders apparently have a strong impact on wage rates even within commuting 

zones.43 

                                                           
39 Since we later use their Chinese import competition measure, we rely on the 1990 definition of 

commuting zones used by Autor et al. (2014). 
40 Note that commuting zones cross state borders, so one can disentangle the two sets of effects.  
41 The absolute difference between the two adjusted R2 statistics is similar when based on areas with low 

degree of minimum wage censoring. The adjusted R2 in the regression of McWages on 51 state fixed effects 

(including Washington, D.C.) is high at 0.69. The strong explanatory power of state fixed effects relative to 

CZ fixed effects could, however, be linked to the degree to which (state level) minimum wages are binding. 
42 The Tobit sigma, a statistic analogous to the square root of the residual variance in OLS regressions, based 

on the model with only state (CZ) fixed effects is 0.104 (0.091). The corresponding statistic for the model 

with both state and CZ fixed effects is 0.089. 
43 To illustrate these effects, consider Pennsylvania, where wage rates along the state border appear to be 

systematically lower compared to neighboring states based on the Appendix map of $McWages. 

Pennsylvania borders on Delaware, Maryland, West Virginia, Ohio, New York, and New Jersey. There are 

1,991 McWage observations in these seven states; we further restrict our focus on those 539 observations 

that come from counties that are contiguous along both sides of the Pennsylvania state border. The 

Pennsylvania effect in the ln(McWage) Tobit model conditioning on 28 CZ (highly statistically significant) 

fixed effects is -0.104 with a t statistic of 6.7. 
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In future work, one can use our data to explore various regional comparisons, such as the 

relationship of migration or commuting with wage equalization across local labor market areas or 

the effect of population density on wage dispersion.44 

 

Restaurant Type and Area Correlates of McWages 

 

 None of the comparisons reported above is materially affected by the restaurant-type 

controls we observe. Table 2 reports simple OLS and Tobit coefficients estimates corresponding to 

restaurant observables including whether or not the restaurant is located on a highway, whether the 

interview was answered by a crew member as opposed to manager, and whether the restaurant is a 

franchise or company owned. Consistent with existing research on fast food wages, company-

owned restaurants pay somewhat higher wage rates (about 4% higher in the Tobit model with state 

fixed effects).45 

 

Tab. 2: Explaining ln(McWage)  

 OLS Tobit OLS Tobit 

Restaurant company owned (not a franchise) 0.018 0.046 0.023 0.039 

 (0.003) (0.010) (0.002) (0.003) 

Restaurant on a highway -0.039 -0.033 0.000 0.002 

 (0.003) (0.012) (0.002) (0.004) 

Restaurant on a parkway -0.031 -0.016 0.004 0.014 

 (0.007) (0.015) (0.004) (0.006) 

Restaurant has a play place -0.007 -0.003 0.000 0.001 

 (0.002) (0.007) (0.001) (0.002) 

Crew (not manager) answered phone interview -0.009 -0.010 0.000 0.000 

 (0.005) (0.008) (0.003) (0.005) 

Constant 2.140 2.063 2.132 2.327 

 (0.001) (0.016) (0.001) (0.009) 

State fixed effects N N Y Y 

Adj. R2 / sigma 0.02 0.15 0.68 0.10 

N 11,365 11,365 11,365 11,365 
 
Note: Standard errors in parentheses. Bolded coefficients are statistically significant at the 1% level based 
on robust standard errors. 
                                                           
44 For example, McCall (2000) studies within-group wage inequality across 500 US labor markets in 1990 

and finds immigration is strongly associated with regional within-group wage inequality. Korpi (2008) 

studies the relationship between population size and inequality.  
45 These results are not sensitive to excluding Alaska and Hawaii.  
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Big Mac Prices 

 

US Big Mac prices range from just over $3 to well over $5 and their US-wide coefficient of 

variation is similar to that of McWages. The first two columns of Table 3 imply that except for a 

1:1 pass-through of sales taxes into Big Mac prices, restaurant type or location have little effect on 

the prices of the Big Mac, both across and within states.46 Regressing ln(BigMacPrice) on 

ln(McWage) suggests a 30% cost share of labor,47 and the McWage coefficient declines to 13% 

when we condition on state fixed effects. 

  

Tab. 3: Explaining ln(BigMacPrice)  

 OLS OLS OLS OLS OLS OLS 

ln(McWage)  0.320 0.127 0.183 0.109 

   (0.041) (0.030) (0.041) (0.029) 

ln(Effective Min. Wage)   0.178 0.230 

     (0.038) (0.073) 

Restaurant company owned -0.004 0.001 -0.010 -0.002 -0.007 -0.002 

 (0.005) (0.004) (0.004) (0.004) (0.004) (0.004) 

Restaurant on highway -0.009 0.007 0.003 0.007 0.004 0.007 

 (0.006) (0.004) (0.005) (0.004) (0.005) (0.004) 

Restairant on parkway -0.013 0.008 -0.003 0.008 -0.001 0.008 

 (0.010) (0.005) (0.008) (0.005) (0.008) (0.005) 

Restaurant has play place -0.010 -0.005 -0.008 -0.005 -0.007 -0.005 

 (0.005) (0.002) (0.003) (0.002) (0.003) (0.002) 

Crew (not manager) answered 0.005 0.006 0.007 0.006 0.007 0.006 

 (0.005) (0.004) (0.004) (0.004) (0.004) (0.004) 

State sales tax  1.114  1.077  1.051  
 (0.358)  (0.234)  (0.237)  

Constant 1.426 1.461 0.742 1.191 0.665 0.747 

 (0.016) (0.001) (0.090) (0.064) (0.097) (0.152) 

State fixed effects N Y N Y N Y 

Adj. R2  0.05 0.30 0.18 0.31 0.20 0.31 

N 11309 11309 11309 11309 11309 11309 

Note: Standard errors in parentheses are based on clustering of residuals at the state level. Bolded 
coefficients are statistically significant at the 1% level. 

                                                           
46 Taxes are measured as shares (8% as 0.08). The pass-through coefficient is almost identical when based 

on contiguous cross-state-border counties where demand conditions are more likely to be similar.  
47 We obtain practically identical coefficient when using only McWage observations that are not at the 

minimum wage level. For comparison, in a cross-country analysis conditioning on prices of other inputs, 

Parsley and Wei (2007), labor accounts for 45% of the costs of producing the Big Mac. 
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The last two columns of Table 3 additionally condition on the effective minimum wage 

level (state or local). The estimated coefficients suggest that conditional on the effect that minimum 

wages have on the price of the Big Mac through the cost of labor employed in McDonald’s 

restaurants, minimum wages are also related to the Big Mac price through the prices of other inputs 

(produced with minimum wage labor) or through their effect on local demand elasticity.48 
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Figure 3: Big Mac Prices and McWages 

 

Figure 3 shows the relationship between ln(BigMacPrice) and ln(McWage). The slope 

coefficient of the log linear relationship can be thought of as corresponding to a Balassa-Samuelson 

(Penn) effect assuming other input (tradeable goods) prices and rents are constant.  

TO BE PROVIDED: PRICES ACROSS STATE BORDERS WITH VARYING TAXES. 

 

                                                           
48 In regressions conditioning on state fixed effects, we also find that Big Mac prices are higher in more 

populous Commuting Zones (but not in more populous counties or zip codes). A one-standard-deviation 

increase in a Commuting Zone population corresponds to a 1% increase in Big Mac prices.  
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Wages with RPP Adjustment 

 

Until now, we have relied on the BMPH index as our simple purchasing-power-parity 

adjusted wage rate for McDonald’s workers in each location.  This measure of the number of Big 

Macs that an hour of work will buy is consistent across locations and over time, but the Big Mac 

price is unlikely to represent the regional price of a basket of consumption. In this section, we use 

the 2014 Regional Price Parity index provided for Metropolitan Statistical Areas (MSAs) by the 

U.S. Bureau of Economic Analysis (BEA) to adjust for the purchasing power of our 2016 

McWages. First, however, we use the 9,256 McWage observations from MSAs to ask to what 

extent Big Mac prices co-vary with the Regional Price Parities (RPPs), which average to 1. Figure 

4 shows that Big Mac prices are positively correlated with the BEA RPPs, but the relationship is far 

from perfect.  
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Figure 4: MSA-Level Big Mac Prices and Regional Price Parities 
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When using Big Mac prices to adjust for the purchasing power of McWages, i.e. when 

using the BMPH index, one thus underestimates the differences in price levels captured by the 

RPPs. Looking across the 381 MSAs, however, the 5-95 percentile range of the mean BMPH index 

is 1.7-2.3, corresponding to a difference of 35%, while the range for mean $ RPP McWages is 

7.84-10.41, corresponding to a similar difference of 33%.49  

On top of the MSA-level RPPs (for All Items), we also contrast Big Mac Prices to RPPs for 

Rents, Other Services, and Goods. The coefficient on the overall MSA RPP is 0.27 from a 

regression specification conditioning on all variables used in Table 3, i.e., conditioning also no 

McWages, is highly statistically significant and suggests that conditional on wage levels, Big Mac 

prices increase by almost 0.3% in response to a 1% regional price level difference.50  

 

      Tab. 4: RPP Coefficients from OLS Regressions Explaining ln(BigMacPrice)  

All Items Goods Rents Other 
Services 

0.270 0.465 0.082 0.352 

(0.059) (0.221) (0.021) (0.077) 

Note: Each coefficient corresponds to a separate regression conditioning on ln(McWages). Standard 
errors based on clustering at the MSA level in parentheses.  

 

As shown in Table 4, the RPP based on Goods and that based on Other Services co-move 

with Big Mac prices more strongly than the RPP based on Rents. This plausibly corresponds to the 

low Big-Mac cost share of rents estimated by Parsley and Wei (2007), who ascribe a 30% share to 

tradable goods and 45% to labor. 

 

Comparison to other Wage Measures 

 

Our next question is how McWages compare to the most detailed available (non-

administrative) measures of local wage levels, i.e., to county and zip-code-area measures of 

                                                           
49 The MSA of Baton Rouge, LA has one of the lowest values of both BMPH and $ RPP McWages. Grand 

Island, NE ranks among top 3 US MSAs based on both measures. On the other hand, the Washington–

Arlington–Alexandria, DC–VA–MD–WV MSA has the lowest BMPH value, but ranks at the median of the 

$RPP McWage MSA distribution. 
50 The effect declines to 0.2% when we condition on state fixed effects. 
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earnings and wages based on the American Community Survey (ACS). At both levels of 

geography, we rely on the 2011-2015 ACS 5-Year estimates and focus on median earnings in past 

12 months for population over 16 years of age with earnings. We also use the corresponding 

earnings measures for workers with less than a high school diploma and those with high school or 

equivalent. (ACS earnings by education correspond to respondents aged over 25 with earnings.) 

We also convert the ACS area median earnings measure into a wage rate using the ACS area’s 

mean usual hours worked.  

The Coefficient of Variation (CV) across US counties for McWages and for ACS-based 

median earnings of workers with high-school education are similar, at 0.11 and 0.13, respectively. 

The CVs for earnings of less educated workers and of all workers are higher at 0.18, as is the CV of 

the county wage rate estimate. The R2 of a regression of median county McWages on the 

corresponding ACS median hourly wage rate is quite low at 0.12.51 It is about 25% lower based on 

ASC median county earnings and substantially lower still when based on earnings of those with 

either high school education or less. When using earnings and wages based on the ACS across the 

7,852 zip codes for which there is overlap between McWage data and the ACS, the corresponding 

measures of fit are generally at about half the level of those from the county-level comparison.52 

These results are suggestive of sampling error at the local labor market area in the ACS, especially 

when conditioning on education level, and/or of the different definition of the two types of 

measures, where only one keeps the skill level of workers as well as the hedonic job conditions 

fixed across areas.53 

Conversely, how much of the variation in earnings of low-skilled workers (measured in the 

ACS) is due to productivity differences of identical low-skill input across areas (measured by 

McWages)? When we regress county-level earnings of workers with less than high-school 

                                                           
51 It is similar when based on counties where no restaurants pay the minimum wage. It is also similar when 

based on county aggregates of zip-level wages taken across zips with McWage observations, it increases to 

0.14 with weighting based on the number of McWage observations, and it is below 0.1 when based on 

workers in food preparation or service industries.  
52 This is the case based on both log-linear regressions and the Tobit model. 
53 We have also compared the Big Mac prices we collected to those complied for the McDonald's Quarter-

Pounder hamburger by the US Chamber of Commerce. We matched city-level information on the Quarter-

Pounder prices from the first quarter of 2016 to 234 counties for which we observe Big Mac prices from the 

third quarter of 2016. The correlation of the two measures at the county level is 0.58. Next, we asked which 

of the two measures best explains price levels measured at the MSA level by the BEA. Big Mac prices 

predict the BEA MSA-level Regional price parities much better. When prices of both hamburgers are 

included in the regression, only the Big Mac price is statistically significant. 
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education from the ACS on the county McWage median using only counties where no McDonald’s 

restaurants pay the effective minimum wage level, we obtain a highly statistically significant 

coefficient. The introduction of the McWage into a regression based on 239 counties where we 

condition on the (ACS-based) share of county with at least a BA degree and on the (MSA) 

Regional Price Parity (to control for price level) increases the Adjusted R2 from 0.07 to 0.10.  In 

contrast, the corresponding coefficient in the regression based on earnings of those with high-

school diploma is statistically significant only at the 10% level.54 This evidence suggests that 

variation in compensation for the same task can account for some of the variation in earnings of 

low-skilled across areas.55 

 

Studying Minimum Wage Effects using McDonald’s 

  

This section outlines plans for future analysis of price pass-through effects of minimum 

wage legislation and shows preliminary results on restaurant entry and exit. 

 

Price Pass Through of Minimum Wages 

 

 While we currently observe only a cross-section of McWages and Big Mac prices, our data 

can and should be used in future (within a standard difference-in-differences research design) to 

study the ability of McDonald’s to pass through the costs of higher minimum wages onto higher 

prices. In principle, higher costs of labor induced by minimum wage legislation can affect 

employment, product prices, and profits.56 Ultimately, lower profits can lead to restaurant exit.57 

                                                           
54 One can use the difference between the County ACS median wage and the county (median) McWage as a 

measure of lower-tail wage dispersion that conditions on skill inputs at the bottom of the distribution. 
55 ROBUSTNESS CHECKS TO BE PERFORMED: INTRODUCTION OF TOUCH SCREENS IN 

FLORIDA, NY, AND SOUTHERN CA.; FREESTANDING VS. WALMART, GAS STATION 
56 It is plausible that McDonald’s restaurants react to higher labor costs in part by adjusting the quality of 

service or the cleanliness of the restaurants. However, such adjustments are limited by the nature of the 

operating manual, which is designed to minimize costs to the brand name.   
57 In our simple B-S model, differences in McWages reflect local-area productivity differences (in tradables) 

of equally skilled workers. We assume that restaurant location in a steady state has adjusted for these area-

specific differences in costs of production to equalize profits across areas. If the tradable-sector marginal 

product falls below the minimum wage, there will be fewer restaurants at the censoring point compared to 

the counterfactual economy with no minimum wages. In a Leontief view of McDonald’s, if minimum wages 

increase so far that they no longer cover variable costs, the restaurants will go out of business. 
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There is a large literature on the employment effects of minimum wages, which refers to 

alternative assumptions about the type of labor market and product market competition faced by 

employers who react to higher labor costs due to minimum wage legislation. The purely 

competitive and monopsonistically competitive models offer alternative predictions on both the 

employment and the price effect. Evidence on how minimum wages affect prices can thus help 

differentiate between these alternative models and contribute to the ongoing discussion on the 

employment effects of minimum wages.58 

Furthermore, it is reasonable to expect prices to increase in response to minimum wages in 

industries, such as the fast food industry, that do not compete on international markets, such that 

increases in minimum wages represent an industry-wide increase in costs. Under full price pass 

through, there need not be any employment effects of minimum wages. There is thus an increasing 

interest in studying the price pass through and profits effects of minimum wages.  

The work by Aaronson and coauthors (Aaronson, 2001; Aaronson and French, 2007; 

Aaronson et al., 2008) implies that increasing restaurant wages from $7.5 to $15 (a 100% increase) 

would cut employment by 30% and raise prices by 7%.59 This work typically relies on a limited set 

of regional price observations; for example, Aaronson et al. (2008) use BLS CPI for “Food Away 

from Home” (FAFH), which is available for 28 MSAs, to run the annual changes in log FAFH on 

the changes in log minimum wage levels and on the level of log city annual CPI and city fixed 

effects. MacDonald and Nilsson (2016) update the price elasticity estimates of Aaronson and 

coauthors, which are based on data up to 1997. Using the FAHF data for 28 MSAs from 1978 to 

2015, MacDonald and Nilsson find an elasticity of 0.036, i.e., about half of the earlier estimate. 

                                                           
58 If both labor and product markets are competitive, firms have zero profits and they pass through the full 

increase in costs due to minimum wages: under constant returns to scale production function they adjust 

prices in response to wage hikes by the share of low-skill labor in total costs (Leung, 2016). Under the 

alternative assumption of monopsonistic competition with constant returns production function, profits are 

still zero, but firms now compete within local labor markets where they face an upward sloping labor supply 

curve (Manning, 2003). A small increase in minimum wages raises employment, and hence output and 

lowers prices, while a large increase in minimum wages cuts employment and output, and increases prices, 

similar to the case of fully competitive markets. In all scenarios, employment and price reactions are 

negatively related, and under the monopsony model, these impacts can switch sign based on the size of the 

minimum wage increase. Hence, price impacts are informative about the importance of monopsony power. 

These results are robust to allowing for monopolistic competition in the product market as long as there is a 

constant elasticity of demand (Aaronson and French, 2007). Further, minimum wage differences can induce 

not only capital mobility, but also consumer mobility (change the elasticity of demand) across state borders. 
59 Aaronson and French (2007) also show that the spike in the wage distribution at the minimum wage level 

is consistent with no monopsony power. 
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Several recent studies focus on the minimum wage effects on the prices of identical 

products. Basker and Khan (2016) use 1993-2014 McDonald’s Quarter-Pounder data from fewer 

than 300 US cities to uncover a 9% price elasticity. They argue that if the labor share of marginal 

costs is about 50%, restaurants are fully passing through their cost increases to consumer prices. 

Leung (2016) uses 2006-2013 bar-code scanner price information from over 30 thousand US retail 

stores to construct regional price indices similar to the CPI. He then studies the effect of state-level 

minimum wages on these indices and finds a statistically significant pass-through effect only in 

grocery stores in poorer counties where the minimum wage is more binding. He argues that such 

pattern is consistent with minimum wages not only raising prices through affecting labor costs, but 

also by raising product demand in poorer regions thanks to wage spillover effects.  

There is comparatively less work studying the profits consequences of minimum wages. 

Harasztosi and Lindner (2016) find that a 60% increase in the level of the minimum wage in 

Hungary affected profits and employment in low-wage firms little as higher labor costs are passed 

through to consumers in higher prices. In contrast, Draca et al. (2011) document lower profitability 

among UK firms for which the minimum wage is likely to be more binding. Recent studies 

focusing on the US restaurant industry use city-specific increases in minimum wages to study their 

price pass-through (Allegretto and Reich, 2016) and their effect on restaurant exits (Luca and Luca, 

2017). Allegretto and Reich (2016) imply a near-full price pass-through of higher labor costs in 

internet-based restaurants in San Jose, CA.  

Once we combine panel data on McWages with minimum wage changes, we can ask about 

the price pass-through using McWages. Our approach will offer several advantages over the 

literature. First, instead of relying on restaurant prices as measured in a consumer price index 

(where substitution of restaurants by consumers as well as food and service quality adjustment 

within restaurants are both plausible responses to price increases), we observe prices corresponding 

to a product, whose quality is constant.60 Second, our regional coverage is qualitatively better 

compared to the work relying on the McDonald’s Quarter-Pounder prices. Third, instead of relying 

on the value of (state-level) minimum wages, we measure the exact labor cost impact of minimum 

wages at each restaurant based on the direct measure of wages paid. Unlike Aaronson and French 

(2007), we observe the share of restaurants in a local market paying the minimum wage. We can 

also rely on the McDonald’s-specific estimate of the labor cost share generated by Parsley and Wei 

                                                           
60 In this regard, our approach is similar to that used by Leung (2016) and Montialoux et al. (2016), whose 

use of scanner retail-price information allows them to study prices of identical products. 
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(2007). Given the highly regimented operation of McDonald’s restaurants, we can safely assume 

no variation in the labor share. If the guarantee of identical product and the unified technology of 

McDonald’s restaurants mean that they are best approximated with a Leontief production function 

(where the elasticity of substitution between factors is zero), employment will be unaffected by 

minimum wages, while entry and exit would be affected in the long run. The price of the franchise 

contract or stock market prices would provide a view of these effects. 

 

Minimum Wages and Restaurant Entry and Exit 

 

While our price and wage data starts in 2016, we also observe all McDonald’s US locations 

annually between 2008 and 2017. This allows us to ask about the effect of minimum wages on 

restaurant exit and entry. We observe 139,109 restaurant-year observations. McDonald’s annual 

entry (exit) rates during 2008-17 range from 0.4% to 2.6% (0.5% to 1.6%). Exit rates decline after 

2008 (i.e., after the recession) and pick up again in 2015 and 2016. Entry rates are highest in 2010 

and stay above exit rates except in 2009 and 2016 the first year of the sample frame.  

Our difference-in-differences analysis of both entry and exit is based on 50 states61 and 29 

locations (cities or counties, plus the District of Columbia) with active minimum wage ordinances 

during 2008-2017.62 The data thus cover 790 area-year combinations, which include a total of 301 

changes in effective minimum wage levels, of which 201 occur at the state level. Table 5 presents 

the minimum wage coefficients from exit and entry regressions.  

The minimum wage coefficient from the exit regression conditioning on both year and area 

(state or county/city) fixed effects is positive and statistically significant at the 5% level. The 

second column of the Table implies that the effect of local minimum wage ordinances is larger than 

the effect of state-level minimum wage changes. An additional dollar of a local minimum wage 

corresponds to a 0.7 % increase in the exit probability, which is a large effect considering the 

average exit probability is 1.1 %.63 The effects of minimum wages on entry is also positive and 

large, and it is also about twice larger at the local level where it corresponds to almost a half of the 

mean entry probability. 

 

                                                           
61 Iowa is the only state that does not experience any minimum wage changes during our sample frame. 
62 10 of these locations introduced their first minimum wage ordinance in 2017. 
63 The exit effects are coming from counties that as of 2016 have above-average Big Mac price levels. 
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          Tab. 5: Minimum Wage Effects on McDonald’s Entry and Exit  

Outcome Variable Exit Exit Entry Entry 

[outcome mean] [0.0112] [0.0137] 
Min. Wage 0.0043  0.0041  

 (0.0020)  (0.0012)  

State Min. Wage  0.0034  0.0029 

  (0.0018)  (0.0013) 

Local Min. Wage  0.0073  0.0059 

  (0.0025)  (0.0016) 

Restaurant Fixed Effects Y Y Y Y 

Year Fixed Effects Y Y Y Y 

N 125,002 125,200 

Note: Coefficients from a linear probability model. Bolded coefficients statistically 

significant at the 5% level based on errors clustered at the state level. 

TBP: ANALYSIS CONDITIONING ON TIME CHANGING COUNTY CONTROLS, ON 

CONTIGUOUS CROSS-BORDER COUNTY PAIR FEs (Dube et al., 2010)64 AND ON 

DISTANCE FROM STATE (CITY) BORDER (Rohlin, 2011). ASKING ABOUT WHICH ZIP 

CODES (HIGH SHARE OF LOW_WAGE LABOR) OPEN NEW RESTAURANTS, ASKING 

ABOUT DISTANCE OF CLOSING AND OPENING RESTAURANTS. 

Our evidence thus suggests the entry and exit effects are balanced at both the state and local 

level. These results are perhaps not surprising. Restaurant exit (at least in fast food restaurants, 

which employ a high share of minimum wage labor) is a natural potential consequence of very high 

minimum wages, while entry can be positively affected by minimum wages through an effect on 

product demand (as recently argued in Leung, 2016). This may be particularly likely for cheaper 

restaurants such as fast food chains. Further, in the putty-clay model of Aaronson et al. (in press), 

where restaurant output is Leontief between capital and labor and where restaurant productivity 

deteriorates with time after entry, both entry and exit react positively to minimum wage hikes.65  

                                                           
64 The literature comparing restaurants residing in counties near state borders where the minimum wage has 

risen on one side of the border (conditioning on a full set of border segment-time dummies) follows Card 

and Krueger (1994), Addison, Blackburn, and Cotti (2009).  
65 Their model assumes that entering restaurants can choose their capital-labor intensities, but that once 

restaurants are in place, their output is fixed and Leontief between capital and labor. Similar to the simple 

competitive setting, their model predicts that the costs of higher minimum wages is fully passed onto 

consumers in the form of higher prices. However, their model predicts that after a minimum wage hike, both 

entry and exit increase and that, thanks to the assumed gradual deterioration of the productivity of existing 

restaurants, the employment effects of minimum wage hikes grow over time. 
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Our results are also broadly consistent with the two recent papers that also study restaurant 

entry and exit consequences of minimum wage increases. Aaronson et al. (in press) employ 

comparisons across state borders corresponding to five state-level minimum wage increases and 

find that both entry and exit increases for fast food restaurants following minimum wage increases, 

especially among chains.66 Luca and Luca (2017) use 21 changes in local minimum wages in cities 

located in the San Francisco Bay area and find that a one dollar increase in the minimum wage 

leads to a 14% increase in the exit likelihood of restaurants that have median reviews on Yelp, a 

restaurant review site, but that it has no effect on the exit of top-rated restaurants and no discernible 

effect on entry.67 Our estimates, based on a much larger and also geographically broader set of 

minimum wage changes is consistent with these results in that we find a quantitatively large effect 

on both entry and exit for (presumably low-quality) fast-food restaurants. The simultaneously 

positive effect on entry and exit for restaurants operating identical technology and offering identical 

products may correspond to adjusting the within-area restaurant location to changing demand 

structure and/or to gradual deterioration of productivity over time as in Aaronson et al. (in press).  

 

McWages and Local Labor Market Shocks 

 

In this section, we explore the cross-area relationship of McWages to commonly used 

measures of local labor market shocks. As with the previous section, we largely lay the ground for 

future analyses based on panel data. Under high regional labor mobility, shocks such as import 

penetration may not be identifiable at the regional level. However, the recent literature on the 

mobility response of low-skilled workers to negative labor-market shocks suggests only limited 

adjustment is taking place (Glaeser and Gyourko, 2005; Notowidigdo, 2010). If labor demand 

shocks do not correlate with location amenities affecting wages and if the short-run supply 

elasticity is low, McWages will co-vary with demand shock, suggestive of demand shocks 

disrupting the US wage structure. 

                                                           
66 Rohlin (2011) also uses a comparison across state borders, but studies multiple industries and cannot focus 

on fast food restaurants or other heavy users of minimum wage labor. 
67 Worker productivity is constant across McDonald’s locations and the quality of services provided is also 

highly homogenous; hence, we do not expect heterogeneous effects across restaurant quality. Further, the 

entry and exit rates of US McDonald’s restaurants are substantially lower than the rates observed in data 

covering all restaurants, including full-service restaurants. 
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First, we ask whether the Autor et al. (2013, 2014) ‘Chinese Syndrome’ import penetration 

measure correlates with McWages. Autor, Dorn, and Hanson (2013) quantify the negative 

employment impact of Chinese imports across US local labor markets by exploiting historical 

differences in local labor market reliance on labor-intensive industries, where China’s comparative 

advantage is most pronounced.  We use their most recent import competition measure from 

Acemoglu et al. (2016), the 1999-2011 change in a Commuting Zone's average import exposure. 

Across all 722 CZs, this measure of import competition has a mean of 1.2 and a SD of 1.1.  

Running ln(McWages) on the Chinese Syndrome variable in a Tobit model results in a slope of  

-0.019, which is statistically significant at the 2% level based on errors clustered at the CZ level.68  

Autor, Dorn, and Hanson (2013) find no evidence of negative effects of import penetration on 

changes in manufacturing wages, which could be due to only the most productive workers 

retaining their jobs in labor markets facing stronger import competition. Our wage measure 

conditions on a constant level of skills. Hence, it is important to compare estimates based on the 

ACS to those based on McWages. When we regress the logarithm of county mean earnings for 

workers with high school education on the import penetration measure we obtain a statistically 

significant coefficient of -0.013, which is similar to the McWage coefficient.  

Second, we ask whether the robot exposure measure employed by Acemoglu and Restrepo 

(2017) correlates with McWages.69 The robot index is positively associated with McWages (at the 

1% level of statistical significance). Moving from a county at the 50th percentile of the (county) 

distribution of the robot exposure index to a county that is at the 90th percentile is associated with a 

4% increase in McWages.  

 Third, similar to Yagan (2016), we ask how strongly McWages correlate with the size of 

the county 2007-2009 employment shock. Yagan (2016) is closely related to our analysis as he also 

demonstrates limits to U.S. local labor market integration. He studies how the 2014 employment 

chances of similarly-skilled retail-sector workers depend on their 2007 location and finds large 

(one p.p. employment-rate) effects of the 2007-2009 shocks at the commuting-zone level. The 

                                                           
68 Interestingly, this effect is coming from less populous counties (those with a population under half a 

million). 
69 Our simple version of their measure is based on Table A1 from Acemoglu and Restrepo, which shows 

robot usage across detailed industries, and CBP 2000 industry employment shares at county level. We 

exclude from analysis the 5% of counties in our data with the highest value of the index. To be updated 

using the complete set of variables used in Acemoglu and Restrepo (2017), i.e. using import shocks from 

China, Mexico, Korea, and Germany, the updated offshoring index, and IT capital investment. 
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evidence, which (imperfectly) conditions on worker type, is not consistent with these employment 

losses being driven by a nation-wide skill-biased technical and/or trade shocks.70 The local 

employment effects of the Great Recession are concentrated among the low earners (those earning 

below $15,000 in 2006).71 TBP 

 

Measuring Gains from Migration 

 

 A related issue is the migration response to labor market shocks. The population response to 

local area demand shocks in the U.S. has been declining for decades.72 McWages allow one to 

measure the wage gains corresponding to low-skill workers’ mobility across areas. TBP 

 

McWages and Mortality  

 

In this section, we show that McWages correlate across areas with mortality. Our evidence 

is relevant for thinking about the sources of the income-mortality relationship. Cutler, Deaton, and 

Lleras-Muney (2006) survey the main hypotheses behind the observed income-mortality gradient. 

The dominant theory of psychological stress of subordinate status (presumably experienced 

primarily within a local labor market) is less applicable in the case of McWage-based cross-area 

comparisons. Our wage measure is based on individuals at the same low status level in each 

location when measured in terms of job quality. When comparing areas, we thus ask about the 

relationship with health outcomes of wage gaps of low-income individuals that are not driven by 

their skills, but correspond to area-specific productivity of low-skilled or the minimum wage level. 

                                                           
70 Yagan studies workers employed as of 2006 in one of over 800 retail firms. It is not clear what share of 

these retail firms follows a standardized operations protocol, but Yagan’s results are suggestive of little 

selection on worker skills across space within the group of retail-sector workers. 
71 Yagan’s 2007 shock effects on 2014 employment correlate only weakly with local-area shift-share 

demand shocks to manufacturing, but strongly with such shocks to construction and also with house prices, 

consistent with spending shocks driven by deleveraging. 
72 Against this trend, Dao et al. (2017) document an increase in migration responsiveness during the Great 

Recession driven by increased migration into states facing positive demand shifts. However, using 

individual data Yagan (2014) shows that those moving into better-performing states do not 

disproportionately come from the worse-performing states and that migrants from heavily hit to lightly hit 

areas during the Great Recession experienced unusually small employment gains. 
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Chetty et al. (2016) study the household income gradients in life expectancy and document 

significant geographical variation in life expectancy for low-income individuals who live longer 

when they live in affluent, highly educated cities. Differences in health (risk) behaviors (as opposed 

to differences in health insurance, environment, or local unemployment rates) are the primary 

factor behind life expectancy differences of almost 5 years across commuting zones for individuals 

with low incomes. While Chetty et al. (2016) contrast mortality of household members with similar 

income levels in different locations, our approach is to correlate area mortality rates with wage 

differences for workers supplying identical skill inputs, that is with an index reflecting labor market 

differences for comparable low-skill workers.  

Our cross-area approach is related to Case and Deaton (2015) and Pierce and Schott (2016) 

who consider the effects of local labor market shocks on mortality changes by education. There is 

also a related recent literature on the minimum wage effects on infant and teenage health.73 

Our mortality analysis is based on public information on provided by CDC Wonder. 

Specifically, we study county-level age-adjusted mortality rates (per 1,000)74 and separate these by 

cause of death, gender, race, and age where possible.75 We observe county-level overall mortality 

rates, mortality rates corresponding to diseases of the circulatory system, and all-cause mortality 

rates for white men and white women in almost all counties with McWage data. However, we work 

with only several hundred counties when we focus on two other specific causes of death (suicide, 

mental and behavioral disorders) and when we examine other demographic groups than ‘all-age 

White, not Hispanic or Latino’.  

Table 6 shows the coefficient of interest from regressions conditioning on the county mean 

BMPH index, while Table 7 shows corresponding estimates from regressions conditioning on the 

$McWage, the $BigMacPrice, and on the (MSA) Regional Price Parity to separately control for 

overall price levels at the regional (MSA) level and Big Mac prices at the local (county) level.  

 

                                                           
73 Wehby et al. (2016), Kelli et al. (2016), and Averett, et al. (2016).  
74 Age-adjusted death rates are weighted averages of the age-specific death rates, where the weights 

represent a fixed population by age. An age-adjusted rate thus represents the rate that would have existed 

had the age-specific rates prevailed in a population whose age distribution was fixed. 
75 We only use rates deemed as reliable by the CDC. Case and Deaton (2015) distinguish mortality by 

education thanks to combining data from the CDC Wonder Compressed and Detailed Mortality files with 

individual death records. They extract population by ethnicity and education from the American Community 

Surveys and Current Population Surveys. 
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Tab. 6: Explaining 2015 Age-Adjusted County-Level Mortality Rates (per 1000) 

Demographic All White Men White Women White Men White Women 

Death Cause  All All All Over 64 Over 64 

Outcome avg. 8.29 9.8 7.17 54.1 42.2 

Outcome SD 1.48 1.92 1.39 9.35 7.12 

BMPH -1.94 -1.03 -2.27 -1.21 -1.64 -0.92 -9.59 -5.6 -7.22 -4.61 

 (0.145) (0.120) (0.191) (0.160) (0.131) (0.110) (0.927) (0.832) (0.682) (0.624) 

Controls N Y N Y N Y N Y N Y 

Adj. R2 0.08 0.46 0.07 0.39 0.07 0.37 0.05 0.25 0.07 0.37 

N 2,245 2,226 2,220 2,201 2,203 

Note: County controls are ACS-based population share white, college-educated, in poverty, on public 

assistance, on food stamps. All reported coefficients are statistically significant at the 1% level. 

 

Table 6 shows that county BMPH is strongly negatively associated with county mortality 

rates, even conditional on several county controls. In the richer specifications, an additional Big 

Mac earned per hour worked reduces county mortality rates by about two thirds of a standard 

deviation at the aggregate, for white men or women, as well as for older white men or women.76 

The effect corresponding to all county deaths from cardiovascular diseases (estimated off 2,211 

county observations) is even larger.77 

Table 7, which has the same structure as Table 6, reports separate coefficients for 

$McWages, the $BigMacPrice, and also for the Regional Price Parity indicator (RPP). 

Conditioning on the RPP lowers the sample size as the RPP is only available for MSA areas. We 

now also additionally control for the county hourly wage rate, which corresponds to 2015 ACS 

county median earnings in the past 12 months divided the 2015 ACS county mean usual hours 

worked in the past 12 months. The comparison between the McWage coefficient and the county 

wage coefficient speaks to whether the two wage measures proxy for similar mechanisms 

underlying the wage-mortality gradient at the local labor market level. 

 
                                                           
76 The estimated effects grow in size by about a fifth when one weights the county-level observations using 

the number of McWage observations per county. On the other hand, the estimates decline by about a third 

when we additionally control for county income p.c. and they are not sensitive to additionally controlling for 

share of population overweight. 
77 The effect corresponding to mental disorders (suicides) estimated off 1,147 (492) counties is smaller and 

not statistically significant at the 1% level. The mental disorder effect based on only white males is similar. 

The all-cause effect for black men (based on 783 counties) is twice the size of the effect for white men. 

Finally, telying on the small number of counties where one can obtain a measure of infant mortality for 

single mothers, we find a strong association of the measure with McWages. 
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Tab. 7: Explaining 2015 Age-Adjusted County-Level Mortality Rates (per 1000) 

Demographic All White Men White Women White Men White Women 

Cause of death All All All Over 64 Over 64 

[outcome avg. 7.86 9.31 6.82 52.1 41 

[outcome SD] 1.31 1.62 1.21 7.84 6.31 

$McWage -0.360 -0.298 -0.343 -0.293 -0.293 -0.253 -1.38 -1.21 -1.55 -1.42 

 (0.045) (0.041) (0.055) (0.054) (0.046) (0.041) (0.315) (0.291) (0.255) (0.240) 

$Big Mac Price 0.324 0.184 0.35 0.189 0.198 0.077 1.48 0.71 1.22 0.577 

 (0.114) (0.103) (0.147) (0.145) (0.107) (0.101) (0.824) (0.806) (0.586) (0.566) 

MSA Price Parity  -0.032 -0.046 -0.017 -0.034 -0.021 -0.03 -0.154 -0.221 -0.138 -0.182 

 (0.005) (0.005) (0.005) (0.005) (0.004) (0.005) (0.034) (0.031) (0.023) (0.027) 

County Wage -0.154 0.052 -0.235 -0.02 -0.131 0.053 -0.616 0.378 -0.308 0.607 

Median (0.014) (0.021) (0.018) (0.025) (0.014) (0.021) (0.099) (0.147) (0.079) (0.125) 

Controls N Y N Y N Y N Y N Y 

Adj. R2 0.41 0.54 0.35 0.45 0.31 0.43 0.2 0.29 0.19 0.29 

N 1,023 1,022 1,019 1,019 1,016 

Note: County controls are ACS-based population share white, college-educated, in poverty, on public 

assistance, on food stamps. Bolded coefficients are statistically significant at the 5% level. 

 

The estimated McWage coefficients shown in Table 7 imply a quantitatively large negative 

association between mortality and wages of comparable low-skill workers.78 The size of the 

McWage effect unconditional on ACS area controls is similar to that of the BMPH.79 Higher MSA 

price levels are associated with lower mortality, but conditional on the MSA price level, higher 

county (local) Big Mac prices are associated with higher mortality rates in several specifications. 

Remarkably, one can explain 41% of the US county-level variation in all-cause mortality by MSA 

price levels, county median wage rates, and by our two McDonald’s measures (33% without the 

county wage measure). Unlike the McWage coefficient, the county median wage effect switches 

sign when we condition on area education, poverty and racial composition. The sensitivity of the 

coefficient is not surprising given that median wages of a local labor market are strongly related to 

its education level, and it highlights the separate use of our consistent one-job wage measure. 

                                                           
78 The $McWage coefficient is not sensitive to controlling for the county wage. 
79 The cross-county standard deviation of BMPH is 0.22 so that a one SD of BMPH is associated with about 

0.15 SD reduction in mortality rates. The corresponding SD of $McWage is 0.88 so that a one SD increase 

in $McWages is associated with a 0.22 SD reduction in all-cause mortality rates in the richer specifications. 



 36 

Is the cross-county variation in McWage implied by productivity differences as opposed to 

that implied by minimum wage differences resulting in different mortality correlations? We answer 

this question using the BMPH coefficient (i.e., without controlling for RPPs to keep sample size 

large). When we estimate the BMPH mortality coefficients using counties where all McWages are 

at the local minimum wage level or alternatively when we use only counties where no McWages 

are at the local minimum wage level, we obtain highly similar coefficients. The estimates are also 

not sensitive to using only counties that straddle a state border.  

Chetty et al. (2016) conclude that differences in risky behavior drives cross-area differences 

in mortality of low-income individuals, not the local unemployment rates or health insurance. 

Ideally, with information on mortality of low-skill (low-wage) individuals, one could use our 

McWage measure to ask to what extent the large cross-area differences in mortality of low-

household-income individuals reported by Chetty et al. (2016) corresponds to consistently 

measured differences in wages of low-skill workers. It could be that the effective skill composition 

of low-income low-education population differs across areas; our measure can help shed light on 

this issue. 

 

McWages and Obesity 

 

There is a large literature on food deserts, price of food, and obesity outcomes (e.g., 

Handbury et al., 2015).80 In this section, we correlate Big Mac prices and McWages with the share 

of obese by county based on information from the Behavioral Risk Factor Surveillance System—a 

large survey on risky behavior collected by the CDC, which asks about one’s body mass index.81 

We also ask whether the relationship between Big Mac prices and obesity is stronger in food 

deserts (defined as “Low access tract at 1/2 mile for urban areas or 10 miles for rural areas”).82  

                                                           
80 Handbury et al. conclude that differential access to stores is not a key reason for why food purchases are 

less nutritious among low-income households. This leaves tastes, price sensitivities, and budget constraints 

as potential culprits. For work studying how limits to fast-food companies’ liability for weight-related harms 

affects consumer efforts to lose weight, see Carpenter and Trillo-Trillo (2015). 
81 Specifically, we use the survey variable rfbmi5: OVERWEIGHT OR OBESE. The analysis is currently 

based on the 2014 BRFSS and is to be updated to the 2015 data. 
82 The information on food deserts by census tract comes from  

http://www.ers.usda.gov/data-products/food-access-research-atlas/download-the-data.aspx To link this 

information to our McWages (where we have ZIP codes), we use the following tract-ZIP crosswalk: 

https://www.huduser.gov/portal/datasets/usps_crosswalk.html This match was updated using an API for 

http://www.ers.usda.gov/data-products/food-access-research-atlas/download-the-data.aspx
https://www.huduser.gov/portal/datasets/usps_crosswalk.html
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Tab. 8: Explaining the County Share Overweight 

 (1) (2) (3) (4) (5) 

$McWage -0.016 -0.009 -0.005 -0.009 -0.01 

 (0.020) (0.002) (0.002) (0.002) (0.002) 

$Big Mac Price -0.012 -0.003 0.001 -0.002 -0.008 

 (0.003) (0.002) (0.003) (0.003) (0.004) 

Regional Price Parity  -0.001   

   (0.000)   

County Wage -0.006 -0.005 -0.006 -0.007 

Median (0.001) (0.001) (0.001) (0.001) 

County Controls N Y Y Y Y 

Food Desert   Y N 

Adj. R2 0.07 0.19 0.22 0.17 0.23 

N 11,092 10,806 9,065 8,309 2,497 

 Note: County controls are ACS-based population share white, college-educated, in poverty, on public 

assistance, on food stamps. Bolded coefficients are statistically significant at the 5% level based on residuals 

clustered at the county level. 

 

Table 8 shows the estimated regression coefficients. For an extra dollar of McWage, the 

share overweight drops by over one (half a) percentage point (when controlling for MSA price 

levels using the RPPs).83 These effects are not large (the county mean of the county share of 

overweight is 0.67 with a SD of 0.11.), but are precisely estimated. The Big Mac price effect is 

similar in column (1), but declines in size when we condition on county controls.  

While Big Mac prices are not different in food deserts, the correlation of Big Mac prices 

with the share of obese is stronger outside of food deserts. Specifically, there is a negative 

relationship (statistically significant at the 10% level) between Big Mac prices and the share of 

overweight outside of food deserts, but no such relationship within food deserts in regression 

specifications controlling for area-specific demographic controls and income measures based on the 

ACS.  

 

 

                                                                                                                                                                                                

converting longitude/latitude information to census block ID: https://www.fcc.gov/general/census-block-

conversions-api Blocks are parts of tracks so there is no ambiguity as to which tract a McWage falls into. 
83 Since the food-desert information varies within counties, we estimate the relationship using McWage 

individual data and cluster errors at the county level. 

https://www.fcc.gov/general/census-block-conversions-api
https://www.fcc.gov/general/census-block-conversions-api
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McWages and the 2016 Presidential Elections 

 

Autor et al. (2017) show that their commuting-zone Chinese imports exposure measure 

predicts voting behavior in the 2016 US Presidential Elections. They relate the change in the 

Republican two-party vote share between 2000 and 2016 to the growth in local labor markets’ 

exposure to Chinese import penetration and find a positive effect of rising import competition on 

Republican vote share gains. A 50% lower exposure would have flipped the swing states and thus 

the 2016 electoral college.84  

While we cannot relate changes in voting behavior with changes in McWages, so that our 

cross-area analysis is clearly affected by location-specific  unobservables, the value added of 

correlating election shares with McWages is that we observe geo-coded information on local labor 

market conditions (wage rates) so that we can (in future) study voting behavior at the level of 

precincts (within-county voting/election districts).85 

To illustrate this potential, we relate the republican share of the two-party county vote in the 

2016 presidential elections to county aggregates of McWages and Big Mac prices and also to the 

Autor et al. (2016) commuting-zone-level import exposure measure. Across the 2,237 counties in 

our data86 where we observe both the BMPH index and the GOP vote share, the BMPH coefficient 

in a regression explaining the GOP vote share is -0.076 with the corresponding t statistic of 5.87  

Table 9 presents the corresponding McWage and Big Mac price effects. Based on the 

(almost unconditional) comparison in the first column of the Table, a one dollar increase in 

McWages is associated with the GOP losing about 4 percent of the two-party vote share, which is a 

large effect considering the population weighted average (taken across counties with McWage 

data) of the GOP two-party share in the critical three swing states (PA, MI, and WI) is 0.50. The 

McWage coefficient is fully stable when we condition on county-level controls (used in Tables 6 

and 7) in column (2) and it is also almost identical when we focus only on counties that are part of 

MSA areas. In column (3), the McWage coefficient is not materially affected by additionally 

controlling for the Chinese import exposure measure (as defined in Autor et al., 2016, i.e. 

corresponding to the 1999-2011 import penetration shock), which has a near-zero statistically 

                                                           
84 Acemoglu and Restrepo (2017) provide a similar set of conclusions with regard to local-area exposure to robots. 
85 Precinct data can be linked to census blocks: http://web.stanford.edu/~jrodden/jrhome_files/electiondata.htm  
86 We exclude Hawaii and Alaska from this analysis. 
87 The effect is almost identical in the three swing states of PA, MI, and WI. 

http://web.stanford.edu/~jrodden/jrhome_files/electiondata.htm
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insignificant coefficient in our cross-area regression.88 However, conditioning on an MSA-level 

price level (using the RPP index), leads to smaller, albeit still highly statistically significant 

McWage coefficient in column (4). 

 

Tab. 9: Explaining the GOP Two-Party Share in County Vote in 2016 Presidential Elections 

 (1) (2) (3) (4) 

$McWage -0.039 -0.041 -0.042 -0.021 

 (0.004) (0.003) (0.004) (0.006) 

$BigMacPrice -0.039 -0.023 -0.023 -0.028 

 (0.010) (0.007) (0.008) (0.015) 

Regional Price Parity   -0.008 

    (0.001) 

County Wage -0.003 -0.003 0.000 

Median (0.001) (0.001) (0.002) 

Chinese Import -0.003  

Shock   (0.002)  

Controls N Y Y Y 

Adj. R2 0.07 0.59 0.59 0.25 

N 2,237 2,007 2,007 976 

Note: County controls are ACS-based population share white, college-educated, in poverty, on public 

assistance, on food stamps. Bolded coefficients are statistically significant at the 5% level. 

 

An extra dollar of the (ACS-based) county wage rate also leads to lower GOP shares. The 

corresponding coefficient is an order of magnitude smaller,89 but the cross-county SD of county 

wages (8.9) is an order of magnitude larger than the cross-county SD of McWages (0.87). Finally, 

higher Big Mac prices are associated with lower GOP shares, as are higher MSA price levels. 

Constraining the McWage and the Big Mac price to operate through the BMPH index in a 

regression with county-level controls results in a coefficient that is practically identical to that 

without these controls. The BMPH coefficient of -0.075 (with a t statistic of 6) implies that a one 

SD improvement in the BMPH index is associated with a 1.7 percent of the two-party vote shifting 

to democrats. In sum, McWages have a strong cross-area relationship with voting behavior even 

conditional on a number of county-level controls with higher-wage areas favoring democrats. 

                                                           
88 The reported estimates are not materially affected by weighting the county data using total votes. 
89 The county wage rate could be affected by sampling error, but the ACS is a very large survey. 
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Conclusions  

 

In this paper we provide a simple, credible measure of wage rates for identical jobs in US 

local labor markets facing varying economic conditions. Comparing wages to assess fair 

compensation is complicated by the fact that even within occupation, tasks vary substantially and 

data to compare compensation for the same task is rarely available. We use data on compensation 

for a highly standardized task across the entire US to analyze how much compensation for the same 

work performed varies. The McWage measure indicates that similar work is compensated at very 

different rates, whether measured in US dollars or adjusted for purchasing power parity using the 

price of the Big Macs that these workers produce. 

Our results imply three key conclusions. First, it is apparent that there are considerable 

differences in living standards (of up to about 50%) for workers performing essentially identical 

tasks in different parts of the US labor market that is typically thought of as highly integrated. Our 

results are consistent with the recent decline in the geographic mobility of US workers (Dao et al., 

2017)90 and suggest that models of local-area economic development in which organizational and 

structural differences account for differences in income levels are of considerable importance.  

Second, while the wage differences we measure are strongly affected by effective minimum 

wages, we find that states set their minimum wage levels in tandem with the state-specific latent 

McWage means. This finding is important for the literature studying the importance of minimum 

wages for the evolution of US earnings inequality. 

Third, our consistent wage measure captures regional wage differences that correlate with 

several important outcomes, such as mortality and voting behavior. 

Our time-series evidence (provided with the international comparisons in Ashenfelter and 

Jurajda, 2017) on the secular decline since 2000 of the real value of US McWages suggests a 

combined impact of international trade (increase in the global supply of low-skilled labor), 

declining real value of minimum wages in the US, and of a welfare system that incentivizes work. 

 

                                                           
90 Our evidence on limited integration of the US labor market implies that our international McWage data collection 

efforts should be concerned with regional wage differences. To this effect, we now collect regional information on 

McWages not only in the US, but also in Russia, India, and China. 
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APPENDIX A 

Tab A.1 State McWages  

%

N Censored Mean SD Median P33 µ σ

State (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

AK 10.50 9.75 26 4% 2.34 0.04 2.35 2.30 2.34 0.04

ND 10.00 8.25 22 5% 2.29 0.10 2.30 2.30 2.29 0.09

UT 8.50 7.25 108 6% 2.15 0.08 2.14 2.14 2.15 0.08

NY 9.75 9 477 7% 2.29 0.06 2.28 2.28 2.29 0.05

WY 8.87 7.25 26 8% 2.17 0.10 2.18 2.14 2.17 0.11

MT 9.36 8.05 44 11% 2.24 0.10 2.24 2.17 2.23 0.11

WI 8.25 7.25 257 14% 2.11 0.08 2.11 2.08 2.10 0.10

SD 9.00 8.55 30 17% 2.22 0.06 2.20 2.17 2.21 0.07

NH 8.00 7.25 40 20% 2.10 0.10 2.08 2.02 2.08 0.12

KS 7.75 7.25 127 20% 2.05 0.06 2.05 2.02 2.05 0.07

CO 9.00 8.31 188 23% 2.19 0.08 2.20 2.14 2.18 0.10

MD 8.75 8.25 232 24% 2.20 0.10 2.17 2.17 2.19 0.11

IA 8.00 7.25 140 24% 2.09 0.09 2.08 2.05 2.08 0.12

IN 8.00 7.25 306 25% 2.07 0.07 2.08 2.02 2.06 0.09

MN 9.50 9 204 25% 2.26 0.05 2.25 2.25 2.25 0.06

TX 7.85 7.25 954 27% 2.06 0.07 2.06 2.05 2.05 0.09

NM 8.40 7.5 89 28% 2.12 0.10 2.13 2.05 2.10 0.12

DC 11.50 10.5 21 29% 2.42 0.06 2.44 2.44 2.41 0.06

OK 7.75 7.25 166 29% 2.04 0.06 2.05 2.05 2.03 0.07

KY 8.00 7.25 226 30% 2.08 0.09 2.08 2.05 2.05 0.12

HI 9.00 8.5 46 30% 2.20 0.06 2.20 2.17 2.19 0.08

OR 9.65 9.25 139 36% 2.25 0.06 2.27 2.25 0.05 2.13

NE 10.00 9 72 36% 2.25 0.07 2.30 2.24 0.08 2.23

WA 10.00 9.47 229 36% 2.31 0.09 2.30 2.28 0.12 2.40

PA 7.75 7.25 432 37% 2.05 0.07 2.05 2.03 0.11 1.94

TN 7.50 7.25 287 39% 2.04 0.06 2.01 2.02 0.09 1.83

ID 8.00 7.25 55 40% 2.07 0.08 2.08 2.04 0.13 2.01

MO 8.00 7.65 272 42% 2.07 0.05 2.08 2.05 0.07 1.98

IL 8.40 8.25 565 46% 2.17 0.09 2.13 2.13 0.14 2.09

NC 7.40 7.25 402 48% 2.03 0.07 2.00 1.99 0.11 1.96

SC 7.35 7.25 182 48% 2.02 0.06 1.99 1.98 0.09 1.96

FL 8.15 8.05 695 48% 2.12 0.06 2.10 2.09 0.10 2.02

VA 7.35 7.25 350 49% 2.04 0.07 1.99 2.00 0.12 1.86

ME 7.75 7.5 49 49% 2.07 0.06 2.05 2.03 0.11 2.03

AZ 8.03 8.05 203 50% 2.12 0.06 2.08 0.11 2.13 2.07

GA 7.16 7.25 391 57% 2.01 0.05 1.97 0.09 1.89 1.86

AL 7.10 7.25 192 58% 2.02 0.06 1.96 0.11 1.95 1.92

LA 7.10 7.25 193 61% 2.01 0.04 1.96 0.09 1.96 1.90

OH 7.88 8.1 526 61% 2.12 0.06 2.06 0.11 2.10 2.05

MI 8.25 8.5 483 63% 2.17 0.06 2.11 0.11 2.15 2.09

NV 7.77 8.25 91 66% 2.14 0.07 2.05 0.15 2.04 2.01

MS 6.58 7.25 123 68% 2.01 0.08 1.88 0.17 1.86 1.80

DE 7.78 8.25 36 69% 2.14 0.05 2.05 0.12 2.03 1.97

NJ 8.00 8.38 192 70% 2.14 0.04 2.08 0.08 2.06 2.06

CA 9.46 10 871 71% 2.32 0.05 2.25 0.10 2.22 2.20

AR 7.51 8 158 72% 2.10 0.05 2.02 0.12 1.99 1.98

VT 9.09 9.6 22 73% 2.28 0.03 2.21 0.09 2.24 2.20

CT 9.22 9.6 101 85% 2.26 0.04 2.22 0.04

WV 7.27 8.75 96 86% 2.18 0.04 1.98 0.17

MA 7.80 10 204 92% 2.31 0.05 2.05 0.18

RI 7.46 9.6 25 96% 2.26 0.02 2.01 0.14

$McWage 

Median

Matching 

Median 

Prediction 

Matching 

P33 

Prediction

State $ 

Min. 

Wage 

Level

McWage Data

State Tobitsln(McWage)
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APPENDIX B: TELEPHONE SURVEY INSTRUMENT 
 

McDonald’s Survey 2016 

 

INTRODUCTION 

 

1. Hello, my name is {INTERVIEWER NAME}. I’m interested in the entry-level wage rate at your outlet. Could you 

answer this or direct me to someone who could? [IF R ASKS WHO IS CALLING, GO to 1a.] 

01  willing to continue 

02  refusal 

03  call back <at specific time> 

04 call back <no specific time> 

05  no answer 

06  busy 

07  answering machine, residential or other business – TERMINATE 

08  answering machine, McDonalds 

09    disconnected number 

10  language barrier (not Spanish or English) 

11  residential number - TERMINATE 

12  fax machine 

 

1.a I am calling from {survey company}. We are conducting a survey on behalf of Princeton University on globalized 

products such as take away coffee and burgers. Neither your name nor your location will be printed/published, all 

responses will be completely anonymous, and your participation is of course voluntary. I only have two quick 

questions. 

 

[IF R INDICATES THAT IT IS NOT A GOOD TIME:] Is there a day and time that would be more convenient for 

you? [SCHEDULE CALLBACK APPOINTMENT.] 

 

[IF R DOES NOT KNOW THE ENTRY LEVEL WAGE RATE:] 

 

1.b Could you direct me to someone who knows the wage rate? [IF YES, START AT INTRODUCTION 1.0.  IF 

NOT, END THE INTERVIEW AND CODE AS REFUSAL.] 

 

[IF R IS READY TO ANSWER THE QUESTION, ASK Q.2:]   

 

2.  What is your starting hourly rate for the regular day shift for entry-level crew members 18 or older who finished 

initial training? [INTERVIEWER CLARIFY IF NECESSARY: “AT YOUR LOCATION, NOT INCLUDING NIGHT 

SHIFT, OVERTIME, WEEKEND OR HOLIDAY PAY”.  INTERVIEWER: RECORD BASE PAY ONLY] 

$_________[RECORD DOLLARS AND CENTS] 

 

3. And what is the price of the Big Mac sandwich by itself at your outlet? I don't mean the combo meal. 

$_________[RECORD DOLLARS AND CENTS] 

 

Is this the before-sales-tax price?  

1 YES 

2 NO 

9 Don’t know/refused 

 

[IF THE ANWER IS BELOW $3.50:] Is there a temporary price promotion in place?  

1 YES 

2 NO 

9 Don’t know/refused 

 

[IF THE ANSWER IS YES:] And what is the regular price of the Big Mac? 

$_________[RECORD DOLLARS AND CENTS] 
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4. [IF BOTH QUESTIONS ARE ANSWERED:] What is your position at your outlet? 

 

1 Manager [ANY RESTAURANT MANAGERIAL POSITION] 

2 Crew Member  

9 Don’t know/refused 

 

5. Finally, is your restaurant a franchise or company-owned?  

 

1 Franchise 

2 Company-owned  

9 Don’t know/refused 

 

Thank you very much... 

  

Frequently Asked Questions and Sample Responses  

1.    Why are you doing this study? See 1a. 

2.    Who is funding this study? Princeton University. Should you wish to contact the Principal Investigator, Prof. Orley 

Ashenfelter of Princeton University, he can be reached at 609-258-4040 or at c6789@princeton.edu. Should you wish 

to contact the Institutional Review Board of Princeton University, call 609-258-1194 or email irb@princeton.edu . 

3.    How are the results of this study going to be used? The results will be used only for research purposes. They help 

compare prices and wage rates across locations in a comparable fashion. 

4.    How was I selected for this study? We randomly selected McDonald's outlets. 

5.    Do I have to do this? Your participation is completely voluntary. The survey consists of three quick questions and 

should not take more than a minute of your time. 

6.    How long will this take? The survey consists of only two quick questions and is expected to take about a minute. 

7.    What do I get for participating? We are not offering any payment. This survey is very quick.  

 

mailto:c6789@princeton.edu
mailto:irb@princeton.edu
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