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I Introduction

The COVID-19 pandemic caused a severe contraction in US economic activity, and the
fiscal 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 (UT)
claims at the beginning of the pandemic, combined with the creation of new UI programs,
led to long delays in the disbursement of benefits and even outright crashes of Ul systems,
particularly in states with antiquated UI benefit systems.*

In this paper, I examine how problems administering unemployment insurance during the
pandemic reduced the effectiveness of Ul as a fiscal stabilizer. Specifically, I compare con-
sumption changes during the pandemic in states that had not modernized their Ul systems
with those that had. I proxy for a lack of UI modernization with the use of COBOL (Com-
mon Business Oriented Language) in a state’s Ul benefit system. COBOL is an antiquated
programming language developed in 1959 that was once used by all state UI programs.
As of 2020, COBOL had been abandoned in the UI benefit systems of 22 states through
modernization of their Ul system.

I find 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 Ul systems. Using
a two-way fixed-effects (TWFE) estimator, I find 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 find that the lack of investment in updating Ul-benefit systems in COBOL states was
associated with a reduction in real GDP of at least $40 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

!For anecdotal evidence on the problems in COBOL states, see news articles about COBOL usage in
New Jersey, Wisconsin, and Connecticut.


https://www.cnbc.com/2020/04/06/new-jersey-seeks-cobol-programmers-to-fix-unemployment-system.html
https://www.nbc15.com/2021/02/24/dwd-to-upgrade-outdated-unemployment-insurance-system-software-if-legislators-pass-bill/
https://www.fox61.com/article/money/unemployment-backlog-connecticut-computer-language-cobol-coronavirus-covid-labor-department-mainframe/520-4299027f-88dd-4c2f-9fe3-f9118387cb3f

macroeconomic buffer. Ul benefits increase income for households with unemployed workers,
which in turn increases household consumption. Because the fiscal-multiplier effect of a
dollar of UI benefits during a recession is likely greater than 1, Ul has positive general

2 My estimates, therefore,

equilibrium effects, including effects on household consumption.
likely reflect a combination of the direct effect on Ul-eligible households in COBOL states and
indirect effects in the form of a dampened fiscal 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 fiscal stabilizer
in COBOL states. As a result, these states would likely experience a relative decline in
consumption at the onset of the pandemic, followed by only a partial recovery once delayed
benefits are disbursed, as those benefits are less effective at stimulating aggregate demand
due to the dampened fiscal multiplier.

The primary mechanism by which COBOL usage in Ul benefits contributed to lower
aggregate consumption is delays in the UI benefits disbursement. COBOL states could
have experienced delays in UI disbursements, both because it took longer for claimants to
successfully file a claim and because processing those claims took longer.? Delayed claims
could affect aggregate consumption through a dampened UI fiscal multiplier. Ganong, Greig,
Noel, Sullivan & Vavra (2024) find that the one-month marginal propensity to consume
(MPC) for claimants who received their benefits was highest in April 2020 compared to later
periods when UI benefits changed, such as the expiration of the $600 supplement in July
2020. When households save a larger share of their UI benefits 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 Ul fiscal multiplier, since the
UI fiscal multiplier is directly related to the MPC. Given that UI relative replacement rates
were on average over 100% (Ganong, Noel & Vavra, 2020) from April 2020 to the end of

July 2020, delaying UI benefits by months could significantly alter consumption behavior.

2Kekre (2022) find that Ul benefit extensions have a contemporaneous output multiplier of around 1 using
data from 2008 to 2014. Di Maggio & Kermani (2016) estimate a local fiscal multiplier of unemployment
insurance expenditures of around 1.9 using data from 1999 to 2013.

3Second, there may have been more discouraged filers in COBOL states—potential claimants who did
not file a claim (or who did not complete the filing 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 file for benefits because it was too difficult.


https://www.epi.org/blog/unemployment-filing-failures-new-survey-confirms-that-millions-of-jobless-were-unable-to-file-an-unemployment-insurance-claim/

II Background

In this section, I describe the changes to UI benefits in 2020, provide more justification
for the use of COBOL as a proxy for administrative capacity, and relate this paper to the

broader literature.

A Changes to Ul Benefits in 2020

To understand the effects of administrative capacity on Ul disbursements in 2020, it is
helpful to review what changed in Ul benefits during the pandemic and the difficulties that
potential claimants faced. Before the pandemic, potential claimants filed an initial claim
with their state’s Ul office online, over the phone, or (least commonly) in person. After
the emergency declaration on March 13, 2020, states faced an unprecedented increase in
claims. This led many UI websites to crash, which further overwhelmed call centers.* 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 benefits by the CARES Act through its
Pandemic Unemployment Assistance provision.” COBOL states disproportionately struggled
to process claims, both with the unprecedented increase in initial claims filed and with
implementing changes to Ul benefit systems such as eligibility rules.

During recessions, the federal government often extends the duration of eligibility for UI
benefits and rarely increases the benefit amount.® However, the magnitude of the benefit
enhancement 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 benefits
by 13 weeks.

When designing the CARES Act specifics, many policymakers were aware that Ul benefit

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

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 Ul recipients.


https://www.wdrb.com/news/in-person-unemployment-pop-up-office-resolves-some-claims-within-seconds-but-some-frustration-remains/article_2482be2e-d59b-11ea-940b-47e310d1f7df.html

systems were antiquated and slow. They would have liked to increase the UI replacement
rate (the share of base period earnings replaced by UI benefits), but making that change to
state Ul systems would have been difficult and would have greatly delayed the disbursement
of the enhanced benefits.” Instead, policymakers increased benefits by $600 per week for
every beneficiary,® even though such a change led to replacement rates of over 100% for the
majority of Ul recipients. In other words, this supplement led to the median UI recipient
receiving more from Ul benefits than from their previous employer (Ganong et al., 2020).

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.” This persistent
state of elevated initial claims meant that states had to process not only a large stock of
existing claims from the first weeks after the emergency declaration but also a large flow of
initial claims. (Initial claims may represent people who newly become unemployed but also
new repeat claims by filers whose claims have not been processed and who may be unsure if
they filed correctly.)

Across all states, the CARES Act provided the same additional benefits for claimants, in
terms of both benefit amounts and maximum weeks to receive benefits. However, because
states had different initial levels of maximum benefits and maximum duration, Ul benefits
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 benefit of $275 for a maximum of 12 weeks, while
New Jersey (a COBOL state) offered a maximum weekly benefit of $713 for a maximum
of 26 weeks.' However, variation in which states used COBOL affected both when and
potentially whether claimants received UI benefits. For example, Wisconsin, a COBOL

state, experienced delays so significant that in June 2020, the Wisconsin Department of

"Personal communication with Wendell Primus, senior policy advisor to House Speaker Nancy Pelosi.

8 After $600-a-week UI supplements expired at the end of July 2020, claimants received $300-a-week UI
supplements until summer 2021.

9To be precise, the week ending on March 21, 2020 was the first week to surpass the previous recorded
peak of 695,000 claims.

10For a complete list of how states varied in maximum Ul-benefit allocation prior to the pandemic, see
this table from a research brief by the Brookings Institution.


https://www.brookings.edu/wp-content/uploads/2020/04/20200406_Appendix_BrookingsMetro_Unemployment-insurance-COVID.pdf

Workforce Development was still processing initial claims filed in March.!

B The Effect of COBOL on Administrative Capacity

COBOL can perform the same tasks as any modern programming language, but systems
running on it were differentially overloaded by both the sudden influx of claims and the
changes to UI benefits. COBOL states likely struggled more to implement the changes
introduced by the CARES Act because of the difficulty of changing COBOL-based systems.
Other Ul-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 programmers came out of retirement to work in UT offices in COBOL
states, but there were insufficient COBOL programmers.'? Furthermore, COBOL states may
have experienced issues not specific 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 potential 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
languages, implementing these changes were more difficult in COBOL states. One of the
issues is that Ul benefit systems using COBOL have spaghetti code; this programming code
is complex, difficult to read, and highly complex. For example, code written using a fourth
generation programming language (most modern programming languages) has half the num-
ber 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 benefit system comprises
of roughly 8.6 million lines of code, which has been updated and extended numerous times
over the previous 50 years.'® There is usually a lack of automation that requires frequent

human intervention resulting in redundant and inefficient processing workflow. For exam-

11See Wisconsin news report.

12A group of retired COBOL programmers called the COBOL Cowboys exists solely to aid during crises.
See NPR news article.

13For an in depth discussion on how an antiquated UI benefit system including COBOL usage affected the
functioning of Wisconsin Department of Workforce Development please refer to their informational briefing
on unemployment modernization that can be streamed here.


 https://www.wpr.org/lives-hold-pandemic-exposes-failures-wisconsin-unemployment-insurance-system
 https://www.npr.org/2020/04/22/841682627/cobol-cowboys-aim-to-rescue-sluggish-state-unemployment-systems.
https://www.youtube.com/watch?v=0ie34zURnTM

ple, Wisconsin experienced a surge of over 250,000 claims rejected in 2020. In previous
years the number of rejected claims varied between 50,000 to 100,000 claims. These rejected
claims require 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 Pandemic Emergency Unemployment Compen-
sation (PEUC) program and the PUA program. The increased complexity results in each
rejected claim taking longer to process for adjudicators.'*

All states once used COBOL in their Ul-benefit 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 1. The decision to modernize could systematically differ between
states. As noted by the Government Accountability Office (GAO) in a report prior to the
pandemic, some states had trouble modernizing their UI benefit systems for reasons ranging
from a lack of funding to difficulties with operating legacy stems in tandem with new sys-
tems.'® Perhaps surprisingly, the states with more generous UI benefits and a more generous
social safety net such as California and New Jersey were not more likely to have modernized
their Ul systems. In fact, the states with less-generous Ul benefits during nonrecessionary
times, such as Florida and North Carolina, were more likely to have modernized. As I discuss
in Section B, 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.

“For an in depth discussion on how costly the adjudication process (rejected claims) was for Wisconsin
in 2020 please refer to their informational briefing on unemployment modernization that can be streamed
here.

15See GAO report from 2013.


https://www.youtube.com/watch?v=0ie34zURnTM
https://www.gao.gov/products/gao-13-859t

I Cobol
I Non-Cobol

Figure 1: Map of COBOL Status

Note: The data on COBOL usage were collected by the author primarily from emails, news articles, and
information provided by the UI Information Technology Support Center. Washington, DC, uses COBOL
but it is excluded from the analysis due to a lack of consumption data.

These longer delays in Ul disbursement in COBOL states could have affected aggregate
consumption. Figure 2 shows the means in relative consumption without controlling for
potential confounders. The figure plots the mean population-weighted values of total credit
and debit card consumption for COBOL and non-COBOL states. After the emergency dec-
laration, COBOL states recovered more slowly than non-COBOL states. Figure 2 provides

suggestive evidence that delays in Ul benefit disbursement affected aggregate consumption.

C Related Literature

This paper adds to the growing literature measuring the economic impacts of the pan-
demic recession (Baker, Farrokhnia, Meyer, Pagel & Yannelis (2020); Cajner, Crane, Decker,
Grigsby, Hamins-Puertolas, Hurst, Kurz & Yildirmaz (2020a); Chetty, Friedman, Stepner &
Team (2023); Coibion, Gorodnichenko & Weber (2020); Marinescu, Skandalis & Zhao (2021);
Ganong et al. (2020)). I exploit a novel source of heterogeneity across states, COBOL usage
in Ul benefit systems, to measure the relative decline in aggregate consumption caused by
the increased administrative burden faced by potential Ul claimants in COBOL states. My
work also contributes to the literature on fiscal stabilizers (Eilbott (1966); Dolls, Fuest &



Peichl (2012); McKay & Reis (2016)) by being the first to directly examine the aggregate
economic consequences at the state-level of delaying a fiscal stabilizer: UI. Specifically, I
study a quasi-experiment in which a subset of states—COBOL states—experience delays in
UI disbursement, UI, and I find that consumption in these states remains persistently low
relative to non-COBOL states, which faced shorter disbursement delays.

The paper in the pandemic-recession literature that most closely resembles mine is
Ganong et al. (2024). The authors exploit delays in UI benefit payments using micro data
to calculate the consumption response to Ul benefits at the individual level, and then they
use those estimates to calculate the effect on aggregate consumption. They find that the
Ul-benefit 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 vari-
ation 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 find 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 $40 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 Ul-benefit system but do include multiplier effects (at least to
the extent that these effects differentially affected the local economy).

This paper 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 file, or go in person to the Ul
office during a 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 benefits.!” My work is the first to look at the macroeconomic consequences
of administrative burdens in the context of a fiscal stabilizer. Herd & Moynihan (2018) note

that administrative burdens can be a form of policymaking known as targeting, whereby

16This $40 billion figure corresponds to a back-of-the-envelope exercise that uses the same April 2020 to
July 2020 period as Ganong et al. (2024).
1"Using the DOLETA 5159 report, I only find weak evidence of discouraged filers.



states deliberately increase the administrative 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 benefits, 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 admin-
istrative burden on claimants. COBOL was not problematic in processing claims prior to
the pandemic during nonrecessionary periods, as reflected by COBOL states having a lower
share of topcoded claims prior to the pandemic recession in Figure 4. Topcoded claims are
claims that experience a processing delay greater than 70 days. COBOL usage in UI bene-
fit systems becomes a binding constraint when Ul systems are overwhelmed with claims or

when large changes are made to Ul benefits, as was the case during the pandemic recession.

III Data

I use two main sources of data for my outcomes variables: the Department of Labor Em-
ployment and Training Administration (DOLETA) and Affinity Solutions, which is part of
the Economic Tracker (Chetty et al., 2023).

To analyze the impact of Ul 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.

A 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 first regular Ul benefit payment. These data are reported by
states to DOLETA and are used for multiple purposes such as measuring state performance
and allocating Ul administrative funding. The report only imperfectly captures the differ-

ence in delays between COBOL and non-COBOL states. First, it only captures delays in

10



processing time and not in filing. Delays in filing are the time between when a claimant
starts filing a claim and when that claim is successfully filed, while delays in processing are
the time between when a claimant successfully files a claim and when they receive their first
UI payment. It is likely that it took longer for claimants in COBOL states to successfully file
a claim because the Ul systems were more overwhelmed in those states. Second, the report
topcodes delays greater than 70 days. COBOL states had more topcoded claims, making it
difficult to get an accurate comparison of delays in COBOL and non-COBOL states. Third,
even for non-topcoded delays, the report does not include 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 program through which people
ineligible for regular UI, like gig workers, received benefits during the pandemic). However,
it seems likely that delays in regular UI would be a reasonable proxy for delays in other UI
programs, and data from Ganong et al. (2024) suggest that the majority of claims processed
were regular Ul claims. PUA claims could have caused larger issues for Ul benefit systems
given that this program added new complexity to claims. However, the PUA program could
also have affected regular Ul by drawing resources such as staff away from processing regular
UL

Whether a claim is topcoded is a lagging indicator of when a claim was originally filed,
because claims are only reported as delayed once benefits have been paid out. For example,
if a claimant files for UI benefits in March 2020 and gets benefits starting in June 2020, then
the claim will be reported as topcoded in June 2020. However, if that same claimant starts
to receive Ul benefits in July 2020, then the claim would not be reported as topcoded until
July 2020. Given that I cannot observe when claims are initially filed, I use as my measure of
delay the number of people whose first benefit was more than 70 days late (i.e., the number
topcoded claims) as a share of all the people receiving their first benefit in a given month.
Ideally, I would be able to determine when a topcoded claim was initially filed and then
calculate the share of topcoded claims with the month filed instead of the month paid. This
would fix the lagging indicator issue in the numerator. As an alternative indicator of delays

in Ul benefit disbursement, I measure the share of claims that are delayed at least 5 weeks.

11



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 filing (the
time between when the claimant starts filing a claim and when it is successfully submitted).
Given the relatively larger administrative burden in COBOL states, delays in filing 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. Specifically, non-COBOL states may do a better
job of measuring processing delays given their more modernized Ul benefit 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 delays between COBOL and non-COBOL states.

B 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 fre-
quency. The consumer-spending data are credit and debit card spending information pro-
vided by Affinity Solutions, which is then transformed and aggregated by Chetty et al.
(2023). 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., 2023). Chetty et al. (2023) find that the Affinity Solutions data has broad cover-
age across industries as shown in their comparisons to Quarterly Services Survey and Ad-
vance 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.'”® Chetty et al. (2023) compare cash transactions captured in

18Tn 2019, the San Francisco Fed found that consumers used cash in about 26% of transactions.
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https://www.frbsf.org/cash/publications/fed-notes/2019/june/2019-findings-from-the-diary-of-consumer-payment-choice/#:~:text=Consumers%20used%20cash%20in%2026,percentage%20point%20increase%20from%202017

CoinOut grocery data with the Affinity Solutions data on total card consumption of gro-
ceries and find a signal correlation of 0.9 for the period between January 1, 2020, and June
1, 2020. This high correlation suggests that cash transactions are similar to card trans-
actions. Furthermore, credit and debit card transactions accounted for roughly half of all
PCE recorded in national accounts (Chetty et al., 2023). Throughout this paper, I use the
terms “consumption,” “total card consumption,” and “credit and debit card consumption”
interchangeably.

Not having access to Chetty et al.’s (2023) 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.

C 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 the New 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 weighting purposes. The means of these
variables by COBOL usage, along with other covariates that I will discuss later, are shown
in Table I.

Additionally, I select five covariates that represent state characteristics from before the
emergency declaration and interact each of them with the binary variable Post;. These
five covariates have statistically insignificant differences between COBOL and non-COBOL

states, but are selected due to potential concerns one may have a priori. All five control
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Table I: 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)
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)
UT 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 spec-

ification 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., 2023). Fraction of intrastate claims that are topcoded and relative first pay-
ments come from DOLETA. Relative consumption is measured in percentage point
changes from the index period of January 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., 2023). 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 declaration.
The reported statistics are the means of the corresponding group, with their stan-
dard deviations in parentheses. These summary statistics cover the sample period of
February 1, 2020, to December 31, 2020.

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

with Post; in the same order across regression tables even when these controls are less
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relevant (such as for processing delay outcomes). The five 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 five confounders do not meaningfully affect my consumption results, but I will
briefly 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 Ul benefits, 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 accommodation and food services and more generous Ul benefits as shown
in Table I. In terms of poverty, there was expansion of the safety net during the pandemic
recession, so poorer households may have received more transfers from other government
transfer programs. COBOL states have a lower poverty rate, but I do not find statistically
significant differences in transfers between COBOL and non-COBOL states across the Pay-
check Protection Plan (PPP), the Economic Impact Payments (EIP), and the Supplemental
Nutrition Assistance Program (SNAP). This analysis is reflected in Table V. Another con-
cern could be that lower levels of education may lead to lower take up rates for the same
administrative burden. I find that COBOL states had higher bachelor’s degree completion
rates as shown in Table I. Finally, one may be concerned that rural areas may have recov-
ered faster from the pandemic given their lower population density and potentially different

response to COVID-19 relative to urban areas.

D COBOL Status

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

ficials, news articles, and information from the National Association of State Workforce
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Agencies (NASWA) Information Technology Support Center (ITSC).' This definition of an
antiquated Ul benefit system closely follows NASWA'’s definition of an antiquated UI benefit
system, but my definition of COBOL usage is more clear given that Ul benefit systems are

t.2% Figure 1 is a map of the United States showing

always undergoing a modernization effor
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 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 Ul systems, describing them either as antiquated or modernized: generally, a COBOL

state is also an antiquated state, and a non-COBOL state is a modernized state.

IV 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.

A TWFE Estimator

I use the same empirical strategy to address both questions. The main specification is a
two-way fixed-effects (TWFE) estimator in which the treatment group is states that used
COBOL in their Ul-benefit systems in 2020. The specification is as follows:

Yi: = ag + 1 Post; x Cobol; + BaPosty x X; + v Zi + ¢p + 1 + €4 (1)

States are denoted by i and time by t. For analysis using DOLETA (Economic Tracker)

data for the outcome variable, t corresponds to month (day). Yj; is the outcome variable,

19Geven states were identified via direct email, 26 via news articles, and 13 via the ITSC’s definition of
"modernized” to rule out COBOL states. Secondary sources were used for the remaining states: one state
was identified via a Freedom of Information Act request, two states via Ul-office reports, and one state
through a Ul-office job posting requesting COBOL skills.

20My results are robust to using NASWA’s definition of antiquated. Only two states would change
following NASWA'’s definition: Alabama and Nebraska.
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which differs for each exercise. For the relative consumption analysis, Y;; corresponds to
the relative change in consumption in state ¢ on day ¢. For the processing-delay analysis,
Y;: corresponds to either the share of topcoded claims or the share of claims delayed at
least 5 weeks in state 7 in month ¢. Post, is a binary variable taking the value of 1 for the
post-period, which also differs across exercises. In the relative consumption exercise, Post;
takes the value 1 starting on March 13, 2020, while Post; takes the value 1 starting March
2020 in the delay analysis. Cobol; is a binary variable taking the value of 1 for states that
use COBOL in their Ul-benefit system in 2020. X; are state characteristics from before the
emergency declaration, such as the 2016 Republican presidential vote share in state 7. Z;; is
a set of time-varying control variables such as the unemployment rate. ¢; is a month or day

fixed effect, 1; is a state fixed effect, and €;; is the error term.

B Relative Consumption

My dependent variable for this exercise is Rel Cons;;, a continuous variable that measures
the relative change in relative total card spending for day ¢ in state 7. I define the start of the
post-period as the date of the emergency declaration, March 13, 2020. Prior to the pandemic,
the slower and less-efficient Ul systems (in COBOL states) did not cause noticeable delays
in benefit 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.

The Rel Cons; measure of relative total card consumption incorporates seasonal ad-

justment and normalization components. The measure is given by

Ci 12020

Ci
Rel_Cons; = C’ﬂ -1 (2)
i,index2020

Ci,inde;t2019
Chetty et al. (2023) publicly share the consumption data expressed in these relative
percentage-point changes instead of levels. For more details on the construction of

Rel Cons;, see Chetty et al. (2023). In Equation 2, C; ndex2020 corresponds to the index
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period in 2020 (the first four complete weeks of January). C; 9019 and C; jnges2019 represent
the same period in 2019. Dividing by the 2019 value seasonally adjusts the data, while
dividing by the index period normalizes 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 example, a value of -0.419 on March 30, 2020,
in Wisconsin represents a 41.9-percentage-point seasonally-adjusted decline in average to-
tal 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:

41

Rel Cons;, = o+ Z Br(COBOL; x I},) + BagPosty * X; + v Zi + ¢r + Vi + €. (3)

k=—5

In Equation 3, k denotes the number of weeks since March 13, 2020. Cobol; is a binary
variable that takes the value 1 if state ¢ uses COBOL in its Ul benefit system. I is binary
variable that takes the value 1 if the week is week k. The event study allows me to track
the evolution of the impact of higher administrative burdens in UI benefits on aggregate
consumption. I define the relative weekly-consumption measure using total card spending
from each Friday of the week; 1 choose Friday because March 13, 2020, fell on a Friday.
Similarly, for the state controls, Z;, I use the Friday value of new COVID-19 death rates
and new COVID-19 case rates. X; denotes state characteristics from before the emergency
declaration such as the 2016 Republican vote share. These state characteristics are then
interacted with Post;, which takes the value of one for weeks after the emergency declara-
tion.?! 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 1 and 3 as causal, I need to

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

21T have also interacted X;, Republican vote share, with Ij, in a similar fashion to COBOL. I find consistent
results.
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parallel 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 reflected in Table I, individuals in COBOL states were more COVID-19 cautious than
individuals in non-COBOL states. This difference in attitude would upward-bias my con-
sumption 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 benefits. To address this concern, I include
the interaction of the 2016 Republican 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. Specif-
ically, 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.

C Delays in Ul-Benefit Disbursement

As described above, my primary measure of disbursement delay is the share of processed
claims that were paid 70 or more days after filing, 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 from the sample).? 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 mechani-
cally decreasing for both COBOL and non-COBOL states. The numerator is not increasing
because topcoded claims are a lagging indicator, but the denominator, Ul recipients, is con-
temporaneously increasing. The share of topcoded claims first 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 benefits, 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,

22The Economic Tracker does not provide consumption data for Washington, D.C.
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but this becomes a less clean exercise since the variation of lags from when a claimant files

to when they receive their benefit is by construction larger.

V Main Results

In this section, I document the effect of antiquated UI benefit systems on aggregate con-
sumption. After presenting the main finding on consumption, I provide evidence that these
antiquated Ul benefits contributed to the increased processing delays in the disbursement of
benefits. For my main outcome of interest, consumption, I estimate the effect of these anti-
quated UI benefit systems 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 states in a static TWFE setting.

A 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 Ul rules during the pandemic recession,
relative consumption trends between states with and without antiquated Ul benefit 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. (2023) only provide consumption
data starting in January 2020, and I start the analysis period in February 2020 to exclude
the index period.?> Both consumption series hover around zero prior to the emergency
declaration on March 13, 2020, which is reflective 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

23] 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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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, both sets of states reach a trough in relative
consumption 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 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 reflected in Figure 2.
Figure 2 shows that after the emergency declaration, COBOL states consistently had lower
relative consumption than non-COBOL states, as reflected in the gap between the two series
that appears after March 13, 2020, marked by the red vertical dashed line. Specifically, 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’ consumption 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, I run a TWFE
estimator. The dependent variable is relative consumption, as defined in Equation 2, with
the sample period starting on February 1, 2020, and ending on December 31, 2020. The
coefficient of interest is the interaction of COBOL and Post, where Post is a binary variable
that takes the value 1 after March 13, 2020. In Table II, I present results from Equation
1. In column 1, I only add state and day fixed effects when estimating the macroeconomic
impact of increased administrative burdens to a fiscal stabilizer in COBOL states relative
to non-COBOL states on aggregate consumption. In this naive specification, I find a 4.1-
percentage-point larger decline in relative 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 in-
creased administrative burden in the UI benefit system. In particular, I am concerned about

a violation of the parallel trends assumption: while pre-trend differences appear minimal,
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Figure 2: Relative Credit and Debit Card Consumption for All Consumers

Note: This figure relies on data of all credit and debit card spending at a daily
frequency for each state. These are relative consumption measures. A population-
weighted average across states is computed when aggregating to COBOL and non-
COBOL states. The dashed navy line corresponds to COBOL states. The solid
maroon line corresponds to non-COBOL states. This figure covers the sample period
from February 1, 2020, to December 31, 2020.

post-treatment dynamics could still bias the results.

As with any empirical exercise that employs a quasi-experimental design, there is a chal-
lenge for identifying causal results. To assess whether this difference in relative consumption
between COBOL and non-COBOL states was driven by other state-level factors unrelated to
UI administration, I explore a set of potential confounders. One key source of bias appears
to be differences in in attitudes to COVID-19. While COBOL and non-COBOL states had
similar health outcomes in COVID-19 outcomes such as death rates and case rates as re-
flected by Table I, their attitudes were different. Specifically, households in COBOL states
were relatively more cautious about COVID-19 than households in non-COBOL states.?
This behavioral difference could upwardly bias my point estimates in Table II column 1

because households in COBOL states would consume less after the emergency declaration

24To determine that COBOL and non-COBOL states had different attitudes, I use Google mobility data
and I find that households in COBOL states spent relatively more time at home than households in non-
COBOL states.
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for reasons unrelated to unemployment insurance.

In column 2, I address this concern by using the interaction of the 2016 Republican vote
share and Post, the coefficient of which is positive and significant. The coefficient is positive
and significant at the 1 percent level. This result is consistent with differences in attitudes
to COVID-19 upwardly biasing my results in column 1. This interaction variable serves as a
proxy for attitudes on COVID-19 and potentially differential policies implemented by gover-
nors implemented during this period. After controlling for the interaction of Republican and
Post, the coefficient on the interaction of COBOL and Post decreases from a 4.1-percentage-
point relative decline to a 2.8-percentage-point decline. The results stabilize after controlling
for the interaction of Republican and Post.

Even though column 2 in Table II represents my preferred specification, concerns about
omitted variable bias remains. One potential concern is that COVID-19 affected COBOL
and non-COBOL states differently. In column 3, I add the daily new COVID-19 case rates
and new death rates as additional controls. The coefficient on the interaction of COBOL
and Post remains stable at a 2.8-percentage-point decline and statistically significant at the
5% level. This result is unsurprising given that COBOL and non-COBOL states experi-
enced similar COVID-19 new case rates and new death rates, as reflected by Table 1. To
further assess robustness, column 4 includes five previously discussed confounders interacted
with Post. The coefficient on the interaction of COBOL and Post only marginally decreases,
dropping to a 2.6-percentage-point decline. Column 5 adds the monthly state unemployment
rate as a control, which is positively but insignificantly associated with relative consumption.
However, this variable is potentially endogenous: one mechanism through which COBOL
states may experience lower consumption is precisely through delayed UI disbursements that
depress measured unemployment and aggregate demand. As such, controlling for unemploy-
ment likely induces post-treatment bias, attenuating the estimated effect. The coefficient on
the interaction of COBOL and Post falls to 2.4 percentage points but remains statistically

significant at the 5% level, providing a conservative lower bound.
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Table II: TWFE COBOL Usage on All Card Consumption

(1) (2) (3) (4) (5)
Rel Cons Rel Cons Rel Cons Rel Cons Rel Cons

COBOL x Post -0.041%*%  -0.028%*F  -0.028%*F  -0.026**  -0.024**
[0.020] [0.013] [0.013] [0.011] [0.011]
Republican x 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. x 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 fixed
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. Post
is 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 benefits system. The interaction term of interest is the product of COBOL and
Post.  Republican is 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 fixed effects. Column 2 adds the
interaction of Republican and Post. Column 3 adds the COVID-19 controls. Column
4 adds five terms of Post interacted 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

B Consumption Results by Week

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

ative 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 consump-

tion patterns between COBOL and non-COBOL states by the end of 2020. In Figure 3, I

plot the results from Equation 3 to show how the effect varies by week. The x-axis denotes
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Figure 3: Relative-Consumption Weekly Event Study:
Relative Difference between COBOL and Non-COBOL States

Note: The graph is a coefficient plot showing the coefficient on Sy from Equation 3.
State and week fixed effects are used in conjunction with an interaction term of Post
and Republican presidential election vote share in 2016. The red dashed line that
goes through week zero corresponds to March 13, 2020. This figure 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 confidence interval. State populations from
2019 are applied as analytic weights. Standard errors are clustered at the state level.

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 3
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, as reflected in Figure 2.

Not only was relative consumption in COBOL states lower than in non-COBOL states
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every 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 declaration: -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 consumption relative to non-COBOL states. This protracted
recovery suggests Ul state agencies struggled not only with the initial inflow of UI claims
soon after the emergency declaration but with the continued flow of claims in the subsequent
weeks. However, I cannot determine whether the persistence in consumption was driven
by continued delays in processing new claims, lagged disbursement of previously approved
benefits, or dynamic general equilibrium effects from earlier shortfalls in demand. It is
also possible that some individuals, discouraged by administrative hurdles, never received
benefits at all, further dampening recovery. The results likely reflect a combination of these

mechanisms.

C Aggregate Effects of Lack of Ul Modernization

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

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

28
Pl D
Cost = P]2019 X Relative Decline X 3?;;8 X Z ZPCESC,Qom (4)

2012

s=1 ceC

where Ziil > ece PCEg 2019 denotes total nominal personal consumption expenditures
(PCE) in 2019 across 28 COBOL states, excluding five categories unlikely to be captured in
card-based spending: (1) motor vehicles and parts, (2) housing and utilities, (3) health care,
(4) financial services, and (5) nonprofit institution expenditures. These exclusions, PCE
categories not in C, imply that credit and debit card consumption accounting for roughly
50% of PCE. To take conservative measure, I take the period while Federal Pandemic Un-
employment Compensation (FPUC) was in effect, roughly April 1, 2020 to July 31, 2020.

That corresponds to 121 days or about a third of a year. To express the result in 2019

Plo19

dollars, I multiply by the GDP price deflator ratio, Pl

The estimated 2.8-percentage-

26



point relative decline, Relative Decline, in aggregate consumption then translates into a
real-GDP decline of $40 billion in COBOL states relative to non-COBOL states; this figure
corresponds to roughly 0.3% of real GDP in COBOL states. This estimate is conservative
as | assume there was no consumption effect in the excluded PCE categories and I restrict
to only consider the period that FPUC was in effect. However, the $40 billion cost estimate
likely underestimates the true overall economic costs of administrative burdens in Ul-benefit
systems given that non-COBOL states also experienced increased administrative burdens af-
ter the emergency declaration that resulted in delays. This calculation provides an estimate
of the potential aggregate impact from the lack of modernization of the Ul-benefit system
in COBOL states.

The cost that COBOL states would have incurred to modernize their systems is likely only
a small fraction of the estimated negative aggregate impact of a $40 billion relative decline in
GDP. The problems with the COBOL systems were apparent after the Great Recession, but
issues that arose from the pandemic recession provided renewed interest in COBOL states
to modernize their UI benefit 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.?® 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.

D COBOL-Induced Delays

One way that relatively larger administrative burdens in COBOL states could be affecting
aggregate consumption is through longer processing delays in Ul disbursement. One ap-
proach to determining whether COBOL states experienced longer processing delays in Ul
disbursement than non-COBOL states is to ascertain whether COBOL states had a rela-
tively 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

25See the public contract.
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delays beyond 70 days. Under normal 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 reflected in Figure 4. 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 understate the severity of the
issue given the drastic increase in the number of claimants receiving Ul after the emergency
declaration in 2020.

Figure 4 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 first 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 topcoded 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 reflected in the denominator;
however, topcoded claims, the numerator, cannot appear until 70 days after the spike in
claims.

Figure 5 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 5 relative to
Figure 4, 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 5 is around 40%, while the maximum value in Figure 4 is around
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Figure 4: Percentage of Topcoded Claims (Processing Delays)

Note: This figure is based on first-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 figure depicts the percentage
of intrastate regular Ul 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.

25%. One should 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 III, I show results estimated using the TWFE model described in Equation 1.
Column 1 presents results with only state and month fixed effects as controls. The parameter
of interest is the coefficient on the interaction of COBOL and Post. The coefficient of 2.3
corresponds 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
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Figure 5: Percentage of Claims Delayed at Least 5 Weeks (Processing Delays)

Note: This figure is based on first-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 figure depicts the percentage
of intrastate regular Ul 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.

claims by over 70 days for about 18.7 percent of claims from June 2020 to December 2020.26

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
Republican and Post, and the coefficient on the interaction of COBOL and Post does not
meaningfully change, going from 2.3 to 2.1 and remaining significant at the 1% level. The
coefficient on the interaction of Republican and Post is insignificant.

Despite topcoded claims only accounting for a small fraction of regular Ul intrastate
claims prior to 2020, there were differences between COBOL and non-COBOL states. Specif-
ically, COBOL states had a lower share of topcoded claims prior to the emergency decla-
ration, as reflected in Figure 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 declaration. To address the concern that confounders are driving the

differences in topcoding, I add five previously discussed confounders interacted with Post

26Note that this 18.7 percent statistic is not population weighted.

30



Table III: TWFE Fraction of Claims Topcoded

(1) (2) (3) (4)

Frac Intra Top Frac Intra Top Frac Intra Top Frac Intra Top

COBOL x Post 2.3HH* 2. 1%H* 3. 8% 4.0%**
(0.53) (0.61) (0.72) (0.62)
Republican x Post -0.0 -0.4%HK -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 first-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 specifications correspond to a TWFE estimator with state and month
fixed 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

in column 3 of Table III.?" In column 3, once I add those five confounders interacted with
Post, the coefficient on the interaction of COBOL and Post increases to 3.8 ppt. These
interaction terms meaningfully change the point estimate on the coefficient 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 reflected by Table I. Another interpretation of this increase is that by adding

27T use these same five confounders throughout my analyses for both delay and consumption outcomes.
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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 III. By including the unemployment rate,
the coefficient on the interaction of COBOL and Post increases to 4.4 ppt and remains
significant at the 1 percent level. I find that higher unemployment rates are associated with
a higher share of topcoded claims, but the coefficient on the interaction term of COBOL
and Post does not meaningfully change. Even though the unemployment rate is potentially
endogenously affected by Ul 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 exclusively being driven by the unemployment
rate.

I perform a similar analysis in Table [V with the share of claims that were delayed at
least 5 weeks as the dependent variable. I use the same confounders and I find 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 significant at the 5 percent level across all specifications.

In sum, I find 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 III do
not meaningfully change the significance of the coefficient on the interaction of COBOL and

Post, but they do meaningfully change the point estimates.

E Other Pandemic Transfer Programs

One concern one may have is that COBOL usage in UI benefit systems is correlated
with other pandemic transfer programs, and that these transfer programs may well have
had an independent effect on consumption. I focus on three pandemic transfer programs

that were in effect in 2020: Paycheck Protection Plan (PPP), Economic Impact Payments
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Table IV: 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 x Post 3.1%* 3.3%* 4. 3%k 4. 4H%*
(1.42) (1.54) (1.13) (1.08)
Republican x 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 first-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 specifications correspond to a TWFE estimator with state and month fixed
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

(EIP), and Supplemental Nutrition Assistance Program (SNAP). As Faulkender, Jackman
& Miran (2023) show PPP was intricately connected to Ul given that PPP was partially
implemented to help alleviate the stress that Ul benefit 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 eligible or at least eligible for lower
amounts. EIP and PPP were federal programs, while SNAP is a state administered program.

The data for the PPP loans is provided by the U.S. Small Business Administration.”® The

28The data can be accessed from the SBA website.
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data on the EIP is provided by the Internal Revenue Service’s (IRS) Statistics of Income
(SOI) program.?® The data for SNAP is provided by the U.S. Department of Agriculture
(USDA).%0

Panel A of Table V 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 summary statistics correspond to PPP loans with approval dates before
January 1, 2021. Specifically, COBOL states received $1,635.65 per capita in PPP funds,
while non-COBOL states received $1,535.67. As reflected in Table V, all the PPP outcomes
have t-statistics that are statistically insignificant between COBOL and non-COBOL states.

Table V: Other Pandemic Transfer Programs Summary Statistics by
COBOL Status

Non-COBOL Mean COBOL Mean Diff t-stat Non-COBOL N COBOL N

PPP

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
EIP

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
SNAP

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 PPP, EIP, and SNAP
by COBOL status. The first panel corresponds to PPP loan amounts, total loans,
and jobs. These statistics are denominated as the total PPP amounts disbursed in
2020 once the program started in April 2020. The second panel corresponds to the
first wave of EIP, which occurred in April 2020. The third panel corresponds to total
SNAP payments disbursed from March 2020 to December 2020. All of these statistics
are normalized by either the 2019 labor force or the 2019 population.

Panel B of Table V shows summary statistics for the first round of EIP that was disbursed

29The data can be accessed from the IRS SOI website.
30The data can be accessed from the USDA website.
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in April 2020. Similar to PPP, there is no statistically significant 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). Specifically, COBOL states received $851.76 per capita
of EIP funds, while non-COBOL states received $841.79.

Panel C of Table V shows summary statistics for SNAP benefits that were disbursed
between March 2020 and December 2020. Similar to PPP and EIP, there is no statistically
significant 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). Specifically,
COBOL states received $216.89 per capita in SNAP funds, while non-COBOL states received
$219.03.

Overall, the analysis in Table V demonstrates that there were not systematic differences in
the disbursement of benefits between COBOL and non-COBOL states in regards to SNAP,
EIP, and PPP. In addition to considering other pandemic transfer programs driving my
results, I also conduct additional robustness checks in Appendix A. Specifically, I use a
penalized synthetic control method as an estimator, conduct a placebo test where I randomly
assign COBOL to states, and consider whether a state has a Republican governor as an

additional control.

F Heterogeneity Analysis

Throughout this analysis, I have focused on relative consumption for all consumption cat-
egories among all consumers. However, one of the benefits of using the Affinity Solutions
data is that consumption at the state level can be decomposed by type of goods purchased,
by type of services purchased, or by income quartile.?! I focus on each income quartile and
the four mutually exclusive aggregated consumption types defined by Chetty et al. (2023):
durable goods, nondurable goods, remote services, and in-person services. If discouraged
filers are playing a role in the relative consumption decline, then I expect durable-goods
consumption to be negatively affected by the large UI benefit transfers during the pandemic

recession. Parker, Souleles, Johnson & McClelland (2013) found a shift towards durable

31Due 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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goods under the Economic Stimulus Act of 2008 where the typical single household received
$300 to $600. Unemployment Insurance benefits between April 2020 and July 2020 were
much larger because of the provision granting unemployed workers an extra $600 per week
in benefits. I also decompose consumption by income quartiles because income groups were
differentially exposed to the COVID-19 shock. 1 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 enter-
tainment, which count as in-person services. In addition, studies such as Amburgey, Birinci
et al. (2020) find 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
benefits and could not have suffered from delayed UI benefits nor become a discouraged filer.
I therefore 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 Affinity Solutions data to see whether durable-goods consumption was affected
by having an antiquated UI system. Durable-goods consumption is defined as consump-
tion in the following merchant category codes: (1) building materials, gardening equipment,
and supplies; (2) electronics and appliances; (3) furniture and home furnishings; (4) sport-
ing goods, hobbies, musical instruments, and bookstores; (5) telecommunications; and (6)
vehicles and parts. Nondurable-goods consumption is defined as consumption in the follow-
ing codes: (1) clothing 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 defined as consumption in the following codes: (1) administrative and support
and waste management and remediation services; (2) education; (3) finance and insurance;
(4) information; (5) professional, scientific, and technical; (6) public administration; and
(7) utilities, construction, and manufacturing. In-person-services consumption is defined as
consumption in the following codes: (1) accommodation and food services; (2) healthcare
and social assistance; (3) arts, entertainment, and recreation; (4) transportation and ware-
housing; (5) rental and leasing; (6) repair and maintenance; and (7) personal and laundry
services.

To formally estimate the effect of increased administrative burden by type of good or
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service consumed, | use a TWFE estimator. Specifically, I use a TWFE estimator similar to
the one in Equation 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 ag-
gregated categories. In all four specifications, I match the controls used in column 2 of Table
IT where I include state and day fixed effects in addition to controlling for the interaction
of Republican and Post. Column 1 of Table VI provides suggestive evidence that increased
administrative burden from antiquated systems reduced durable-goods consumption. The
coefficient on the interaction of COBOL and Post is marginally insignificant at the 10% level
(significant at 10.2%level). The coefficient 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 of the pandemic but quickly recovered, top-
ping pre-pandemic levels soon afterward. By the end of May, durable-goods consumption
was above baseline values and remained elevated for the remainder of the sample period for
both COBOL and non-COBOL states. This suggestive finding of a relative decline in con-
sumption of durable goods may suggest more discouraged filers in COBOL states. Durable
goods are large purchases that arguably are less sensitive to delays in the disbursement of
UI benefits.??

Unlike durable goods, nondurable goods should be affected by both discouraged filers and
delayed payments. In column 2 of Table VI, I estimate the effect of the increased admin-
istrative burden in UI benefit 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 significant at the 5% level. If households are not able to perfectly smooth con-
sumption, then they will reduce their consumption of nondurable goods prior to the receipt
of their delayed UI benefits. Column 3 estimates the impact on in-person services, showing

a 2.8-percentage-point relative decline, which is significant at the 10% level. Consumers

32Note that delays may also partially encourage durable goods consumption because the first payment of
delayed Ul payments will be larger than UI payments that are not delayed. For example, if an individual is
entitled to 8 weeks of Ul but their claim is delayed over 10 weeks (topcoded), then the recipient will receive
all their UI benefits in one lump sum transfer. This pattern of behavior is consistent with the findings in
Gelman, Orlando & Patki (2024).
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Table VI: TWFE COBOL Usage by Consumption Type

(1) (2) (3) (4)

Durables Nondurables Inperson serv Remote serv

COBOL x Post -0.024 -0.034** -0.028* -0.014
[0.014] [0.014] [0.015] [0.016]
Republican x 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 20 20
Observations 16,750 16,750 16,750 16,750

Note: The table provides results from a two-way fixed-effects (TWFE) estimator
with day and state fixed 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. COBOL is a binary variable
that takes the value 1 if a state uses COBOL in its Ul benefits system. The main
interaction term is the product of COBOL and Post. As an additional control in
all specifications, I interact Post and 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

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 find no effect.

Instead of looking at the goods or services purchased, as in Table VI, I next examine

which individuals experienced the largest declines in relative consumption. Specifically, I

sort the individuals into income quartiles.®® I rerun the analysis from Table VI using income

quartiles as the dependent variable. I report the results in Table VII. Column 1 corresponds

to consumption in the bottom quartile, column 2 corresponds to consumption in the second

income quartile, and so forth. All the specifications include state and day fixed effects as

33Two states, Alaska and Hawaii, are omitted from the sample because consumption data for the bottom

quartile are unavailable.
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well as the interaction of Republican 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 find an insignificant result, as expected.
The richest income quartile was the least likely to become unemployed during the pandemic
recession and thus the least likely to receive Ul benefits, independent of administrative
burdens. The strongest effects are for the second- and third-income quartiles. There are two
possible reasons for not finding a strong result for the bottom quartile: (1) larger standard
errors or (2) fewer discouraged filers. It could be that unemployed individuals in the bottom
quartile were less susceptible to an increase in administrative burden because they were
more likely to depend on the benefits to cover necessities such as rent payments and food
expenses. Administrative burdens in programs like Ul 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 find a 3.2- and 2.7-percentage-point decline for the second and third

income quartiles, respectively, both of which are significant at the 10% level.

VI Conclusion

Using a TWFE estimator, I find that problems with Ul-benefit systems in states whose
systems ran on COBOL experienced a decline in relative consumption after the emergency
declaration that was 2.8 percentage points larger than in non-COBOL states. I cannot defini-
tively 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 Ul benefit 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 repeatedly being disconnected, losing time in filing a
claim, and experiencing added uncertainty regarding whether and when they would receive

their benefits.?* The large negative effect of Ul system delays in COBOL states during the

34NJ Labor Commissioner Asaro-Angelo discussed how his team received death threats from claimants
frustrated with issues in filing their claims during the pandemic recession in a panel discussion held by the
Heldrich Center for Workforce Development on UI systems in New Jersey.
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Table VII: 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 x Post -0.014 -0.032%* -0.027* -0.011
[0.020] [0.019] [0.015] [0.010]
Republican x Post 0.0047** 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 fixed-effects (TWFE) estimator
with day and state fixed 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 consump-
tion (measured at a daily frequency) for the relevant income quartile relative to the
base period. Post is 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 benefits system. The main interaction variable is the product of
COBOL and Post. As an additional control in all specifications, I interact Post with
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

pandemic strongly suggests that the effectiveness of Ul benefit systems as a countercyclical
tool.?

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 benefits and could
have also had relatively more discouraged filers due to increased administrative difficulties.
In particular, relative consumption declines among Ul-eligible claimants in COBOL states

may have led to a lower UI fiscal multiplier relative to non-COBOL states. Such an effect

35How a UI benefit system should modernize lies outside the scope of this paper. 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).
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would dampen consumption even among households that remained employed and households
that received benefits promptly. Future work could potentially decompose the overall decline
in consumption into these components.

In the past, to address issues with Ul modernization, the federal government created
incentives to assist states modernize their Ul systems. With the American Recovery and
Reinvestment Act of 2009, the federal government made $7 billion available for states who
chose to modernize.®® Thirty-nine states chose to implement at least some of the changes
required to receive funding. These changes included expanding the definition of eligible
workers to include part-time workers. Instead of focusing first on transitioning away from
COBOL, states could focus on other less costly issues that likely contribute to delays, such
as not having all Ul information available in commonly spoken languages, not making it easy
to reset passwords, and not making it possible to complete the entire online filing process on
mobile devices. These other issues are less costly to fix and can cause large problems such
as locking out a claimant from the state UI website, which leads to delays in filing.

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.?”

Although lack of UI system modernization is a central problem, Lachowska, Mas &
Woodbury (2022) show that modernization by itself is not necessarily sufficient to fix Ul
administrative issues. Specifically, Lachowska et al. (2022) show that 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 a grant of up to $600 million
to support state Ul information technology modernization under the American Rescue Plan

Act (Parton, 2023). One concern is that support for unemployment insurance may wane as

36States had until August 22, 2011, to submit their applications to the Department of Labor to receive
funding. See the briefing paper from the National Employment Law Project on how federal incentives after
the Great Recession helped states modernize their Ul benefit systems.

37Though five states joined the consortium, only Maine and Mississippi had fully implemented the software
program to modernize their Ul benefit system away from COBOL by the start of the pandemic.
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number of UT recipients declines and the economy recovers.*® Regardless of which approach
policymakers choose to take, antiquated UI systems hamper the effectiveness of UI as a fiscal

stabilizer.

38For 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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Appendix

A Appendix: Additional Robustness Checks

A1l Penalized Synthetic Control Method

As a robustness check of the results in Table II, I use the penalized synthetic control method
developed 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, A, 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 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 minimizes the sum of pairwise discrepancies. As
the tuning parameter approaches oo, 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
fixed effects. I select 15 covariates to match on: (1) Republican vote share (2016), (2) income
share in accommodation and food services (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
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(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 A.I 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 fixed A corresponds to a fixed 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 X uses a leave-one-out cross-
validation procedure to select A by minimizing the mean squared prediction error in the
post-intervention period (after the emergency declaration). The column labeled PSC Bias A
uses validation over the outcomes (relative consumption) in the pre-intervention period (prior
to the emergency declaration) to select the tuning parameter. The average treatment effects
across these three specifications 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 II.

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 X in Table A.I (0.01) in each iteration. To be consistent
with the results from Table A.I, I aggregate the 28 cohort treatment effects using population
weights. Figure A.1 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 significant at the 10% level.
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Table A.I: Penalized Synthetic Control Method, Results

Treated Control | PSC fixed A | PSC MSE XA | PSC Bias A
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
A 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 comparison and the traditional TWFE. The sample size corre-
sponds 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 tra-
ditional 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: A. This parameter makes a trade-off between the component-wise fit
(to a COBOL state) and aggregate fit (to all COBOL states). The column labeled
“PSC fixed \” corresponds to a fixed value for A of 0.1. The other penalized syn-
thetic control estimator columns choose lambda in a data-driven manner. One uses a
leave-one-out cross-validation procedure to select A by minimizing the mean squared
prediction error in the post-intervention period (after the emergency declaration).
The other method chooses A on validation over the outcomes (relative consumption)
in the pre-intervention period (prior to the emergency declaration). All five con-
founders as well as the 2016 Republican 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.

48



Average Treatment Effect

e

O —

\O

- -0.037

O -

<t

o

o —

«l

< |

T T T T T T T T T
-.08 -.06 -.04 -.02 0 .02 .04 06 .08

Figure A.1: Permutation Test for Penalized Synthetic Control Method (10,000
Simulations)

Note: The histogram shows the distribution of average treatment effects when treat-

ment 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 X in Table A.T (0.01) in each iteration. To be consistent
with the results from Table A.I, 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 significant at the 10% level.

A2 Republican Governor, Republican Vote Share, and Other Con-

founders
In my preferred specification for my consumption analysis, I have state fixed, day fixed
effects, and the 2016 presidential Republican vote share interacted with Post as controls. In

Table A.2, 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 signifi-
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cant differences in Republican governor between COBOL and non-COBOL states. Columns
2 and 3 are significant 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 significant 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 picking
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 A.3 T use the Republican governor and Republican vote share as controls
simultaneously. My results are robust across all specifications. The point estimates range
from a 2.1 ppt decline to a 2.6 ppt. decline in specifications with controls other than fixed
effects. All specifications are all significant at the 10 percent level and have have similar
point estimates to the version without Republican governor. These new point estimates are
slightly lower than the baseline, but are not statistically different than the baseline.

Figure A.2 shows the history of weekly UI initial claims since they started to be rere-
corded in 1967 to the end of 2020, highlighting the unprecedented the surge in the pandemic
recession. Figure A.3 shows the average unemployment rate between COBOL and non-
COBOL states. We see similar patterns prior to August 2020 when non-COBOL states
recovered more quickly. This divergence starting in August 2020 is consistent with anti-
quated UI benefit systems hampering the effectiveness of Ul as a fiscal stabilizer. While
COBOL and non-COBOL states experienced comparable COVID-19 case and death rates,
differences in attitudes toward the pandemic may have influenced consumption behavior.
Figure A .4 reflects this, showing that households in COBOL states spent relatively more
time at home after the emergency declaration than those in non-COBOL states. In Figure
A5, T add each of the five confounders added individually to my preferred specification in
my relative consumption results. All cases are significant at the 5 percent level with stable

point estimates except when using the percentage of the population living in an urban area
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Table A.2: TWFE COBOL Usage on All Card Consumption (Republican
Governor, Replacement)

(1) (2) (3) (4) (5)
Rel Cons Rel Cons Rel Cons Rel Cons Rel Cons

COBOL x Post -0.041**  -0.030**  -0.030**  -0.021°* -0.020%*

[0.020] [0.015] [0.015] [0.011] [0.011]

RepGov x 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. x 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 fixed
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 Ul benefits
system. The interaction term of interest is the product of COBOL and Post. RepGov
is 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 fixed effects. Column 2 adds the
interaction of Republican and Post. Column 3 adds the COVID-19 controls. Column
4 adds five terms of Post interacted 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) Ul 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.

as a confounder. The specification using this confounder is still significant at the 10 percent
level and corresponds with a 2.6 percentage point decline relative consumption in COBOL

states relative to non-COBOL states from March 13, 2020 to December 31, 2020.
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Table A.3: 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 x Post -0.041**  -0.026* -0.027*  -0.022*%*  -0.021*
[0.020] [0.014] [0.014] [0.011] [0.011]
Republican Gov. x Post 0.006 0.007 0.018 0.019
[0.016] [0.016] [0.018] [0.017]
Republican x 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. x 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 fixed
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. Post
is 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 benefits system. The interaction term of interest is the product of COBOL and
Post. Republican is 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 fixed effects. Column 2 adds the
interaction of Republican and Post as well as interacting a binary variable indicating
whether a state had a Republican governor and Post. Column 3 adds the COVID-19
controls. Column 4 adds five terms of Post interacted 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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Figure A.2: National UI Initial Claims

Note: This figure 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 first week of April 2020
where there was just north of 6 million initial claims filed that week at the national
level.

A3 Randomization Inference

As another robustness check, I perform randomization inference where I conduct a per-
mutation test. Specifically, I randomly assign COBOL status to 28 states 1,000 times and
then run my preferred specification, column 2 of Table II, with this random assignment of
treatment. The specification has relative card consumption as the dependent variable, day
fixed effects, state fixed 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 vari-
able 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 popu-
lation weights. Figure A.6 shows that the permutation test yields significant results at the

10 percent level. The other specifications in Table II are all significant at the 10 percent
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Figure A.3: Unemployment Rate by COBOL Usage

Note: This figure 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 first 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.

level .3?

39 Available upon request.
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Figure A.4: Potential COVID-19 Cautiousness

Note: This figure 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 A.5: Coefficient Plot Interacting Potential Confounders Individually

Note: This figure plots the coefficient on COBOL x Post from the TWFE estimator
(state fixed effects and day fixed effects). The baseline definition includes the COVID-
19 controls and the interaction of COBOL state and the 2016 Republican presidential
vote share. The remaining five coefficients build upon the baseline specification by
adding one confounder, Confounder;, and interacting it with Post,. The figure
plots coefficients on COBOL x Post ranging from a 2.6 percentage point decline in
relative consumption to a 2.9 percentage point decline. The effect is significant at
the 5 percent level in all specifications except for the one that adds percentage of the
population living in an urban area (still significant at the 10 percent level). Standard
errors are clustered at the state level.
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Figure A.6: Permutation Test for TWFE Estimator (1,000 Simulations)

Note: The histogram shows the distribution of average treatment effects when treat-
ment is randomly assigned across 28 of the 50 states 1,000 times using the TWFE
specification with the 2016 Republican vote share interacted with Post. To be con-
sistent, 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 significant at the 10% level.
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