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Abstract 

I explore consumer spending reactions to the stimulus payments from the CARES Act using 

high-frequency financial data and a Regression Discontinuity Design to investigate the 

impact of that policy. I further perform an analysis at the state level, dividing states by their 

level of “urbanization.” I find important levels of heterogeneity in spending reactions to that 

policy across different states and different levels of household income. In general, I find that 

following the stimulus payments greater levels of urbanization are associated with smaller 

increases in spending. My findings highlight the importance of the geographical area for the 

success of the policy. 

Previous literature analyzing the impact of stimulus has largely overlooked geographical 

differences, which have important policy implications. My results suggest an important 

shortcoming in fiscal policies that ignore the local environment. 
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guidance. I would also like to thank my Honors Economics Professor, Kathryn Dominguez, for her perspective 

and support over the course of this project. 
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I Introduction 

Amid the pandemic governments around the world were called to implement different 

monetary and fiscal policies to restore economic activity. On March 27th, 2020, President 

Donald Trump signed the Coronavirus Aid, Relief, and Economic Security (CARES) Act, a 

stimulus package meant to alleviate the ongoing economic crisis. Indeed, stimulus payments 

are a form of expansionary fiscal policy (they can be considered a way of decreasing taxes), 

and their main goal is to boost consumption and stimulate the entire economy through 

multiplier effects. However, the success of this policy relies deeply on households’ 

consumption responses to the stimulus payments, which, in turn, depend on a variety of other 

factors. 

Since the economic impact of the Covid-19 pandemic did have heterogeneous effects 

across the U.S. (Althoff et al. (2020)), one will expect stimulus payments to also have such 

effects depending on the areas in which they were implemented, as well as on the income 

groups that received it. Changes in consumer spending were heterogeneous across different 

income groups and different types of goods (see Figure 1 and Figure 2). 

     Figure 1:                                                                Figure 2:  
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Through July 2020, households received federal stimulus payments, such as 

unemployment insurance benefits and other types of government transfers.  Even if we can 

find evidence that suggests that numerous low-income households spent the federal payments 

right away, Baker et al. (2020a) and Chetty et al. (2020) point out that other income groups 

planned to save the money, supporting once again the idea that cash transfers had different 

impacts across different income groups. These heterogeneous effects of consumer spending 

across income groups and good categories can be seen in Figures 3 and 4. 

In this paper, I examine the effect of stimulus payments from the CARES Act on 

consumer spending in the US, by considering the potential heterogeneity of that policy across 

geographical areas and income groups.  For my study, I perform several regression 

discontinuity analyses across different groups of states (more urbanized vs less urbanized) 

and across different income groups (low-income households vs high-income households). In 

that way, my examination takes into account the specificity of the areas in which the 

payments were implemented (urban vs rural states), as well as the potential difference in 

outcomes for lower-income and higher-income households in each different set of states. By 

performing this analysis, I will be able to identify the effects that the stimulus payments from 

the CARES Act had on different areas of the country and different income groups. Thus, 

identifying the areas as well as the income groups that could create potentially higher 

multiplier effects into the economy. 

I begin my analysis by examining the response of low and high-income groups to the 

stimulus payments in areas of high vs low population density with an individual study of two 

states: California vs Maine. I use a Regression Discontinuity Design to determine the 

consumption response to the transfer payments, and I show that the consumption effects were 

significantly higher in low population density Maine than in high population density 

California.  
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I then expand this study to all fifty states by creating a measure (based on population 

density) that divides states into two categories: “rural” or “urban.” I estimate the individual 

effect that the stimulus payments had on consumer spending in each state, and I create 

averages of those effects in rural and in urban states. My results show that in each case the 

stimulus payments were followed by an immediate increase in spending. I find the largest 

increase in spending in low-income households in low urbanization states. Low-income 

households in high urbanization states and high-income households in low urbanization states 

had a smaller increase in spending than in the previous group, and, finally, the increase in 

spending was the smallest for high-income households in high urbanization states. 

I argue that this difference in spending responses might be due to a more meaningful 

supply-side alteration in urban areas or to the fact that low-income households in urban areas 

experienced a greater shock to their permanent income, and thus had a smaller marginal 

propensity to consume (MPC). My findings suggest that the local environment has relevant 

implications for the implementation of fiscal policy programs. 
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II-Literature Review 

My paper contributes to the new and expanding literature on how household spending 

responded to the Covid-19 crisis and on the later impact federal stimulus payments had. 

Indeed, multiple papers have recently analyzed the consumption response to the Covid-19 

pandemic using data from banks or other financial institutions2. This topic has been studied 

by Andersen et al. 2020 (for Denmark), Baker et al. 2020a (for the U.S.), Carvalho et al. 2020 

(for Spain), Chen et al. 2020 (for China), Bounie et al. 2020 (for France), among others. In 

the case of the U.S., Baker et al. (2020a) use data from a Non-Profit Fintech (which records 

spending through an app) to study the effect of the pandemic on consumption. Even though 

their contributions are very important to increase our understanding of the effect of the 

Covid-19 pandemic on consumer spending and savings, one of the problems that may arise 

from using data from financial apps is that users are not always a representative sample of the 

overall population. For this reason, I decided to base my study on the work of Chetty et al. 

(2020) and use the database that they construct for their study, which covers nearly 10% of 

debit and credit card spending in the U.S, and thus constitutes a more representative sample 

of the entire population. This is explained in further detail in the data section of the paper.  

Furthermore, my paper also contributes to a larger literature on households’ responses 

to previous stimulus payments and tax deductions. Johnson et al. (2006) and Parker et al. 

(2013) use spending data from the Consumer Expenditure Survey to investigate the tax cuts 

of 2001 and the stimulus payments of 2008, respectively. In both cases, the authors report 

positive effects on spending (in non-durable and durable goods). In another study, Broda and 

Parker (2014) use high-frequency data recorded by retailers and identify significant positive 

 
2 Considering that official economic data often has unavoidable delays with respect to recent economic events, 

many researchers shifted their attention to new high-frequency data sources to study the economic effects of the 

pandemic. 
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effects on spending following the stimulus payments of 2008. Among the literature on 

households’ responses to stimulus payments, some recent papers investigate the responses of 

stimulus payments associated with the Covid-19 pandemic. Feldman and Heffetz (2020), 

Kim et al. (2020), and Kubota et al. (2020) explore stimulus payments related to the COVID-

19 pandemic in Israel, South Korea, and Japan, respectively.  

Additionally, Baker et al. expand their initial study on consumption responses to the 

pandemic in the U.S., with another paper (Baker et al. 2020b) in which they examine the 

heterogeneity of household reactions to the stimulus payments from the CARES Act. Using 

the same high-frequency transaction data as in their previous paper (Baker et al. 2020a), the 

authors determine that households responded quickly to the receipt of stimulus payments, 

with a major increase in spending during the first weeks after the receipt of the payments. In 

their study, Baker et al. calculate the MPC associated with the stimulus payments for 

different income groups and identify liquidity levels and economic expectations as some of 

the major sources of heterogeneity for households spending reactions to the stimulus 

payments. They point out that there was not a sizeable spending response for households that 

had large checking account balances as well as for households that expected to lose their 

employment or that expected benefit cuts. Chetty et al. (2020) also study the effects of the 

stimulus payments under the CARES Act at the national level. Chetty et al. find that stimulus 

payments increased consumer spending sharply for low-income households. However, they 

point out that just a small part of this increase in spending reached businesses that were the 

most touched by the pandemic, thus diminishing the impacts of this policy on employment. 

Following the general idea in Baker et al.’s 2020b paper, my paper explores the 

heterogeneity of household reactions to the stimulus payments from the CARES Act. 

However, instead of focusing on liquidity levels and economic expectations, I decided to shift 
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my attention to household income levels and the different characteristics of the geographical 

areas in which the policy was implemented.  

That is why my paper is also related to the literature that examines the heterogeneous 

economic impact of the pandemic and policy responses across different regions in the U.S. 

Althoff et al. (2020) argue that the “remote work” shock disproportionally affected low-skill 

service workers in big cities. Their evidence suggests that it was because high-skill workers, 

which were predominantly present in large cities, began to work from home or work from a 

different city; thus, decreasing their spending on local consumer service businesses, and 

subsequently impacting low-skill service workers in those cities. Althoff et al.’s analysis 

highlights the need to differentiate between geographical areas and household income levels 

when evaluating the impact of a stimulus policy since it was shown that they had different 

economic reactions to the pandemic, to begin with. Another study that estimates the spending 

response to the CARES Act stimulus payments across, among other factors, geographical 

areas is the analysis conducted by Misra et al 2021. The authors find similar results as Baker 

et al. 2020b. Misra et al.’s evidence suggests that a large portion of the payments was spent 

shortly after its receipt. Furthermore, the authors also calculate MPC estimates to explore the 

heterogeneity of household responses to the stimulus payments. However, unlike Baker et al. 

2020b, they center their analysis on geographical areas and cost of living. The authors 

measure MPC estimates to be much higher in densely populated urban areas with higher cost-

of-living as well as in areas with more restrictions to mobility.  

Finally, my results could seem to contradict Misra et al. 2021 results, since I find the 

largest spending effects of the stimulus payments on areas with a low level of urbanization. 

Nevertheless, Misra et al. 2021 calculated the MPC, which depends on the cost of living of 

each region, while I calculate changes in spending using seasonally adjusted data for each 
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region. So, in some sense, the cost of living in every state is already taken into account when 

calculating changes in spending since it is compared with last year’s spending in each of 

those states (more detail on that in the data section of the paper). 

III-Data and Methodological Design 

3.1. Background  

The stimulus payment program I will focus on is the Coronavirus Aid, Relief, and 

Economic Security (CARES) Act which made direct payments to nearly 160 million people, 

and —according to the U.S. Department of Treasury — totaled $267 billion as of May 31, 

2020.  The CARES Act distributed those payments in the following manner: individuals 

earning less than $75,000 received a payment of $1,200; married couples earning less than 

$150,000 received a payment of $2,400, and households received an additional $500 for each 

dependent. The payments progressively decreased as the level of income increased and 

phased out entirely for households that had incomes greater than $99,000 (for single 

individuals without children) or $198,000 (for married couples without children). According 

to the Daily Treasury Statement, most of these stimulus payments were deposited on exactly 

April 15, 2020, while some households received payments on April 14. 

According to Keynesian macroeconomic theory, this particular stabilization policy 

would induce “multiplier” effects in the economy by increasing demand for goods and 

services, and, thus, stimulating economic production. However, another important 

macroeconomic theory, the permanent income hypothesis, argues for a lower marginal 

propensity to consume (MPC) out of current income than the one the Keynesian model 

promotes. The permanent income hypothesis predicts consumption smoothing, supporting the 

idea that households would distribute their transitory changes of income (such as stimulus 

payments from the government) over time. In other words, the permanent income hypothesis 
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suggests that when receiving those stimulus payments, households will be more inclined to 

use them for debt payments or savings. 

 

3.2. Consumption data  
 

The data that I use for this paper comes from a dataset constructed by Chetty et el. 

2020. This is a public dataset that contains a variety of economic and public health indicators 

that inform the general populace, policymakers, and researchers about the real-time state of 

the economy and the effects of Covid-19. 

This data on consumer spending is measured primarily using aggregated and 

anonymized consumer purchase data collected by a private company: Affinity Solutions (see 

Chetty et al 2020 for details). Affinity Solutions is a company that aggregates consumer 

credit and debit card spending information to support a variety of financial service products. 

The data collected by Affinity Solutions captures nearly 10% of debit and credit card 

spending in the U.S. Chetty et al. obtain the raw data from Affinity Solutions and, after a 

cleaning process, they construct daily values of the consumer spending series using a seven-

day moving average of the current day and previous six days of spending. Furthermore, the 

data is seasonally adjusted by dividing each calendar date in 2020 value by its corresponding 

value from 2019. Finally, Chetty et al. index the seasonally adjusted series relative to pre-

Covid-19 spending by dividing each value by the mean of the seasonally adjusted average 

spending level in the first four complete weeks of 2020. In other words, the final data 

represents the change in spending compared to January 2020 (seasonally adjusted). 

Moreover, the authors disaggregate the data by types of goods, by income level (based 

on the ZIP code where the cardholder lives), and by region (city, county, state, and nation). 
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Spending data is broken down by industry by grouping merchant codes that are used by 

Affinity Solutions to identify the category of merchant and merchant activity. Those 

categories are: Apparel and General Merchandise, Entertainment and Recreation, Grocery, 

Health Care, Restaurants and Hotels, Transportation. 

Chetty et al. link a specific consumer with the ZIP codes in which they live to break 

down spending data by income groups. The authors classify ZIP codes into income categories 

based on measurements of median household income and population from the American 

Community Survey (ACS).  This classification is the following: high-income (median 

household income greater than $78,000 per year), middle-income (median household income 

between $46,000 per year and $78,000 per year), low-income (median household income less 

than $46,000 per year). 

This dataset offers several advantages for studying consumption. The data on 

consumer spending covers nearly 10% of debit and credit card spending in the U.S. 

Therefore, it provides a sample of study that is more representative of the entire population 

than other private sector datasets (such as data from financial apps).  Additionally, the use of 

high-frequency, up-to-date, transaction-based information about consumers’ spending before 

and after the outbreak of Covid-19 provides a much more granular view of spending 

transactions.  

However, even if this dataset provides a more representative sample of the entire 

population, the data from Affinity Solutions should only be considered representative of total 

card spending (but not total consumer spending in general).  
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3.3. Empirical Methodology  

 

The empirical strategy that I use in this paper is very much based on the one Chetty et 

al. (2020) implement in their study to examine the effect of the stimulus at a national level. 

This strategy exploits the high-frequency dataset and the timing of the transfer payments to 

capture changes in spending in the days surrounding the date when the stimulus payments 

were made. Then, I compare outcomes for low-income and high-income households in areas 

of high urbanization and areas with low levels of urbanization. 

I start my study by plotting a weekly moving average of spending changes relative to 

mean levels in January for low-income vs. high-income households. Figure 2 shows that 

high-income households decreased spending more than low-income households right after the 

start of the pandemic in March 2020. We can see that in the week ending April 13th, 

spending in top-income-quartile households was down by 37% relative to pre-Covid levels, 

as compared with 28% for bottom-income-quartile households. Then, from April 15, the date 

on which the stimulus payments were deposited (vertical line on the graph), onwards, 

spending increased steeply for people in low-income households, it increased by over 15 

percentage points in a few days. Spending for high-income households also increased, but by 

a much smaller amount, only 7 percentage points. A conclusion that arises from this graph is 

that the stimulus payments had a sizeable positive effect on spending, in particular for low-

income families. 

To precisely estimate the causal effect of the stimulus payments, I use a regression 

discontinuity design with daily spending data. I use the date on which the stimulus payments 

were deposited, April 15, 2020, as the cutoff; and I run a regression within a window of 30 

days from cutoff (15 days before and 15 days after) and then another regression within a 
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window of 14 days from cutoff (7 days before and 7 days after) to evaluate the impact of the 

stimulus payments on consumer spending.  

 The regression equation is the following: 

 

𝑌𝑡 = 𝛼𝑡 + 𝜏𝐷𝑡 + 𝛽𝑇 + 𝜀𝑡 

 

where 𝑇 is the independent continuous variable that represents time (measured in days) and 

𝐷𝑡 is the binary treatment variable that is equal to 1 when 𝑇 crosses the threshold date (date 

in which the stimulus payments were received). 𝑌𝑡 is the dependent variable that represents 

the percent change in spending. 𝛼𝑡 captures the group fixed effects to account for time-

variant factors, and 𝜀𝑡 is the error term associated with the regression. Hence, 𝜀𝑡 corresponds 

to factors other than time to that are related with changes in spending over that given period. 

By construction, 𝜀𝑡 is not associated with the government transfer payments that occurred on 

April 15th, 2020, since this date is set as the cutoff in the RDD model and should be 

accounted for in the regression. In other words, a key assumption of the model is that no 

other major events that could have influenced household spending reactions occurred during 

the time window of the analysis. Another major assumption of this model is that during the 

same time windows of the previous year (2019) household spending did not experience any 

major or unusual shocks (such as another major fiscal policy program). This latter assumption 

is important since the data that I use for the study is calculated by dividing the spending value 

for each calendar date in 2020 by its corresponding value from 2019. Those two assumptions 

are easily verifiable, and, according to my searches, they both hold.   

Therefore, this experimental design allows to rigorously evaluate the impacts of the 

stimulus payments on spending across different income groups or geographical areas to then 
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be able to determine what percent of this change is due to the policy and what percent is 

inherited from the normal change across different groups. 

 

 

IV-Analysis 

Even if there are multiple interesting directions this research could take (some of them 

might be analyzed in a future paper), I decided to focus on the impact of stimulus payments 

on two very different geographical areas: urban vs rural.  

To extend the analysis of the effects of the CARES Act stimulus payments to a 

regional level, it is first necessary to clearly identify areas that had heterogenous spending 

reactions to the Covid-19 crisis. Althoff et al. (2020) present evidence that suggests that low-

skill service workers in large cities were the group that was most impacted by the Covid-19 

pandemic. In the context of the permanent income hypothesis, I could hypothesize that low 

skill-service workers in big cities (which according to Althoff et al.’s arguments should have 

experienced a greater shock to their permanent income) would either save the money from 

the stimulus payments or use it for debt payments. In other words, this first hypothesis states 

that low-skill-service workers in urban areas should have a lower spending response to the 

stimulus payments than low skill-service-workers in non-urban areas. 

Furthermore, it is well known that metropolitan areas around the world—in particular, 

the biggest ones, —quickly became places with an elevated prevalence and an increased 

transmission risk of coronavirus. Smaller and more rural areas seemed to be less affected by 

the virus. According to the New York Times Covid data, in the U.S., large urban counties 

have the highest death rate, followed by suburbs, smaller towns, and rural areas. Big cities 
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are, by definition, more densely populated and connected, and thus also more vulnerable to 

the spread of Covid-19 than smaller towns or rural areas. This higher level of vulnerability 

and the greater number of restrictions in place in large metropolitan areas led urban 

consumers to experience a more severe supply shock than consumers in rural areas. Once 

again, with those reasons in mind, we could reach the same hypothesis as in the previous 

paragraph. Urban consumers could be less responsive to the transfer payments since there 

exists a higher supply shock in those regions, thus it is more difficult to spend their money. 

 Now that I have established that urban and rural regions had different economic 

reactions to the Covid-19 pandemic, I can conclude that “urbanization” is a characteristic 

worth studying in the context of the stimulus policy. The natural next step is to define a scale 

that allows me to rank regions by their degree of “urbanization”. For the sake of the 

simplicity of my model, I only associate the concept of “urbanization” with population 

density3. To measure the degree of “urbanization,” I use data collected by FiveThirtyEight, an 

American website that focuses on opinion poll analysis, politics, and economics blogging. 

FiveThirtyEight uses data from the American Community Survey (ACS) to calculate the 

average number of people live within a five-mile radius of every census tract and then they 

take the natural logarithm to construct an “urbanization index.” For my analysis, I use a 

weighted average based on each census tract’s population4, to compute this index for every 

state.  

 

 

 
3 The U.S. Census Bureau and other literature’s definitions of “urbanization” are slightly more complex; 

however, population density stands as one of the main concepts in each of those definitions.  
4 This data can be obtained from the U.S. Census Bureau. 

https://en.wikipedia.org/wiki/Opinion_poll
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Figure 3: 

 

Figure 3 shows the degree of urbanization for all fifty states in ascending order. The 

urbanization index goes from 8.2 to 12.5 with Wyoming being the state with the least degree 

of urbanization, and New York being the state with the greatest level of urbanization (all the 

other states range in between). For my analysis, I use this figure to divide states into two 

categories, rural vs urban, in the following way: the 25 states with smaller urbanization levels 

are categorized as rural and the 25 states with higher urbanization levels are categorized as 

urban (see Table 1).  
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Table 1: Urban vs Rural States. 

Low Urbanization 
States 

(Rural States) 

High Urbanization 
States 

(Urban States) 

Wyoming Indiana 

Montana Minnesota 

South Dakota Georgia 

Alaska Oregon 

Vermont Michigan 

Mississippi Ohio 

Maine Virginia 

North Dakota Utah 

West Virginia Delaware 

Arkansas Hawaii 

Iowa Washington 

Idaho Pennsylvania 

Alabama Colorado 

Kentucky Texas 

New Mexico Arizona 

New Hampshire Connecticut 

Oklahoma Florida 

South Carolina Illinois 

Kansas Maryland 

Louisiana Rhode Island 

Wisconsin Nevada 

Tennessee Massachusetts 

Nebraska California 

Missouri New Jersey 

North Carolina New York 

 

 



 

17 
 

4.1. Average effect on the stimulus by income groups in two individual states (one rural and 

one urban) 

I will start my analysis with a study of two individual states in each category (one 

rural and one urban), and then I will expand it to a group study (all rural states vs all urban 

states). The two states that I will examine first are Maine (rural, see Figure 3) and California 

(urban, see Figure 3). Those two states are not only diametrically opposed geographically 

speaking, but, according to U.S. Census Bureau5, California is the state with the highest 

urban density in the country, while Maine has one of the lowest. In fact, if we used U.S. 

Census data to rank all states by the percentage of their population living in rural areas from 

greatest to least6, California would rank first, and Maine would find itself last. Then, by 

comparing the effect of the stimulus payments to high and low-income households in those 

two states, we are actually analyzing the different effects of this policy on high and low-

income groups on a predominantly urban region of the country and comparing it to the effect 

in a predominantly rural region of the country. In other words, using these parameters, the 

question of whether high and low-income populations within specifically rural or urban areas 

responded differently to the April 15th, 2020 stimulus payments can be answered. If there is a 

significant difference, I will also be able to quantify the magnitude of those effects.  

I conduct at the state level the same research design as the one implemented Chetty et 

al. implemented at the national level (see the methodology section for more details). I use the 

same high-frequency daily data as well as the same income group categories7
 as the ones 

 
5 Another source for urbanization data. 
6 This is another way to characterize rural and urban areas differently from the one my model is based on.  
7 High-income: median household income greater than $78,000 per year, and low-income: median household 

income less than $46,000 per year 
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described in the data section, but I restrict my observations to two of those two states 

separately. 

First, to get a visual representation of the level of spending in those two states, I start 

by plotting the weekly moving average of spending changes relative to mean levels in 

January for high-income households in both states.  

 

Figure 4: 

 

Figure 4 shows the seasonally adjusted spending changes for high-income households 

in California and Maine. We observe that in the week ending April 13th, spending in high-

income households is down by 37% relative to pre-Covid levels in California, while for in 

high-income households in Maine it is down by about 35% relative to pre-Covid levels. Then, 

from April 15 (vertical line on the graph) onwards, spending increase at different rates for 

each state. For the high-income group in California, the increase is close to 5 percentage 

points in the span of a couple of days, while for the high-income group in Maine the increase 
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is more than double; it rises by 11 or 12 percentage points in a few days after April 15. 

However, looking at the general picture (see figure 2), spending changes for high-income 

households in California and Maine are somewhat comparable to the national changes in 

spending for that income group.  

I now plot the weekly moving average of spending changes relative to mean levels in 

January for low-income households in California and Maine.  

 

Figure 5: 

 

Figure 5 shows the seasonally adjusted spending changes for low-income households 

in those two states. We observe that in the week ending April 13th, spending for low-income 

households in Maine is only 20% to 22% below pre-Covid levels. This is a big difference 

from the California data, as well as the national level data (see Figure 2), in which the 

decrease is close to 30% for the same income group. From April 15 (vertical line on the 

graph) onwards, spending increases abruptly for the low-income group in Maine; their 

spending increases by almost 30 percentage points in a matter of a few days and remained 
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above pre-pandemic levels from then onwards, with the exception of a few short periods, 

while for the low-income group in California the increase in spending is much more modest. 

In fact, it is very similar to the national average for that group; it rises by about 7 or 8 

percentage points in a few days. A conclusion that arises from this graph is that, at the 

beginning of the pandemic, low-income households in Maine do not decrease their 

consumption as deeply compared to low-income households in California or the average low-

income household at the national level. However, once the stimulus payments came in low-

income households in Maine increase their consumption dramatically.  

Looking at Figure 4 and 6 together, we can see that high-income households in 

California and Maine decreased spending more than low-income households right after the 

start of the pandemic starting in March 2020, as was the case on the national level. We also 

observe that in California the difference in spending between low and high-income 

households is much smaller than at the national level. As a matter of fact, on the same dates, 

in the national level data, there is a difference of 9 percentage points, in contrast to the two-

percentage points difference found in California.  Similarly, we realize that compared to the 

national level effects, the stimulus payments had a modest positive effect on spending both 

for low and for high-income households in California. 

I now run the regression discontinuity for high and low-income groups in California at 

two different windows (April 1-April 30 and April 7-April 21). The results are presented in 

Table 2.  
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Table 2 shows that none of the coefficients for the low-income group seem to be statistically 

significant at a 1% level. According to the table, if the take the window of April 1 to April 30, 

the effect of the stimulus payments for the low-income group is an increase in spending by 

10.7 percentage points. While, for the window of April 7 to April 21, the effect of the 

stimulus payments for the low-income group becomes negative, describing a decrease of 3.5 

percentage points in spending for this group. The latter effect of a decrease in spending for 

the low-income group after the cut-off of the stimulus payments seems odd. However, as the 

results are not statistically significant, it would not be appropriate to overinterpret them or 

give them much importance. 

Furthermore, Table 2 also shows that one of the coefficients for the high-income 

group is statistically significant at a 1% level, this is the coefficient for the April 1-April 30 

window. According to the table, if we look at this first window, the stimulus payments caused 

an increase of 10.4 percentage points in spending for the high-income group (and this result is 

statistically significant). For the window of April 7-April 21, we, again, find a strange effect, 

a decrease of 2.7 percentage points in spending for the high-income group. However, this 

result not being statistically significant, so it is not worth paying much attention to it. 
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I now run the regression discontinuity for high and low-income groups in Maine at the 

same two windows (April 1-April 30 and April 7-April 21). The results are presented in 

Table 3.  

 

Table 3 shows that both coefficients for the low-income group are statistically significant at a 

1% level. When considering the window of April 1 to April 30, the effect of the stimulus 

payments for the low-income group is an increase in spending by 91.4 percentage points. In 

the window of April 7 to April 21, the effect of the stimulus payments for the low-income 

group more than doubles, there is a discontinuous increase of 217.8 percentage points in 

spending. Both windows’ effects represent incredibly high increases in spending for low-

income households in that period and they are consistent with what we observed in the plot 

(Figure 3). 

Table 3 also shows that both coefficients for the high-income group are statistically 

significant at a 1% level. When considering the window of April 1 to April 30, the stimulus 

payments caused an increase of 63.9 percentage points in spending for the high-income 

group. While, in the window of April 7 to April 21, this effect increases quite a lot. The effect 
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becomes an increase of 136 percentage points in spending for the high-income group in that 

period. 

In conclusion, these results show that the effect of the stimulus payments was more 

important in Maine than in California (more important in the rural state than in the urban 

one). Thus, this analysis of two individual states agrees with my initial hypothesis that rural 

states reacted more strongly to the stimulus policy supporting the idea of a more important 

supply-side alteration in urban areas. Additionally, the fact that consumers in Maine reacted 

more strongly to the transfer payments supports the permanent income hypothesis idea that 

low-income households living in urban settings had more negative expectations about their 

future income.  

 

4.2. Average effect on the stimulus by income groups in rural vs urban states 

Now, I expand this analysis to all fifty states. Again, I start by plotting the weekly 

moving average of spending changes relative to mean levels in January for high-income 

households in the two sets of states.  
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Figure 6:  

 

Figure 6 shows the seasonally adjusted spending changes for high income households 

in urban and in rural states. We observe that in the week ending April 13th, spending in high-

income households is down by about 36% relative to pre-Covid levels in urban states, while 

for high-income households in low urbanization states it is down by about 33% relative to 

pre-Covid levels. Then, from April 15 (vertical line on the graph) onwards, spending increase 

at similar rates for both groups. For the high-income group in high-urbanization states, the 

increase is close to 6 percentage points in a couple of days, while for the high-income group 

in low-urbanization states the increase is almost double, but still only a few percentage points 

away, it rises by 9 or 10 percentage points in a few days after April 15. However, when 

compared with spending changes for high-income households in California and in Maine (see 

Figure 4), the changes for high-income households in the set of all rural vs all urban states are 

much more uniform. In both cases (urban and rural states), the variations in high-income 

household spending are very similar to the national spending trend for that income group.  
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Similarly, the changes in spending for low-income households across urban and rural 

states is quite uniform.  

Figure 7: 

 

Figure 7 shows the seasonally adjusted spending changes for low-income households relative 

to mean levels in January in states of high urbanization vs states of low urbanization. We see 

that in the week ending April 13th, spending for low-income households in low urbanization 

states is 27% below pre-Covid levels, this number is a very close to the spending levels for 

high urbanization states, which at the that time were around 31% below pre-Covid levels. 

Both of those numbers are also very similar to the national level decrease for that income 

group (see Figure 2) which was about to 30%. From April 15 (vertical line on the graph) 

onwards, spending for the low-income group in low urbanization areas increases by 13 or 14 

percentage points in a matter of a few days but remains below pre-pandemic levels from most 

of that year (2020). For the low-income group in high urbanization states the increase in 

spending is very similar to the one I just described for low urbanization states, it rises by 

about 14 or 15 percentage points in a few days. From this graph, we can reach some of the 

same conclusion as before.  Unlike the previous analysis of California and Maine, this graph 
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tells us that at the beginning of the pandemic, low-income households in low and high 

urbanization areas decrease their consumption in a very similar manner.  

Focusing on figures 7 and 8 together, we observe that high-income households in both 

high and low urbanization states decreased spending more than low-income households just 

after the start of the pandemic in March 2020, as it was the case for the national level (see 

figure 2).Moreover, the fact that consumer spending, for both low and high-income groups, 

does not behave much differently in rural vs urban areas suggests that urbanization does not 

have a very important effect on pre-pandemic consumption. Nevertheless, this observation 

does not contradict my previous hypothesis since for both types of households (low and high-

income) spending decreases more in high urbanization areas than in low urbanization areas 

(which is what I expected).  

After this general exploration of changes in spending induced by the pandemic on 

rural vs urban states, I now turn my attention to the analysis of spending reactions to the 

transfer payments in those two different sets of states.  I run regression discontinuities for 

every state using the same two time-windows as in the previous cases (April 1-April 30 and 

April 7-April 21). For every state I obtain four different RDD estimates corresponding to 

high and low-income households in each of the two time-windows (for example see Table 2, 

RDD estimates for California). Then, I take the 25 urban states and I compute the average 

effect for each income group and for each time window. I do the same for the 25 rural states. 

Table 4 presents the average effect of the stimulus payments on spending by income groups 

and by urbanization levels from April 1st to April 30th, and Table 5 presents the results from 

April 7th to April 21st. If we compare in each table the average effect of the stimulus 

payments across groups, we consistently find that the effect is larger in low urbanization 

states than in high urbanization states.  
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Table 4: Average RD Effect of Stimulus Payments on Spending (Window: April 1st - April 30th). 

Item 

Low Urbanization 
States 

(Low Income 
Households) 

Low Urbanization 
States 

(High Income 
Households) 

High Urbanization 
States 

(Low Income 
Households) 

High Urbanization 
States 

(High Income 
Households) 

Average RD Effect  0.591 0.429 0.453 0.279 

Number of States 238 25 25 25 

Number of Observations 
in each State = 

28 28 28 28 

 

 

Table 5: Average RD Effect of Stimulus Payments on Spending (Window: April 7th - April 21st). 

Item 

Low Urbanization 
States 

(Low Income 
Households) 

Low Urbanization 
States 

(High Income 
Households) 

High Urbanization 
States 

(Low Income 
Households) 

High Urbanization 
States 

(High Income 
Households) 

Average RD Effect 1.225 0.737 1.056 0.337 

Number of States 238 25 25 25 

Number of Observations 
in each State = 

13 13 13 13 

 

 

Focusing only on low-income households on Table 4, we observe that the RD effect 

of the policy in low urbanization areas is 0.591 that is 
0.591−0.453

0.591
≈ 0.23 or 23% higher than 

the RD estimate in high urbanization areas. If we look back to our two previous hypotheses to 

explain this difference between urban and rural reactions to the stimulus, we can interpret this 

23% variation in two different ways.  

 
8  Missing data for low-income households in Alaska and New-Hampshire  
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First, if we think of low-income consumers in general as purely demand driven, we 

should expect to find the same effect of the stimulus regarding the type of region in which 

they live. Hence, there is something happening in urban areas that is reducing by 23% the 

effect of this policy, and, according to our first hypothesis, that something is the more intense 

supply shock that urban areas experienced. In this case, the 23% represents the percentage of 

the stimulus that is associated with the supply-side. Similarly, in Table 5 the RD effect of the 

policy in low urbanization areas (again I am just focusing on low -income households) is 

1.225 that is 
1.225−1.056

1.225
≈ 0.14 or 14% higher than the RD estimate in high urbanization 

areas. This number could be interpreted the same way as before, and we could then estimate 

the percentage of the of the effect of the stimulus associated with the supply-side to be 

between 14 and 23%. 

The large gap in consumption responses of high-income households between low and 

high urbanization areas observed in Tables 4 and 5 could also constitute evidence that supply-

side restrictions—either because some businesses are closed or because households have 

large health considerations— play an important role in consumption adjustment.  

To analyze this hypothesis in more depth, I examine the change in the type of consumption 

for households in different regions.  
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Figure 8: 

 

 

Figure 8 shows the seasonally adjusted spending changes in accommodation and food 

services for all households relative to mean levels in January in states of high urbanization vs 

states of low urbanization.  According to our hypothesis, we expect to see a large increase in 

this consumption category for households in low-urbanization areas. Indeed, in Figure 8 we 

observe a significant increase in consumption in accommodation and food services for 

households in low urbanization areas. However, this increase seems to be proportional to the 

increase in consumption in the same category for households in high urbanization areas. 

Thus, this does not constitute enough evidence to support the idea that supply-side 

restrictions explain the significant difference in consumption responses between those two 

areas. This could then lean us toward our second hypothesis, which states that the permanent 

income of urban low-income households suffered the most during the pandemic, as a possible 

explanation for this fact. Nevertheless, our first hypothesis should not be discarded, and 

further analysis is needed to identify an explicit cause for the heterogeneous consumption 

effects that I find.  
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Alternatively, using our second hypothesis we can interpret those numbers in a 

different way. In this case, the percent difference between low-income rural and urban 

households’ reactions to the policy would represent the percent in which low-income urban 

households reacted to the permanent income hypothesis. In other words, we could estimate 

that 14 to 23% of the effect of the stimulus for low-income households in urban areas was 

reduced because of the negative shock that their permanent income suffered. 

Furthermore, I can also conclude that the urbanization characteristic plays a more 

important role on the recovery phase (after the stimulus payments were distributed) than on 

contraction phase (that is when consumers initially decreased their spending as a consequence 

of the pandemic, see Figures 7 and 8). 

Another important observation from Tables 4 and 5 is that that high-income 

households had a relatively greater response to the stimulus payments that I expected. This 

can be seen particularly in areas of low urbanization where high-income households respond 

almost as much as the low-income households. For instance, in Table 4 we see that in low 

urbanization areas the average RD effect for high-income households was 0.429 compared to 

0.591 for low-income households, the stimulus response was just 
0.591−0.429

0.591
≈ 0.27 or 27% 

higher for low-income households than for high-income households in those areas.  

Two possible— and complementary—interpretations could explain this fact. The first 

is that there is a significant proportion of “hand-to-mouth” households within high-income 

households. This idea would be consistent with the work of Kaplan and Violante (2014) and 

Kaplan, Violante, and Weidner (2014) that suggests that there is large group of households 

that are “wealthy hand-to-mouth”. The second possible explanation lies on the following 

economic observation: the fact that low-income households’ consumption responds more in 

low urbanization areas also creates more profits for firms that are owned by high-income 

households (for example, restaurants) in those areas. High-income households in low 
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urbanization areas would then experience a non-negligible positive impact to their permanent 

income, and thus increase their consumption accordingly. 

 

 

V-Conclusions 

In this study, I analyze the causal effect of the stimulus payments to low and high-

income households in high and low urbanization areas using a regression discontinuity 

design, with the date when the stimulus payments were made effective, April 15th, 2020, as 

the cutoff.  

I first analyze spending responses to the stimulus payments for low and high-income 

groups in a predominantly urban state such as California and in a predominantly rural state 

such as Maine, and then I do it for all a set of rural states vs a set of urban states.  

In the analysis of California and Maine, I find a big difference found between the 

effect of the stimulus payments for low and high-income groups in California and Maine 

could simply be explained by the fact that due to a lower population density in Maine, social 

distancing practices might not have been as hardly enforced as in more urban states such as 

California. For this reason, the low-income population in Maine might be able to spend their 

money from the stimulus payments in person more easily than the low-income population in 

California.  

In the analysis of the stimulus payment reactions in high vs low urbanization states, I 

also find differences in spending across regions (again lower levels of spending in urban 

areas). I estimate that percentage of the of the effect of the stimulus associated with the 

supply-side is between 14 and 23%. Furthermore, those numbers could also be considered as 
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the percentage of the effect of the stimulus for low-income households in urban areas that 

was reduced because of the negative shock that their permanent income suffered. 

An interesting next step for this study would be to examine the extent to which the 

different consumption effects by the degree of urbanization are driven by other characteristics 

of the regions that are themselves correlated with urbanization. For instance, I could perform 

a similar study in which I control for the per capita level of income of each state and see if the 

heterogenous effects documented in this empirical analysis still hold. 

Finally, I want to point out that there are many caveats to my analysis. First, my 

conclusions come with a caution advice since results are based on credit and debit card 

purchases from a sample that might not be the best representative sample of US population. 

Also, since data is aggregated to ZIP code level there are usually many limitations that apply. 
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Appendix: 

A.1. Replication of Chetty et al. Results: 

I will begin by replicating some plots and figures from Chetty et al. 2020, in which 

they already studied the effects of this policy at the national level. Chetty et al. started their 

study by plotting a weekly moving average of spending changes relative to mean levels in 

January for low-income (bottom income quartile) vs. high-income (top income quartile ZIP 

codes) households. I replicate this figure but instead of using the bottom and top income 

quartiles, I divide the population into high, middle, and low-income level in the way 

previously explained (high-income: median household income greater than $78,000 per year; 

middle-income: median household income between $46,000 per year and $78,000 per year; 

low-income: median household income less than $46,000 per year) and use the high- and 

low-income level populations. 

Figure 2 (in the paper) shows that high-income households decreased spending more 

than low-income households right after the start of the pandemic starting in March 2020. We 

can see that in the week ending April 13th, spending in top-income-quartile households was 

down by 37% relative to pre-Covid levels, as compared with 28% for bottom-income-quartile 

households. Then, from April 15 (vertical line on the graph) onwards, spending increased 

steeply for people in low-income people, it increased by over 15 percentage points in a few 

days. Spending for high-income households also increased, but by a much smaller amount, 

only 7 percentage points. A conclusion that arises from this graph is that the stimulus 

payments had a sizeable positive effect on spending, in particular for low-income families. 

Chetty et al. plotted daily spending levels relative to baseline for low- and high-

income households, respectively, for the month of April, following the regression 
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discontinuity design previously outlined. They estimated that spending levels rose 

discontinuously on April 15 by 26 percentage points in low-income households, compared to 

9 percentage points in high-income households. Both effects were statistically significantly 

different from 0, as well as from each other. 

            Now, I will present the regression results that I conducted trying to replicate the 

findings in the Chetty et al. paper. Table 1 (Appendix) shows the regressions discontinuity 

estimates for the low-income and high-income groups under a variety of bandwidths. As in 

Chetty et al. findings, both coefficients for the low-income group seem to be statistically 

significant at a 1% level. According to the table, if the take the window of April 1 to April 30 

the effect of the stimulus payments for the low-income group is an increase of 56 percentage 

points in spending. In the window of April 7 to April 21, the effect of the stimulus payments 

for the low-income group becomes much larger, a discontinuous increase of 141.2 percentage 

points in spending. Comparing these numbers to the ones in the Chetty et al. table (Table 1 

Appendix and the Chetty et al. table are placed next to each other in the appendix for ease of 

comparison), an increase of 26 percentage points and an increase of 38 percentage points (for 

the window of April 1-April 30 and April 7-April 21 respectively), we realize the numbers 

are not the same (even though they are somehow related). The difference is larger for the 

smaller window 141.2 percentage points vs 38 percentage points. One could explain those 

differences by the fact that the regressions were run for different populations. In the Chetty et 

al. paper, the regression was run for the bottom income quartile, while I ran it for a low-

income group (households with median income less than $46,000 per year) which might 

represent a broader group than the bottom income quartile population, thus leading to 

different estimates. However, I could say that my results are somewhat consistent with Chetty 
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et al. results given that they are of the same magnitude and sign, and they are also significant 

at a 1% level. 

Parallelly, the results for the high-income group also present similarities to the Chetty 

et el. results. Table 1 (Appendix) shows that both coefficients for the high-income group are 

statistically significant at a 1% level. According to the table, if we look at the window of 

April 1 to April 30, the stimulus payments caused an increase of 23.2 percentage points in 

spending for the high-income group. In the window of April 7 to April 21, this effect is an 

increase slightly bigger, the effect becomes an increase of 25.4 percentage points in spending 

for the high-income group. Again, we can compare these numbers to the ones found in the 

Chetty et al. table, an increase of 9 percentage points and 16 percentage points (for the 

window of April 1 to April 30 and April 7 to April 21 respectively). Chetty et al. numbers are 

also a bit different from the ones I found, the difference is larger, this time, for the larger 

window 23 percentage points vs 9 percentage points. Once again, this difference could be 

explained by the fact that the regressions were run for different populations. In the Chetty et 

al. paper, the regression was run for the top income quartile, while I ran it for a different 

high-income group (households with median income greater than $78,000 per year). This 

might represent a broader group than the top income quartile population, thus leading to 

larger estimates of the effect of the stimulus payments (because a broader group, in this case, 

would mean a less wealthy group than the top income quartile thus their marginal propensity 

to consume might be higher). 

Finally, one could also wonder what category of consumption has suffered the most 

from the pandemic, and we could ask if the stimulus payments were efficient in the way that 

they stimulated spending in that specific category. To answer this new question, I investigate 

the composition of goods and services on which individuals spent their stimulus checks. To 
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do this, I implement a regression discontinuity design similar to the previous one, but this 

time I poll all individuals together instead of dividing spending into population categories 

(high vs low income) to maximize precision. Then I divide spending by category type. I run 

multiple regressions in which the dependent variable is time, and the independent variable is 

defined as the spending change in each category. Next, I compare my results to the ones 

found in the Chetty et al. paper. 

Chetty et al. results show that spending on durable goods increased by 21 percentage 

points after the deposit of the stimulus payments and it increased even more afterward, 

surpassing pre-crisis levels. In contrast, spending on in-person services only increased by 

only 7 percentage points, and it remained more than 50% lower than pre-crisis levels. 

Now, I will present the regression results that I conducted trying to replicate the 

findings in the Chetty et al. paper. Table 2 (Appendix) shows the regression of spending on 

in-person services. We observe that the coefficient is statistically significant at a 5% level. 

According to the table, if the take the window of April 1 to April 30 the effect of the stimulus 

payments will increase in-person services by 8.4 percentage points. We can compare this 

number to the one found in Chetty et al. regression which is an increase of 7 percentage 

points, and we realize that they differ by 1.4 percentage points. One could explain this small 

difference by a slightly different choice of goods (for example I did not include data on hair 

salon and spa because I did not have it but those are also in-person services which Chetty et 

al. did include in their regression). 
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A.2. Appendix Tables 

 

 
    Table from Chetty at al. (2020), used for comparison with Table 1 Appendix (above) 
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