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In Chapter 2, I study the macroeconomic consequences to delaying a fiscal stabilizer.

Specifically, I study how delays to unemployment insurance benefits during the pandemic reces-

sion (fiscal stabilizer) affected consumption (macroeconomic consequence). The United States

experienced an unprecedented increase in unemployment insurance (UI) claims starting in March

2020. State UI-benefit systems were inadequately prepared to process these claims. In states that

used an antiquated programming language, COBOL, to process claims, potential claimants ex-

perienced a larger increase in administrative difficulties, which led to longer delays in benefit

disbursement. Using daily debit and credit card consumption data from Affinity Solutions, I em-

ploy a two-way fixed-effects estimator to measure the causal impact of having an antiquated UI

benefit system on aggregate consumption. Such systems led to a 2.8-percentage-point decline in

total credit and debit card consumption relative to card consumption in states with more modern

systems. I estimate that the share of claims whose processing was delayed by over 70 days rose



by at least 2.1 percentage points more in COBOL states relative to non-COBOL states. Based on

a back-of-the-envelope calculation using 2019 data, my results suggest that the decline in con-

sumption in COBOL states in 2020 after the pandemic-emergency declaration corresponds to a

real-GDP decline of at least $105 billion (in 2019 dollars).

In Chapter 3, Joonkyu Choi, Samuel Messer, Veronika Penciakova, and I study how busi-

ness formation patterns in 2020 were affected by antiquated UI benefit systems. New business

formation surged after the pandemic recession, but the causes of this surge are not well under-

stood. The expansion of UI benefits under the CARES Act, coupled with the reduction of work

search, provided unemployed potential entrepreneurs with the funds and time needed to develop

business ideas. States that used an antiquated programming language, COBOL, to process claims

experienced a lower growth rate in UI payments per unemployed than states with more modern-

ized systems. Using business application data from the Business Formation Statistics, we employ

a two-way fixed-effects estimator to measure the causal impact of having an antiquated UI benefit

system on business formation. Such systems led to a 6.6 percent decline in business applications

per capita in COBOL states relative to more modernized states from March 2020 to July 2020.

We also find some evidence of business quality deterioration while the Federal Pandemic Unem-

ployment Compensation program was in effect. Our findings highlight the potential role of UI

policy in contributing to economic recoveries by fostering entrepreneurship.

In Chapter 4, the RESET team Gabriel Ehrlich, John Haltiwanger, David Johnson, Ron

Jarmin, Seula Kim, Jake Kramer, Edward Olivares, R. Rodriguez, Mathew D. Shapiro, and I

use point of sales (POS) data to construct real sales and compare these POS generated statis-

tics to official statistics. Businesses, individuals, and government policymakers rely on accurate

and timely measurement of nominal sales, inflation, and real output, but current official statistics



face challenges on a number of dimensions. First, these key indicators are derived from sur-

veys conducted by multiple agencies with different time frames, yielding a complex integration

process. Second, some of the source data needed for the statistics (e.g., expenditure weights)

are only available with a considerable lag. Third, response rates are declining, especially for

high-frequency surveys. Focusing on retail trade statistics, we document important discrepancies

between official statistics and measures computed directly from item-level transactions data. The

long lags in key components of the source data delay recognition of economic turning points and

lead to out-of-date information on the composition of output. We provide external data sources

to validate the transactions data when their nominal sales trends differ importantly from official

statistics. We then conduct counterfactual exercises that replicate the methodology that official

statistical agencies use with the transactions data in the construction of nominal sales indices.

These counterfactual exercises produce similar results to the official statistics even when the of-

ficial nominal sales and item-level transactions data exhibit different trends.
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Chapter 1: Introduction

In this dissertation, I study the intricate relationship between government systems and their

tangible impact on individuals and businesses, particularly against the backdrop of the unprece-

dented challenges posed by the COVID-19 pandemic. In the United States, government systems

play a key role in various aspects of Americans' lives, including the distribution of government

transfers. These polices and others are determined by government systems that measure how the

economy is faring by producing of�cial statistics such as in�ation. In this dissertation, I study

unemployment insurance (UI) during the pandemic and the macroeconomic consequences on ag-

gregate consumption and business formation. I also study how of�cial statistics of real sales are

measured in the U.S. and the potential shortcomings of the current of�cial methodology.

I begin with two chapters, Chapter 2 and Chapter 3, focusing on unemployment insurance

during the pandemic recession in 2020. In 2020, large changes were made to UI through the

CARES Act passed at the end of March. Among other things, the Act established the Federal

Pandemic Unemployment Compensation (FPUC) program, which increased UI bene�ts by $600

per week through the end of July 2020, an unprecedented increase in UI generosity. Another

important change was the introduction of Pandemic Unemployment Assitatance (PUA). Consis-

tent with these large increases, Ganong, Noel & Vavra (2020a) estimate that 76% of unemployed

individuals received more than 100% of their pre-unemployment income as UI bene�ts during
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this period. Despite policymakers' awareness of potential issues with the uniform $600 weekly

increase leading to replacement rates greater than 100%, altering state UI systems would have

been challenging and, due to the antiquated nature of these systems, would have substantially

delayed bene�t disbursement.

In Chapter 2, I explore the macroeconomic consequences of delaying a �scal stabilizer.

Speci�cally, I look at UI during the pandemic as the �scal stabilizer and aggregate consumption

as the macroeconomic consequence. In the United States each state has its own unemployment in-

surance bene�t system. All states struggled processing an unprecedented number of initial claims

starting in March 2020. The agencies that administered these UI bene�ts were ill-prepared to

handle the surge in claims as well as changes to bene�ts (eligibility and UI generosity). One im-

portant feature of UI bene�t systems was whether the UI bene�t system was using an antiquated

programming language, COBOL, to process claims. My primary data source to measure con-

sumption is daily debit and credit card consumption at the state-level from the Af�nity Solutions.

States using COBOL experienced longer delays in the disbursement of bene�ts and potentially

experienced an increase in discouraged �lers. Using a two-way �xed-effects estimator, I estimate

that the recovery in total credit and debit card consumption in COBOL states was 2.8 percentage

point lower than in non-COBOL states.

In Chapter 3, my coauthors and I continue to study UI during the pandemic, looking at

how antiquated UI bene�t systems affected business formation in 2020. There was a sharp in-

crease in business formation during the pandemic and business formation remains elevated above

prepandemic levels even years after the pandemic. Decker & Haltiwanger (2023) conduct a deep

analysis of the business formation patterns observed during this period and its potential impli-

cations for growth. One potential reason business formation surged in 2020 was due to UI that
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led claimants to have additional time and �nancial resources to start a business. Building on the

COBOL variation identi�ed in Chapter 2, we examine the effect of COBOL usage on business

formation using the Business Formation Statistics (BFS) as the primary data source. Using a

two-way �xed-effects estimator, we estimate that the increase in business formation in COBOL

states was 6.6 percentage points lower than in non-COBOL states.

Transitioning from the realm of UI, Chapter 4 shifts focus to the measurement of real sales

in the United States. We decompose real sales into price indices and nominal sales indices. First,

we construct real sales using point of sales (POS ) data. Then, we we compare these POS series

to of�cial ones produced through government systems, where latter get used by businesses, indi-

viduals, and policymakers such as the Federal Reserve Board when determining monetary policy.

Leveraging insights from Ehrlich, Haltiwanger, Olivares, Shapiro & Zhao (2023), we highlight

differences between of�cial statistics and the POS data. The of�cial statistics mostly rely on

surveys, which can sometimes be released with a considerable lag. For example, the Bureau of

Labor Statistics (BLS) produces the Chained Consumer Price Index (CCPI) and the Consumer

Price Index (CPI). Even though the CCPI has advantages over the CPI from a theoretical price

index perspective, in practice the CPI is more used by policymakers because the CPI is released

before the CCPI.

Not only are there issues with the lag of producing of�cial statistics, but there all also issues

with multiple government agencies being involved. The three government agencies involved in

creating of�cial real sales statistics are the U.S. Census Bureau, the BLS, and the Bureau of

Economic Analysis (BEA). One emblematic example of issues arising from this issue are that

concordances are required to map Economic Census (EC) categories (U.S. Census Bureau) and

PCE categories (BEA). This would not be problematic if there was a one to one mapping, but
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BEA must rely on the sometimes more aggregated EC data to update its disaggregated PCE

nominal sales series. We �nd the reliance on survey data and complex integration processes

poses signi�cant challenges, particularly in accurately capturing high-frequency nominal sales

variations and adjusting for quality changes in consumer goods. The discrepancies and issues that

we �nd between the POS data and the of�cial statistics only get ampli�ed during the pandemic

episode when government agencies had to deal with declining response rates to surveys as well

as a large shift away from in-person consumption to online sales.

Through a comprehensive examination of these interconnected themes, this dissertation

endeavors to provide a nuanced understanding of the intricate interplay between government

systems, economic measurement methodologies, and their tangible impact on individuals and

businesses. By bridging theoretical insights with empirical evidence, I aim to measure the tan-

gible macroeconomic consequences of these government systems. In regards to unemployment

insurance, Chapters 2 and 3 unravel the macroeconomic consequences on aggregate consumption

and business formation, shedding light on the profound implications for economic stability and

growth. Regarding the measurement systems employed by government agencies in producing

real sales, Chapter 4 highlights the weaknesses of the current measurement systems for real sales

in Consumer Tech and Aggregated Food. We propose potential consequences of these shortcom-

ings in of�cial statistics, such as the slow response by the U.S. central bank in addressing the

surge in in�ation that started in 2021.
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Chapter 2: COBOLing Together UI Bene�ts:

How Delays in Fiscal Stabilizers Affect Aggregate Consumption

2.1 Introduction

The COVID-19 pandemic caused a severe contraction in US economic activity, and the �scal

policy response was unprecedented. The federal government spent over $5 trillion on subsidies,

transfers, grants, and tax cuts. But a lack of administrative capacity hindered the policy response,

with implementation issues affecting both the types of programs enacted and the effectiveness

of those programs. The massive spike in unemployment insurance (UI) claims at the beginning

of the pandemic, combined with the creation of new UI programs, led to long delays in the

disbursement of bene�ts and even outright crashes of UI systems, particularly in states with

antiquated UI bene�t systems.1

In this chapter, I examine how problems administering unemployment insurance during the

pandemic reduced the effectiveness of UI as a �scal stabilizer. Speci�cally, I compare consump-

tion changes during the pandemic in states that had not modernized their UI systems with those

that had. I proxy for a lack of UI modernization with the use of COBOL (Common Business Ori-

ented Language) in a state's UI bene�t system. COBOL is an antiquated programming language

1For anecdotal evidence on the problems in COBOL states, see news articles about COBOL usage in New Jersey,
Wisconsin, and Connecticut.
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developed in 1959 that was once used by all state UI programs. As of 2020, COBOL had been

abandoned in the UI bene�t systems of 22 states through modernization of their UI system.

I �nd that while aggregate consumption (as measured by credit and debit card purchases)

fell precipitously in all states at the start of the pandemic and remained below pre-pandemic

levels for several months, it was slower to recover in states with antiquated UI systems. Using

a two-way �xed-effects (TWFE) estimator, I �nd that the relative decline in consumption from

March 13, 2020 to December 31, 2020 was 2.8-percentage-points larger in COBOL states than

in non-COBOL states. Using this estimate in a back-of-the-envelope calculation, I �nd that the

failure to invest in updating UI-bene�t systems in COBOL states caused real GDP to be at least

$105 billion (in 2019 dollars) lower during this period.

UI serves as not only a safety net for laid-off workers during recessions but also as a

macroeconomic buffer. UI bene�ts increase income for households with unemployed workers,

which in turn increases household consumption. Because the �scal-multiplier effect of a dollar

of UI bene�ts during a recession is likely greater than 1, UI has positive general equilibrium

effects, including effects on household consumption.2 My estimates, therefore, likely re�ect a

combination of the direct effect on UI-eligible households in COBOL states and indirect effects

in the form of a dampened �scal multiplier. In other words, the consumption effect that I estimate

is driven by claimants in COBOL states experiencing a relatively higher administrative burden,

which led to UI functioning as a less effective �scal stabilizer in COBOL states.

The primary mechanism by which COBOL usage in UI bene�ts led to lower aggregate con-

sumption is delays in the UI bene�ts disbursement. COBOL states could have experienced delays

2Kekre (2022) �nd that UI bene�t extensions have a contemporaneous output multiplier of around 1 using data
from 2008 to 2014. Di Maggio & Kermani (2016) estimate a local �scal multiplier of unemployment insurance
expenditures of around 1.9 using data from 1999 to 2013.
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in UI disbursements, both because it took longer for claimants to successfully �le a claim and

because processing those claims took longer.3 Delayed claims could affect aggregate consump-

tion through a dampened UI �scal multiplier. Ganong, Greig, Noel, Sullivan & Vavra (2022a)

�nd that the one-month marginal propensity to consume (MPC) for claimants who received their

bene�ts was highest in April 2020 compared to later periods when UI bene�ts changed, such as

the expiration of the $600 supplement in July 2020. When households save a larger share of their

UI bene�ts due to delayed disbursement, they will purchase fewer goods and services, directly

lowering consumption. That household's consumption decisions will have spillovers, leading to

a lower UI �scal multiplier, since the UI �scal multiplier is directly related to the MPC. Given

that UI relative replacement rates were on average over 100% (Ganong, Noel & Vavra, 2020b)

from April 2020 to the end of July 2020, delaying UI bene�ts by months could signi�cantly alter

consumption behavior.

2.2 Background

In this section, I describe the changes to UI bene�ts in 2020, provide more justi�cation for the use

of COBOL as a proxy for administrative capacity, and relate this chapter to the broader literature.

2.2.1 Changes to UI Bene�ts in 2020

To understand the effects of administrative capacity on UI disbursements in 2020, it is helpful

to review what changed in UI bene�ts during the pandemic and the dif�culties that potential

3Second, there may have been more discouraged �lers in COBOL states—potential claimants who did not �le
a claim (or who did not complete the �ling process) because they viewed applying for UI as too complicated or
laborious. A survey conducted by the Economic Policy Institute shows that some claimants chose not to �le for
bene�ts because it was too dif�cult.
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claimants faced. Before the pandemic, potential claimants �led an initial claim with their state's

UI of�ce online, over the phone, or (least commonly) in person. After the emergency declara-

tion on March 13, 2020, states faced an unprecedented increase in claims. This led many UI

websites to crash, which further overwhelmed call centers.4 Before and after the CARES Act,

claimants had to demonstrate eligibility by having worked in covered employment during their

base period. Prior to the CARES Act, a large share of jobs counted as covered employment,

but self-employment, gig work, and contract work did not. However, these workers were made

eligible for bene�ts by the CARES Act through its Pandemic Unemployment Assistance provi-

sion.5 COBOL states disproportionately struggled to process claims, both with the unprecedented

increase in initial claims �led and with implementing changes to UI bene�t systems such as eli-

gibility rules.

During recessions, the federal government often extends the duration of eligibility for UI

bene�ts and rarely increases the bene�t amount.6 However, the magnitude of the bene�t enhance-

ment in the CARES Act was unprecedented—an additional $600 per week from April 2020 until

July 31, 2020. The CARES Act also increased the maximum duration of bene�ts by 13 weeks.

When designing the CARES Act speci�cs, many policymakers were aware that UI bene�t

systems were antiquated and slow. They would have liked to increase the UI replacement rate (the

share of base period earnings replaced by UI bene�ts), but making that change to state UI systems

would have been dif�cult and would have greatly delayed the disbursement of the enhanced

4Some states opened pop-up UI of�ces to process claims. Kentucky, a COBOL state, opened multiple pop-up
of�ces.

5For a more complete discussion of the typical claim process during the pandemic, refer to Cajner, Figura, Price,
Ratner & Weingarden (2020b).

6The Federal Additional Compensation (FAC) program, part of the American and Reinvestment Act of 2009,
provided an additional $25 per week to UI recipients.
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bene�ts.7 Instead, policymakers increased bene�ts by $600 per week for every bene�ciary,8 even

though such a change led to replacement rates of over 100% for the majority of UI recipients.

In other words, this supplement led to the average UI recipient receiving more from UI bene�ts

than from their previous employer (Ganong et al., 2020b).

Although initial claims spiked just after the emergency declaration and then declined, they

remained elevated throughout 2020. Initial claims in every week in 2020 after the emergency

declaration surpassed the previous recorded maximum initial claims between 1967 (when the

data began to be collected) and the emergency declaration.9 This persistent state of elevated

initial claims meant that states had to process not only a large stock of existing claims from the

�rst weeks after the emergency declaration but also a large �ow of initial claims. (Initial claims

may represent people who newly become unemployed but also new repeat claims by �lers whose

claims have not been processed and who may be unsure if they �led correctly.)

Across all states, the CARES Act provided the same additional bene�ts for claimants, in

terms of both bene�t amounts and maximum weeks to receive bene�ts. However, because states

had different initial levels of maximum bene�ts and maximum duration, UI bene�ts during the

pandemic were not uniform across the United States; these increases were different relative to

baseline levels across states. For example, prior to the pandemic, Florida (a non-COBOL state)

offered a maximum weekly bene�t of $275 for a maximum of 12 weeks, while New Jersey (a

COBOL state) offered a maximum weekly bene�t of $713 for a maximum of 26 weeks.10 How-

7Personal communication with Wendell Primus, senior policy advisor to House Speaker Nancy Pelosi.
8After $600-a-week UI supplements expired at the end of July 2020, claimants received $300-a-week UI supple-

ments until summer 2021.
9To be precise, the week ending on March 21, 2020 was the �rst week to surpass the previous recorded peak of

695,000 claims.
10For a complete list of how states varied in maximum UI-bene�t allocation prior to the pandemic, see this table

from a research brief by the Brookings Institution.
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ever, variation in which states used COBOL affected both when and whether claimants received

UI bene�ts. For example, Wisconsin, a COBOL state, experienced delays so signi�cant that

in June 2020, the Wisconsin Department of Workforce Development was still processing initial

claims �led in March.11

2.2.2 The Effect of COBOL on Administrative Capacity

COBOL can perform the same tasks as any modern programming language, but systems run-

ning on it were differentially overloaded by both the sudden in�ux of claims and the changes

to UI bene�ts. COBOL states likely struggled more to implement the changes introduced by

the CARES Act because of the dif�culty of changing COBOL-based systems. Other UI-system

failures were also related to COBOL. When the pandemic started, several COBOL states needed

COBOL programmers. Because demand for COBOL programmers exceeded supply, some pro-

grammers came out of retirement to work in UI of�ces in COBOL states, but there were in-

suf�cient COBOL programmers.12 Furthermore, COBOL states may have experienced issues

not speci�c to COBOL but symptomatic of an antiquated system, including having a less user-

friendly website, the absence of a mobile version of their website, or legacy platforms such as

mainframes. These additional issues would have increased the administrative burden that po-

tential claimants would have faced, which would affect delays in disbursement and increase the

administrative burden for claimants.

Despite COBOL being capable of completing the same tasks as modern programming lan-

guages, implementing these changes were more dif�cult in COBOL states. One of the issues

11See Wisconsin news report.
12A group of retired COBOL programmers called the COBOL Cowboys exists solely to aid during crises. See

NPR news article.
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is that UI bene�t systems using COBOL have spaghetti code; this programming code is com-

plex, dif�cult to read, and highly complex. For example, code written using a fourth generation

programming language (most modern programming languages) has half the number of lines of

code as the same program written in COBOL (third generation programming language). For

example, as of 2020 Wisconsin's (COBOL state) UI bene�t system comprises of roughly 8.6

million lines of does, which has been updated and extended numerous times over the previous 50

years.13 There is usually a lack of automation that requires frequent human intervention resulting

in redundant and inef�cient processing work�ow. For example, Wisconsin experienced a surge

of over 250,000 claims in 2020 rejected by the UI bene�t system relative to 50,000 to 100,000

claims per year pre-pandemic. These claims that were rejected required human intervention,

from the Adjustment and Special Programs (ASP) unit in Wisconsin's case. Wisconsin's ASP

unit went from a staff of 16 to 140 in 2020. The staff increased disproportionately because the

complexity of these claims increased by the introduction of new federal programs such as Pan-

demic Emergency Unemployment Compensation (PEUC) program and the PUA program. The

increased complexity results in each rejected claim taking longer to process for adjudicators.14

All states once used COBOL in their UI-bene�t system. Some states have modernized

their systems, in part by switching to a more modern programming language, such as C# or Java,

as shown in Figure 2.1. The decision to modernize could systematically differ between states.

As noted by the Government Accountability Of�ce (GAO) in a report prior to the pandemic,

some states had trouble modernizing their UI bene�t systems for reasons ranging from a lack

13For an in depth discussion on how an antiquated UI bene�t system including COBOL usage affected the func-
tioning of Wisconsin Department of Workforce Development please refer to their informational brie�ng on unem-
ployment modernization that can be streamed here.

14For an in depth discussion on how costly the adjudication process (rejected claims) was for Wisconsin in 2020
please refer to their informational brie�ng on unemployment modernization that can be streamed here.
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of funding to dif�culties with operating legacy stems in tandem with new systems.15 Perhaps

surprisingly, the states with more generous UI bene�ts and a more generous social safety net

such as California and New Jersey were not more likely to have modernized their UI systems.

In fact, the states with less-generous UI bene�ts during nonrecessionary times, such as Florida

and North Carolina, were more likely to have modernized. As I discuss in Section 2.4.2, the fact

that COBOL is not randomly distributed across states is a potential source of bias, because the

COBOL states are more likely to be Democratic states, and these states were more cautious about

COVID-19. In order to account for these differences, I use the Republican vote share in 2016 as

a proxy control variable in my empirical analyses.

These longer delays in UI disbursement in COBOL states could have affected aggregate

consumption. Figure 2.2 shows the means in relative consumption without controlling for po-

tential confounders. The �gure plots the mean population-weighted values of total credit and

debit card consumption for COBOL and non-COBOL states. After the emergency declaration,

COBOL states recovered more slowly than non-COBOL states. Figure 2.2 provides suggestive

evidence that delays in UI bene�t disbursement affected aggregate consumption.

2.2.3 Related Literature

This chapter adds to the growing literature measuring the economic impacts of the pandemic

recession (Faulkender, Jackman & Miran (2023); Cajner, Crane, Decker, Grigsby, Hamins-

Puertolas, Hurst, Kurz & Yildirmaz (2020a); Chetty, Friedman, Hendren, Stepner & Team (2020);

Coibion, Gorodnichenko & Weber (2020); Marinescu, Skandalis & Zhao (2021); Ganong et al.

(2020b)). I exploit a novel source of heterogeneity across states, COBOL usage for UI bene�t

15See GAO report from 2013.
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systems, to measure the relative decline in aggregate consumption caused by the increased ad-

ministrative burden faced by potential UI claimants in COBOL states. My work also contributes

to the literature on �scal stabilizers (Eilbott (1966); Dolls, Fuest & Peichl (2012); McKay & Reis

(2016)) by being the �rst to directly look at the aggregate economic consequences of delaying a

�scal stabilizer: UI.

The paper in the pandemic-recession literature that most closely resembles mine is Ganong

et al. (2022a). The authors exploit delays in UI bene�t payments using micro data to calculate

the consumption response to UI bene�ts at the individual level, and then they use those estimates

to calculate the effect on aggregate consumption. They �nd that the UI-bene�t enhancements

of $600 and $300 led to a 2.7% and 1.5% increase in aggregate spending, respectively, and that

the $600 UI supplements increased aggregate consumption by $430 billion (in 2019 dollars)

nationally from April 2020 to July 2020. Because the variation they exploit is at the individual

level, they cannot directly estimate multiplier effects.

I ask a different question: how did the higher administrative burden in COBOL states affect

aggregate consumption in those states? I �nd that aggregate spending from March to December

2020 was 2.8 percentage points lower in COBOL states relative to non-COBOL states, leading

aggregate consumption to be at least $105 billion lower than it would have been if COBOL

states had modernized their UI systems. My estimates are limited to the effects of using an

antiquated UI-bene�t system but do include multiplier effects (at least to the extent that these

effects differentially affected the local economy).

This chapter also contributes to the literature on the effects of administrative burdens on

program effectiveness. The delays in COBOL states are a form of administrative burden: people

had to spend hours on the phone or online trying to �le, or go in person to the UI of�ce during a
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pandemic, and they experienced long and uncertain wait times for their claims to be processed.

These administrative burdens could have discouraged potential claimants from receiving bene-

�ts. 16 My work is the �rst to look at the macroeconomic consequences of administrative burdens

in the context of a �scal stabilizer. Herd & Moynihan (2018) note that administrative burdens can

be a form of policymaking known as targeting, whereby states deliberately increase the adminis-

trative burden in order to reduce a program's take-up rate. This could be true with respect to UI

before the pandemic: states with less-generous UI bene�ts, which tended to be more Republican-

leaning states, also had stricter eligibility rules (Skandalis, Marinescu & Massenkoff, 2022). An

alternative explanation for the increase in administrative burden in UI is to reduce fraud. But

unlike other administrative burdens where policymakers may be making deliberate choices to

weaken a government program (Herd & Moynihan, 2018) or reduce fraud, COBOL is not chosen

to increase the administrative burden on claimants. COBOL was not problematic in processing

claims prior to the pandemic during nonrecessionary periods, as re�ected by COBOL states hav-

ing a lower share of topcoded claims prior to the pandemic recession in Figure 2.3. Topcoded

claims are claims that experience a processing delay greater than 70 days. COBOL usage in UI

bene�t systems becomes a binding constraint when UI systems are overwhelmed with claims or

when large changes are made to UI bene�ts, as was the case during the pandemic recession.

2.3 Data

I use two main sources of data for my outcomes variables: the Department of Labor Employment

and Training Administration (DOLETA) and Af�nity Solutions, which is part of the Economic

Tracker (Chetty et al., 2020).

16Using the DOLETA 5159 report, I only �nd weak evidence of discouraged �lers.
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To analyze the impact of UI disbursement delays, I use the 9050 report from DOLETA.

The 9050 report contains information on disbursement delays. To measure my main outcome

variable—relative aggregate consumption—I use the Economic Tracker, which provides daily

consumption data from a set of debit and credit cards by state.

2.3.1 Data on Delays in Processing UI Claims (9050 Report)

DOLETA's 9050 report contains monthly information on how long after receiving a claim each

state takes to make the �rst regular UI bene�t payment. These data are reported by states to

DOLETA and are used for multiple purposes such as measuring state performance and allocating

UI administrative funding. The report only imperfectly captures the difference in delays between

COBOL and non-COBOL states. First, it only captures delays in processing time and not in

�ling. Delays in �ling are the time between when a claimant starts �ling a claim and when that

claim is successfully �led, while delays in processing are the time between when a claimant suc-

cessfully �les a claim and when they receive their �rst UI payment. It is likely that it took longer

for claimants in COBOL states to successfully �le a claim because the UI systems were more

overwhelmed in those states. Second, the report topcodes delays greater than 70 days. COBOL

states had more topcoded claims, making it dif�cult to get an accurate comparison of delays in

COBOL and non-COBOL states. Third, even for non-topcoded delays, the report does not in-

clude the number of days of delay but instead assigns delays to buckets of discrete weeks (e.g.,

delays between 1 and 10 weeks). Finally, the report only covers regular UI, with no information

available on claims processing for the Pandemic Unemployment Assistance program (the pro-

gram through which people ineligible for regular UI, like gig workers, received bene�ts during
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the pandemic). However, it seems likely that delays in regular UI would be a reasonable proxy for

delays in other programs, and data from Ganong et al. (2022a) suggest that the majority of claims

processed were regular UI claims. PUA claims could have caused larger issues for UI bene�t

systems given that this program added new complexity to claims. However, the PUA program

could have also affected regular UI by drawing resources such as staff away from processing

regular UI.

Whether a claim is topcoded is a lagging indicator of when a claim was originally �led,

because claims are only reported as delayed once bene�ts have been paid out. For example, if

a claimant �les for UI bene�ts in March 2020 and gets bene�ts starting in June 2020, then the

claim will be reported as topcoded in June 2020. However, if that same claimant starts to receive

UI bene�ts in July 2020, then the claim would not be reported as topcoded until July 2020. Given

that I cannot observe when claims are initially �led, I use as my measure of delay the number of

people whose �rst bene�t was more than 70 days late (i.e., the number topcoded) as a share of

all the people receiving their �rst bene�t in a given month. Ideally, I would be able to determine

when a topcoded claim was initially �led and then calculate the share of topcoded claims with the

month �led instead of the month paid. This would �x the lagging indicator issue in the numerator.

As an alternative indicator of delays in UI bene�t disbursement, I measure the share of claims

that are delayed at least 5 weeks. This measure will suffer from being a lagging indicator similar

to the topcoded claims, but the lag will be mechanically shorter for these non-topcoded claims.

The limitations of the data also give rise to nonclassical measurement error. Processing

delays may be a relatively poorer measure of total delays in COBOL states than in non-COBOL

states. Total delays are the sum of processing delays and delays in �ling (the time between when

the claimant starts �ling a claim and when it is successfully submitted). Given the relatively larger
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administrative burden in COBOL states, delays in �ling could be longer in COBOL states than

non-COBOL states. Another concern within processing delay is that the accuracy of measuring

processing delays could be related to COBOL usage particularly during recessionary periods.

Speci�cally, non-COBOL states may do a better job of measuring in processing delays given

their more modernized UI bene�t system. As a result, the estimated effect of COBOL on the

timeliness of claim processing should be viewed as a lower bound of the true difference in total

delays between COBOL and non-COBOL states.

2.3.2 Data on Consumption

I use Opportunity Insights' Economic Tracker to track consumption patterns at the state level.

The main advantage of using these data is that they are available at the daily frequency. The

consumer-spending data are credit and debit card spending information provided by Af�nity

Solutions, which is then transformed and aggregated by Chetty et al. (2020). Seasonally-adjusted

daily consumption data—measured relative to consumption in January 2020—are available from

January 13, 2020, through the present, although I only use data through the end of 2020.

The data cover about 10% of all debit and credit card consumption in the US (Chetty et al.,

2020). Chetty et al. (2020) �nd that the Af�nity Solutions data has broad coverage across indus-

tries as shown in their comparisons to Quarterly Services Survey and Advance Monthly Retail

Trade Survey, but over-represent categories in which credit and debit card transactions are used.

The exclusion of cash consumption would only be problematic if different trends in cash usage

emerged between COBOL and non-COBOL states after the emergency declaration.17 Chetty

et al. (2020) compare cash transactions captured in CoinOut grocery data with the Af�nity So-

17In 2019, the San Francisco Fed found that consumers used cash in about 26% of transactions.

17



lutions data on total card consumption of groceries and �nd a signal correlation of 0.9 for the

period between January 1, 2020, and June 1, 2020. This high correlation suggests that cash trans-

actions are similar to card transactions. Furthermore, credit and debit card transactions accounted

for roughly half of all PCE recorded in national accounts (Chetty et al., 2020). Throughout this

chapter, I use the terms “consumption,” “total card consumption,” and “credit and debit card

consumption” interchangeably.

Not having access to Chetty et al.'s (2020) raw individual data, I limit my analysis to

changes in consumption relative to January 2020 by state. The data that I use are at the state

level, but county-level data are also available. I focus on the state-level analysis because the

variation I exploit, COBOL usage, is at the state level. The data are at the daily frequency with a

seven-day moving average.

2.3.3 Other Control Variables

In addition to using DOLETA and the Economic Tracker as data sources, I also use data by state

from a variety of sources for building a robust set of covariates. The covariates that I control

for when estimating the impact of delays on aggregate consumption are new COVID-19 death

rates, new COVID-19 case rates, and the interaction of 2016 presidential Republican vote share

(vote share for candidate Donald Trump) and the period after the emergency declaration. The

case and death rates are provided by theNew York Times' COVID-19 repository. The COVID-19

data are also available at a daily frequency and are measured using a seven-day moving average.

The 2016 election data are cross-sectional and come from the MIT Election Data and Science

Lab. Finally, the 2019 population estimates come from the US Census Bureau and are used for
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weighting purposes. The means of these variables by COBOL usage, along with other covariates

that I will discuss later, are shown in Table 2.1.

Additionally, I select �ve covariates that represent state characteristics from before the

emergency declaration and interact each of them with the binary variablePostt . These �ve

covariates have statistically insigni�cant differences between COBOL and non-COBOL states,

but are selected due to potential concerns one may have a priori. All �ve control variables were

selected for concerns for the main outcome of interest: consumption. However, in order to be

consistent, I apply these same controls and the Republican vote share interacted withPostt in

the same order across regression tables even when these controls are less relevant (such as for

processing delay outcomes). The �ve state characteristics are (1) income share in accommodation

and food services (2019), (2) the percentage of the population living in urban areas (2010), (3) UI

generosity (Jan. 2020), (4) the percentage of the population living in poverty (2019), and (5) the

percentage of the population with at least a bachelor's degree (2019). Data on these covariates

come from (1) BEA, (2) U.S. Census Bureau, (3) Brookings Institution and Department of Labor,

(4) Small Area Income and Poverty Estimates program (U.S. Census Bureau), and (5) ACS (U.S.

Census Bureau), respectively.

These �ve confounders do not meaningfully affect my consumption results, but I will

brie�y list what concerns one may have. Accommodation and food services were dispropor-

tionately affected by the pandemic recession, so one may be concerned that COBOL states had a

higher income share in accommodation and food services. Another concern may be that COBOL

states had less generous UI bene�ts, so they were slower to recover from the pandemic recession.

Both of these concerns are assuaged given that COBOL states had lower income share in accom-

modation and food services and more generous UI bene�ts as shown in Table 2.1. In terms of
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poverty, there was expansion of the safety net during the pandemic recession, so poorer house-

holds may have received more transfers from other government transfer programs. COBOL states

have a lower poverty rate, but I do not �nd statistically signi�cant differences in transfers between

COBOL and non-COBOL states across the Paycheck Protection Plan (PPP), the Economic Im-

pact Payments (EIP), and the Supplemental Nutrition Assistance Program (SNAP). This analysis

is re�ected in Tables B.3, B.4, and B.5, respectively. Another concern could be that lower lev-

els of education may lead to lower take up rates for the same administrative burden. I �nd that

COBOL states had higher bachelor's degree completion rates as shown in Table 2.1. Finally, one

may be concerned that rural areas may have recovered faster from the pandemic given their lower

population density and potentially different response to COVID-19 relative to urban areas.

2.3.4 COBOL Status

I identify COBOL usage for all 50 state UI systems primarily through emails to state of�-

cials, news articles, and information from the National Association of State Workforce Agencies

(NASWA) Information Technology Support Center (ITSC).18 This de�nition of an antiquated UI

bene�t system closely follows NASWA's de�nition of an antiquated UI bene�t system, but my

de�nition of COBOL usage is more clear given that UI bene�t systems are always undergoing

a modernization effort.19 Figure 2.1 is a map of the United States showing which states use

COBOL as of 2020. COBOL is the most common language used by state workforce agencies,

with 28 states categorized as COBOL and 22 as non-COBOL. There is a scattered distribution

18Seven states were identi�ed via direct email, 26 via news articles, and 13 via the ITSC's de�nition of ”modern-
ized” to rule out COBOL states. Secondary sources were used for the remaining states: one state was identi�ed via
a Freedom of Information Act request, two states via UI-of�ce reports, and one state through a UI-of�ce job posting
requesting COBOL skills.

19My results are robust to using NASWA's de�nition of antiquated. Only two states would change following
NASWA's de�nition: Alabama and Nebraska.
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of COBOL states throughout the United States, with no one region accounting for the majority

of COBOL states. NASWA provides an overall description of state UI systems, describing them

either as antiquated or modernized: typically, a COBOL state is also an antiquated state, and a

non-COBOL state is a modernized state.

2.4 Empirical Strategy

I perform two empirical exercises. First, I estimate the relative decline in consumption in COBOL

states versus non-COBOL states. Second, I determine whether COBOL states systematically

experienced longer delays in UI disbursement.

2.4.1 TWFE Estimator

I use the same empirical strategy to address both questions. The main speci�cation is a two-way

�xed-effects (TWFE) estimator in which the treatment group is states that used COBOL in their

UI-bene�t systems in 2020. The speci�cation is as follows:

Yit = � 0 + � 1Postt � Coboli + � 2Postt � X i + 
Z it + � t +  i + " it : (2.1)

States are denoted byi and time byt. For analysis using DOLETA (Economic Tracker) data for

the outcome variable, t corresponds to month (day).Yit is the outcome variable, which differs

for each exercise. For the relative consumption analysis,Yit corresponds to the relative change

in consumption in statei on dayt. For the processing-delay analysis,Yit corresponds to either

the share of topcoded claims or the share of claims delayed at least 5 weeks in statei in month

t. Postt is a binary variable taking the value of 1 for the post-period, which also differs across
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exercises. In the relative consumption exercise,Postt takes the value 1 starting on March 13,

2020, whilePostt takes the value 1 starting March 2020 in the delay analysis.Coboli is a bi-

nary variable taking the value of 1 for states that use COBOL in their UI-bene�t system in 2020.

X i are state characteristics from before the emergency declaration, such as the 2016 Republican

presidential vote share in statei . Z it is a set of time-varying control variables such as the un-

employment rate.� t is a month or day �xed effect, i is a state �xed effect, and" it is the error

term.

2.4.2 Relative Consumption

My dependent variable for this exercise isRel Consit , a continuous variable that measures the

relative change in relative total card spending for dayt in statei . I de�ne the start of the post-

period as the date of the emergency declaration, March 13, 2020. Prior to the pandemic, the

slower and less-ef�cient UI systems (in COBOL states) did not cause noticeable delays in bene�t

disbursement relative to systems in non-COBOL states. This constraint was not binding until

the massive spike in UI claims after the emergency declaration, which overwhelmed UI systems.

Therefore, my treatment is COBOL states after the emergency declaration.

TheRel Consit measure of relative total card consumption incorporates seasonal adjust-

ment and normalization components. The measure is given by

Rel Consit =

Ci;t 2020

Ci;t 2019

Ci;index 2020

Ci;index 2019

� 1: (2.2)

Chetty et al. (2020) publicly share the consumption data expressed in these relative percentage-

point changes instead of levels. For more details on the construction ofRel Consit , see Chetty
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et al. (2020). In Equation 2.2,Ci;index 2020 corresponds to the index period in 2020 (the �rst

four complete weeks of January).Ci;t 2019 andCi;index 2019 represent the same period in 2019.

Dividing by the 2019 value seasonally adjusts the data, while dividing by the index period nor-

malizes the data as changes relative to January 2020. In other words, the consumption measure

can be thought of as the percentage-point change in seasonally-adjusted consumption relative

to seasonally-adjusted mean consumption during the baseline period of January 2020. For ex-

ample, a value of -0.419 on March 30, 2020, in Wisconsin represents a 41.9-percentage-point

seasonally-adjusted decline in average total card consumption in the week ending on March 30,

2020, relative to average total card consumption in Wisconsin in January 2020.

To measure the dynamic effect of COBOL usage on aggregate consumption, I estimate a

weekly event study:

Rel Consik = � 0 +
41X

k= � 5

� k(COBOL i � I k) + � 42Postt � X i + 
Z ik + � k +  i + � ik : (2.3)

In Equation 2.3,k denotes the number of weeks since March 13, 2020.Coboli is a binary variable

that takes the value 1 if statei uses COBOL in its UI bene�t system.I k is binary variable that

takes the value 1 if the week is weekk. The event study allows me to track the evolution of the

impact of higher administrative burdens in UI bene�ts on aggregate consumption. I de�ne the

relative weekly-consumption measure using total card spending from each Friday of the week; I

choose Friday because March 13, 2020, fell on a Friday. Similarly, for the state controls,Z ik , I

use the Friday value of new COVID-19 death rates and new COVID-19 case rates.X i denotes

state characteristics from before the emergency declaration such as the 2016 Republican vote

share. These state characteristics are then interacted withPostt , which takes the value of one
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for weeks after the emergency declaration.20 This step ensures that each week's value is not

mechanically related to the previous week's value through the seven-day moving average.

To interpret the relative consumption effect from Equations 2.1 and 2.3 as causal, I need to

satisfy the conditional parallel trends assumption. A potential violation of the (conditional) par-

allel trends assumption would be if COBOL states responded differently to COVID-19 than non-

COBOL states. Despite experiencing similar COVID-19 case numbers and deaths as re�ected

in Table 2.1, individuals in COBOL states were more COVID-19 cautious than individuals in

non-COBOL states. This difference in attitude would upward-bias my consumption estimates.

This would violate the (conditional) parallel trends assumption because COBOL states would

have had lower consumption after the emergency declaration relative to non-COBOL states for

reasons unrelated to UI bene�ts. To address this concern, I include the interaction of the 2016 Re-

publican presidential vote share and post-period (after the emergency declaration), which serves

as a proxy for COVID-19 cautiousness. This variable also helps control for differential policies

between Democratic and Republican states. Speci�cally, Republican states could have had more

relaxed policies in general toward COVID-19 transmission such as fewer stay-at-home orders

and fewer school closures.

2.4.3 Delays in UI-Bene�t Disbursement

As described above, my primary measure of disbursement delay is the share of processed claims

that were paid 70 or more days after �ling, i.e., the share of claims that are topcoded. I focus on

intrastate claims, which form the majority of claims for all states (Washington, DC, is omitted

20In �gure B.5, I interactX i , Republican vote share, withI k in a similar fashion to COBOL. I �nd consistent
results.
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from the sample).21 This level of analysis circumvents issues with workers living in one state but

working in another, which is particularly pronounced in counties on state borders.

I use data starting in January 2019. I drop March, April, and May of 2020 from the top-

coded analysis because the share of claims that are topcoded during this period is mechanically

decreasing for both COBOL and non-COBOL states. The numerator is not increasing because

topcoded claims are a lagging indicator, but the denominator, UI recipients, is contemporane-

ously increasing. The share of topcoded claims �rst increases for both COBOL and non-COBOL

states in June 2020.

As a second outcome variable highlighting that COBOL states experienced longer delays in

the disbursement of bene�ts, I also compare the share of claims delayed at least 5 weeks between

COBOL and non-COBOL states. I only exclude March 2020 from this analysis, but this becomes

a less clean exercise since the variation of lags from when a claimant �les to when they receive

their bene�t is by construction larger.

2.5 Main Results

In this section, I document the effect of antiquated UI bene�t systems on aggregate consumption.

After presenting the main �nding on consumption, I provide evidence that these antiquated UI

bene�ts contributed to the increased processing delays in the disbursement of bene�ts. For my

main outcome of interest, consumption, I estimate the effect of these antiquated UI bene�t sys-

tems by comparing relative changes in consumption between COBOL and non-COBOL states in

a static TWFE setting, an event study difference-in-differences setting, and through a back-of-

the-envelope exercise. Finally, I compare processing delays between COBOL and non-COBOL

21The Economic Tracker does not provide consumption data for Washington, D.C.
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states in a static TWFE setting.

2.5.1 Effects of Antiquated UI Systems on Consumption

For the TWFE estimator to be a valid approach for identifying the causal effect of COBOL

usage on consumption, the conditional parallel-trends assumption must hold. This means that,

absent the surge in claims and changes to UI rules during the pandemic recession, relative con-

sumption trends between states with and without antiquated UI bene�t systems would have been

the same conditional on the covariates included in my regression equation.

As preliminary evidence of relative consumption differences between COBOL and non-

COBOL states after the emergency declaration, I compare their mean daily consumption relative

to January 2020 without any controls. Chetty et al. (2020) only provide consumption data start-

ing in January 2020, and I start the analysis period in February 2020 to exclude the index pe-

riod.22 Both consumption series hover around zero prior to the emergency declaration on March

13, 2020, which is re�ective of the lack of change in consumption patterns. This similarity in

consumption patterns between COBOL and non-COBOL states suggests that the assumption of

common pre-trends holds from February 1, 2020, to March 12, 2020. The relative consumption

patterns of COBOL and non-COBOL states are similar prior to the emergency declaration.

The consumption patterns in COBOL and non-COBOL states begin to diverge after the

emergency declaration. As seen in Figure 2.2, both sets of states reach a trough in relative con-

sumption slightly below 30-percentage-points lower than their base period consumption on the

same day: March 30, 2020. In addition, consumption did not fully recover by the end of the

22I cannot go further back in time due to data limitations. The data start in January 2020, and I exclude January
2020 given that it is the index period.
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sample on December 31, 2020. The average relative consumption decline for all states from

March 13, 2020 to December 31, 2020, is 7.3-percentage-points (not population weighted). The

largest relative declines were immediately after the emergency declaration, but neither COBOL

nor non-COBOL states had fully recovered as re�ected in Figure 2.2. Figure 2.2 shows that af-

ter the emergency declaration, COBOL states consistently had lower relative consumption than

non-COBOL states, as re�ected in the gap between the two series that appears after March 13,

2020, marked by the red vertical dashed line. Speci�cally, the gap starts to form in early April,

after the spike in initial UI claims that occurred at the end of March 2020. By the end of 2020,

non-COBOL states' consumption is almost back to baseline period levels. COBOL states' con-

sumption also recovered, but more slowly.

To formally test whether relative consumption was lower in COBOL states than in non-

COBOL states after the emergency declaration, as suggested in Figure 2.2, I run a TWFE estima-

tor. The dependent variable is relative consumption, as de�ned in Equation 2.2, with the sample

period starting on February 1, 2020, and ending on December 31, 2020. The coef�cient of inter-

est is the interaction of COBOL and Post, where Post is a binary variable that takes the value 1

after March 13, 2020. In Table 2.2, I present results from Equation 2.1. In column 1, I only add

state and day �xed effects when estimating the macroeconomic impact of increased administra-

tive burdens to a �scal stabilizer in COBOL states relative to non-COBOL states on aggregate

consumption. In this naive speci�cation, I �nd a 4.1-percentage-point larger decline in rela-

tive consumption in COBOL states relative to non-COBOL states. However, these consumption

differences between COBOL and non-COBOL states could have emerged after the emergency

declaration for reasons unrelated to an increased administrative burden in the UI bene�t system.

In column 2, I address this concern by using the interaction of the 2016 Republican vote share
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and Post, the coef�cient of which is positive and signi�cant. This result shows a positive associ-

ation between consumption after the emergency declaration and the 2016 Republican vote share.

One possible explanation for this result is that more-Republican states had policies that stimu-

lated consumption more, such as shorter and fewer stay-at-home orders. Another possibility is

that the more-Republican states were less cautious about COVID-19, with residents being more

likely to go outside and consume goods and services that they might not have consumed if they

had stayed at home. After controlling for the interaction of Republican and Post, the coef�cient

on the interaction of COBOL and Post decreases from a 4.1-percentage-point relative decline to

a 2.8-percentage-point decline.

Even though column 2 in Table 2.2 is my preferred speci�cation, the concern remains that

other omitted variables could be driving the relative drop in consumption between COBOL and

non-COBOL states. One potential concern is that COVID-19 affected COBOL and non-COBOL

states differently.23 In column 3, I add the daily new COVID-19 case rates and new death rates

as additional controls. The coef�cient on the interaction on COBOL and Post holds at a 2.8-

percentage-point decline and signi�cant at the 5% level. This result is unsurprising given that

COBOL and non-COBOL states experienced similar COVID-19 new case rates and new death

rates, as re�ected by Table 2.1. There could still be other omitted variables that could be driving

the differences in relative consumption between COBOL and non-COBOL states. In column 4,

I add the �ve previously discussed confounders interacted with Post as additional controls. The

coef�cient on the interaction of COBOL and Post only marginally decreases, dropping to a 2.6-

percentage-point decline. In column 5, I control for the monthly unemployment rate and �nd

23Table 2.1 suggests that COBOL and non-COBOL states had similar COVID-19 new case rates and new death
rates.
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an insigni�cant positive association between the unemployment rate and relative consumption.

However, the monthly unemployment rate is problematic because one channel through which

these antiquated UI bene�t systems could affect consumption is through the unemployment rate.

Speci�cally, UI is an automatic stabilizer and if COBOL states are relatively slower at disbursing

funds, then UI will be a less effective �scal tool at increasing aggregate demand. The post-

treatment bias from using the unemployment rate as a control variable downward biases my

coef�cient on the interaction of COBOL and Post. This conservative estimate decreases the

coef�cient to a 2.4-percentage-point decline and remains signi�cant at the 5% level.

2.5.2 Consumption Results by Week

The estimated 2.8-percentage-point decline in total card consumption in COBOL states relative

to non-COBOL states represents the average effect in the post-period. There could be larger

consumption differences earlier in the sample and potential convergence in consumption patterns

between COBOL and non-COBOL states by the end of 2020. In Figure 2.5, I plot the results

from Equation 2.3 to show how the effect varies by week. The x-axis denotes weeks relative

to the emergency declaration, and the y-axis denotes the percentage-point decline in relative

consumption in COBOL states. The dashed red line corresponds to the week starting on March

13, 2020, which marks the beginning of the post-period. Figure 2.5 highlights that the lower

relative consumption in COBOL states was persistent given that relative consumption in COBOL

states remained lower than relative consumption in non-COBOL states for every week in the post-

period. Even though COBOL states were still experiencing a decline in relative consumption

relative to non-COBOL states, both groups of states were recovering in the second half of 2020,
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as re�ected in Figure 2.2.

Not only was relative consumption in COBOL states lower than in non-COBOL states ev-

ery week in the post-period, but the recovery in COBOL states was tepid. Relative consumption

in COBOL states fell from week 0 until it reached its trough 11 weeks after the emergency decla-

ration: -4.4 percentage points. One might expect a similar speed of recovery for COBOL states,

but COBOL states experienced low relative-consumption growth. At the end of my sample, 41

weeks after the emergency declaration, COBOL states still had 2.4-percentage-point lower con-

sumption relative to non-COBOL states. This protracted recovery suggests UI state agencies

struggled not only with the initial in�ow of UI claims soon after the emergency declaration but

with the continued �ow of claims in the subsequent weeks. However, I cannot determine whether

consumption fell because states continued to experience delays in processing older claims or

because states were suffering dynamic general equilibrium effects through the multiplier effects

of previous consumption delays. It could be that the recovery after the trough corresponds to

the eventual disbursal of delayed UI claims. The persistence could be, in part, driven by the

discouraged �lers who never received UI bene�ts. My results are likely the sum of these effects.

2.5.3 Aggregate Effects of Lack of UI Modernization

To convert the 2.8-percentage-point relative decline in consumption from column 2 of Table 2.2

into a dollar amount, I perform the following back-of-the-envelope calculation:

Cost =
P I 2019

PI 2012
� Relative Decline � 0:8 �

28X

i =1

PCE Cati; 2019; (2.4)

where
P 28

i =1 PCE Cati; 2019 represents the total nominal personal consumption expenditures
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(PCE) (denominated in 2012 dollars) in certain categories of all 28 COBOL states in 2019. I

exclude �ve PCE categories because they may not be re�ected in total card consumption: (1)

motor vehicles and parts, (2) housing and utilities, (3) health care, (4) �nancial services, and (5)

�nal consumption expenditures of nonpro�t institutions serving households.24 These PCE cate-

gory exclusion results in credit and debit card consumption accounting for roughly 50% of PCE.

I multiply by 0.8 because the post period, March 13, 2020 to December 31, 2020, corresponds to

four-�fths of a year. To convert real GDP denominated from 2012 dollars into real GDP denomi-

nated in 2019 dollars, I divide the 2019 implicit price de�ator for GDP by the 2012 implicit price

de�ator for GDP:P I 2019
P I 2012

. The estimated 2.8-percentage-point relative decline,Relative Decline,

in aggregate consumption then translates into a real-GDP decline of $105 billion in COBOL states

relative to non-COBOL states; this �gure corresponds to roughly 0.9% of real GDP in COBOL

states. This estimate is conservative as I assume there was no consumption effect in the excluded

PCE categories.25 However, the $105 billion cost estimate likely underestimates the true over-

all economic costs of administrative burdens in UI-bene�t systems given that non-COBOL states

also experienced increased administrative burdens after the emergency declaration that resulted in

delays. The estimate instead represents the GDP decline that could have been avoided if COBOL

states had modernized their UI bene�t systems to the same extent as non-COBOL states, which

would have resulted in a lower administrative burden for claimants in COBOL states.

The cost that COBOL states would have incurred to modernize their systems is likely only

a small fraction of the $105 billion relative decline in GDP that they incurred. The problems

with the COBOL systems were apparent after the Great Recession, but issues that arose from the

24Table 2.1 suggests that COBOL and non-COBOL states had similar COVID-19 new case rates and new death
rates.

25If I were to include all PCE categories, then the real-GDP decline would be closer to $210 billion.
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pandemic recession provided renewed interest in COBOL states to modernize their UI bene�t

systems. For example, the Wisconsin Department Workforce Development, a COBOL UI state

agency, signed a contract with Flexion Inc. in 2021 to modernize legacy IT systems that are

largely written in COBOL.26 The initial contract lasts one year, with three optional one-year

renewals. According to the contract, the total proposed cost if the contract were renewed all three

times is $16.5 million. If we assumed that Wisconsin's contract stays within budget and other

states have similar modernization costs, then total modernization costs of all 28 COBOL states

would be less than $500 million. This amount re�ects the large discrepancy between the costs of

modernization and the costs of having an antiquated UI bene�t system to real economy.

2.5.4 COBOL-Induced Delays

One way that relatively larger administrative burdens in COBOL states could be affecting ag-

gregate consumption is through longer processing delays in UI disbursement. One approach to

determining whether COBOL states experienced longer processing delays in UI disbursement

than non-COBOL states is to ascertain whether COBOL states had a relatively higher share of

claims that were topcoded, meaning they experienced a processing delay of over 70 days. These

delays are out of the norm; DOLETA does not keep track of delays beyond 70 days. Under nor-

mal circumstances, these topcoded claims only account for a small share of claims. In 2019, less

than 5% of all intrastate regular UI claims were topcoded in each state in each month, as re�ected

in Figure 2.3. However, from July 2020 to October 2020, at least 20% of all intrastate claims were

topcoded in both COBOL and non-COBOL states. Representing topcoding as a share might un-

derstate the severity of the issue given the drastic increase in the number of claimants receiving

26See the public contract.
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UI after the emergency declaration in 2020.

Figure 2.3 shows both that topcoding was more common in COBOL states and how com-

mon it was for claimants to have to wait over 70 days in both COBOL and non-COBOL states.

In both COBOL and non-COBOL states, fewer than 2.5% of intrastate claims were delayed over

70 days in every month from January 2019 to February 2020 for the aggregated COBOL and

non-COBOL states. In each of the last six months of 2020, for both COBOL and non-COBOL

states, over 15% of intrastate claims were delayed by more than 70 days. Given that topcoded

claims are a lagging indicator, I would not expect to see a spike in topcoded claims until 70 days

after the emergency declaration. COBOL states experienced a higher share of topcoded claims

than non-COBOL states starting in June 2020, when the March 2020 claims would have �rst

been topcoded. Importantly, weekly initial claims for every week in 2020 after the emergency

declaration were higher than the maximum number of claims prior to the emergency declaration,

so both the numerator and denominator of the fraction of intrastate regular claims that are top-

coded drastically increased in June 2020. Also, March, April, and May 2020 mechanically saw

the fraction of topcoded claims fall because of the surge of new claims being processed, which

is re�ected in the denominator; however, topcoded claims, the numerator, cannot appear until 70

days after the spike in claims.

Figure 2.4 focuses on a larger set of claims that were delayed: claims that experienced at

least a 5 week processing delay. It is harder to see the pattern in Figure 2.4 relative to Figure 2.3,

but COBOL states experience a larger share of claims that experience at least a 5 week delay.

Given that these delays encompass a larger set of claims, it is unsurprising that the values are

by construction are higher relative to the topcoded case. For example the maximum value in

Figure 2.4 is around 40%, while the maximum value in Figure 2.3 is around 25%. One should
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note that when analyzing claims that are at least delayed by 5 weeks that the range in delays

mechanically increases relative to claims that are topcoded. Delays now range from 5 weeks to

over 10 weeks. Unlike the topcoding analysis, I only exclude March 2020 from the sample given

that claims made early in the pandemic that are delayed by at least 5 weeks could appear in April

2020 (unlike topcoded claims). Given this heterogeneity in lags in conjunction with COBOL

states experiencing more topcoded claims, non-COBOL states peak sooner than COBOL states

(June 2020 peak for non-COBOL states and August 2020 peak for COBOL states).

In Table 2.3, I show results estimated using the TWFE model described in Equation 2.1.

Column 1 presents results with only state and month �xed effects as controls. The parameter of

interest is the coef�cient on the interaction of COBOL and Post. The coef�cient of 2.3 corre-

sponds to COBOL states experiencing a 2.3-percentage-point increase in the share of topcoded

claims after the emergency declaration relative to non-COBOL states. This is a large increase in

the share of topcoded claims given that on average states only delayed claims by over 70 days for

about 18.7 percent of claims from June 2020 to December 2020.27

As discussed above, one concern with comparing COBOL and non-COBOL states is that

they differ politically, which could affect the results. In column 2, I add the interaction of Repub-

lican and Post, and the coef�cient on the interaction of COBOL and Post does not meaningfully

change, going from 2.3 to 2.1 and remaining signi�cant at the 1% level. The coef�cient on the

interaction of Republican and Post is insigni�cant.

Despite topcoded claims only accounting for a small fraction of regular UI intrastate claims

prior to 2020, there were differences between COBOL and non-COBOL states. Speci�cally,

COBOL states had a lower share of topcoded claims prior to the emergency declaration, as re-

27Note that this 18.7 percent statistic is not population weighted.
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�ected in Figure 2.2. Not only are the average shares different between COBOL and non-COBOL

states, but there appears to be convergence in the average shares right before the emergency dec-

laration. To address the concern that confounders are driving the differences in topcoding, I add

�ve previously discussed confounders interacted with Post in column 3 of Table 2.3.28 In column

3, once I add those �ve confounders interacted with Post, the coef�cient on the interaction of

COBOL and Post increases to 3.8 ppt. These interaction terms meaningfully change the point

estimate on the coef�cient of interest. A potential reason for this change could be that laid-off

workers in accommodation and food services have more complicated work histories that could

lead to longer processing delays than a typical claim, and non-COBOL states have more workers

in accommodation and food services, as re�ected by Table 2.1. Another interpretation of this in-

crease is that by adding these confounders, I can partially address the non-classical measurement

error previously described with the introduction of these control variables.

Although COBOL and non-COBOL states had similar unemployment rates on average

during the pandemic, as shown in Table 1, as a robustness check, I include the unemployment

rate as an additional control in column 4 of Table 2.3. By including the unemployment rate, the

coef�cient on the interaction of COBOL and Post increases to 4.4 ppt and remains signi�cant

at the 1 percent level. I �nd that higher unemployment rates are associated with a higher share

of topcoded claims, but the coef�cient on the interaction term of COBOL and Post does not

meaningfully change. Even though the unemployment rate is potentially endogenously affected

by UI processing delays, longer processing delays in COBOL states could lead claimants to return

to work sooner or they could increase the unemployment rate through the multiplier channel.

However, it is reassuring to see that the larger share of topcoded claims in COBOL states is not

28I use these same �ve confounders throughout my analyses for both delay and consumption outcomes.
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exclusively being driven by the unemployment rate.

I perform a similar analysis in Table 2.4 with the share of claims that were delayed at least

5 weeks as the dependent variable. I use the same confounders and I �nd that COBOL states

experienced between a 3.1 ppt. increase and a 4.4 ppt. increase in the share of claims with at

least a 5 week delay relative to non-COBOL states after the emergency declaration. These results

are signi�cant at the 5 percent level across all speci�cations.

In sum, I �nd that COBOL states experienced longer delays in the form of higher share of

topcoded claims and higher share of claims delayed by at least 5 weeks relative to non-COBOL

states after the emergency declaration. The covariates included in Table 2.3 do not meaningfully

change the signi�cance of the coef�cient on the interaction of COBOL and Post, but they do

meaningfully change the point estimates.

2.5.5 Robustness Check on Consumption Results

As a robustness check of the results in Table 2.2, I use the penalized synthetic control method de-

veloped by Abadie & L'Hour (2021) to measure the decline in relative consumption for COBOL

states relative to non-COBOL states after the emergency declaration.

This method uses covariates in the pre-intervention period and the donor pool to create a

synthetic control for each treated unit. In my setting, I have 28 treated units, COBOL states, and

22 control units in the donor pool, non-COBOL states. The innovation of the penalized synthetic

control method over the traditional synthetic control method is that there is a tuning parameter,

� , that puts additional weight on pairwise comparisons instead of the aggregate comparison. The

higher the value of this tuning parameter, the more sparse the synthetic controls will be, and fewer
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non-COBOL states will be selected from the donor pool. As the tuning parameter approaches 0,

the penalized synthetic control method becomes the traditional synthetic control method that min-

imizes the sum of pairwise discrepancies. As the tuning parameter approaches1 , the penalized

synthetic control method becomes the nearest-neighbor matching with replacement estimator.

The penalized synthetic control method is similar to the traditional synthetic control method

in that they are both heavily dependent on the controls selected from the pre-intervention period.

These controls affect which non-COBOL states are selected in the synthetic control in addition

to the weight assigned in the synthetic control. Typically, more controls are used in a synthetic

control setting than in a TWFE setting given the lack of �xed effects. I select 15 covariates to

match on: (1) Republican vote share (2016), (2) income share in accommodation and food ser-

vices (2019), (3) the percentage of the population living in urban areas (2010), (4) UI generosity

(Jan. 2020), (5) the percentage of the population living in poverty (2019), (6) the percentage of

the population with at least a bachelor's degree (2019), (7) the employment-to-population ratio

(2019), (8) the log of income per capita (2019), (9) median age (2019), (10) the African American

population share (2019), (11) the relative replacement rate (2020), (12) teleworkable employment

(2019), (13) a Republican governor indicator (2019), (14) labor force population, and (15) real

GDP (2019).

Table 2.5 reports the relative consumption decline for COBOL states using the penalized

synthetic control method. The last three columns report results using this method. The column

labeled PSC �xed� corresponds to a �xed value for the tuning parameter of 0.1. The other

two penalized synthetic control estimator columns choose the tuning parameter in a data-driven

manner. The column labeled PSC MSE� uses a leave-one-out cross-validation procedure to

select� by minimizing the mean squared prediction error in the post-intervention period (after
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the emergency declaration). The column labeled PSC Bias� uses validation over the outcomes

(relative consumption) in the pre-intervention period (prior to the emergency declaration) to se-

lect the tuning parameter. The average treatment effects across these three speci�cations with

different tuning parameters yield a relative decline in consumption for COBOL states of between

3.7 and 4.8 percentage points. The results from the penalized synthetic control method are not

meaningfully different than the results from Table 2.2.

To conduct inference with the penalized synthetic control method, permutation tests are

typically conducted. I randomly assign treatment across 28 of the 50 states 10,000 times and

estimate a relative consumption decline using a tuning parameter identical to the one from the

column labeled PSC MSE� in Table 2.5 (0.01) in each iteration. To be consistent with the

results from Table 2.5, I aggregate the 28 cohort treatment effects using population weights.

Figure 2.6 shows the distribution of these 10,000 simulations. The red dashed line corresponds

to the average treatment effect for the 28 COBOL states with a tuning parameter of 0.01. This

permutation test yields an effect that is signi�cant at the 10% level.

2.5.6 Heterogeneity Analysis

Throughout this analysis, I have focused on relative consumption for all consumption categories

among all consumers. However, one of the bene�ts of using the Af�nity Solutions data is that

consumption at the state level can be decomposed by type of goods purchased, by type of ser-

vices purchased, or by income quartile.29 I focus on each income quartile and the four mutually

exclusive aggregated consumption types de�ned by Chetty et al. (2020): durable goods, non-

29Due to data limitations, I cannot decompose results by goods or services within an income quartile at the state
level using the Economic Tracker.
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durable goods, remote services, and in-person services. If discouraged �lers are playing a role

in the relative consumption decline, then I expect durable-goods consumption to be negatively

affected by the large UI bene�t transfers during the pandemic recession.30 Parker et al. (2013)

found a shift towards durable goods under the Economic Stimulus Act of 2008 where the typ-

ical single household received $300 to $600. Unemployment Insurance bene�ts between April

2020 and July 2020 were much larger because of the provision granting unemployed workers

an extra $600 per week in bene�ts. I also decompose consumption by income quartiles because

income groups were differentially exposed to the COVID-19 shock. I expect consumption of in-

person services to have decreased more in COBOL states than non-COBOL states because when

households receive a negative income shock, they reduce their consumption at restaurants and on

entertainment, which count as in-person services. In addition, studies such as Amburgey, Birinci

et al. (2020) �nd that the top quintile had the smallest shift in its unemployment rate during the

pandemic recession. If one was not unemployed, they would have been ineligible for UI bene�ts

and could not have suffered from delayed UI bene�ts nor become a discouraged �ler. I there-

fore expect the richest income quartile, quartile 4, to experience at most a small drop in relative

consumption in COBOL states relative to non-COBOL states.

I use the Af�nity Solutions data to see whether durable-goods consumption was affected

by having an antiquated UI system. Durable-goods consumption is de�ned as consumption in

the following merchant category codes: (1) building materials, gardening equipment, and sup-

plies; (2) electronics and appliances; (3) furniture and home furnishings; (4) sporting goods, hob-

bies, musical instruments, and bookstores; (5) telecommunications; and (6) vehicles and parts.

30Studying the effects of the Economic Stimulus Act of 2008, Parker, Souleles, Johnson & McClelland (2013)
�nd that about 50%–90% of household payments under the act went to durable goods and related services.
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Nondurable-goods consumption is de�ned as consumption in the following codes: (1) cloth-

ing and clothing accessories; (2) food and beverage stores; (3) general merchandise; (4) health

and personal care stores; and (5) wholesale trade. Remote-services consumption is de�ned as

consumption in the following codes: (1) administrative and support and waste management and

remediation services; (2) education; (3) �nance and insurance; (4) information; (5) professional,

scienti�c, and technical; (6) public administration; and (7) utilities, construction, and manufac-

turing. In-person-services consumption is de�ned as consumption in the following codes: (1)

accommodation and food services; (2) healthcare and social assistance; (3) arts, entertainment,

and recreation; (4) transportation and warehousing; (5) rental and leasing; (6) repair and mainte-

nance; and (7) personal and laundry services.

To formally estimate the effect of increased administrative burden by type of good or ser-

vice consumed, I use a TWFE estimator. Speci�cally, I use a TWFE estimator similar to the one

in Equation 2.1 to estimate heterogeneous relative consumption differences between COBOL

and non-COBOL states. The only difference is that the dependent variable changes from relative

consumption in all categories to relative consumption in one of these four aggregated categories.

In all four speci�cations, I match the controls used in column 2 of Table 2.2 where I include

state and day �xed effects in addition to controlling for the interaction of Republican and Post.

Column 1 of Table 2.6 provides suggestive evidence that increased administrative burden from

antiquated systems reduced durable-goods consumption. The coef�cient on the interaction of

COBOLandPostis marginally insigni�cant at the 10% level (signi�cant at 10.2%level). The co-

ef�cient corresponds to a 2.4-percentage-point decline in durable-goods consumption in COBOL

states relative to non-COBOL states. The patterns in durable goods consumption differ from

those of aggregate consumption in that durable goods consumption declined sharply at the start
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of the pandemic but quickly recovered, topping pre-pandemic levels soon afterward. By the end

of May, durable-goods consumption was above baseline values and remained elevated for the re-

mainder of the sample period for both COBOL and non-COBOL states. This suggestive �nding

of a relative decline in consumption of durable goods may suggest more discouraged �lers in

COBOL states. Durable goods are large purchases that arguably are less sensitive to delays in the

disbursement of UI bene�ts.31

Unlike durable goods, nondurable goods should be affected by both discouraged �lers and

delayed payments. In column 2 of Table 2.6, I estimate the effect of the increased administra-

tive burden in UI bene�t systems on nondurable goods consumption. The table shows a relative

decline of 3.5 percentage points more in COBOL states than non-COBOL states, which is signif-

icant at the 5% level. If households are not able to perfectly smooth consumption, then they will

reduce their consumption of nondurable goods prior to the receipt of their delayed UI bene�ts.

Column 3 estimates the impact on in-person services, showing a 2.8-percentage-point relative

decline, which is signi�cant at the 10% level. Consumers typically reduce their consumption of

in-person services such as dining in restaurants when they receive a negative income shock. In

column 4, I estimate the impact on remote services and �nd no effect.

Instead of looking at the goods or services purchased, as in Table 2.6, I next examine which

individuals experienced the largest declines in relative consumption. Speci�cally, I sort the indi-

viduals into income quartiles.32 I rerun the analysis from Table 2.6 using income quartiles as the

dependent variable. I report the results in Table 2.7. Column 1 corresponds to consumption in

31Note that delays may also partially encourage durable goods consumption because the �rst payment of delayed
UI payments will be larger than UI payments that are not delayed. For example, if an individual is entitled to 8
weeks of UI, but their claim is delayed over 10 weeks (topcoded), then the recipient will receive all their UI bene�ts
in one lump sum transfer.

32Two states, Alaska and Hawaii, are omitted from the sample because consumption data for the bottom quartile
are unavailable.
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the bottom quartile, column 2 corresponds to consumption in the second income quartile, and so

forth. All the speci�cations include state and day �xed effects as well as the interaction of Re-

publican and Post as an additional control. The results show that as the income quartiles increase,

the standard errors shrink. Even though the top income quartile has the smallest standard error,

I �nd an insigni�cant result, as expected. The richest income quartile was the least likely to be-

come unemployed during the pandemic recession and thus the least likely to receive UI bene�ts,

independent of administrative burdens. The strongest effects are for the second- and third-income

quartiles. There are two possible reasons for not �nding a strong result for the bottom quartile:

(1) larger standard errors or (2) fewer discouraged �lers. It could be that unemployed individu-

als in the bottom quartile were less susceptible to an increase in administrative burden because

they were more likely to depend on the bene�ts to cover necessities such as rent payments and

food expenses. Administrative burdens in programs like UI may be a form of targeting (Nichols

& Zeckhauser, 1982) in which only the most motivated claimants overcome all the hurdles. In

columns 2 and 3, I �nd a 3.2- and 2.7-percentage-point decline for the second and third income

quartiles, respectively, both of which are signi�cant at the 10% level.

2.6 Conclusion

Using a TWFE estimator, I �nd that problems with UI-bene�t systems in states whose systems

ran on COBOL resulted in a decline in relative consumption after the emergency declaration that

was 2.8 percentage points larger than in non-COBOL states. I cannot de�nitively attribute all the

difference to the use of COBOL, since COBOL states' systems may have also been antiquated

in other ways; however, my results do clearly show that not having a well-functioning UI bene�t
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system during the pandemic meaningfully harmed Americans. My results illustrate the economic

consequences of only the increased administrative burden on potential claimants, but my results

do not capture the nonpecuniary costs that potential claimants faced in COBOL states by re-

peatedly being disconnected, losing time in �ling a claim, and experiencing added uncertainty

regarding whether and when they would receive their bene�ts.33 The large negative effect of UI

system delays in COBOL states during the pandemic strongly suggests that the effectiveness of

UI bene�t systems as a countercyclical tool.34

Given data limitations, I cannot decompose how much processing delays contributed to

the relative decline in consumption in COBOL states (relative to non-COBOL states) during the

pandemic. COBOL states experienced longer delays in disbursing bene�ts and could have also

had relatively more discouraged �lers due to increased administrative dif�culties. In particular,

relative consumption declines among UI-eligible claimants in COBOL states may have led to

a lower UI �scal multiplier relative to non-COBOL states. Such an effect would dampen con-

sumption even among households that remained employed and households that received bene�ts

promptly. Future work could potentially decompose the overall decline in consumption into these

components.

One potential policy approach is to create federal incentives for states to update their UI

systems. With the American Recovery and Reinvestment Act of 2009, the federal government

made $7 billion available for states who chose to modernize.35 Thirty-nine states chose to imple-

33NJ Labor Comissioner Asaro-Angelo discussed how his team received death threats from claimants frustrated
with issues in �ling their claims during the pandemic recession in a panel discussion held by the Heldrich Center for
Workforce Development on UI systems in New Jersey.

34How a UI bene�t system should modernize lies outside the scope of this chapter. Other work has shown that
states should allocate enough time for modernization and incorporate extensive user testing throughout the process
(Simon-Mishel, Emsellem, Evermore, Leclere & Coven, 2020).

35States had until August 22, 2011, to submit their applications to the Department of Labor to receive funding. See
the brie�ng paper from the National Employment Law Project on how federal incentives after the Great Recession
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ment at least some of the changes required to receive funding. These changes included expanding

the de�nition of eligible workers to include part-time workers. Only $4.4 billion was allocated,

but the program shows that the �nancial cost of enticing states to change their UI-bene�t system

is only a fraction of the cost incurred during the pandemic recession by COBOL states. Instead

of focusing �rst on transitioning away from COBOL, states could focus on other less costly is-

sues that likely contribute to delays, such as not having all UI information available in commonly

spoken languages, not making it easy to reset passwords, and not making it possible to complete

the entire online �ling process on mobile devices. These other issues are less costly to �x and

can cause large problems such as locking out a claimant from the state UI website, which leads

to delays in �ling.

Another approach is for states to join a consortium in which they share the same UI system

and split the maintenance costs. A few states have taken this approach. For example, Mississippi,

Rhode Island, Maine, Connecticut, and Oklahoma have joined together in the ReEmploy USA

Consortium.36 A more radical approach is to form a federal UI system, which might—or might

not—improve ef�ciency. States might oppose this idea, especially if they are trying to decrease

their UI uptake rate by discouraging eligible claimants.

Although lack of UI system modernization is a central problem, Lachowska, Mas & Wood-

bury (2022) show that modernization by itself is not necessarily suf�cient to �x UI administra-

tive issues. It is important that federal funding to state workforce agencies be tied to a pay-

for-performance scheme to achieve the outcomes desired, such as shorter processing delays or

reduced call center volumes. Some of these approaches are already being implemented through

helped states modernize their UI bene�t systems.
36Though �ve states joined the consortium, only Maine and Mississippi had fully implemented the software

program to modernize their UI bene�t system away from COBOL by the start of the pandemic.
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a grant of up to $600 million to support state UI information technology modernization under

the American Rescue Plan Act (Parton, 2023). However, it is important that policymakers un-

derstand the importance of modernizing these antiquated UI systems.37 Regardless of which

approach policymakers choose to take, antiquated UI systems hamper the effectiveness of UI as

a �scal stabilizer.

37For example, the initial support of $600 million available in grant opportunities was reduced to $200 million
through the Fiscal Responsibility Act of 2023.
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Table 2.1: Unweighted Summary Statistics by COBOL Usage

Non-COBOL COBOL

Relative Consumption -5.44 -7.51
(9.82) (10.08)

Fraction Topcoded 10.74 13.23
(12.93) (16.27)

Relative First Payments (Ratio) 7.79 6.74
(11.95) (10.48)

New COVID-19 Death Rate 0.29 0.29
(0.33) (0.46)

New COVID-19 Case Rate 18.81 18.10
(23.75) (25.40)

Unemployment Rate 7.76 7.73
(4.04) (3.69)

Population (Thous.) 5,800.01 7,143.62
(4,650.14) (8,809.51)

Republican (2016) 50.59 48.11
(9.06) (10.89)

Urban (2010) 72.56 74.38
(13.72) (14.90)

UI Generosity (Jan. 2020) 10154.82 12470.57
(4,710.13) (3,378.89)

Acc. and Food Services Inc. Share (2019) 4.14 3.70
(2.40) (1.46)

Bachelor's Degree (2019) 31.23 32.90
(5.09) (5.32)

Poverty (2019) 12.43 11.88
(3.14) (2.11)

Note: The table provides summary statistics for the variables used in my main speci�cation
and covariates used as controls. Relative consumption, the new COVID-19 death rate, and
the new COVID-19 case rate come from the Economic Tracker (Chetty et al., 2020). Frac-
tion of intrastate claims that are topcoded and relative �rst payments come from DOLETA.
Relative consumption is measured in percentage point changes from the index period of Jan-
uary 2020. State population estimates for 2019 come from the US Census Bureau. The
relative consumption variable is identical to the all-spending variable in (Chetty et al., 2020).
The monthly unemployment rate estimates come from the Bureau of Labor Statistics. The
remaining covariates are cross-sectional data from a point in time prior to the emergency dec-
laration. The reported statistics are the means of the corresponding group, with their standard
deviations in parentheses. These summary statistics cover the sample period of February 1,
2020, to December 31, 2020.
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Table 2.2: TWFE COBOL Usage on All Card Consumption

(1) (2) (3) (4) (5)
Rel Cons Rel Cons Rel Cons Rel Cons Rel Cons

COBOL � Post -0.041** -0.028** -0.028** -0.026** -0.024**
[0.020] [0.013] [0.013] [0.011] [0.011]

Republican� Post 0.003*** 0.003*** 0.003*** 0.004***
[0.001] [0.001] [0.001] [0.001]

UR 0.002
[0.002]

State FE Yes Yes Yes Yes Yes
Day FE Yes Yes Yes Yes Yes
COVID-19 Controls No No Yes Yes Yes
State Char.� Post No No No Yes Yes
Days 335 335 335 335 335
States 50 50 50 50 50
Observations 16,750 16,750 16,750 16,750 16,750

Note:The table presents results from a TWFE estimator with day and state �xed effects. The dependent variable
is the percentage-point change relative to the base period in credit and debit card consumption measured at the
daily frequency.Postis a binary variable that takes the value 1 if the date is on or after March 13, 2020.COBOL
is a binary variable that takes the value 1 if a state uses COBOL in its UI bene�ts system. The interaction term
of interest is the product ofCOBOLandPost. Republicanis the Republican vote share in the 2016 presidential
election. COVID-19 controls include new COVID-19 death rates and new COVID-19 case rates. Column 1
only includes state and day �xed effects. Column 2 adds the interaction ofRepublicanandPost. Column 3
adds the COVID-19 controls. Column 4 adds �ve terms ofPostinteracted with another confounder: (1) income
share in accommodation and food services (2019), (2) mask mandates in July 2020 (2020), (3) the percentage
of the population living in poverty (2019), (4) the percentage of the population with at least a bachelor's degree
(2019), and (5) UI generosity (Jan. 2020). Column 5 adds the monthly unemployment rate. These estimates
cover the sample period of February 1, 2020, to December 31, 2020. State populations in 2019 are applied as
analytic weights. Standard errors are clustered at the state level.

Standard errors: *** p< 0.01, ** p< 0.05, * p< 0.1
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Table 2.3: TWFE Fraction of Claims Topcoded

(1) (2) (3) (4)
Frac Intra Top Frac Intra Top Frac Intra Top Frac Intra Top

COBOL � Post 2.3*** 2.1*** 3.8*** 4.0***
(0.53) (0.61) (0.72) (0.62)

Republican� Post -0.0 -0.4*** -0.3***
(0.06) (0.09) (0.08)

UR 0.8***
(0.22)

State FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
State Char. x Post No No Yes Yes
Obs. 1050 1050 1050 1050
Depvar 0.88 0.88 0.88 0.88

Note:This table relies on �rst-payment time-lapse data from the Department of Labor Employment and Training
Administration's 9050 reports. The dependent variable is the fraction of intrastate claims that are topcoded,
that is, delayed by over 70 days. All speci�cations correspond to a TWFE estimator with state and month
�xed effects. Column 1 does not include any additional controls. Column 2 includes the interaction of 2016
presidential Republican vote share and Post. Column 3 adds multiple interaction terms of post and another
confounder: (1) income share in accommodation and food services (2019), (2) the percentage of the population
living in urban areas (2010), (3) UI generosity (Jan. 2020), (4) the percentage of the population living in poverty
(2019), and (5) the percentage of the population with at least a bachelor's degree (2019). Column 4 adds the
unemployment rate. The sample starts in January 2019 and ends in December 2020, with the post-period starting
in June 2020. Given the spurious nature of topcoding being a lagging indicator, for 2020, I drop March, April,
and May from the sample. Depvar corresponds to the average value of the fraction of topcoded claims from
January 2019 to February 2020 across all 50 states (unweighted). The standard errors are clustered at the month
level.

Standard errors: *** p< 0.01, ** p< 0.05, * p< 0.1
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Table 2.4: TWFE Fraction of Claims Delayed at Least 5 Weeks

(1) (2) (3) (4)
Frac Intra Top Frac Intra Top Frac Intra Top Frac Intra Top

COBOL � Post 3.1** 3.3** 4.3*** 4.4***
(1.42) (1.54) (1.13) (1.08)

Republican� Post 0.0 -0.3** -0.3**
(0.07) (0.11) (0.12)

UR 0.2
(0.65)

State FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
State Char. x Post No No Yes Yes
Obs. 1150 1150 1150 1150
Depvar 4.83 4.83 4.83 4.83

Note:This table relies on �rst-payment time-lapse data from the Department of Labor Employment and Training
Administration's 9050 reports. The dependent variable is the fraction of intrastate claims that are delayed at
least 5 weeks. All speci�cations correspond to a TWFE estimator with state and month �xed effects. Column
1 does not include any additional controls. Column 2 includes the interaction of 2016 presidential Republican
vote share and Post. Column 3 adds multiple interaction terms of post and another confounder: (1) income
share in accommodation and food services (2019), (2) the percentage of the population living in urban areas
(2010), (3) UI generosity (Jan. 2020), (4) the percentage of the population living in poverty (2019), and (5)
the percentage of the population with at least a bachelor's degree (2019). Column 4 adds the unemployment
rate. The sample starts in January 2019 and ends in December 2020, with the post-period starting in April
2020. Given the spurious nature of topcoding being a lagging indicator, I drop March 2020 from the sample.
Depvar corresponds to the average value of the fraction of claims delayed at least 5 weeks from January 2019
to February 2020 across all 50 states (unweighted). The standard errors are clustered at the month level.

Standard errors: *** p< 0.01, ** p< 0.05, * p< 0.1
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Table 2.5: Penalized Synthetic Control Method, Results

Treated Control PSC �xed� PSC MSE� PSC Bias�

Sample Size 28 22 18 22 20

Republican 44.43 48.80 48.88 49 48.42

Urban 82.95 77.45 81.61 81.46 82.31

UI Generosity 12.3 9.11 7.02 7.55 7.31

ACF Incshare 3.37 3.930 4.290 4.360 4.220

Poverty 12.20 12.540 12.650 12.470 12.400

Education 33.81 31.810 31.330 31.380 31.620

EPOP 46.01 45.540 44.340 44.230 44.670

Income Per Cap. 10.96 10.87 10.89 10.9 10.89

Median Age 37.72 38.92 39.73 40.14 39.72

AA Pop. Share 0.11 0.140 0.150 0.140 0.150

Rel. Rep. Rate 1.01 1.09 1.13 1.12 1.12

Teleworkable Emp. 0.37 0.350 0.350 0.350 0.350

Republican Governor 0.46 0.780 0.750 0.900 0.800

Labor Force Pop. 8,903,412 4,695,989 6,589,242 6,579,186 6,578,733

Real GDP 1,179,523 484,750 652,204 647,904 650,749

Treatment Effect NA -0.041 -0.039 -0.048 -0.037

� NA NA 0.100 0.000 0.010

Min. Density NA NA 1 1 1

Median Density NA NA 2 22 2

Max. Density NA NA 3 22 4

Note: The table presents results from the penalized synthetic control method (Abadie & L'Hour, 2021) in com-
parison and the traditional TWFE. The sample size corresponds to how many states are used to create synthetic
control groups. In the TWFE setting, the control group is all 22 non-COBOL states. With the penalized synthetic
control method, not all states from the donor pool may get selected. For both the traditional TWFE estimator
and the penalized synthetic control method, the 28 treated states are the COBOL states. Fifteen covariates are
used for creating synthetic controls that are measured prior to the emergency declaration. The one parameter
changing across the three penalized synthetic control methods is the penalization parameter:� . This parameter
makes a trade-off between the component-wise �t (to a COBOL state) and aggregate �t (to all COBOL states).
The column labeled “PSC �xed� ” corresponds to a �xed value for� of 0.1. The other penalized synthetic
control estimator columns choose lambda in a data-driven manner. One uses a leave-one-out cross-validation
procedure to select� by minimizing the mean squared prediction error in the post-intervention period (after the
emergency declaration). The other method chooses� on validation over the outcomes (relative consumption) in
the pre-intervention period (prior to the emergency declaration). All �ve confounders as well as the 2016 Repub-
lican vote share are included in this analysis. The density refers to the number of non-COBOL states used for
creating the synthetic control of the COBOL states. For example, a maximum density of 22 refers to at least one
COBOL state using all 22 non-COBOL states in its synthetic control. All results use 2019 population weights.
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Table 2.6: TWFE COBOL Usage by Consumption Type

(1) (2) (3) (4)
Durables Nondurables Inpersonserv Remoteserv

COBOL � Post -0.024 -0.034** -0.028* -0.014
[0.014] [0.014] [0.015] [0.016]

Republican� Post 0.002*** 0.001 0.006*** 0.001
[0.001] [0.001] [0.001] [0.001]

State FE Yes Yes Yes Yes
Day FE Yes Yes Yes Yes
Days 335 335 335 335
States 50 50 50 50
Observations 16,750 16,750 16,750 16,750

Note:The table provides results from a two-way �xed-effects (TWFE) estimator with day and state �xed effects,
where consumption is broken down by consumption type. The dependent variable is the percentage-point change
in a type of credit and debit card consumption (measured at a daily frequency) relative to the base period (January
2020). Column 1 corresponds to durable-goods consumption, column 2 to nondurable-goods consumption,
column 3 to in-person services consumption, and column 4 to remote-services consumption.Post is a binary
variable that takes the value 1 if the date is on or after March 13, 2020.COBOLis a binary variable that takes
the value 1 if a state uses COBOL in its UI bene�ts system. The main interaction term is the product ofCOBOL
andPost. As an additional control in all speci�cations, I interactPostand the 2016 Republican presidential
election vote share. These estimates cover the sample period of February 1, 2020, to December 31, 2020. State
populations in 2019 are applied as analytic weights. Standard errors are clustered at the state level.

Standard errors: *** p< 0.01, ** p< 0.05, * p< 0.1
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Table 2.7: TWFE COBOL Usage on All Card Consumption by Income Quartiles

(1) (2) (3) (4)
Rel Cons (Q1) Rel Cons (Q2) Rel Cons (Q3) Rel Cons (Q4)

COBOL � Post -0.014 -0.032* -0.027* -0.011
[0.020] [0.019] [0.015] [0.010]

Republican� Post 0.004*** 0.002 0.002 0.002**
[0.001] [0.001] [0.001] [0.001]

State FE Yes Yes Yes Yes
Day FE Yes Yes Yes Yes
Days 335 335 335 335
States 48 50 50 50
Observations 16,080 16,750 16,750 16,750

Note:The table provides results from a two-way �xed-effects (TWFE) estimator with day and state �xed effects,
where consumption is broken down by income quartiles. Column 1 corresponds to the bottom quartile, column
2 to the second quartile, column 3 to the third quartile, and column 4 to the top quartile. The dependent variable
is the percentage-point change in credit and debit card consumption (measured at a daily frequency) for the
relevant income quartile relative to the base period.Postis a binary variable that takes the value 1 if the date is
on or after March 13, 2020.COBOLis a binary variable that takes the value 1 if a state uses COBOL in its UI
bene�ts system. The main interaction variable is the product ofCOBOLandPost. As an additional control in
all speci�cations, I interactPostwith the 2016 Republican presidential election vote share. Alaska and Hawaii
are omitted in column 1 because their consumption data are missing. These estimates cover the sample period
of February 1, 2020, to December 31, 2020. State populations in 2019 are applied as analytic weights. Standard
errors are clustered at the state level.

Standard errors: *** p< 0.01, ** p< 0.05, * p< 0.1
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Figure 2.1: Map of COBOL Status

Note: The data on COBOL usage were collected by the author primarily from emails, news articles, and infor-
mation from the UI Information Technology Support Center. Washington, DC, uses COBOL, but it is excluded
from the analysis because of lack of consumption data.
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Figure 2.2: Relative Credit and Debit Card Consumption for All Consumers

Note: This �gure relies on data of all credit and debit card spending at a daily frequency for each state. A
population-weighted average across states is computed when aggregating to COBOL and non-COBOL states.
The dashed maroon line denotes states expected to experience longer delays and higher shares of discouraged
�lers: COBOL states. This �gure covers the sample period from February 1, 2020, to December 31, 2020.

Figure 2.3: Percentage of Topcoded Claims (Processing Delays)

Note: This �gure is based on �rst-payment time-lapse data from the Department of Labor Employment and
Training Administration's 9050 reports. The groups are population weighted using 2019 Census estimates.
The �gure depicts the percentage of intrastate regular UI claims reported as having over a 70-day delay between
January 2019 and December 2020 for COBOL and non-COBOL states. The vertical red dashed line corresponds
to March 13, 2020. Because topcoding is a lagging indicator, for 2020, I drop March, April, and May from the
sample.
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Figure 2.4: Percentage of Claims Delayed at Least 5 Weeks (Processing Delays)

Note: This �gure is based on �rst-payment time-lapse data from the Department of Labor Employment and
Training Administration's 9050 reports. The groups are population weighted using 2019 Census estimates. The
�gure depicts the percentage of intrastate regular UI claims reported as having at least a 5 week processing delay
between January 2019 and December 2020 for COBOL and non-COBOL states. The vertical red dashed line
corresponds to March 13, 2020. Because topcoding is a lagging indicator, I drop March 2020 from the sample.
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Figure 2.5: Relative-Consumption Weekly Event Study:
Relative Difference between COBOL and Non-COBOL States

Note: The graph is a coef�cient plot showing the coef�cient on� k from Equation 2.3. State and week �xed
effects are used in conjunction with an interaction term ofPostand Republican presidential election vote share
in 2016. The red dashed line that goes through week zero corresponds to March 13, 2020. This �gure shows
that in each week after the week of the emergency declaration, COBOL states saw a larger decline in relative
consumption than non-COBOL states. The bounds on each point estimate correspond to a 95% percent con�-
dence interval. State populations from 2019 are applied as analytic weights. Standard errors are clustered at the
state level.
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Figure 2.6: Permutation Test for Penalized Synthetic Control Method (10,000 Simulations)

Note: The histogram shows the distribution of average treatment effects when treatment is randomly assigned
across 28 of the 50 states 10,000 times using the penalized synthetic control method. The tuning parameter is
identical to the one from the column labeled PSC MSE� in Table 2.5 (0.01) in each iteration. To be consistent
with the results from Table 2.5, I aggregate the 22 cohort treatment effects using population weights. The red
dashed line corresponds to actual treatment effect with the 28 COBOL states: a 3.7-percentage-point decline.
This permutation test yields an effect that is signi�cant at the 10% level.
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Chapter 3: Unemployment Bene�ts Expansion and Business Formation

with Joonkyu Choi, Samuel Messer, and Veronika Penciakova

3.1 Introduction

Business startups play a critical role in job creation, innovation, and productivity growth

in the United States. As such, the secular decline in the �rm entry rate over the past several

decades has received widespread attention.1 Unexpectedly, the slowdown in startup activity has

reversed substantially since the onset of the COVID-19 recession. Figure 3.1 shows that the

number of new business applications surged starting in April 2020, and has remained elevated

since. While this phenomenon has received much attention given its unprecedented scale and its

potential implications for economic growth, its causes are not well understood.2

In this chapter, we use the U.S. Census Bureau's Business Formation Statistics (BFS) data

on applications for Employer Identi�cation Numbers (EINs), coupled with the Department of

Labor Employment Training Administration (DOLETA) data on unemployment insurance (UI).

We estimate the effect of antiquated UI bene�t systems on business formation. We �nd a decline

in business formation during the pandemic recession in states that used an antiquated UI bene�t

1For example, see Decker, Haltiwanger, Jarmin & Miranda (2014), Alon, Berger, Dent & Pugsley (2018), Pugsley
& S, ahin (2019), Hopenhayn, Neira & Singhania (2022), and Akcigit & Ates (2023).

2See Decker & Haltiwanger (2023) for an in-depth and extensive documentation of this phenomenon.
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system relative to states with a more modernized UI bene�t system. The CARES Act, enacted

in March 2020, contained several provisions that increased UI generosity. We hypothesize that,

when taken together, these provisions incentivized some unemployed individuals to pursue their

entrepreneurial ideas.

There are three key aspects of the UI expansion under the CARES Act that are relevant

for this chapter. First, the CARES Act increased UI generosity. Speci�cally, UI bene�t amounts

were increased by an additional $600 per week until the end of July 2020 (Federal Pandemic

Unemployment Compensation) and the maximum duration was extended by an additional 13

weeks (Pandemic Emergency Unemployment Compensation). Another important expansion of

UI through the CARES Act was the creation of the Pandemic Unemployment Assistance (PUA)

program, which expanded eligibility of UI to include gig workers, self-employed workers and

contract workers.3 These provisions enabled unemployed individuals to accumulate excess sav-

ings.4 It is well documented in the entrepreneurship literature that in the presence of �nancial

constraints, an increase in savings facilitates business entry (Evans & Jovanovic, 1989; Buera,

2009). Second, work search during this period was lower for several reasons such as fewer job

vacancies, a pandemic, and UI recipients no longer having to search for work while receiving

bene�ts. The work search requirement (i.e. that UI recipients provide proof of active job search)

was waived in virtually all states in 2020 and in much of 2021 by the Families First Coronavirus

Response Act (FFCRA).5 Lastly, the UI expansion had signi�cant stimulative effects on aggre-

3The risk of fraud was especially high for PUA because applicants could self-certify their eligibility and were
not required to provide any documentation of self-employment or income as documented in the U.S. Government
Accountability report GAO-23-106586.

4See Ganong et al. (2020a), Ganong, Greig, Noel, Sullivan & Vavra (2022b), and Aladangady, Cho, Feiveson &
Pinto (2022) on the effect of the UI expansion on excess savings.

5It is important to note that the increase in the UI bene�t amount did not necessarily raise the opportunity cost of
entering entrepreneurship for unemployed workers, because they could still receive partial UI bene�ts particularly
when the work search requirements were suspended.
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gate demand (Ganong et al. (2022b) and Chapter 2), which raised expected pro�ts for potential

business entrants.

We estimate the effect of antiquated UI bene�t systems on business formation. One limi-

tation of using COBOL variation in the business formation setting is that we cannot decompose

the effect. Potential discouraged �lers in COBOL states could be driving these effects where not

receiving any UI payments discourages business formation, smaller relative increases in UI pay-

ments in COBOL states could lead to lower business formation, or the delayed payments could

lead to lower business formation. Our effect is most likely a combination of these effects. This

affects how we interpret the �ndings of which component of antiquated UI bene�t systems is

driving the differences in business formation between COBOL and non-COBOL states. How-

ever, this limitation does not pose a threat to identi�cation.

Using a two-way �xed-effects estimator (TWFE), we show that COBOL states experi-

enced relatively lower business formation than non-COBOL states from March 2020 to Decem-

ber 2020. In our preferred speci�cation, we estimate that the increase in business formation in

COBOL states was 6.6 percentage points lower than in non-COBOL states from March 2020

to July 2020.6 For the TWFE estimator to be a valid approach for identifying the causal effect

of COBOL usage on business formation, the conditional parallel-trends assumption must hold.

This means that, absent the surge in claims and changes to UI generosity (FPUC program) during

the pandemic recession, business formation trends between states with and without antiquated UI

bene�t systems would have been the same conditional on the covariates included in our regression

equation.7

6Note that all our results are robust to ending the sample in December 2020.
7In our preferred speci�cation we control for state �xed effects and Census division by month �xed effects, but

we �nd similar results when we only control for state �xed effects and month �xed effects.
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A natural question is whether UI bene�ts expansion affects not just the quantity, but also

the quality of business formation. Because low-skilled workers were more likely to become

unemployed during the COVID-19 recession, we investigate whether higher UI generosity is

associated with lower quality business applications. Speci�cally, we consider signals about the

quality of new businesses available in the BFS data, such as incorporation status, hiring plans,

and high likelihood of job creation (estimated by the U.S. Census Bureau). We �nd suggestive

evidence that higher UI generosity led to a deterioration in the quality of new business ideas. This

deterioration is evidenced by the relatively higher share of high business applications (HBAs) in

COBOL states after March 2020 relative to non-COBOL states. COBOL states were the states

that had relatively less UI generosity. HBAs are business applications that are more that are more

likely to transition to businesses.

We document supporting evidence that we satisfy the conditional parallel trends assump-

tion. We document that COBOL states and non-COBOL states are statistically indistinguishable

along many dimensions that are potentially related to business formation as shown in Table 3.1.

There are two characteristics where we �nd notable differences, which are homeownership rate

and Republican governor. COBOL states were less likely to have a Republican governor and

less likely to own their homes. To address these concerns we add Census division by month

�xed effects. As shown in Table 3.2, once we control for Census division �xed effects, COBOL

and non-COBOL states become indistinguishable along many dimensions including homeown-

ership and Republican governor. We also show that COBOL and non-COBOL states experienced

similar pandemic-related restrictions, such as stay-at-home requirements and school closures as

shown in Table A.1.

Taken together, our analysis suggests that the expansion of UI bene�ts as an important
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driver behind the surge in business formation after the pandemic recession. Our results highlight

the potential role of UI policy in enhancing the pace of recovery from recessions by fostering

entrepreneurship.

One may want to address directly whether UI generosity caused the surge in business for-

mation through an instrumental variable approach. However, this lies outside the scope of this

chapter as does directly measuring UI generosity differences between COBOL and non-COBOL

states.

Related Literature This chapter lies at the intersection of two strands of literature: the

literature on the impact of unemployment bene�ts on labor market outcomes and the literature on

the cyclicality of business formation.

Recently, the literature studying the labor market impact of unemployment insurance has

begun to explore the impact of UI on self-employment and entrepreneurship.8 Several papers in

the literature study labor market reforms enacted across Europe. Focusing on a reform in Spain

that reduced the replacement rate of long term UI, Camarero Garcia & Hansch (2021) �nd that the

cut in UI reduces the probability, but not quality, of self-employment. Hombert, Schoar, Sraer &

Thesmar (2020) show that �rm entry rose signi�cantly after France extended UI to unemployed

individuals that start a business and that the quality of those new �rms did not deteriorate relative

to those that entered before the reform. Meanwhile, Gaillard & Kankanamge (2023) focus on

the U.S. context, where self-employment is generally not covered by UI, and �nds that higher UI

generosity lowers the probability of unemployed individuals entering self-employment. Through

8Traditionally, the literature on the impact of unemployment bene�ts on labor market outcomes focuses on re-
entry into paid employment. See, for example, Atkinson & Micklewright (1991), Boone, Dube, Goodman & Kaplan
(2021), Card, Johnston, Leung, Mas & Pei (2015), Chodorow-Reich, Coglianese & Karabarbounis (2019), Farber,
Rothstein & Valletta (2015), Katz & Meyer (1990), Lalive, Ours & Zweimuller (2006), Meyer (1990), Nekoei &
Weber (2017), Schmieder, von Wachter & Bender (2012).
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the lens of a structural model, calibrated to the U.S. economy, Gaillard & Kankanamge (2023)

show that a UI system that covers self-employed individuals fosters business creation. In this

chapter, we build on this literature by establishing empirical evidence using a U.S. episode in

which much of the increase in UI generosity was in the form of larger bene�t amounts rather than

extended bene�t duration, accompanied by the relaxation of the FFCRA.

There is a growing interest in better understanding drivers of nascent entrepreneurship dur-

ing normal times and economic downturns.9 Using the U.S. Census Bureau's Business Formation

Statistics (BFS), Dinlersoz, Dunne, Haltiwanger & Penciakova (2021) compare the evolution of

business formation during and after the Great Recession versus COVID-19. Fazio, Guzman, Liu

& Stern (2021) use data from the Startup Cartography Project to explore the local correlates

of state business registrations during the COVID-19 pandemic. Decker & Haltiwanger (2023)

use Business Formation Statistics (BFS) and the Bureau of Labor Statistics' (BLS) Business

Employment Dynamics (BED) to show that the rise in business formation is observed consis-

tently across various measures of new business entry, and their cross-industry and cross-regional

patterns are consistent with pandemic-induced structural shift toward remote work and online

shopping. While these papers discuss the surge in business formation during COVID-19, they do

not establish causal evidence for its underlying drivers. This chapter advances the literature by

identifying UI generosity as a potential contributor to the rise in business formation during the

2020 phase of COVID-19.

9For example, see Andrews, Fazio, Guzman, Liu & Stern (2022), Bayard, Dinlersoz, Dunne, Haltiwanger, Mi-
randa & Stevens (2018), Dinlersoz, Dunne, Haltiwanger & Penciakova (2023), and Guzman & Stern (2020).
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3.2 Background and Hypothesis

In this section, we document how much UI bene�ts increased during this period. We hy-

pothesize how this increase in UI bene�ts could have affected business formation. Finally, we

note that this was a period of low work search, which could amplify the effects that we are �nding.

3.2.1 Increase in UI Generosity

Two provisions of the CARES Act increased UI generosity. First, the Act established the

Federal Pandemic Unemployment Compensation (FPUC) program, which added an extra $600 in

weekly federal bene�ts through the end of July 2020.10 This increase in UI bene�ts was substan-

tial. To illustrate, Figure 3.2a shows that the median replacement rate of UI bene�ts for each state

before the pandemic varied between 34 percent and 65 percent. With the FPUC, the median re-

placement rate ranged from 115 percent to 166 percent as shown in Figure 3.2b. Consistent with

the large increases, Ganong et al. (2020a) estimate that 76% of unemployed individuals received

more than 100% of their pre-unemployment income as UI bene�ts due to the FPUC program.

The duration of UI bene�ts was also extended through the Pandemic Emergency Unemployment

Compensation (PEUC) program, which provided an additional 13 weeks of UI compensation.

Another component of the CARES Act was the Pandemic Unemployment Assistance (PUA) that

expanded who was eligible to receive unemployment insurance bene�ts. Note that these three

programs FPUC, PEUC, and PUA contributed $439 billion, $84 billion, and $130 billion respec-

tively worth of UI bene�ts to be disbursed.11

10Upon expiration, the FPUC was immediately followed by the Lost Wage Assistance (LWA) program, which
provided $300 extra weekly bene�ts until September 5, 2020.

11Note that these expenditures include UI bene�ts after 2020 given that these programs ended in September 2021.
See information from the Pandemic Response Accountability Committee.
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The large increase in UI generosity enabled unemployed individuals to increase not only

their consumption, but also their savings. For example, Ganong et al. (2022b) use bank account

data to show that while unemployed individuals who received UI bene�ts increased their spend-

ing, they also increased their savings relative to their employed counterparts. These increases

in both spending and savings were possible due to replacement rates of over 100 percent for the

majority of claimants.12 Consistent with this micro-level evidence, Aladangady et al. (2022) es-

timate that UI contributed $836 billion in aggregate excess savings through the middle of 2022.

Similarly, Cox, Ganong, Noel, Vavra, Wong, Farrell, Greig & Deadman (2020) �nd that while

the massive increase in unemployment was especially concentrated in low-income households,

these households contributed disproportionately to the aggregate increase in liquid bank account

balances, relative to their pre-pandemic shares.

We hypothesize that the large increase in UI generosity contributed to the rise in business

formation through at least two channels. First, it enabled unemployed individuals with potential

business ideas to accumulate savings to fund their startups. Indeed, a wide body of research

indicates that an increase in savings leads to a higher propensity to enter entrepreneurship, as

startup businesses often face �nancial constraints.13 The rise in business formation during this

period is most pronounced in industries with relatively low �xed costs, such as Nonstore Retailers

(NAICS 454) and Professional, Scienti�c, & Technical Services (NAICS 541), making savings

from UI expansion adequate for startup capital.14 Second, the increase in UI had a signi�cant

stimulative effect on consumer spending (Ganong et al. (2022b) and Chapter 2), raising expected

12The main estimates in Ganong et al. (2020a) do not include PUA, but Ganong et al. (2020a) show that most
PUA recipients had over 100% replacement rates as well. Note that FPUC was an additional $600 per week and this
amount applied to regular UI claims and PUA claims.

13For example, see Evans & Jovanovic (1989), Buera (2009), Kerr & Nanda (2011), Corradin & Popov (2015),
and Schmalz, Sraer & Thesmar (2017) among many others.

14Table A.5 shows the top 10 industries with the largest increases in business formation in 2020.
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pro�ts of businesses and thus incentivizing new business entry.

3.2.2 Decline in Work Search

Work search from March 2020 to December 2020 was reduced (Faberman, Mueller &

Şahin, 2022). There were a myriad of factors that could have led to this reduction such as de-

creased job vacancies, a pandemic, and the removal of work search requirements. Job vacancies

declined as was typical during recessions.15 This was compounded by a pandemic where some

businesses could not open or at least open to the same capacity as before the pandemic. The

pandemic led to individuals to potentially not want to search for work if that job required them

to interact face-to-face with other people, which would have increased the risk of being infected

with COVID-19. Finally, The FFCRA allowed states the �exibility to modify or waive work

search requirements.

Even though work search was reduced, an increase in the UI bene�t amount could have

raised the opportunity cost of starting a business if individuals were required to relinquish their

UI bene�ts entirely upon generating business income. That was not the case, however, as self-

employed individuals could continue receiving partial UI bene�ts. State governments require un-

employed workers to report any income earned, including from their businesses or self-employment

activities. While speci�c provisions vary by jurisdiction, workers are allowed to earn a cer-

tain amount of money while still receiving their full UI Weekly Bene�t Amount (WBA). This

is known as “disregarded earnings.” State governments subtract the disregarded earnings from

weekly income, and then subtract this adjusted earnings from the worker's WBA to calculate their

15See the April 2020 Job Openings and Labor Turnover (https://www.bls.gov/news.release/archives/jolts06092020:pdf )news
report.
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partial bene�t amount.16 Furthermore, as documented by Bayard et al. (2018) and Dinlersoz et al.

(2023) there are long lags from a business application to a business that generates income. Given

UI bene�t enhancements during this period, partial UI was more generous than in the past.

3.3 Data

3.3.1 Business Formation per capita

Our main outcome of interest is business formation per capita. For the denominator, we use

state population annual estimates from the IPUMS National Historical Geographic Information

Systems (NHGIS). For the numerator, business formation, we use the U.S. Census Bureau's Busi-

ness Formation Statistics (BFS). Throughout our analysis, we focus on the monthly estimates at

the state level. The BFS program receives data on the universe of new applications for Employer

Identi�cation Numbers (EINs) from the IRS on a weekly basis. In the United States, all employer

businesses are required to have an EIN for payroll purposes, but individuals may hold an EIN for

other reasons, including applications for trusts or estates.

Consequently from the universe of �lings, the BFS program constructs a measure of Busi-

ness Applications (BA) that consists of applications that are likely to be associated with new

business formation. This is done by excluding applications for tax liens, estates, trusts, �nancial

�lings, as well as applications within certain industries—NAICS 11 (agriculture, forestry, �shing,

and hunting), NAICS 92 (public administration), and NAICS 814110 (private households).17

While our baseline analysis focuses on the BA series, we also look at three additional

16For a full list of these provisions across states, see Comparison of State Unemployment Insurance Laws issued
by the Department of Labor.

17For full details on the micro data and series constructions, see Bayard et al. (2018).
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measures published by the BFS program that allow us to look at business application quality.

The baseline BA series includes applications for businesses that are both intended to be employer

and non-employer. In fact, only about 10 percent of all BAs transition into employer businesses

within two years (Dinlersoz et al. (2023)).

Using information available in the EIN application, the BFS program constructs three ad-

ditional series on applications that have a higher probability of transitioning into an employer

business: business applications with planned wages (WBAs), business applications from corpo-

rations (CBAs), and high-propensity business applications (HBAs). WBAs and CBAs are subsets

of HBAs, but they are not mutually exclusive. WBAs are de�ned as BAs that indicate an intent

to hire employees and/or pay wages when applying for an EIN. CBAs are de�ned as BAs that

are submitted by a corporation or a personal service corporation. HBAs are de�ned as BAs that

include at least one of the following characteristics: application for a corporate entity, an applica-

tion indicating that they are hiring employees, provide a �rst wages-paid date (planned-wages),

or have a NAICS industry code in accommodation and food services (72) or in portions of con-

struction (237, 238), manufacturing (312, 321, 322, 332), retail (44, 452), professional, scienti�c,

and technical services (5411, 5413), educational services (6111), and health care care (621, 623).

In addition to data on business applications, the BFS program also publishes data on the

transition of applications to employer businesses. It does so by linking EIN applications to em-

ployer business births via the Business Register (BR) and Longitudinal Business Database (LBD).

Speci�cally, BFS publishes tabulations of business formations within four and eight quarters of

the application date. Because of the time lag associated with the release of LBD, while applica-

tion (BA, WBA, CBA, and HBA) data are available through March 2024, formation data is only

available through the end of 2019 for the eight quarter business formation series and the end of
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2020 for the four quarter business formation series.

3.3.2 COBOL Data

Our main source of variation, COBOL, is a binary variable that indicates whether a state

used COBOL in its UI bene�ts system at the onset of the COVID-19 pandemic. To construct this

measure, we directly follow Chapter 2. Speci�cally, the data on COBOL usage were collected

primarily from emails, news articles, and information from the UI Information Technology Sup-

port Center. There are 28 COBOL states and 22 non-COBOL as of June 2020. COBOL states

are slow to modernize, so given that our analysis is restricted to 2019 to 2020, COBOL usage is

time invariant. We also rely on the Department of Labor Employment Training Administration

(DOLETA) 9050 report similar to Chapter 2 to measure of�cial delays in bene�t disbursement

between COBOL and non-COBOL states.

Figure A.1 shows that COBOL usage is dispersed throughout the country. In our empirical

analysis, we also consider speci�cations that control for Census division �xed effects to deal with

any potential geographic clustering of COBOL states. The reason for doing so is the potential

concern that the differences in the growth rate of business applications per capita is being driven

by the region, rather than COBOL usage in UI bene�t systems.

3.3.3 Additional Variables and Data Sources

As part of our analysis, we evaluate whether COBOL and non-COBOL states are different

along a number of demographic, labor, income, political, and other characteristics. From the 2019

American Community Survey (ACS), we obtain data on population, median age, education, race,
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ethnicity, poverty, employment to population ratio, labor force participation, self employment,

homeownership, home value, and employment shares by occupation. We also obtain income per

capita in 2019 from the Bureau of Economic Analysis (BEA), urban population share in 2010

from the U.S. Census Bureau, Republican governorship in 2018 from the National Conference

for State Legislatures (NCSL), Republican vote share in the 2016 elections from MIT Election

Data and Science Lab, union membership are in 2018 from the Bureau of Labor Statistics (BLS),

and employment share by �rm age, size, and sector from the U.S. Census Bureau's Business

Dynamic Statistics (BDS). We calculate unemployment risk exposure using characteristics of

those who became unemployed during April-July 2020 obtained following Ganong et al. (2020a)

based on the 2020 CPS Merged Outgoing Rotation Group (MORG) Earnings data and local

demographic characteristics in 2019 from the 2019 ACS. We also consider pandemic-related

restrictions in place between March 13 and December 31,2020, measured by the Oxford COVID-

19 Government Response Tracker (OxCGRT).

In our regression analysis, we also include Census division �xed effects. The U.S. Census

Bureau de�nes nine divisions in the United States with divisions including between three and

eight states.18

3.4 Identi�cation Strategy

We rely on the conditional parallel trends assumption for identi�cation. The threat to iden-

ti�cation is whether there are systematic differences between COBOL and non-COBOL states

and those differences affect business formation from March 2020 to December 2020 even after
18The South Atlantic division would include nine states if we were to treat Washington D.C. as a state. Note that

our analysis similar to Chapter 2 in that we also exclude Washington D.C.
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conditioning on our control variables. We take a conservative approach and look at a broad set of

confounders and only �nd two that are statistically signi�cant differences between COBOL and

non-COBOL states: Republican Governor and homeownership rate. Once we control for Census

division �xed effects, we �nd no confounders that are statistically signi�cant.

Prior to discussing confounders, we will discuss COBOL usage in UI bene�t systems and

how its usage could have affected business formation. The relatively longer delays in the dis-

bursement of UI bene�ts in COBOL states could have hampered business formation. During this

period, states struggled, to varying degrees, to manage the simultaneous surge in UI claims and

changes to bene�ts amounts and eligibility criteria. As a result, the timeliness of UI processing

signi�cantly declined. Figure 3.3a illustrates that, on average, the share of �rst UI payments de-

layed by 70 days or more increased from close to zero percent in March 2020 to 25 percent by

October 2020.19

COBOL was �rst introduced in 1959. It was once the standard programming language

for all UI systems. By 2020, nearly half of states (22) had modernized their UI systems and

phased out COBOL. In the remaining 28 states that continued using COBOL, UI systems became

particularly overwhelmed at the start of the COVID-19 pandemic.20 As illustrated in Figure 3.3b,

the share of �rst UI payments delayed by 70 or more days was close to zero percent in both

COBOL and non-COBOL states prior to COVID-19, but by October 2020 the two groups of

states diverged signi�cantly, with the share hovering around 19 percent for non-COBOL states

and 27 percent for COBOL states.

Several factors contributed to the overloading of COBOL-based UI systems. First, although

19Note that the values for October 2020 are associated with claims �led in August 2020, July 2020, or earlier (for
claims delayed well over 70 days).

20Figure A.1 shows the map of states by COBOL usage status.
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COBOL is capable of performing the same tasks as more modern programming languages, adapt-

ing COBOL systems to accommodate changes in eligibility and bene�ts amounts is more chal-

lenging. Second, implementing the necessary changes required some states to hire additional

COBOL programmers, which was dif�cult because many COBOL programmers had retired.

Third, and more generally relevant for any antiquated UI system, states using COBOL also had

less user-friendly platforms through which unemployed individuals could �le UI claims.21 As

shown in Chapter 2, these factors contributed to COBOL states facing relatively more severe UI

processing and bene�ts disbursement delays. As an anecdotal example, the situation was so dire

in New Jersey (a COBOL state) that in April 2020, Governor Phil Murphy pleaded for assistance

from any programmers who knew how to program in COBOL.22

One concern is that COBOL usage in UI bene�t systems could be correlated with a con-

founder where this confounder is driving the business formation differences between COBOL

and non-COBOL states. Even though states have direct control over COBOL-usage, modern-

izing away from COBOL is a slow and expensive process. The decision to modernize could

systematically differ between states, which would be a concern if these systematic differences

were also correlated with factors associated with the rise in business formation during the pan-

demic. One speci�c concern, is whether states who modernized COBOL were the states with

more generous UI systems. However, that is not the case.23

To address the concern that a confounder is driving our results, we compare COBOL and

non-COBOL states along several dimensions, including demographics, household characteris-

21See Chapter 2 for a thorough discussion of the challenges faced by COBOL states.
22See Feldman, B. (2020, April 6). NJ Governor Requests Expertise of 6 People Who Still Know COBOL.New

York Magazine.
23As documented in Chapter 2, the decision does not go in the expected manner. The states with more repressive

UI regimes were more slightly more likely to modernize away from COBOL.
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tics, political environment, and labor market characteristics. Table 3.1 displays the results from

regressing various state-level demographic, household, and political characteristics on a COBOL

indicator.24 We �nd that COBOL and non-COBOL states are statistically indistinguishable along

a variety of dimensions. Two exceptions are whether the state's governor is a Republican (mea-

sured in 2020) and the homeownership rate. Differences in the party af�liation of the state gover-

nor could potentially matter because people's political leanings were correlated with the degrees

of voluntary and involuntary social distancing, which in turn may have affected economic activity

and the pace of business formation.

We view these two dimensions as potential threats to the conditional parallel trends as-

sumption. The political differences could violate our conditional parallel post-trends assumption.

Even though COBOL is not directly affecting political af�liations nor COVID-19 cautiousness,

it would be correlated with these factors that could be affecting business formation. Potentially

business formation was higher in non-COBOL states from March 2020 to July 2020 because Re-

publican governors had policies more friendly to starting a business. Another potential concern

is that increased fear of COVID-19 in COBOL states hampered the idea generation process of

creating a business. There were other policies that happened at the same time such as mortgage

payment forbearance, which was part of the CARES Act.25 However, there is no systematic

differences in percent of households with mortgages as shown in Table 3.1, but there is a statisti-

cally signi�cant difference in homeownership rate. Differences in the homeownership rate may

matter because of the documented importance of housing as collateral for young and small busi-

nesses (Kerr, Kerr & Nanda, 2022; Lastrapes, Schmutte & Watson, 2022; Davis & Haltiwanger,

24The characteristics chosen here are not identical to Chapter 2 because confounding threats to business formation
are different than confounding threats to consumption.

25In Chapter 2, I discuss why some other pandemic policies are not problematic such as the Supplemental Nutrition
Assistance Program, Paycheck Protection Plan, and Economic Impact Payments.
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forthcoming). Furthermore, there was an appreciation of home prices during this period, so the

differences seen in Table 3.1 are potentially problematic.

Motivated by the fact that there is strong regional clustering in people's political leanings

and in homeownership rates, we control for Census division �xed effects in Table 3.2, and �nd

that the differences in state governor's party af�liation and homeownership rates become sta-

tistically insigni�cant.26 Moreover, all other demographic, household, and political differences

also remain insigni�cant. As an additional test, in Table A.1 we use the Oxford COVID-19

Government Response Tracker (Hale, Angrist, Goldszmidt, Kira, Petherick, Phillips, Webster,

Cameron-Blake, Hallas, Majumdar et al., 2021) to directly compare the pandemic-related re-

strictions imposed by state governments across COBOL and non-COBOL states, and �nd no

signi�cant differences. We view the usage of Census division �xed effects as a cleaner method

to isolate COBOL variation given that any differences between COBOL and non-COBOL states

disappear.

Because there were strong systematic differences in the adverse impact from the COVID-

19 pandemic across different industries and occupations (Adams-Prassl, Boneva, Golin & Rauh,

2020)27, in Table A.2 and Table A.3 we compare �rm and labor market characteristics of COBOL

and non-COBOL states. We �nd no statistically signi�cant differences in employment shares by

�rm age, �rm size, sectors, or occupations. Collectively, these results support that COBOL

and non-COBOL states were not observably different along many dimensions that might have

affected business formation after taking Census division by month �xed effects, which assuages

concerns of violating the conditional parallel trends assumption.

26Controlling for Census division �xed effects also controls for any region-speci�c factors that could affect busi-
ness formation.

27In Chapter 2, I �nd differences in relative time spent at home using Google Mobility measures, but these differ-
ences disappear once I take Census division �xed effects into account.
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3.5 Main Results

We �rst document the relationship between COBOL usage and business formation in the

aftermath of the emergency declaration in March 2020. Then as a secondary exercise to try

to answer the question of whether the initial quality of businesses was affected by the lower

increase in UI generosity in COBOL states, we look at the share of higher quality type businesses

in COBOL states relative to non-COBOL states.

3.5.1 Quantity of Business Applications

We estimate the effect of COBOL-usage on business formation with a monthly two-way

�xed effects (TWFE) event study:

ln(BApc)s;t =
T1X

� = � T0

� � (COBOL s � I � ) + � s + � t + � s;t (3.1)

wheret denotes the number of months since March 2020.ln(BApc)s;t is the log of BFS business

applications (BA) per capita (pc) in states in montht. COBOL s indicates whether states uses

COBOL, andI � indicates whether the corresponding month is month� . � s and� t are the state

and time �xed effects, respectively.� s;t is the error term. This TWFE event study design allows

us to track the monthly evolution of business formation in COBOL states relative to non-COBOL

states.

Figure 3.4a shows evidence of parallel pre-trends and that COBOL states experienced a

slower pace of business formation following the pandemic recession. The �gure presents the

estimated� � with 95 percent con�dence intervals from the TWFE model. First, we see paral-
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lel pre-trends in business formation between COBOL and non-COBOL states in 2019, lending

support to the assumption required for a difference-in-differences design. Second, from March

2020 to December 2020, COBOL states experienced a slower growth rate in per capita business

applications compared to non-COBOL states. Notably, we observe a V-shaped trend: the differ-

ence in business formation between the two groups of states gradually widens from March 2020

to June 2020. In July 2020, coinciding with the expiration of the FPUC, the gap reaches its peak

at 15 percent, and subsequently, from August to November 2020, this difference progressively

narrows.

The V-shaped pattern of the estimated effects is consistent with the our hypothesis in sev-

eral ways. First, as shown in Figure 3.3b, the difference in the share of initial claims delayed

by 70 days or more between COBOL and non-COBOL states gradually widens until October

2020, indicating that the difference in the proportion of eligible unemployed workers who did

not receive their UI payment increases over this period.28 In turn, the adverse impact on business

formation was likely to have increased over this period as well. Second, we claim that a chan-

nel through which the UI expansion affects business formation is the increase in savings. Given

that UI payments occur on a weekly or biweekly basis, it is likely to take time for the unem-

ployed workers to accumulate enough savings for their business projects, and hence, the impact

on business formation is also likely to increase gradually.

Given the documented differences in Table 3.1 between COBOL and non-COBOL states

in the party af�liation of the governors and homeownership rates, there could be concerns that

these omitted variables have differential, time-varying effects on business formation in the two

groups of states in 2020. To address this concern, we augment our TWFEs model with Census

28Note that topcoded claims from October 2020 are most likely from July 2020 or earlier.
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division by month �xed effects.29

Figure 3.4b con�rms parallel pre-trends, the slower pace of business formation in COBOL

states, and the V-shaped pattern of the estimated effects. Further, in Figure A.2, we adopt a

doubly robust estimator developed by Callaway & Sant'Anna (2021) which allows us to directly

control for time varying effects of ex-ante observables in an event study setting. Speci�cally, we

control for both party af�liation of governor and homeownership rate. Similar to Figure 3.4a and

Figure 3.4b, we �nd parallel pre trends as well as the V-shaped pattern with the trough in July

2020.

The standard errors are large in Figure 3.4 in part because we are looking at dynamic

effects. However, if we estimate a static TWFE as described in equation (3.2), then the standard

errors are reduced in this pooled sample.

Ys;t = � 0 + � 1Postt � COBOL s + � s + � t + " s;t (3.2)

States are denoted bys and month byt. The dependent variableYs;t is the log of BFS business

applications (BA) per capita (pc) in states in montht. COBOL s indicates whether states uses

COBOL, andPostt indicates whether the corresponding month is after March 2020.� s and� t

are the state and time �xed effects, respectively." s;t is the error term.

Table 3.3 corresponds to our results from equation (3.2). In columns 1 and 3, we end

our sample in December 2020 to be consistent with Figure 3.4. In columns 2 and 4, we end our

sample in July 2020 given that July 2020 coincides with the end of the FPUC program and we will

using the growth rate UI payments per unemployed in our instrumented difference-in-differences

29Recall that after controlling for Census division �xed effects, the differences between COBOL and non-COBOL
states in the party af�liation of the governor and homeownership rates become insigni�cant.
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from March 2019-July 2019 to March 2020-July 2020. In column 1 when we only include state

and month �xed effects, we estimate that COBOL usage in UI bene�t systems led to a 7.1 percent

lower increase in business formation per capita in COBOL states relative to non-COBOL states.

By historical standards, a differential increase of 7 percent in business applications would be

a large amount. However, one should note that in July 2020 business applications per capita

were over 80 percent above pre-pandemic trends and after 2021 remained over 40 percent above

pre-pandemic trends.

Our results in Table 3.3 are consistent across speci�cations. The odd numbered columns

of the Table report results through July 2020; the even numbered columns report results through

December 2020. In column 2, we estimate that the increase in business formation in COBOL

states was 7.7 percent lower than in non-COBOL states after March 2020. The point estimates

in ending in July 2020 versus December 2020 are not statistically different. In column 3, we use

Census division by month �xed effects instead of month �xed effects. In column 3, we estimate

that the increase in business formation in COBOL states was 6.6 percentage points lower than in

non-COBOL states. In column 4, we estimate that the increase in business formation in COBOL

states was 6.6 percent lower than in COBOL states relative to non-COBOL states. Our results

from columns 1 and 2 are signi�cant at the 10 percent level, while our results from columns 3

and 4 are signi�cant at the 5 percent level.30

30July 2020 is an outlier (expiration of FPUC) as was seen from the event study difference-in-differences. How-
ever, we estimate that the increase in business formation in COBOL states was 5.6 percentage points lower than in
non-COBOL states from March 2020 to December 2020 when we exclude July 2020. This effect is signi�cant at the
5 percent level.
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3.5.2 Quality of Business Applications

All our results thus far have focused on business applications, which is a necessary �rst

step for entrepreneurs to start a business. However, one concern is that these business applica-

tions may be a weak signal of business formation particularly when it became relatively cheaper

for potential entrepreneurs to �le a business application. The opportunity cost to �le a business

application could be lower for a host of reasons during this period. Potential entrepreneurs might

have faced a lower trade-off during this period between idea generation and leisure because of

the increased social isolation that COVID-19 brought, particularly prior to vaccines becoming

available. Stay at home orders forced individuals to stay at home, which could have led to po-

tential entrepreneurs to allocate more time to idea generation relative to leisure. Households

might be more likely to start a business if they are prevented from partaking in outdoor activi-

ties and socializing in-person with others; leisure potentially became less enjoyable for potential

entrepreneurs. Finally, as discussed the relaxation of work search requirements could have also

lowered the cost to apply to start a business, since potential entrepreneurs could allocate more

time on starting a business rather than looking for a new employer.

In order for the quality of business applications to have deteriorated we look at whether

the share of business applications from a corporation (CBA), business applications with planned

wages (WBA), and high propensity business applications (HBA). All of these types of businesses

have higher transition rates from business application to business. For example, the transition rate

from BA to business is 10%, while the transition rate from WBA to business is 40% (Dinlersoz

et al., 2023).

We use data from the BFS on the number of business applications that (i) are incorporated
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(CBA), (ii) submitted actual hiring plans (WBA), and (iii) have high likelihood of becoming ac-

tual employer startups (HBA), as estimated by the Census Bureau, to proxy for the quality of

business ideas. Speci�cally, we calculate the share of business applications with these character-

istics, and use them as the outcome variable to estimate equation (3.2) with state and division by

month �xed effects. The share of HBAs, CBAs, and WBAs declined after March 2020 in both

COBOL and non-COBOL states. This is consistent with our hypothesis of additional UI funds

leading to potentially lower quality entrants.

In Table 3.4, we estimate the effect of antiquated UI bene�t systems on the initial quality

of business formation. In all three speci�cations we use state �xed effects, Census division by

month �xed effects, and end our sample in July 2020.31 We �nd no difference in the share of

CBA (column 1) and WBA (column 2) after March 2020 between COBOL and non-COBOL

states. Given this lack of signi�cance, we focus our business quality analysis on the share of

HBAs. In column 3, when we look at the share of HBAs, we estimate that the decrease in HBAs

in COBOL states was 0.8 percentage points lower than in non-COBOL states from March 2020

to July 2020. This implies there was a relative increase in business quality as measured by HBAs

in COBOL states. Alternatively, we estimate that the decrease in HBAs in non-COBOL states

was 0.8 percentage points higher than in COBOL states from March 2020 to July 2020. This

alternative interpretation is equivalent to the previous one. However, this alternative interpretation

emphasizes that the states, non-COBOL states, that experienced a larger increase in UI payments

also experienced experienced a relative decline in the share of BAs that were HBAs; business

quality deteriorated in the states (non-COBOL states) that received more UI generosity even

31We end in July 2020 given that our preferred speci�cation for business formation ends in July 2020. Our business
quality results are robust to ending in December 2020.
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though this increased UI generosity led to relatively more business applications.

Taken together these results imply that the business applications formed during this period

were less likely to transition into a business generating income. This could have been in part due

to lower quality ideas being generated or the composition of businesses applications shifting to

industries that typically lead to lower transition rates.

3.6 Conclusion

A number of studies have documented and discussed the surge in business formation during

the COVID-19 pandemic (Dinlersoz et al., 2021; Fazio et al., 2021; Decker & Haltiwanger, 2023).

In this chapter, we establish a causal link between antiquated UI bene�t systems during the 2020-

phase of COVID-19 and the rise in business applications. Using a TWFE design, we estimate

that the increase in business formation in COBOL states was 6.6 percentage points lower than

in non-COBOL states between March 2020 and July 2020. We also estimate a deterioration of

initial business quality in COBOL states relative to non-COBOL states.

As already documented by Ganong et al. (2022b) and Chapter 2, unemployment insur-

ance played an important role in the sharp economic recovery from the pandemic recession by

spurring consumption. In this chapter, we document a new channel through which unemploy-

ment insurance further helped stabilize local labor markets. Unlike its more immediate effect on

consumption, the impact of UI expansion on local labor markets through business formation may

take some time to fully materialize. This is due to the fact that it takes several quarters for new

businesses to hire employees and grow large enough to have a quantitatively meaningful impact

on the labor market.32

32See Bayard et al. (2018) and Dinlersoz et al. (2023) for documentation of the lag between the �ling of business
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Our analysis has focused on the necessary �rst step of creating a business: �ling a business

application. However, we are interested if these business applications transitioned into businesses

generating income. Given the long lags between �ling a business application and being an em-

ployer based business, we would not expect these business applications to transition until 2022.

In September 2024, the BDS will release data on �rm entry in 2022. Once these data are released,

we will incorporate analysis on the transition rate from business applications �led during 2020.

Furthermore, we will add a simple two-period model to illustrate how changes in employment

bene�ts can affect the probability of entering entrepreneurship.

It is important to note that the UI expansion in this study was implemented in a period when

pandemic-induced structural transformation, such as increases in remote work and online shop-

ping, potentially created new business opportunities (Decker & Haltiwanger, 2023). Therefore, it

is possible that the effects of UI expansion are ampli�ed during this period, and caution is needed

in extrapolating our results to other settings. However, to the best of our knowledge, this study

is the �rst to document that UI expansion fosters business formation (particularly in the bene�t

amount dimension), and it opens the door for more discussion on the potential role of UI policy

in promoting entrepreneurship during economic recoveries.

Furthermore, understanding what was one of the key drivers of the surge in business for-

mation in 2020 is relevant for understanding economic conditions well after 2020. Speci�cally,

the U.S. economy has exhibited strong consumer spending in 2022 and 2023, despite the conclu-

sion of several pandemic transfer programs such as UI. Initially, excess savings was used as an

explanation for the robust consumer spending. However, as this trend persisted, the credibility

of excess savings as an explanation diminished. It remains a puzzle how the U.S. economy has

applications and their transition to employer businesses.
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sustained strong consumer demand in the face of prolonged monetary policy tightening. One

potential explanation is the increase in business dynamism that had been recently lacking from

the U.S. economy. Speci�cally, given the long lags from a business application to a business gen-

erating income, we would expect a lag from when the surge in business applications translates

into additional jobs that generate income.
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Figure 3.1: Business Formation per Capita

Notes: Seasonally-adjusted monthly business applications per 1,000 people relative to its 2019 average (0.89 business applications per 1,000
people). Business application data is obtained from the U.S. Census Bureau's Business Formation Statistics.
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Figure 3.2: Distribution of State-Level Median Replacement Rates

(a) Replacement Rate without FPUC (b) Replacement Rate with FPUC

Notes: These �gures depict the distribution of state-level median replacement rates before the passage of the CARES Act (without FPUC) and
after (with FPUC). Replacement rates are calculated using the methodology of Ganong et al. (2020a) using 2020 ASEC data on earnings.

Figure 3.3: Share of First UI Payments Made After 70+ Days

(a) Average (b) COBOL vs. non-COBOL

Notes: These �gures depict the cross-state average (solid line) and 25th-75th percentile range of (a) the share of initial claims processed after
70+ days at the national level and (b) the share of initial claims processed after 70+ days in COBOL and non-COBOL states. Data are obtained
from the “Bene�ts: Timeliness and Quality Reports” released by the BLS.
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Figure 3.4: Marginal Effect of COBOL: TWFE

(a) TWFE (b) TWFE with Division� Month FE

Notes: These �gures depict the marginal effect of COBOL on log(business applications per capita). Figure (a) shows the two-way �xed effects
results where month and state �xed effects are included. Figure (b) shows the two-way �xed effects where state �xed effects and month by
division �xed effects. Standard errors are clustered at the state level in both �gures.
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Table 3.1: Balance of Characteristics

Coef�cient on COBOL indicator

Dependent Variable Est. Std Err. P-Value Mean of Dep Var.

Demographics

Log population -0.096 (0.295) 0.75 15.21
Median age -0.123 (0.706) 0.86 38.34
High school or lower -0.001 (0.013) 0.91 0.41
Some college -0.013 (0.009) 0.15 0.30
Bachelor's degree or higher 0.015 (0.014) 0.30 0.28
% White -0.023 (0.036) 0.54 0.77
% Black -0.024 (0.027) 0.37 0.10
% Hispanic 0.007 (0.028) 0.82 0.11
% Foreign born 0.023 (0.022) 0.30 0.12

Labor and Income

Income per capita ($1,000) 2.812 (2.213) 0.21 53.45
% Below poverty -0.009 (0.008) 0.29 0.13
Employment to population 0.010 (0.012) 0.40 0.60
Labor force participation rate 0.009 (0.011) 0.41 0.64
Self employment rate 0.002 (0.004) 0.64 0.07
Unemployment risk exposure -0.002 (0.009) 0.82 0.08

Residential

% Urban population 0.015 (0.042) 0.73 73.4
Homeownership rate -0.029** (0.011) 0.01 0.62
% Households w/ mortgage -0.015 (0.012) 0.19 0.38
Median home value ($1,000) 454.56 (394.332) 0.26 617.96

Political Environment

Republican governor -0.283** (0.132) 0.04 0.66
Republican vote share (2016) -0.025 (0.029) 0.40 0.49
Union membership rate (2018) 0.019 (0.014) 0.21 0.10

Notes: This table reports results from regressions where each one of the state-level characteristics in Column (1) are dependent variables and the
COBOL indicator is the independent variable. Variables under Demographics, Labor and Income, and Residential categories, except for income
per capita and unemployment risk exposure, are obtained from the 2019 American Community Survey. We obtain income per capita in 2019
for each state from the Bureau of Economic Analysis. We calculate unemployment risk exposure using characteristics of those who became
unemployed during April-July 2020 and local demographic characteristics in 2019. Percent urban is measured as of 2010 and is obtained from
the U.S. Census Bureau, Republican governor share is measured as of 2018 and is obtained from the National Conference for State Legislatures,
union membership is measured as of 2018 and is obtained from the Bureau of Labor Statistics. ***, **, and * indicate signi�cance at the 1%,
5%, and 10% signi�cance levels.
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Table 3.2: Balance of Characteristics w/ Division Fixed Effects

Coef�cient on COBOL Indicator

Dependent Variable Est. Std Err. P-Value Mean of Dep Var.

Demographics

Log population -0.339 (0.280) (0.23) 15.21
Median age -0.163 (0.587) (0.78) 38.34
High school or lower 0.001 (0.011) (0.93) 0.41
Some college -0.006 (0.007) (0.33) 0.30
Bachelor's degree or higher 0.005 (0.012) (0.65) 0.28
% White -0.003 (0.028) (0.92) 0.77
% Black 0.014 (0.034) (0.68) 0.10
% Hispanic -0.032 (0.019) (0.10) 0.11
% Foreign born -0.005 (0.021) (0.82) 0.12

Labor and Income

Income per capita ($1,000) 0.561 (1.927) (0.77) 53.45
% Below poverty -0.005 (0.007) (0.43) 0.13
Employment to population 0.009 (0.010) (0.36) 0.60
Labor force participation rate 0.008 (0.009) (0.42) 0.64
Self employment rate 0.003 (0.004) (0.47) 0.07
Unemployment risk exposure -0.007 (0.009) (0.43) 0.08

Residential

% Urban population -0.019 (0.043) (0.67) 73.4
Homeownership rate -0.018 (0.012) (0.13) 0.62
% Households w/ mortgage -0.010 (0.011) (0.38) 0.41
Median home value ($1,000) 45.012 (388.741) (0.91) 617.96

Political Environment

Republican governor -0.101 (0.122) (0.41) 0.66
Republican vote share (2016) -0.003 (0.024) (0.90) 0.10
Union membership rate (2018) 0.006 (0.010) (0.55) 0.49

Notes: This table reports results from regressions where each one of the state-level characteristics in Column (1) are dependent variables and the
COBOL indicator is the independent variable. Variables under Demographics, Labor and Income, and Residential categories, except for income
per capita and unemployment risk exposure, are obtained from the 2019 American Community Survey. We obtain income per capita in 2019
for each state from the Bureau of Economic Analysis. We calculate unemployment risk exposure using characteristics of those who became
unemployed during April-July 2020 and local demographic characteristics in 2019. Percent urban is measured as of 2010 and is obtained from
the U.S. Census Bureau, Republican governor share is measured as of 2018 and is obtained from the National Conference for State Legislatures,
union membership is measured as of 2018 and is obtained from the Bureau of Labor Statistics. ***, **, and * indicate signi�cance at the 1%,
5%, and 10% signi�cance levels.
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Table 3.3: Effect of Antiquated UI Bene�t System on Business Formation

(1) (2) (3) (4)
ln(BA/Pop) ln(BA/Pop) ln(BA/Pop) ln(BA/Pop)

COBOL s � POSTt -0.071� -0.077� -0.066�� -0.066��

(0.040) (0.040) (0.029) (0.030)

State FE Yes Yes Yes Yes
Month FE Yes Yes No No
Division x Month FE No No Yes Yes
Last Month Dec. 2020 Jul. 2020 Dec. 2020 Jul. 2020
Obs. 1200 950 1200 950
R-sq 0.94 0.94 0.97 0.97

Notes:
This table depicts the marginal effect of COBOL on log(business applications per capita) from a static TWFE model as described in Equation
(3.2). The post period starts in March 2020 across all speci�cations. In columns 1 and 3, we end our sample in December 2020. In columns 2 and
4, we end our sample in July 2020 when the FPUC program ends and we would expect our effects to start to dissipate after July 2020. Standard
errors are clustered at the state level. ***, **, and * indicate sig. at the 1%, 5%, and 10% sig. levels. Standard errors are clustered at the state
level.

Table 3.4: Initial Quality of New Businesses Formation

(1) (2) (3)
% CBA % WBA % HBA

COBOL s � POSTt 0.005 0.002 0.008��

(0.004) (0.002) (0.003)

State FE Yes Yes Yes
Division x Month FE Yes Yes Yes
Mean Dep. Var 0.11 0.14 0.33
Obs. 950 950 950
R-sq 0.95 0.88 0.87

Notes: Unit of analysis is state by month between January 2019 and July 2020, with the post period beginning in March 2020. We use three
additional series on applications that have a higher probability of transitioning into an employer business: business applications with planned
wages (WBAs), business applications from corporations (CBAs), and high-propensity business applications (HBAs). The dependent variable in
column 1 is % CBA, column 2 is % WBA, and column 3 is % HBA. All three dependent variables are shares of the respective type of business
application over the core business application series from the BFS. ***, **, and * indicate sig. at the 1%, 5%, and 10% sig. levels. Standard
errors are clustered at the state level.
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Chapter 4: Measuring Real Output and In�ation: Of�cial Statistics vs Eco-

nomics Transactions Data

with Gabriel Ehrlich, John Haltiwanger, David Johnson, Ron Jarmin, Seula Kim, Jake Kramer,

Edward Olivares, R. Benjamin Rodriguez, and Matthew D. Shapiro

4.1 Introduction

Current of�cial measures of real output in the United States rely heavily on the integration

of survey data across multiple government agencies including the Bureau of Economic Analysis

(BEA), the U.S. Census Bureau, and the Bureau of Labor Statistics (BLS). In this chapter, we

compare the of�cial statistics on in�ation, nominal sales, and real output from the Personal Con-

sumption Expenditures (PCE) with counterparts constructed using item-level transactions data

(referred to as Point of Sales or POS data hereafter) and examine the disparities between the

resulting measures.

To start with, we document the current source information and methodology used for key

components of PCE, speci�cally focusing on Food and Beverages, as well as Consumer Tech-

nology goods such as televisions and computers. First, the source of of�cial statistics originates

from various surveys conducted by multiple agencies, involving a complex integration process.

Second, some of the source data required for the of�cial statistics (e.g., expenditure weights) are

only available with a substantial lag or rely on survey data that may have declining response rates.

For instance, the PCE data incorporate price data from the BLS and nominal sales data from

the Census Bureau. At a disaggregated level, the PCE price indices are drawn directly from the
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BLS CPI, which is based upon a Laspeyres price index drawn from monthly collection of price

relatives of selected items in each product group (i.e., entry-level item level or ELI). Price indices

at the ELI and at more aggregated levels are based on expenditure weights from the Consumer

Expenditure Survey (CEX), with weights that may re�ect substantially dated expenditure patterns

in real time. At a more aggregate level (e.g., Food and Beverages), the PCE price index is a

Fisher index using expenditure weights from the PCE expenditure data. The PCE expenditure

data in turn largely stems from collection of nominal sales from the Monthly Retail Trade Survey

(MRTS) by the Census Bureau with the challenge of converting industry statistics to product

group statistics.1 Also, the Economic Census is conducted only every �ve years, so it takes a

number of years to be incorporated into the PCE.2 This summary of the integration process of

survey data into of�cial statistics highlights the inherent challenges of measuring in�ation and

real output within the current system. Many of these challenges arise from the disparate and

complex measurement of the different components involved.

In contrast, the POS data offer internally consistent prices and nominal sales data from an

integrated underlying source in a timely manner. They therefore allow for a closer examination

and potential recti�cation of several challenges present in the current measurement system for

key national indicators. The POS data not only permit measurement internally consistent prices,

nominal sales and expenditure shares but also permit real-time accounting for substitution bias

(by using superlative rather than Laspeyres-style price indices) and quality change from product

turnover (by using hedonic adjustment). Hedonic approaches to adjusting for quality change

make use of item-level product attribute data that are increasingly available for POS data (Ehrlich

et al., 2023).

Next, we demonstrate substantial differences between the patterns in the of�cial statistics

and those that emerge from the POS data. We �nd that these differences vary across product

groups and time periods. Comparing price indices for disaggregated goods in the Food and Bev-

1The MRTS collects data at the industry level (e.g. grocery stores, general merchandise stores) and these sales
are allocated to product groups (e.g., milk, coffee, cereal) through an intricate process that originates with product
by industry information from the Economic Census.

2For example, the 2017 Economic Census was not adopted as the benchmark for the PCE until September 2023.
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erages category (consumed at home), we �nd that the PCE- and POS-based Laspeyres indices

track each other reasonably well. However, we uncover substantial substitution bias for overall

Food and Beverages, evidenced by notable differences between in�ation measured by Laspeyres

indices and superlative indices such as the Tornqvist. Furthermore, we identify non-trivial evi-

dence of quality change within the overall food and beverages category.3

Examining nominal and real sales, we observe signi�cant disparities in patterns between

the PCE and POS data at the disaggregated level. Our analysis reveals that these disparities

arise predominantly from the of�cial statistics allocating nominal sales at the industry level to

product groups using outdated shares obtained from the Economic Census. In addition to tracking

nominal shares more accurately, the adjustments for substitution bias as well as quality change

lead to substantial differences in real output patterns at the disaggregated level for PCE categories

between PCE and POS data. However, some of these differences are mitigated at the more

aggregate level such as overall Food and Beverages consumed at home, for which the PCE and

POS nominal sales patterns track each other reasonably well.4

Furthermore, we look into these patterns for consumer electronics and �nd that the dispar-

ities between the patterns observed in the PCE and POS data are even more pronounced. The

substitution bias and quality change adjustments are substantially larger for consumer electronic

items such as notebook computers. Moreover, the limitation of the PCE in capturing high fre-

quency nominal sales patterns is, if anything, more problematic for consumer technology goods

than Food and Beverage goods. The larger discrepancies seen in Consumer Tech relative to Food

and Beverages could be due to survey methodology being better equipped to measure nondurable

goods that are frequently bought than to measure durable goods that are infrequently bought and

highly sensitive to temporary discounts.

3Our analysis of quality change for food draws heavily on Ehrlich et al. (2023). The value added of using the
quality-adjusted prices from this earlier work in the current analysis is that we explore the implications for real output
patterns by integrating with the nominal sales data.

4We also �nd that there are notable differences between the PCE price index at aggregate levels and the C-CPI-U,
a chained Tornqvist version of the CPI, which is released with a signi�cant lag. These differences re�ect the distinct
underlying source data for the expenditure weights used in the two series: the PCE price index uses PCE-based
expenditure weights, while the C-CPI-U uses CEX based weights).
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Lastly, we document striking differences between the of�cial statistics and POS data during

the COVID-19 pandemic and its aftermath.5 The POS data displays lower in�ation in 2020 than

PCE and CPI. Both the POS data displays sharp increases in in�ation in 2021 and 2022 as do

the PCE and CPI. Yet the magnitude of the increases in 2021 and 2022 is notably larger in the

POS data compared to the PCE for almost all of the selected product groups that we analyze. In

addition, we �nd evidence that the slowdown in in�ation in 2023 is more pronounced in the POS

data than in the PCE. The PCE's dif�culty in tracking high-frequency nominal sales variation

also remains evident over this time period. Consequently, real output patterns exhibit notable

differences between the PCE and POS for these detailed product groups in the aftermath of the

pandemic.

The chapter proceeds as follows. Section 4.2 describes the source data used in the analysis,

Section 4.3 delineates the measurement methodology employed by the PCE and for the POS data,

Section 4.4 presents our main results comparing the PCE and POS indices, Section 4.5 discusses

remaining limitations of the analysis, and Section 4.6 concludes.

4.2 Data

4.2.1 NielsenIQ Data

Our analysis for Food and Beverages is based on the NielsenIQ Retail Scanner dataset

(referred to as RMS) provided by the Kilts Center at the University of Chicago Booth School

of Business. The data consists of weekly pricing, volume, and store merchandising conditions

generated by more than 100 retail chains across all U.S. markets, which includes over 40,000

individual stores. Total sales in the NielsenIQ RMS are worth over $200 billion per year and

represent 50% of total sales in grocery stores, 55% in drug stores, 32% in mass merchandisers,

and 2% in convenience stores.

A key advantage of this data is that it contains detailed information at the �nest product

5Our POS data during this period is limited to a relatively small number of detailed food and beverage product
groups (milk, eggs, cereal, sodas, bakery goods and coffee).
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level, 12-digit universal product codes (UPCs), that uniquely identi�es speci�c goods. The data

consists of over 2.6 million UPCs including food and nonfood grocery items, health and beauty

aids, and general merchandise. NielsenIQ classi�es UPC-level goods by 10 departments, 110

product groups, and 1,100 product modules. All products include UPC code and description,

brand, multipack, and size, as well as NielsenIQ codes for department, product group, and prod-

uct module. Some products contain additional characteristics (e.g., �avor). For each UPC code,

participating stores report units, price, price multiplier, baseline units, baseline price, feature in-

dicator, and display indicator. NielsenIQ also reports store-level information about store chain

code, channel type, and area location. Retailer names are masked to protect identity.

We use a concordance provided by the Bureau of Labor Statistics (BLS) between NielsenIQ

product modules and ELIs. These ELIs then map to PCE categories. This concordance allows

us to make direct comparisons between NielsenIQ and PCE. The food sector is identi�ed as the

aggregation of 21 PCE food categories. The 21 disaggregated PCE food categories are Bakery,

Beef and Veal, Beer, Cereal, Coffee and Tea, Dairy, Eggs, Fats and Oils, Fish and Seafood, Fruit,

Milk, Other Foods, Other Meats, Pork, Poultry, Processed Fruit and Vegetables, Soda and Juice,

Spirits, Sugar and Sweets, Vegetables, and Wine.

Furthermore, we aggregate the categories up to aggregate food. There are three aggregated

food categories, which are Aggregate Food, Aggregate Food and Nonalcoholic Beverages, and

Aggregate Food and Beverages. The Aggregate Food category aggregates the 16 food categories,

excluding the following 5 beverage categories: Beer; Coffee and Tea; Soda and Juice; Spirits; and

Wine. The Aggregate Food and Nonalcoholic Beverages excludes only the 3 alcoholic beverages:

Beer, Spirits, and Wine. The Aggregate Food and Beverages category aggregates all 21 food

categories. Our main focus is the broadest category, Food and Beverages.

Our sample using NielsenIQ data covers the period from 2006Q1 to 2019Q3, and our main

analysis is at the PCE category-quarter level. For each PCE category, we generate quarterly

nominal sales, prices, and real sales indices. The real sales indices are the nominal sales divided

by the relevant price index. To calculate sales for aggregate food categories such as Aggregate
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Food and Beverages, we sum the disaggregated category-level nominal sales. For prices for those

aggregate items, we use Divisia-style market share weights at the disaggregated PCE category

level and aggregate prices across the categories.

To construct our main dataset from NielsenIQ, we start with the raw weekly-store-UPC

level data and winsorize the data following Hottman, Redding & Weinstein (2016) and Redding

& Weinstein (2018). In particular, for each UPC, we drop outliers having prices above triple or

below one-third of the UPC-level median price in a given month or having quantities sold more

than 24 times of the median quantity sold per month. Also, we winsorize quarterly price and

sales growth of UPCs at the top and bottom 1% over a pooled sample that includes all UPCs and

quarters. And then, we map this data to the PCE using the BLS concordance, which allows us to

create series for disaggregated Food and Beverages categories in NielsenIQ.

4.2.2 Circana data

As a secondary source of POS data we use proprietary data from Circana, formerly the

NPD Group, provided the U.S. Census Bureau. The data consists of monthly sales and units

from 2017Q1 to 2020Q4. Circana has more than 65,000 retail stores, and includes online retailers

unlike the NielsenIQ Retail Scanner dataset. We focus on products in Circana that most closely

resembles the aggregated PCE category video, audio, photographic, and information processing

equipment and media.6 We often refer to this aggregate category as aggregate tech. We create a

concordance mapping subclasses to PCE categories to help us determine the coverage of Circana

and look at patterns of disaggregated PCE categories. There is high turnover for these products

and rich attribute detail as explained in Ehrlich et al. (2023).

6There are two PCE disaggregated categories that we exclude due to coverage issues: recording media and
computer software.
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4.2.3 Of�cial PCE Data

We use the of�cial personal consumption expenditures (PCE) and price index series pro-

vided by the U.S. Bureau of Economic Analysis (BEA) as a comparison to NielsenIQ sales and

price index series. The BEA releases of�cial statistics of real personal consumption expenditures

and price indices by detailed types of products (e.g. Bakery products, Cereals, Beef and Veal,

etc.) at the quarterly frequency. The product types are consistent with the PCE food categories

that we referred to in the previous section. For each category, we use the seasonally adjusted

quarterly data for both expenditure and price indices, and compute the real sales as before. Also,

for the three aggregate food categories, we continue to use the concordance provided by the BLS.

4.2.4 Supplemental POS Data

We use supplemental POS data for disaggregated food categories provided by NielsenIQ

and Circana (formerly IRI). The main bene�t of this data is that it covers a later time period, which

allows us to compare in�ation patterns that occurred during and after the pandemic recession.

The supplemental data from NielsenIQ covers 4-week interval data of sales and units by UPC

from 2018q1 to 2023q3. The supplemental Circana data consists of monthly sales and units from

2018q1 to 2022q3. These data are pre-grouped by the relevant data provider into approximate

PCE disaggregated categories. The supplemental NielsenIQ data roughly corresponds to four

PCE disaggregated categories: (1) cereal, (2) milk, (3) eggs, and (4) soda.7 The supplemental

Circana data roughly corresponds to roughly three PCE disaggregated categories: (1) bakery

goods, (2) coffee, and (3) soda.8 Both supplemental datasets are better at covering online sales

given than the NielsenIQ Retail Scanner dataset, which has no online coverage. The supplemental

NielsenIQ data is much richer than our baseline NielsenIQ dataset given that it covers a larger

share of the universe of sales. Speci�cally, the supplemental NielsenIQ data also has online

7NielsenIQ uses the following labels for these categories: (1) ready to eat cereal, (2) cow's milk, (3) chicken
eggs, and (4) soft drinks.

8Circana uses the following labels for these categories: (1) bakery snacks, (2) coffee, and (3) carbonated soft
drinks.
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sales that go through the store. The supplemental Circana POS data also has even richer online

coverage of �rst party sales.

4.3 Methodology

4.3.1 Concordance between NielsenIQ and PCE

In order to ensure that we compare the same set of goods between NielsenIQ and PCE

across all categories, we use a concordance provided to us by the BLS, which has a mapping

between NielsenIQ product modules and entry-level items (ELIs). ELIs are the smallest sampling

unit used by the BLS in constructing Consumer Price Index (CPI) series. All 21 food PCE

categories are aggregations of multiple ELIs, except for eggs. For example, the ELI that maps

into the PCE category eggs is FH011.9 For almost all of the disaggregated price indices that we

analyze, the Consumer Price Index for All Urban Consumers (CPI-U) is identical to the PCE

price index that we use. The potential differences arise once we aggregate given that different

weights and different formulas are used by the BEA and the BLS.

There is a duplicates issue with using the concordance provided by the BLS to map NielsenIQ

product modules to PCE categories. Given that some product modules could be mapped to more

than one ELI category, some of these product modules are mapped to multiple PCE disaggre-

gated categories. These duplicate product modules have some UPCs in one PCE category and

some UPCs in another PCE category. This issue will be revisited in Section 4.5. In order to only

include UPCs that are properly mapped to the PCE categories that we analyze, we exclude dupli-

cate product modules. This is a conservative estimate where we assume that all of the sales that

we exclude from these product modules belong entirely to the corresponding PCE food category.

9For a full mapping of ELIs to PCE categories, refer to the following BLS documentation.
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4.3.2 Correcting Store Turnover in NielsenIQ

Using the winsorized dataset at the week-store-UPC-PCE category level, we generate sales

indices in NielsenIQ. Here, we apply our own correction method to avoid potential issues at-

tributed to store coverage variations that occurred across time in NielsenIQ. There is natural store

turnover where stores enter and exit the sample over time. This would not be problematic if en-

try and exit re�ected true entry and exit of stores in the population. The retail scanner dataset

contains information from approximately 30,000-50,000 individual stores from approximately

90 retail chains, but these numbers vary by year with signi�cant changes in certain years.10 Fur-

thermore, there exists a general trend of spurious store turnover where stores enter in the �rst two

years (2006-2008) because store coverage is increasing in NielsenIQ during this period. Thus,

using the raw sales data without a correction method would lead to spurious growth in nominal

sales.

To resolve this concern, we develop and apply a correction method in the following way.

For each PCE category in a given week, we sum the UPC-level sales up to the store level and

get total sales per store. Next, for each PCE category, we identify stores that are continuously

present for two consecutive quarters. To be speci�c, we use stores having non-negative total sales

for every single week for two consecutive quarters (i.e. 26 consecutive weeks). For expositional

convenience, we refer to these stores as “continuing stores.”

We also apply a similar correction method at the retail chain level. We use the weekly-

store-UPC-PCE category data, and link it to store chain codes provided by NielsenIQ to identify

retail chains that each store belongs to. We apply the chain correction method in the same way as

the store correction method, using the total sales per chain in a given week for each PCE category

and identifying retail chains that have non-negative sales for 26 consecutive weeks. As before,

we refer to these chains as “continuing chains”. This is our preferred correction method given

that spurious entry and exit as the chain level. If a store that belongs to a chain is in the NielsenIQ

10The data version released on May 31, 2020 had a signi�cant drop in store coverage in 2017. Compared to 2011
when NielsenIQ covered 53% of the full universe food chain stores, it dropped to 26% in 2017. This was later
amended by NielsenIQ updating the data.
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sample, then typically all the stores of that chain are also in the NielsenIQ sample.

Next, for each PCE category, we restrict our sample to either the continuing stores or the

continuing chains, and aggregate the weekly store or chain sales to the quarterly frequency using

the National Retail Federation (NRF) calendar. Using the quarterly total sales, we calculate the

growth rates (log �rst difference) to the continuous store or chain sales series and build a quarter-

level index for the pairwise continuers. Note that for the initial quarter, we use total sales of all

stores or chains in the sample, and accumulate the imputed growth rates to build a quarterly sales

index. We call the �nal output, which is an imputed quarterly sales index, “store-corrected” or

“chain-corrected” sales index. We then seasonalize the series. Our main analysis is based on the

chain corrected sales series, and the store corrected series is used as robustness check.

4.3.3 Price Indices in NielsenIQ

To build quarterly price indices, we average prices across weekly transactions for each

UPC. To do so, we aggregate the weekly UPC sales and units sold to the quarterly frequency

from the raw data. Here, we acknowledge that the UPC level information is based on different

size or package units. Thus, when we compute prices at the quarterly level, we unify the package

units across all UPCs and normalize the prices to the same unit (e.g. ounces), following Hottman

et al. (2016). Note that this was done both with and without the store/chain correction method,

and the correction did not noticeably affect price indices. Our main analysis for price indices

uses the whole sample without applying either correction method.11 The price series is at the

PCE category-quarterly level, and seasonally adjusted. We display more details on price indices

in the following subsection.

4.3.3.1 Traditional Indices

For each PCE category, we construct price indices from the UPC-level quarterly price data.

As a starting point, we have used traditional price indexes, such as Laspeyres, Paasche, and

11We checked price series with the correction method as a robustness test, which is available on request.
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Tornqvist indexes. Our main focus is on the log geometric price index given by:

ln � G
t =

X

k2 Ct � 1;t

wkt ln
pkt

pkt � 1
;

wherewkt is a weight assigned to productk (typically based on the product's market share). The

setCt � 1;t is the set of all “continuing” goods that are sold both in periodt and in periodt � 1.

The expenditure share for productk is:

skt �
pkt cktP

l plt clt
(4.1)

whereckt is the quantity of goodk purchased in periodt. The Laspeyres index uses lagged

expenditure shares as weights (wkt = skt � 1), the Paasche index uses current expenditure shares

(wkt = skt ), and the Tornqvist index uses average expenditure shares (wkt = skt � 1+ skt

2 ).

4.3.4 Methodology used in PCE Estimates

The PCE estimates are only complete in benchmark years known as the Economic Census

(EC) years. A benchmark year is a year in which the benchmark Input-Output (I-O) accounts are

used to establish the level of PCE and its components during a comprehensive update. The pri-

mary sources for PCE estimates are BEA's Benchmark I-O Accounts, which are in turn based on

Census Bureau's Economic Census (EC); BEA's International Transaction Accounts; the Cen-

sus Bureau's Annual Retail Trade Survey (ARTS), Service Annual Surveys, Quarterly Service

Reports, and Monthly Retail Trade Surveys (MRTS); and the BLS Consumer Price Indexes.

The PCE Handbook Chapter 5 summarizes the methodology used to prepare the estimate

for PCE goods, in particular for the following items of our interest: Food and nonalcoholic

beverages purchased for off premises consumption.

In the benchmark year estimates are prepared using the commodity-�ow method, starting

with manufacturers' shipments from the Economic Census (EC). The commodity �ow method
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is generally used to derive estimates in EC years for various components of consumer spending,

equipment and software, and the commodity detail for state and local government consumption

expenditures and gross investment. Generally, the method begins with an estimate of the total

supply of a commodity available for domestic uses.

In nonbenchmark years excluding the most recent one the retail control method is applied

using retail sales from ARTS. Composition of goods sold largely based on scanner data from In-

formation Resources Inc. and from Fresh Look Marketing Group (acquired by IRI). This method

uses retail sales data (MRTS and ARTS), compiled by the Census Bureau, to estimate annual,

quarterly, and monthly consumer spending on most consumer goods. In these nonbenchmark

years, PCE is derived by extrapolation from the benchmark year using a retail control total of

sales by kind of business from the monthly and annual surveys. Product ratios are calculated

in the benchmark year and then these weights are extrapolated to the retail sale data by kind of

business. However, the only store type with updated ratios in nonbenchmark years within Aggre-

gated Food and Beverages is grocery stores. Similarly, the only store type with updated ratios in

nonbenchmark years in Aggregated Tech is consumer electronic stores.

This is the general process for the retail control method. However, when the BEA uses

scanner data such as for goods bought at grocery stores, the EC allocations are updated annually

using retail point of sale scanner data from Circana, formerly Information Resources, Inc. This

speci�cally means that instead of using product ratios in column 3 from the benchmark year,

extrapolated ratios are calculated from the relevant scanner data. For example, if beef comprises

10% in grocery stores in Year 1 (Economic Census), 11% in grocery stores in scanner data in

year 1, and 12% in grocery stores in the scanner data in year 2, then the extrapolated ratio would

be 10.9% for beef within grocery stores. This is calculated by multiplying economic census ratio

by the growth (10*12/11).
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4.4 Results

In this section, we document how real sales indices using POS data compares with of�cial

PCE measures. We �rst focus on the aggregated results using NielsenIQ data for Aggregate Food

and Beverages and Circana data for Aggregate Tech. We then focus on several disaggregated

categories within each of those two broad aggregates. Given differences in real sales indices

between the POS data and PCE data, we also provide external sources that validate the POS

data. Next, to better understand why PCE measures could be deviating from the POS data,

we perform a counterfactual exercise where we replicate BEA's methodology in creating sales

indices. Finally, we discuss the patterns and disparities observed between POS data and of�cial

statistics during the pandemic period and beyond.

4.4.1 Aggregated Results

In order to compare aggregated real sales between POS and of�cial PCE data, we focus

on the geometric Laspeyres de�ator to see if there are variations in underlying patterns beyond

differences in price indices. In Figure 4.1, we �nd similar patterns in real sales for Aggregate

Food between the NielsenIQ POS and PCE data based on the geometric Laspeyres price index.

However, if we had used a different de�ator such as the Tornqvist, we would have seen a 20%

growth in real sales from 2012Q1 to 2019Q3 instead of 10%. The choice of de�ator has signif-

icant implications for real sales growth. The of�cial PCE measure understates real sales growth

by using the geometric Laspeyres index.

Even though we observe similar patterns in real sales for Aggregate Food between the POS

and PCE data, there could be differences at the price index or nominal sales level. In Figure

4.2 we notice some disparities between NielsenIQ POS and PCE data emerging. Speci�cally,

the geometric Laspeyres price index relative to the PCE price index starts to diverge in 2012,

with PCE exhibiting higher in�ation than NielsenIQ until 2018. However, starting around 2015,

nominal sales indices between PCE and NielsenIQ begin to diverge, with PCE reporting higher
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growth. PCE has higher sales growth and in�ation than NielsenIQ for Aggregate Food, which

results in offsetting outcomes where real sales appear close between the POS and PCE data.

Additionally, we compare NielsenIQ with PCE in terms of their trends, high-frequency

�uctuations, and correlations for nominal sales, prices, and real sales indices. The results are

presented in the last row of Tables 4.2, 4.3, and 4.4, respectively. In Table 4.2, we observe that the

trend and overall growth pattern of sales appear similar between NielsenIQ and PCE, as indicated

by the �rst three columns. However, based on the detrended series in the fourth and last columns,

PCE exhibits smoother �uctuations than NielsenIQ. Tables 4.3 and 4.4 exhibit consistent patterns

for price and real sales indices, respectively, with real sales showing more pronounced gap in the

detrended series between NielsenIQ and PCE. These patterns are visualized in Appendix Figure

C.1. Overall, both datasets closely mirror each other at the aggregate level.

For Aggregate Tech, we have a shorter time horizon to compare POS data to PCE data:

2017Q1 to 2020Q4. In Figure 4.3, we observe signi�cant growth in real sales of Aggregate Tech

for both PCE and Circana, with 80% and 90% growth, respectively. Prior to 2020, PCE generally

reported slightly higher growth in real sales than Circana. However, relative to Circana, PCE fails

to fully capture the surge in real sales during the pandemic. After the comprehensive update to

PCE in September 2023, nominal sales in PCE for Aggregate Tech is downwardly revised. This

revision is particularly pronounced in 2020 where the increase in real sales to the revised PCE

series is closer to Circana. Despite nominal sales between PCE and the POS data getting closer

after the revision, a larger gap emerges in real sales because the POS data exhibits more de�ation

than PCE.

Similar to the decomposition of real sales for Aggregate Food, there are larger discrepan-

cies between POS and PCE in price indices and nominal sales for Aggregate Tech than in real

sales. However, the differences between the POS and PCE data are especially pronounced for

price indices in Aggregate Tech. In Figure 4.4, PCE price index reports a 20% de�ation from

2017Q1 to 2020Q4, while Circana POS data reports almost 30% de�ation during the same time

period. Figure 4.4 illustrates that before the update in September 2023, PCE was reporting al-
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most 50% growth in nominal sales, while Circana POS data reported close to 35% growth. After

the comprehensive update, PCE shows similar growth in sales as Circana. However, the similar

growth between the revised PCE nominal sales and Circana nominal sales between 2017Q1 and

2020Q4 understates the differences between both series. Speci�cally, Circana was reporting less

growth than PCE for nominal sales from 2017 to 2019, but this was mostly offset by Circana

reporting more growth than PCE for nominal sales in 2020.

4.4.2 Disaggregated Results

Once we switch to disaggregated PCE categories, we observe larger gaps in real sales

between POS and PCE data. Generally, PCE and NielsenIQ tend to track each other closely

for price indices in disaggregated food categories. Figure 4.6 illustrates that NielsenIQ closely

aligns with PCE for price indices of eggs and milk for the majority of the period from 2006Q2

to 2019Q3. However, differences begin to emerge in 2015 for both eggs and milk, where PCE

experiences more de�ation than NielsenIQ.

There are more signi�cant differences in nominal sales at the disaggregated PCE category

within Aggregate Food. Figure 4.7 highlights the discrepancies in nominal sales for eggs and

milk. For eggs, the PCE nominal sales appear too smooth relative to the NielsenIQ POS data.

For example, PCE fails to capture the substantial increase in nominal sales in 2015 during the

bird �u outbreak. The disparity between the POS and PCE data is even more pronounced for

milk. Instead of merely missing high-frequency �uctuations, PCE and NielsenIQ have different

trends starting around 2015. The PCE data shows a modest increase in sales, while NielsenIQ

scanner data indicates a decline in sales. Even after the update in September 2023, neither of

these issues is resolved.

Here again, we compare NielsenIQ with PCE in terms of their trends, high-frequency �uc-

tuations, and correlations for nominal sales, prices, and real sales indices at the disaggregated

level. We examine seven items, Cereal, Coffee and Tea, Dairy, Eggs, Milk, Other Foods, and

Soda and Juices, and report the results in Tables 4.2, 4.3, and 4.4, for nominal sales, prices, and
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real sales, respectively (see the �rst seven rows). In Table 4.2, we �nd that the similarity between

NielsenIQ and PCE (in terms of trends and general growth pattern) is lower for disaggregated

items than for aggregate food. For milk, the correlation between NielsenIQ and PCE is even neg-

ative. Furthermore, it is generally observed that PCE is smoother than NielsenIQ across all items.

Table 4.3 shows the results for price index, where NielsenIQ in general exhibits more growth than

PCE between 2008Q1 and 2019Q3, as indicated by the �rst column. Table 4.4 demonstrates that

very distinct patterns between PCE and NielsenIQ are yielded for real sales. There are even

negative correlations for cereal, milk, and eggs for both the raw series and trend. In addition,

the detrended series and �uctuations of PCE are signi�cantly different from NielsenIQ. These

differences are also evident in Appendix Figures C.2-C.8. Overall, unlike aggregate food, PCE

struggles to match NielsenIQ at the disaggregated level.

There are only six disaggregated PCE categories for Aggregate Tech as opposed to the 21

disaggregated PCE categories for Aggregate Food. One of the six PCE categories where there

are large differences between PCE and Circana POS data is photographic equipment. Figure

4.8 shows the differences in trends for price and sales indices within photographic equipment

between PCE and Circana. In Figure 4.8 the POS Circana data shows slightly over 10% de�ation

from 2017Q1 to 2020Q4, while the PCE data shows slightly under 5% in�ation over the same

time period for photographic equipment. In Figure 4.8, Circana shows slightly over a 20% decline

in nominal sales from 2017Q1 to 2020Q4, while the PCE data shows slightly over a 20% increase

in sales over the same time period for photographic equipment.

4.4.3 External Validity

In order to provide evidence that POS data does a better job of capturing real sales, partic-

ularly for nominal sales, we provide external sources that validate the patterns described by the

POS data. For example, Figure 4.9 shows external sources from the USDA that closely track the

NielsenIQ nominal sales indices. Since the USDA data only provides units, we use the PCE price

index to create a sales index. Figure 4.9 displays that PCE nominal sales missed the 2015 bird
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�u episode.12 Similarly, Figure 4.9 depicts that the external source captures the secular decline

of milk sales. NielsenIQ nominal sales also re�ect this secular decline, while PCE sales show

growth.

This external validation of nominal sales between the POS data and PCE can be applied

to cereal as well as beer. In Figure 4.10, we observe stagnant growth in NielsenIQ nominal

sales, while there are large increases for both beer and cereal PCE nominal sales. For cereal

and beer, we have two external sources. For cereal, one external source lies above NielsenIQ

nominal sales, and the other lies below NielsenIQ nominal sales. For beer we are only able to get

external sales data starting from 2014. Both of these external beer nominal sales series are closer

to the NielsenIQ series and depict lower growth than NielsenIQ. According to news articles, beer

and cereal sales experienced a slump due to changes in consumer preferences away from these

products.13

This external validation also applies to the disaggregated PCE categories within Aggregate

Tech. Speci�cally, the external source for nominal sales of photographic equipment closely lines

up with the Circana nominal sales as seen in Figure 4.11. The external source uses domestic

and foreign shipments data and, similarly to Circana, shows a decline in sales from 2017Q1 to

2020Q4. In contrast, PCE sales show growth during this time period of slightly over 20%. De-

spite the September 2023 comprehensive revision, nominal sales growth for photographic equip-

ment was not signi�cantly reduced.

4.4.4 Counterfactual Exercise

In several cases at the disaggregated PCE category level, PCE fails to accurately capture

real sales patterns. This is particularly evident for nominal sales, given the larger differences

between the POS and PCE data. In this section, we document how the BEA creates sales indices

and highlights limitations with their approach.
12According to a GAO report, the 2015 bird �u episode led to 43 million layers, birds that lay eggs, to be culled.
13A Bloomberg article cites Americans substituting away from cereal to other breakfast items as the reason for

the slump in cereal sales. Similarly, a CNN Business article cites Americans substituting away from beer to other
products such as spiked seltzer.

106



The PCE has benchmark years, which correspond to Economic Census (EC) years. An

EC occurs every �ve years. However, there can be a substantial lag between when an EC occurs

and when its results are incorporated in the PCE nominal sales. For example, the 2017 EC

was not incorporated into PCE estimates until September 2023. As can be seen in Figure 4.2,

there were meaningful upward revisions to Aggregate Food starting in 2013, the year after the

previous benchmark year. After September 2023, 2017 becomes the current benchmark year,

and all subsequent years are nonbenchmark years until the 2022 EC gets incorporated into PCE

estimates.

Not only are there issues with lags in the incorporation of EC data, but there is also a con-

cordance issue between PCE categories and EC categories. Table 4.1 shows that EC categories

tend to be more aggregated than PCE categories, particularly for food items. For example, an

EC category is “eggs and dairy”, which comprises three PCE categories: eggs, dairy, and milk.

This makes it more challenging to capture economic trends at the PCE category level, since the

EC directly shows sales growth at the aggregated level. Furthermore, even if the EC were able

capture egg sales in 2017, it would miss the surge in egg sales in 2015 as a result of the 2015 bird

�u. The BEA's approach of using the EC leads to nominal sales that are too smooth, particularly

in nonbenchmark years.

In nonbenchmark years, the BEA employs a share approach, which is based on store type.

For example, within food categories, store types could include grocery stores, convenience stores,

and warehouse clubs. However, only the share for grocery stores is updated within food cate-

gories. All other shares, such as convenience stores, remain �xed to the most recent benchmark

year. That means that PCE nominal sales estimates prior to September 2023 for 2023Q2 were

using weights from 2012, except for grocery store types. For grocery store type, the BEA uses

scanner data from Circana (formerly IRI) to update nominal sales in nonbenchmark years.

Given the information on how the BEA updates its nominal sales data, we replicate their

methodology for a few disaggregated PCE categories. In Figure 4.12, we �nd that the replication

of the BEA methodology leads to much closer estimates to PCE than NielsenIQ for both eggs and
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milk. In order to replicate the BEA methodology, we separate sales by store type (i.e. grocery

stores or mass merchandisers). Then, we measure the annual share of the aggregated EC cate-

gory, eggs and dairy, in every year starting from 2012 (average from 4 quarters) from Food and

Beverages for grocery stores. We also estimate the share of each EC category in 2012 (average

from 4 quarters) from Food and Beverages for all other store types.14 Finally, we sum the sales

across all store types.

We are able to create counterfactual exercises using NielsenIQ. However, we cannot pre-

cisely replicate the BEA approach with Circana because we lack store type information. The

BEA employs a similar approach for PCE categories in Aggregate Tech, updating only consumer

electronic store types (instead of updating grocery store types only). They continue to use POS

data to update consumer electronic store types, sourced from Circana (formerly NPD). Follow-

ing this process, Figure 4.13 shows what happens with two different counterfactual exercises for

photographic equipment. One uses the annual share of photographic equipment and updates an-

nually, while the other series locks shares to 2017 levels. The counterfactual �xing 2017 shares

gets closer to PCE estimates. However, this counterfactual exercise is not an ideal replication due

to the lack of Circana data prior to 2017Q1 and the absence of store type information.

4.4.5 Disaggregated Sales Affect Aggregate Prices

In this section, we document how disaggregated nominal sales affect aggregate price in-

dices. Speci�cally, we focus on PCE Food and Nonalcoholic Beverages, which is composed of

18 disaggregated series. Even if price indices are being measured correctly at the disaggregated

level, price indices at the aggregate level could be unrepresentative if the expenditure weights

employed are wrong.

In Figure 4.14, we plot eight price indices for Food and Nonalcoholic Beverages from

2006q2 to 2019q3. Four price indices are of�cial price indices: (1) PCE Price Index (August

2023 revision), (2) PCE Price Index (September 2023 revision), (3) BLS Consumer Price Index

14These 2012 shares for non-grocery stores are not updated in order to be consistent with the BEA procedure.

108



(CPI), and (4) BLS Chained Consumer Price Index. We use the geometric Laspeyres price index

constructed from POS data as a �fth series. The remaining three price indices are counterfac-

tual PCE price indices where we use alternative weights or aggregation methods: (1) PCE with

PCE Divisia weights, (2) PCE with NielsenIQ Divisia weights, and PCE with PCE weights and

Fisher aggregation. One should note that the PCE and CPI use different aggregation methods.

Speci�cally, the CPI is based on a Laspeyres formula, while PCE is based on a Fisher formula.15

Five of the eight series in Figure 4.14 are indistinguishable from each other: (1) PCE

Price Index (August 2023 revision), (2) PCE Price Index (September 2023 revision), (3) BLS

Consumer Price Index (CPI), (4) PCE with PCE Divisia weights, and (5) PCE with PCE weights

and Fisher aggregation. There are three series that noticeably diverge from these �ve series: (1)

BLS Chained Consumer Price Index, (2) PCE with NielsenIQ Divisia weights, and (3) NielsenIQ

geometric Laspeyres. The Chained CPI reports the lowest cumulative in�ation by the end of the

sample followed by the PCE with NielsenIQ Divisia weights.

The Chained CPI uses the Tornqvist index formula for upper-level aggregation, while the

CPI employs a Laspeyres index formula. From a theoretical perspective, Tornqvist weights are

preferred to Laspeyres weights because Tornqvist weights allows more �exibility in adapting to

consumption basket changes. Consequently, Tornqvist weights exhibit less substitution bias than

Laspeyres weights. According to the BLS, they view the Chained CPI as a superlative index that

better approximates a cost of living index than the CPI.16 Given that our PCE with NielsenIQ

Divisia weights price index better approximates the Chained CPI, we can see that the weights

employed from the disaggregated series affect aggregate in�ation at the Food and Nonalcoholic

Beverages level.17

15For more details between PCE and CPI, see this BLS report.
16See the BLS response comparing the CPI and C-CPI on their website.
17We use Food and Nonalcoholic Beverages in this exercise to have similar consumption baskets between the CPI

and BLS that excludes food away from home.
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4.4.6 Patterns in the Pandemic and Its Aftermath

In this section, we document additional patterns observed over the pandemic period and

beyond, using the two types of POS data and PCE series. The POS datasets consist of NielsenIQ

and Circana IRI as before, but these are different datasets from what we have used in the main

analysis. These data are from the same providers as the baseline datasets but span a more recent

yet more limited time period.

Using the datasets, we compute seasonally-adjusted series of nominal sales, traditional

prices, and real sales indices for each item at the quarterly level. Figures 4.15 and 4.16 illus-

trate the annual in�ation rates and price indices, respectively, for cereal, milk, eggs, and soda in

NielsenIQ and PCE. Generally we �nd that the PCE data reported higher in�ation starting in the

second quarter of 2020 and underreported the surge in in�ation that started in 2020. This period

is when we see consistently the largest differences in in�ation between of�cial statistics and POS

data within Food and Beverages. Potentially, the of�cial statistics were not well equipped to han-

dle the pandemic shock where �eld collection was no longer possible.18 Furthermore, there was

a large shift in this period in the share of products purchased online, which would be dif�cult

for of�cial statistics to measure given the lagged expenditure weights. Another issue during this

period is the lagging store type weights, which are only updated through the Economic Census.

In Figure 4.15, we see in�ation surge during 2021 and 2022 for both NielsenIQ and PCE

data. However, in 2021 in�ation surges more in NielsenIQ POS data than in PCE, except for

cereal. For instance, based on the geometric Laspeyres index, NielsenIQ in�ation for eggs was

51.2% while PCE shows 36.8% on average in 2022. More details can be found in Table 4.5.

Interestingly, for cereal, NielsenIQ exhibits less in�ation than PCE prior to the surge, and price

levels also remain higher for PCE than NielsenIQ.

Figure 4.17 presents the nominal sales indices for the same set of items in both NielsenIQ

and PCE. In general, PCE displays less volatility and does not capture high-frequency variation

well. For instance, PCE sales for eggs entirely missed the bird �u case in late 2022, unlike

18See this BLS documenation on the COVID-19 pandemic on CPI data.
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NielsenIQ. Furthermore, there was a benchmark revision in PCE in September 2023, where PCE

was benchmarked to 2012 Economic Census prior to September 2023, and the updated version

was benchmarked to 2017 Economic Census from September 2023. This primarily impacts nom-

inal sales and is re�ected in the gap between the two PCE series in this �gure.

Figure 4.18 displays the counterparts for real sales. There exists a notable gap between

NielsenIQ and PCE real indices across all item. In particular, PCE shows discrepancies in real

growth, which are mainly attributed to missing in�ation, as well as the high frequency volatility

and trends of nominal sales.

We do the same exercises for other food items, such as bakery goods and coffee, comparing

Circana and PCE. The results are consistent, as presented in Figure 4.19. In�ation shows a greater

surge in 2022 in NielsenIQ related to PCE for both items. For instance, bakery goods exhibit

15.1% in�ation relative to 12.4% in PCE. Furthermore, the similar pattern holds for nominal

sales, where PCE does not track well high-frequency variations as observed in Circana. This

impacts the growth path of real sales in the similar fashion, driven by PCE not able to capture

in�ation, volatility, and trends of nominal sales as shown in Circana.

4.5 Limitations of POS data

While the POS data offer numerous advantages that we leverage to improve of�cial statis-

tics, there are remaining limitations of using it.

First, the coverage of the data is not perfect and varies across datasets. For instance, the

NielsenIQ Retail Scanner dataset provides comprehensive coverage for food items at grocery

stores or general merchandise stores but lacks coverage of online retail. This discrepancy may

be particularly pronounced during the period from 2012 to 2017, when e-commerce experienced

rapid emergence and growth. Conversely, Circana provides extensive coverage of online retail

and is not subject to this issue. The supplemental data is also not subject to this critique.

Second, while the scanner data in NielsenIQ includes products labeled with a UPC, it lacks

non-UPC products like meat, fruits, and vegetables that are weighed at the counter (referred to
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as “magnet data”).19 In Figure 4.20, we present the sales ratio of NielsenIQ to PCE for each

food item, where the sales index is normalized at 2012Q1, and the ratio is taken at 2019Q3.

NielsenIQ exhibits similar coverage to PCE for most items, except for Fresh Fruit, Poultry, and

Beef and Veal, which may be attributed to the magnet item coverage. However, it's noteworthy

that other meat categories, such as Pork or Other Meats, are less affected by this issue, indicating

heterogeneity in sensitivity to the magnet issue across different food items. To mitigate potential

bias stemming from this issue, we conduct robustness checks by excluding relevant food items

related to meat, fruits, and vegetables from analyses for aggregate foods. The results remain

largely unchanged.

Third, NielsenIQ has time-varying store coverage depending on its contract with each store,

which can lead to store turnover attributed to each contract renewal. In essence, some stores enter

and exit the sample due to these renewals, potentially not accurately re�ecting the true entry and

exit of stores in the population. One feature of these contract renewals is that stores get added or

removed at the chain level, which is why our preferred correction method is at the chain level.

This chain correction method resolves the spurious entry and exit of stores from the sample. As

a robustness check, we apply this correction method at the store level as well and �nd consistent

results.

Fourth, the current concordance between NielsenIQ and PCE is at the disaggregated level,

using NielsenIQ product modules and entry-level items (ELIs) in BLS, to try to compare the same

set of goods as much as possible. However, this concordance may not be perfect as mentioned

before, there are duplicate product modules in NielsenIQ that are mapped into more than one PCE

category. For the baseline analysis, we drop these duplicate product modules. These duplicate

product modules account for less than 10% in each PCE category with the exception of eggs and

milk. We have conducted robustness checks whre we include these duplicate product modules

and �nd similar results.,20

19The magnet data began to be incorporated into the scanner data in 2020 or 2021, so we expect an improvement
in coverage for recent years. Additionally, unlike the scanner data, the consumer panel in NielsenIQ includes the
magnet data, which can be an avenue for checking robustness.

20For instance, milk comprises two duplicate modules out of �ve product modules. One of these duplicates
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Lastly, unlike NielsenIQ, Circana data have a limited sample duration of four years and

do not track store types. This short sampling period is not optimal for seasonalization using

methods like X-13 ARIMA SEATS, which is necessary for comparison with PCE that is always

seasonalized. Furthermore, Circana masks certain products, by only providing their sales (instead

of prices, quanities, and attributes). These masked items do not affect sales since they are being

included, but might affect our price indices. This limitation could pose a larger challenge for

hedonic price indices, particularly as we rely on the attributes of item-level products.

4.6 Concluding Remarks

In this chapter, we conduct a comparative analysis of prices, nominal sales, and real sales

between of�cial statistics and measures derived from item-level transactions data and explore

potential improvements in of�cial statistical methodology. Our study highlights signi�cant dis-

parities between these two sets of measures, with the discrepancies largely stemming from the

methodology used by of�cial statistics. These of�cial measures rely on multiple surveys and sta-

tistical sources that often suffer from long lags, resulting in outdated information regarding output

composition. Our �ndings indicate that the PCE data is smoother than the item-level transaction

data and often fails to capture high-frequency variations, such as the 2015 bird �u episode. These

discrepancies are mainly observed at the disaggregated level for both trends and �uctuations and

are mitigated at the aggregate level. Furthermore, we provide external validation for the transac-

tions data by con�rming their consistency with external sources when their nominal sales trends

diverge signi�cantly from of�cial statistics. Our counterfactual exercises, which replicate the

methodology used in of�cial statistics, reveal similar patterns between of�cial nominal sales and

item-level transactions data, even in cases where their trends exhibit notable differences.

Furthermore, we document that although in�ation patterns within Food and Beverages are

shows a sales share that increases over time, surpassing 10% after around 2012. Upon closer examination of the
composition of the duplicate modules, they likely represent plant-based milk and its increasing demand over time.
This trend is absent in the current concordance, unlike PCE, which includes plant-based milk items. Nevertheless,
we observe that the overall pattern of sales index for milk remains largely similar even after incorporating the two
duplicate modules.
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similar between the POS data and PCE data, noticeable differences emerge during the pandemic.

The infrastructure of of�cial statistics was poorly equipped to handle a pandemic when personal

visits by statistical agencies ceased in conjunction with large changes in expenditure weights

across store types. Monetary policy in the United States was slow to respond to in�ation by

waiting until 2022 to increase the federal funds rate. Monetary policy may have responded more

quickly during the recession had they known the true extent of in�ation. Despite some remaining

limitations in the use of item-level transactions data, this chapter could serve as a catalyst for

discussions among researchers, policymakers, and statisticians on how to enhance the accuracy

and timeliness of economic statistics.

A Figures

Figure 4.1: Real Sales Index for Aggregated Food

Note: The �gure represents the real sales indices from 2006q2 to 2019q3 using NielsenIQ data in comparison to
of�cial PCE measures for aggregated Food and Beverages. For the NielsenIQ data we create eight different real
sales indices by de�ating nominal sales by eight different price indices. We use three traditional price indices:
geometric Laspeyres, geometric Paasche, and Tornqvist. We use two demand-based price indices: Sato-Vartia
and Sato-Vartia Feenstra-adjusted. We use four hedonic price indices based on the other price indices except the
Sato-Vartia price index.
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Figure 4.2: Real Sales Decomposition for Aggregated Food

Price Index Sales Index
Note: These �gures represent the price indices and nominal sales indices from 2006q2 to 2019q3 using NielsenIQ
data in comparison to of�cial PCE measures for aggregated Food and Beverages. The panel on the left has PCE
of�cial price index in addition to eight different price indices computed using NielsenIQ data. The panel on
the right has nominal sales from PCE and NielsenIQ. There are two versions for of�cial PCE series to re�ect a
version prior to the 2023 comprehensive update and a version after the update. In this and subsequent �gures
comparing NielsenIQ results to of�cial series, we often useNielsenas a shorthand for expositional convenience
in the labels in the legend.
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Figure 4.3: Real Sales Index for Aggregated Tech

Note: The �gure represents the real sales indices from 2017q1 to 2020q4 using Circana data in comparison to of-
�cial PCE measures for aggregated Video, Audio, Photographic, and Other Information Processing Equipment.
The Circana and PCE data exclude software and recordings from this aggregated category. For the Circana
data we create 3 different real sales indices by de�ating nominal sales by 83different price indices. We use 2
traditional price indices: geometric laspeyres and Tornqvist. The third price index is the hedonic Tornqvist price
index.

Figure 4.4: Real Sales Decomposition for Aggregated Tech

Price Index Sales Index
Note: These �gures represent the price indices and nominal sales indices from 2017q1 to 2020q4 using Circana
data in comparison to of�cial PCE measures for aggregated Food and Beverages. The panel on the left has PCE
of�cial price index in addition to three different price indices computed using Circana data. The panel on the
right has nominal sales from PCE and Circana. There are two versions for of�cial PCE series to re�ect a version
prior to the 2023 comprehensive update and a version after the update.
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Figure 4.5: Real Sales Index for Disaggregated Food PCE Categories

Eggs Milk
Note: These �gures represent real sales indices from 2006q2 to 2019q3 using NielsenIQ data in comparison to
of�cial PCE measures for two disaggregated PCE food categories: eggs and milk. The panel on the left has real
sales indices for eggs. The panel on the right has real sales indices from milk. Each panel has eight series. Seven
series are different price indices created using NielsenIQ POS data. The eight series is the of�cial PCE price
index.

Figure 4.6: Disaggregated Food PCE Categories (Price Index)

Eggs Milk
Note: These �gures represent price indices from 2006q2 to 2019q3 using NielsenIQ data in comparison to
of�cial PCE measures for two disaggregated PCE food categories: eggs and milk. The panel on the left has price
indices for eggs. The panel on the right has price indices from milk. Each panel has eight series. Seven series
are different price indices created using NielsenIQ POS data. The eight series is the of�cial PCE price index.
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Figure 4.7: Disaggregated Food PCE Categories (Nominal Sales Index)

Eggs Milk
Note: These �gures represent nominal sales indices from 2006q1 to 2019q3 using NielsenIQ data in comparison
to of�cial PCE measures for two disaggregated PCE food categories: eggs and milk. The panel on the left has
nominal sales for eggs. The panel on the right has nominal sales from milk. Each panel has three series: two
series for PCE nominal sales and one series for NielsenIQ sales. There are two versions for of�cial PCE series
to re�ect a version prior to the 2023 comprehensive update and a version after the update.

Figure 4.8: Disaggregated Tech: Photographic Equipment

Price Index Sales Index
Note: These �gures represent the price indices and nominal sales indices from 2017q1 to 2020q4 using Circana
data in comparison to of�cial PCE measures for a disaggregated tech category: photographic equipment. The
panel on the left has PCE of�cial price index in addition to three different price indices computed using Circana
data. The panel on the right has nominal sales from PCE and Circana. There are two versions for of�cial PCE
nominal sales indices to re�ect a version prior to the 2023 comprehensive update and a version after the update.
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Figure 4.9: External Validity: Nominal Sales Index (Food)

Eggs Milk
Note: These �gures represent annual nominal sales indices from 2006 to 2018 using NielsenIQ data in com-
parison to of�cial PCE measures for two disaggregated PCE food categories: eggs and milk. In addition to the
POS and of�cial PCE series, we provide nominal sales series based on units of eggs from the USDA and PCE
price index. The panel on the left has nominal sales for eggs. The panel on the right has nominal sales for
milk. Each panel has four series: two series for PCE nominal sales, one series for NielsenIQ sales, and one
external series from the USDA. There are two versions for of�cial PCE series to re�ect a version prior to the
2023 comprehensive update and a version after the update.

Figure 4.10: External Validity: Nominal Sales Index (Food)

Cereal Beer
Note: These �gures represent quarterly nominal sales indices from 2006q1 to 2019q3 using NielsenIQ data in
comparison to of�cial PCE measures for two disaggregated PCE food categories: cereal and beer. In addition
to the POS and of�cial PCE series, we provide external sources for nominal sales. We provide external sources
from General Mills (2010q1 to 2019q3) and Lux (2006q1 to 2016q4) for cereal nominal sales. We provide
external sources from the Beer Institute (2014-2018) and Tax and Trade Bureau (TTB) (2012q1 - 2019q3) for
beer nominal sales. We use the PCE price index for beer to convert the TTB series from quantities produced
to sales indices. The panel on the left has nominal sales for cereal. The panel on the right has nominal sales
for beer. Each panel has four series: two series for PCE nominal sales, one series for NielsenIQ sales, and one
external series from the USDA. There are two versions for the of�cial PCE series to re�ect a version prior to the
2023 comprehensive update and a version after the update.
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Figure 4.11: External Validity: Nominal Sales Index (Photo)

Note: This �gure represents nominal sales indices from 2017q1 to 2020q4 using Circana data in comparison
to of�cial PCE measures for a disaggregated tech category: photographic equipment. The panel on the left has
PCE of�cial price index in addition to 3 different price indices computed using Circana data. There are four
series: two series for PCE nominal sales, one series for NielsenIQ sales, and one external series from the M3
survey. There are two versions for of�cial PCE series to re�ect a version prior to the 2023 comprehensive update
and a version after the update.

Figure 4.12: Counterfactual Exercise: Nominal Sales Index (Food)

Eggs Milk
Note: These �gures represent nominal sales indices from 2012q4 to 2018q4 using NielsenIQ data in comparison
to of�cial PCE measures for two disaggregated PCE food categories: eggs and milk. The panel on the left has
nominal sales for eggs. The panel on the right has nominal sales from milk. Each panel has four series: two
series for PCE nominal sales and two series for NielsenIQ sales. There are two versions for of�cial PCE series to
re�ect a version prior to the 2023 comprehensive update and a version after the update. There are two versions
of NielsenIQ to re�ect a version created using the BEA approach and the other re�ects our standard approach.
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Figure 4.13: Counterfactual Exercise: Nominal Sales Index (Photo)

Note: This �gure represents nominal sales indices from 2017q4 to 2020q4 using Circana data in comparison
to of�cial PCE measures for a disaggregated PCE food categories: photographic equipment. There are �ve
series: two series for PCE nominal sales and three series for NielsenIQ sales. There are two versions for of�cial
PCE series to re�ect a version prior to the 2023 comprehensive update and a version after the update. There
are three versions of NielsenIQ to re�ect two versions approximating the BEA approach and the other re�ects
our standard approach. The two approximations are created using a simple annual average of the photographic
equipment share of aggregated tech and the other is the initial 2017 share of aggregated tech.

121



Figure 4.14: Counterfactual Aggregation Methods (Food)

Note: This �gure represents price indices for Food and Nonalcoholic beverages from 2006q2 to 2019q3. There
are �ve standard series: (1) PCE (Aug. 2023), (2) PCE (Sep. 2023), (3) CPI (of�cial), (4) C-CPI (of�cial), and
(5) NielsenIQ (Laspeyres). CPI corresponds to the BLS Consumer Price Index and C-CPI corresponds to the
BLS Chained Consumer Price Index. To emphasize the importance of nominal sales of disaggregated series,
we construct three counterfactual series: (1) PCE (PCE Dv), (2) PCE (NielsenIQ Dv), and PCE (Fisher). These
counterfactual series take the 18 PCE disaggregated price indices and uses three different aggregation method
or weight. Speci�cally PCE (PCE DV) uses PCE nominal sales as divisia weights, PCE (NielsenIQ Dv) uses
NielsenIQ nominal sales as divisia weights, and PCE (Fisher) uses PCE nominal sales with a Fisher method of
aggregation.
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Figure 4.15: YOY Rates of In�ation over the Pandemic Period

Cereal Milk

Eggs Soda
Note: This �gure represents year-over-year rates of in�ation from 2019q1 to 2023q3 using NielsenIQ data in
comparison to of�cial PCE measures for a disaggregated PCE food categories: cereal, milk, eggs, and soda.
There are four series: three series for NielsenIQ in�ation and one series for PCE in�ation. The PCE series is
based on the February 2024 version. The three NielsenIQ in�ation indices are based on Tornqvist, geometric
Laspeyres and Paasche price indices.
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Figure 4.16: Price Indices over the Pandemic Period

Cereal Milk

Eggs Soda
Note: This �gure represents price indices from 2018q1 to 2023q3 using NielsenIQ data in comparison to of�cial
PCE measures for a disaggregated PCE food categories: cereal, milk, eggs, and soda. There are four series: three
series for NielsenIQ and one series for PCE indices. The PCE series is based on the February 2024 version. The
three NielsenIQ price indices are based on Tornqvist, geometric Laspeyres and Paasche price indices.
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Figure 4.17: Nominal Sales Indices over the Pandemic Period

Cereal Milk

Eggs Soda
Note: This �gure represents nominal sales indices from 2018q1 to 2023q3 using NielsenIQ data in comparison
to of�cial PCE measures for a disaggregated PCE food categories: cereal, milk, eggs, and soda. There are three
series: one series for NielsenIQ and two series for PCE indices. There are two versions for PCE series based on
February 2024 or August 2023.
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Figure 4.18: Real Sales Indices over the Pandemic Period

Cereal Milk

Eggs Soda
Note: This �gure represents price indices from 2018q1 to 2023q3 using NielsenIQ data in comparison to of�cial
PCE measures for a disaggregated PCE food categories: cereal, milk, eggs, and soda. There are �ve series: three
series for NielsenIQ and two series for PCE indices with different versions (February 2024 or August 2023).
The three NielsenIQ price indices are based on Tornqvist, geometric Laspeyres and Paasche price indices.
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Figure 4.19: Price, Nominal, Real Sales Indices over the Pandemic Period (Circana)

In�ation: Bakery Goods Nominal Sales: Bakery Goods

Real Sales: Bakery Goods In�ation: Coffee

Nominal Sales: Coffee Real Sales: Coffee
Note: This �gure represents price, nominal, and real sales indices from 2018q1 to 2022q3 using Circana data
in comparison to of�cial PCE measures for a disaggregated PCE food categories: bakery goods and coffee.
There are �ve series for each food item: three series for NielsenIQ and two series for PCE indices with different
versions (February 2024 or August 2023). The three NielsenIQ price indices are based on Tornqvist, geometric
Laspeyres and Paasche price indices.
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Figure 4.20: Sales Ratio of NielsenIQ to PCE

Note: This �gure represents the ratio of nominal sales of the NielsenIQ Retail Scanner Panel to the PCE for each
disaggregated PCE food category. The measure is calculated in 2019q3, divided by the parallel ratio calculated
in 2012q1. This bar indicates how faster the sales grows in NielsenIQ is relative to the PCE over this time period.
(e.g., the values equal to one mean the sales in NielsenIQ grew at the same rate as the PCE over 2012q1-2019q3;
the values less (greater) than one indicate the slower (faster) growth rates in NielsenIQ compared to PCE.)
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B Tables

Table 4.1: Concordance between Economic Census (EC) and PCE

EC Category PCE category

Eggs and Dairy (except ice cream) Eggs
Eggs and Dairy (except ice cream) Dairy
Eggs and Dairy (except ice cream) Milk
Food Dry Goods and Other Foods Cereals
Food Dry Goods and Other Foods Other Foods
Food Dry Goods and Other Foods Fats and Oils
Food Dry Goods and Other Foods Processed Fruits and Vegetables

TVs and TV Equipment TVs
Computers and Peripheral Equipment PCs/Tablets and Peripheral Equipment

Note: This table provides a mapping of Economic Census (EC) categories to PCE categories. EC categories are
more aggregated than PCE categories in general. This is particularly true for food categories.
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Table 4.2: NielsenIQ vs PCE (food, nominal sales)

Item Ratio Corr Corr Corr Ratio Ratio
(NielsenIQ/PCE) (trend) (detrended) (SD) (detrended SD)

Cereal 0.7266 0.4317 0.4375 0.7202 0.3816 1.0511
Coffee and Tea 0.7981 0.9698 0.9835 0.2415 0.6903 1.8146

Dairy 0.9358 0.9808 0.9873 0.7772 0.7835 1.0230
Eggs 0.7267 0.6712 0.8265 0.5878 1.4158 4.2136
Milk 0.6870 -0.3471 -0.9827 0.8823 1.5227 1.7611

Other Foods 0.8726 0.9877 0.9923 0.5576 0.6770 1.1679
Soda and Juices 0.9449 0.8903 0.9134 0.7514 0.8908 1.2597

Food and Beverages 0.9038 0.9700 0.9782 0.7191 0.7393 1.4015

Note: This table presents a set of summary statistics comparing NielsenIQ and PCE nominal sales indices
normalized at 2008q1. For each food item, “Ratio (NielsenIQ/PCE)” indicates the ratio of NielsenIQ to PCE
indices evaluated at 2019q3 (same as the numbers shown in Figure 4.20), “Corr” refers to the quarterly corre-
lation between NielsenIQ and PCE series, “Corr (trend or detrended)” shows the quarterly correlation between
the trends or detrended series of NielsenIQ and PCE, respectively,“Ratio (SD)” denotes the ratio of the quarterly
standard deviation of NielsenIQ to that of PCE, and “Ratio (detrended SD)” represents the ratio of the quarterly
standard deviation of the detrended NielsenIQ series to that of PCE.

Table 4.3: NielsenIQ vs PCE (food, price)

Item Ratio Corr Corr Corr Ratio Ratio
(NielsenIQ/PCE) (trend) (detrended) (SD) (detrended SD)

Cereal 1.0653 0.9189 0.9291 0.8962 0.9844 0.8096
Coffee and Tea 0.9941 0.9757 0.9804 0.9526 1.4057 1.4161

Dairy 1.0692 0.9619 0.9750 0.9456 1.1471 0.8463
Eggs 1.2416 0.8409 0.8777 0.8987 0.7351 0.4888
Milk 1.1173 0.6841 0.5828 0.9508 1.1444 0.7475

Other Foods 1.0689 0.9764 0.9821 0.8966 1.2727 0.9420
Soda and Juices 1.1166 0.9283 0.9592 0.8289 1.8718 0.9494

Food and Beverages 1.0186 0.9850 0.9938 0.8753 0.9639 1.0262

Note: This table presents a set of summary statistics comparing NielsenIQ and PCE geometric Laspeyres indices
normalized at 2008q1. For each food item, “Ratio (NielsenIQ/PCE)” indicates the ratio of NielsenIQ to PCE
indices evaluated at 2019q3 (the counterpart to Figure 4.20 for price), “Corr” refers to the quarterly correlation
between NielsenIQ and PCE series, “Corr (trend or detrended)” shows the quarterly correlation between the
trends or detrended series of NielsenIQ and PCE, respectively,“Ratio (SD)” denotes the ratio of the quarterly
standard deviation of NielsenIQ to that of PCE, and “Ratio (detrended SD)” represents the ratio of the quarterly
standard deviation of the detrended NielsenIQ series to that of PCE.
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Table 4.4: NielsenIQ vs PCE (food, real sales)

Item Ratio Corr Corr Corr Ratio Ratio
(NielsenIQ/PCE) (trend) (detrended) (SD) (detrended SD)

Cereal 0.6821 -0.9281 -0.9831 0.0754 0.6835 0.8835
Coffee and Tea 0.8028 0.9768 0.9945 0.0926 0.6383 1.2137

Dairy 0.8752 0.9074 0.9377 0.0798 0.4854 0.5905
Eggs 0.5854 -0.6648 -0.3902 -0.8235 0.7337 0.7071
Milk 0.6149 -0.5294 -0.5910 -0.6470 1.9350 0.7568

Other Foods 0.8164 0.9210 0.9882 0.5163 0.2630 0.9876
Soda and Juices 0.8462 0.2846 0.2190 0.4845 0.3905 1.0266

Food and Beverages 0.8873 0.9145 0.9519 0.3195 0.4989 1.1712

Note: This table presents a set of summary statistics comparing NielsenIQ and PCE real sales indices (based on
geometric Laspeyres) normalized at 2008q1. For each food item, “Ratio (NielsenIQ/PCE)” indicates the ratio
of NielsenIQ to PCE indices evaluated at 2019q3 (the counterpart to Figure 4.20 for real sales), “Corr” refers
to the quarterly correlation between NielsenIQ and PCE series, “Corr (trend or detrended)” shows the quarterly
correlation between the trends or detrended series of NielsenIQ and PCE, respectively,“Ratio (SD)” denotes the
ratio of the quarterly standard deviation of NielsenIQ to that of PCE, and “Ratio (detrended SD)” represents the
ratio of the quarterly standard deviation of the detrended NielsenIQ series to that of PCE.

Table 4.5: Comparison of YOY Rates of In�ation (NielsenIQ vs PCE)

Cereal Milk Eggs Sodas

Year PCE NielsenIQ PCE NielsenIQ PCE NielsenIQ PCE NielsenIQ

2019 0.5% 0.5% 3.2% 3.5% -10.1% -12.5% 2.6% 4.4%
2020 2.0% 0.0% 5.3% 4.6% 4.8% 4.8% 4.9% 4.4%

2021 2.0% 0.0% 3.7% 4.6% 5.7% 3.7% 2.9% 7.4%

2022 14.5% 12.8% 14.3% 14.8% 36.8% 51.2% 11.3% 14.9%

2023 7.9% 9.3% 0.2% -3.2% 3.7% -1.8% 8.2% 14.9%

Note: This table compares the yearly in�ation rates between PCE and NielsenIQ for the years 2019 to 2023.
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Chapter A: Appendix to Chapter 2

A Additional Robustness Checks

A.1 Republican Governor and Republican Vote Share

In my preferred speci�cation for my consumption analysis, I have state �xed, day �xed

effects, and the 2016 presidential Republican vote share interacted with Post as controls. In

Table B.1, instead of using the 2016 presidential Republican vote share as a control, I use the

Republican governor. Unlike the 2016 Republican vote share, there are statistically signi�cant

differences in Republican governor between COBOL and non-COBOL states. Columns 2 and 3

are signi�cant at the 5 percent level and have a marginally higher point estimate, 3.0 ppt. relative

decrease, than the baseline case with the Republican vote share. Columns 4 and 5 that introduce

the state characteristics interacted with post noticeably decrease the point estimates to 2.1 ppt.

and 2.0 ppt., respectively. These results are signi�cant at the 10 percent level. I prefer using

Republican vote share over Republican governor given that Republican vote share is a continuous

variable while Republican governor is a binary variable.

However, one could view the Republican vote share and Republican governor as pick-

ing up different sources of variation. Republican vote share could capture COVID-19 cautious-

ness, while the Republican governor could capture different policies implemented during the

pandemic. In table B.2 I use the Republican governor and Republican vote share as controls

simultaneously. My results are robust across all speci�cations. The point estimates range from a

2.1 ppt decline to a 2.6 ppt. decline in speci�cations with controls other than �xed effects. All

speci�cations are all signi�cant at the 10 percent level and have have similar point estimates to
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the version without Republican governor. These new point estimates are slightly lower than the

baseline, but are not statistically different than the baseline.

A.2 Randomization Inference

As another robustness check, I perform randomization inference where I conduct a per-

mutation test. Speci�cally, I randomly assign COBOL status to 28 states 1,000 times and then

run my preferred speci�cation, column 2 of Table 2.2, with this random assignment of treatment.

The speci�cation has relative card consumption as the dependent variable, day �xed effects, state

�xed effects, and 2016 Republican vote share interacted with Post. The treatment is the product

of Post and the simulated COBOL variable. Post is a binary variable that takes the value of 1 after

March 13 independent of the iteration. The simulated COBOL variable assigns COBOL status to

28 out of the 50 states and which 28 states are selected varies depending on the iteration. Similar

to my regression results, I applied population weights. Figure B.1 shows that the permutation

test yields signi�cant results at the 10 percent level. The other speci�cations in Table 2.2 are all

signi�cant at the 10 percent level.1

A.3 Other Pandemic Transfer Programs

One concern one may have is that COBOL usage in UI bene�t systems is correlated with

other pandemic transfer programs, and that these transfer programs may well have had an inde-

pendent effect on consumption. I focus on three pandemic transfer programs that were in effect

in 2020: Paycheck Protection Plan (PPP), Economic Impact Payments (EIP), and Supplemental

Nutrition Assistance Program (SNAP). As Faulkender et al. (2023) show PPP was intricately con-

nected to UI given that PPP was partially implemented to help alleviate the stress that UI bene�t

systems were undergoing during the pandemic recession. SNAP and EIP were large pandemic

transfer programs that were income based where high income earners were less likely to be el-

igible or at least eligible for lower amounts. EIP and PPP were federal programs, while SNAP

1Available upon request.
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is a state administered program. The data for the PPP loans is provided by the U.S. Small Busi-

ness Administration.2 The data on the EIP is provided by the Internal Revenus Service's (IRS)

Statistics of Income (SOI) program.3 The data for SNAP is provided by the U.S. Department of

Agriculture (USDA).4

Table B.3 shows summary statistics for COBOL and non-COBOL states for the following

PPP measures, reported in per capita and per worker terms: initial loan amount, jobs reported,

and total loans after dividing by either the 2019 labor force or by the 2019 population. These sum-

mary statistics correspond to PPP loans with approval dates before January 1, 2021. Speci�cally,

COBOL states received $1,635.65 per capita in PPP funds, while non-COBOL states received

$1,535.67. As re�ected Table B.3, all the PPP outcomes have t-statistics that are statistically

insigni�cant between COBOL and non-COBOL states.

In Table B.4, I created summary statistics for the �rst round of EIP that was disbursed in

April 2020. Similar to PPP, there is no statistically signi�cant difference between COBOL and

non-COBOL states regardless of which of the two normalizations that I apply: (1) labor force

(LF) or (2) population (Pop). Speci�cally, COBOL states received $851.76 per capita of EIP

funds, while non-COBOL states received $841.79.

In Table B.5, I created summary statistics for SNAP bene�ts that were disbursed between

March 2020 and December 2020. Similar to PPP and EIP, there is no statistically signi�cant dif-

ference between COBOL and non-COBOL states regardless of which of the two normalizations

that I apply: (1) labor force (LF) or (2) population (Pop). Speci�cally, COBOL states received

$216.89 per capita in SNAP funds, while non-COBOL states received $219.03.

Overall, the analysis in Tables B.3, B.4, and B.5 demonstrates that there were not sys-

tematic differences in the disbursement of bene�ts between COBOL and non-COBOL states in

regards to SNAP, EIP, and PPP. A full analysis of the impact of COBOL-induced UI issues on

consumption with the inclusion of the transfer program bene�t amounts would require a complex

2The data can be accessed from the SBA website.
3The data can be accessed from the IRS SOI website.
4The data can be accessed from the USDA website.
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analysis across states and timing of disbursement. For example, Chetty et al. (2020) look at EIP

affecting consumption only for 31 days starting from April 15, 2020. This complex analysis goes

beyond the scope of this dissertation chapter.

B Additional Tables and Figures

Figure B.1: Permutation Test for TWFE Estimator (1,000 Simulations)

Note: The histogram shows the distribution of average treatment effects when treatment is randomly assigned
across 28 of the 50 states 1,000 times using the TWFE speci�cation with the 2016 Republican vote share
interacted with Post. To be consistent, I apply population weights as analytic weights. The red line corresponds
to actual treatment effect with the 28 COBOL states: a 2.8-percentage-point decline. This permutation test
yields an effect that is signi�cant at the 10% level.
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Figure B.2: National UI Initial Claims

Note: This �gure uses weekly initial claims data from 1967 to the end of 2020. The data used are from the
Department of Labor Employment Training Administration (DOLETA). The peak in initial claims corresponds
to the �rst week of April 2020 where there was just north of 6 million initial claims �led that week at the
national level.
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Figure B.3: Unemployment Rate by COBOL Usage

Note:This �gure uses monthly seasonally adjusted state unemployment rate from the BLS. The data range from
January 2019 to December 2020. The data is relative time spent in residential area relative to that's baseline
period of time in residential areas. The baseline period corresponds to the �rst six weeks of 2020. The maroon
line corresponds to non-COBOL states and the navy line corresponds to COBOL states. These two groups of
states are aggregated using 2019 population weights.
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Figure B.4: Potential COVID-19 Cautiousness

Note: This �gure uses daily Google Mobility data from February 2020 to December 2020. I aggregate the
data to the weekly frequency. Weeks a are determined relative to the week ending on March 13, 2020, which
corresponds to the red vertical dashed line. The maroon line corresponds to non-COBOL states and the navy
line corresponds to COBOL states. These two groups of states are aggregated using 2019 population weights.
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Figure B.5: Relative-Consumption Weekly Event Study:
Relative Difference between COBOL and Non-COBOL States with Dynamic Rep. Share

Note: The graph is a coef�cient plot showing the coef�cient on� k from Equation 2.3. State and week �xed
effects are included as well as COVID-19 controls. However, instead of using 2016 Republican vote share
interacted withPostt , I use the 2016 Republican vote share interacted withI k . The red dashed line that
goes through week zero corresponds to March 13, 2020. This �gure shows that in each week after the week
of the emergency declaration, COBOL states saw a larger decline in relative consumption than non-COBOL
states even when dynamically interacting relative time spent at home. Relative time spent at home should be
interpreted as a proxy for COVID-19 cautiousness. The bounds on each point estimate correspond to a 95%
percent con�dence interval. State populations from 2019 are applied as analytic weights. Standard errors are
clustered at the state level.
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Figure B.6: Relative-Consumption Weekly Event Study:
Relative Difference between COBOL and Non-COBOL States with Google Mobility (Control)

Note: The graph is a coef�cient plot showing the coef�cient on� k from Equation 2.3. State and week �xed
effects are included as well as COVID-19 controls. However, there instead of controlling for the 2016 Repub-
lican vote share, I control for relative time at home in statei in weekk using Google Mobility data. The red
dashed line that goes through week zero corresponds to March 13, 2020. This �gure shows that in each week
after the week of the emergency declaration, COBOL states saw a larger decline in relative consumption than
non-COBOL states even when dynamically interacting relative time spent at home. Relative time spent at home
should be interpreted as a proxy for COVID-19 cautiousness. The bounds on each point estimate correspond
to a 95% percent con�dence interval. State populations from 2019 are applied as analytic weights. Standard
errors are clustered at the state level.
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Figure B.7: Relative-Consumption Weekly Event Study:
Relative Difference between COBOL and Non-COBOL States with Google Mobility (Interacted
Control)

Note: The graph is a coef�cient plot showing the coef�cient on� k from Equation 2.3. State and week �xed ef-
fects are included as well as COVID-19 controls. However, there instead of controlling for the 2016 Republican
vote share, I control for relative time at home in statei in weekk and interact it withI k . The red dashed line
that goes through week zero corresponds to March 13, 2020. This �gure shows that in each week after the week
of the emergency declaration, COBOL states saw a larger decline in relative consumption than non-COBOL
states even when dynamically interacting relative time spent at home. Relative time spent at home should be
interpreted as a proxy for COVID-19 cautiousness. The bounds on each point estimate correspond to a 95%
percent con�dence interval. State populations from 2019 are applied as analytic weights. Standard errors are
clustered at the state level.
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Figure B.8: Coef�cient Plot Interacting Potential Confounders Individually

Note: This �gure plots the coef�cient onCOBOL � Post from the TWFE estimator (state �xed effects and
day �xed effects). The baseline de�nition includes the COVID-19 controls and the interaction of COBOL state
and the 2016 Republican presidential vote share. The remaining �ve coef�cients build upon the baseline spec-
i�cation by adding one confounder,Confounder i , and interacting it withPostt . The �gure plots coef�cients
on COBOL � Post ranging from a 2.6 percentage point decline in relative consumption to a 2.9 percentage
point decline. The effect is signi�cant at the 5 percent level in all speci�cations except for the one that adds
percentage of the population living in an urban area (still signi�cant at the 10 percent level). Standard errors
are clustered at the state level.
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Table B.1: TWFE COBOL Usage on All Card Consumption (Republican Governor, Replace-
ment)

(1) (2) (3) (4) (5)
Rel Cons Rel Cons Rel Cons Rel Cons Rel Cons

COBOL � Post -0.041** -0.030** -0.030** -0.021* -0.020*
[0.020] [0.015] [0.015] [0.011] [0.011]

RepGov� Post 0.037* 0.038* 0.031 0.032
[0.021] [0.021] [0.020] [0.019]

UR 0.002
[0.002]

State FE Yes Yes Yes Yes Yes
Day FE Yes Yes Yes Yes Yes
COVID-19 Controls No No Yes Yes Yes
State Char.� Post No No No Yes Yes
Days 335 335 335 335 335
States 50 50 50 50 50
Observations 16,750 16,750 16,750 16,750 16,750

Note: The table presents results from a TWFE estimator with day and state �xed effects. The dependent variable
is the percentage-point change relative to the base period in credit and debit card consumption measured at the
daily frequency.Postis a binary variable that takes the value 1 if the date is on or after March 13, 2020.COBOL
is a binary variable that takes the value 1 if a state uses COBOL in its UI bene�ts system. The interaction term of
interest is the product ofCOBOLandPost. RepGovis a binary variable corresponding to whether a state had a
Republican governor in 2019. COVID-19 controls include new COVID-19 death rates and new COVID-19 case
rates. Column 1 only includes state and day �xed effects. Column 2 adds the interaction ofRepublicanandPost.
Column 3 adds the COVID-19 controls. Column 4 adds �ve terms ofPostinteracted with another confounder:
(1) income share in accommodation and food services (2019), (2) mask mandates in July 2020 (2020), (3)
the percentage of the population living in poverty (2019), (4) the percentage of the population with at least a
bachelor's degree (2019), and (5) UI generosity (Jan. 2020). Column 5 adds the monthly unemployment rate.
These estimates cover the sample period of February 1, 2020, to December 31, 2020. State populations in 2019
are applied as analytic weights. Standard errors are clustered at the state level.
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Table B.2: TWFE COBOL Usage on All Card Consumption (Republican Governor, Inclusion)

(1) (2) (3) (4) (5)
Rel Cons Rel Cons Rel Cons Rel Cons Rel Cons

COBOL � Post -0.041** -0.026* -0.027* -0.022** -0.021*
[0.020] [0.014] [0.014] [0.011] [0.011]

Republican Gov.� Post 0.006 0.007 0.018 0.019
[0.016] [0.016] [0.018] [0.017]

Republican� Post 0.003*** 0.003*** 0.003** 0.003***
[0.001] [0.001] [0.001] [0.001]

UR 0.002
[0.002]

State FE Yes Yes Yes Yes Yes
Day FE Yes Yes Yes Yes Yes
COVID-19 Controls No No Yes Yes Yes
State Char.� Post No No No Yes Yes
Days 335 335 335 335 335
States 50 50 50 50 50
Observations 16,750 16,750 16,750 16,750 16,750

Note: The table presents results from a TWFE estimator with day and state �xed effects. The dependent
variable is the percentage-point change relative to the base period in credit and debit card consumption
measured at the daily frequency.Postis a binary variable that takes the value 1 if the date is on or after March
13, 2020.COBOLis a binary variable that takes the value 1 if a state uses COBOL in its UI bene�ts system.
The interaction term of interest is the product ofCOBOLandPost. Republicanis the Republican vote share in
the 2016 presidential election. COVID-19 controls include new COVID-19 death rates and new COVID-19
case rates. Column 1 only includes state and day �xed effects. Column 2 adds the interaction ofRepublican
andPostas well as interacting a binary variable indicating whether a state had a Republican governor andPost.
Column 3 adds the COVID-19 controls. Column 4 adds �ve terms ofPostinteracted with another confounder:
(1) income share in accommodation and food services (2019), (2) mask mandates in July 2020 (2020), (3)
the percentage of the population living in poverty (2019), (4) the percentage of the population with at least a
bachelor's degree (2019), and (5) UI generosity (Jan. 2020). Column 5 adds the monthly unemployment rate.
These estimates cover the sample period of February 1, 2020, to December 31, 2020. State populations in 2019
are applied as analytic weights. Standard errors are clustered at the state level.

Standard errors: *** p< 0.01, ** p< 0.05, * p< 0.1
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Table B.3: PPP Summary Statistics by COBOL Status (PPP 2020)

Non-COBOL Mean COBOL Mean Diff t-stat Non-COBOL N COBOL N

Loan Amount per LF 3,056.37 3,212.00 -155.64 -1.25 22 28
Jobs Reported per LF 0.36 0.37 -0.00 -0.42 22 28
Total Loans per LF 0.03 0.03 -0.00 -0.03 22 28
Loan Amount per Pop 1,535.67 1,635.65 -99.99 -1.20 22 28
Jobs Reported per Pop 0.18 0.19 -0.01 -0.71 22 28
Total Loans per Pop 0.02 0.02 -0.00 -0.30 22 28

Note: The summary statistics table shows the differences in PPP loan amounts, total loans, and jobs reported
between COBOL and non-COBOL states. These statistics are normalized by either the 2019 labor force or the
2019 population. This covers the period of PPP loans disbursed in 2020. These statistics are denominated as
the total PPP amount disbursed in 2020 once the program started in April 2020. All statistics are in per capita
or per worker terms.

Table B.4: EIP Summary Statistics by COBOL Status (First Round)

Non-COBOL Mean COBOL Mean Diff t-stat Non-COBOL N COBOL N

No. Pay per LF 1.01 0.99 0.02 0.75 22 28
No. Pay per Pop 0.50 0.50 0.00 0.26 22 28
Pay Amount per LF 1,715.88 1,669.02 46.87 1.02 22 28
Pay Amount per Pop 851.76 841.79 9.98 0.77 22 28

Note:The summary statistics table shows the differences in EIP payment amounts and number of EIP recipients.
These statistics are either normalized by the 2019 labor force (LF) or the 2019 population (Pop). These statistics
only correspond to the �rst wave of EIP, which occurred in April 2020. These statistics are denominated in total
EIP disbursed in 2020 (one observation per state). All statistics are in per capita or per worker terms.

Table B.5: SNAP Summary Statistics by COBOL Status (Mar. 2020 to Dec. 2020)

Non-COBOL Mean COBOL Mean Diff t-stat Non-COBOL N COBOL N

Pay Amount per LF 448.33 433.65 14.68 0.31 22 28
Pay Amount per Pop 219.03 216.89 2.14 0.10 22 28
HH Par. per LF 1.26 1.21 0.05 0.39 22 28
HH Par. per Pop 0.62 0.61 0.01 0.17 22 28
Ind. Par. per LF 2.49 2.36 0.13 0.53 22 28
Ind Par. per Pop 1.22 1.18 0.04 0.34 22 28

Note: The summary statistics table shows the differences in SNAP payment amounts, household participation,
and individual participation. These statistics are normalized by either the 2019 labor force (LF) or the 2019
population (Pop). These statistics are denominated as the total SNAP amount disbursed from March 2020 to
December 2020. All statistics are in per capita or per worker terms.
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