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 A B S T R A C T

Pandemic fraud is geographically concentrated and stimulated local purchases, with effects on prices. Recipi-
ents of fraudulent Paycheck Protection Program (PPP) funds significantly increased their home purchasing rate 
compared to recipients of non-fraudulent PPP funds, and house prices in high-fraud ZIP codes increased 5.8 
percentage points more than in low-fraud ZIP codes within the same county. In a horse race, pandemic fraud 
is one of the largest and most robust factors explaining house price appreciation during COVID. ZIP codes with 
fraud also experienced heightened vehicle purchases and other consumer spending in 2020-21, with a return 
to normal in 2022.
1. Introduction

Are the costs of financial fraud largely confined to stolen funds, or 
does fraud have other, perhaps unanticipated, distortive effects? (Ak-
erlof and Romer, 1993) propose that fraud can have large unintended 
externalities that are often greater than the direct costs, including in 
the form of distorted asset prices. In this paper, we seek to test this 
theory by examining the use of fraudulent funds stolen from pandemic 
relief programs. Are the proceeds of the fraud used, at least in part, 
to purchase assets, and do they thereby put upward pressure on asset 
prices?

In the traditional (Becker, 1968) crime model, the optimal amount 
of resources to devote to the prosecution of crime and the nature of 
the punishment depend on both the direct and indirect costs of the 
crime. For financial fraud, direct cost estimates typically range between 
three and nine percent of GDP (Gee and Button, 2019). Indirect costs 
are even harder to detect and quantify. However, federal COVID relief 

I Philipp Schnabl was the editor for this article. We thank the editor, an anonymous referee, Jim Conklin, Mike Faulkender, William Fuchs, Andra Ghent, 
Caitlin Gorback, Christoph Herpfer, Elena Loutskina, Vrinda Mittal, Lin Peng, Alex Priest, Marius Ring, Zhaogang Song, Laura Starks, Constantine Yannelis, Eric 
Zwick, industry participants, and others for helpful comments. We are also thankful for comments from seminar and conference participants at the American Real 
Estate and Urban Economics Association (AREUEA) national conference, Baruch College, the Federal Reserve Bank of Dallas, the Financial Intermediation Research 
Society (FIRS) conference, NBER Summer Institute (Household Finance), the Office of the Comptroller of the Currency (OCC) Emerging Risks Symposium, Pre-WFA 
Summer Real Estate Research Symposium, the Society of Financial Studies (SFS) Cavalcade, the University of Kentucky Finance Conference, the University of 
North Carolina, the University of Pennsylvania, and the University of Texas at Austin. We also thank the University of Texas at Austin and the Integra Research 
Group for research support. Griffin is an owner of Integra Research Group and Integra FEC, which engage in research, financial consulting, and recovery on a 
variety of issues related to the investigation of financial fraud.

spending of over $4.5 trillion may provide a setting to examine po-
tential spillovers and externalities of fraud. Determining the extent to 
which this spending may have influenced the price of goods is difficult 
since most spending programs were mainly designed to offset income 
lost due to the pandemic and thus are cross-sectionally proportional to 
population and income. One potential source of regional variation in 
government spending is fraudulent transfers. There is growing evidence 
that a sizable portion of the funds distributed by the $793 billion 
Paycheck Protection Program (PPP), $384 billion Economic Injury Dis-
aster Loan (EIDL) program, and $872 billion unemployment insurance 
programs may have been fraudulent (Griffin et al., 2023; Podkul, 2021; 
U.S. Small Business Administration, Office of Inspector General, 2023; 
Lardner et al., 2023; Khetan et al., 2024). From the ground level, 
one former U.S. Attorney described it as: ‘‘nothing like this has ever 
happened before. . . it is the biggest fraud in a generation’’ Dilanian and 
Strickler (2022).
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In this paper, we examine the effects of fraud in the PPP and 
other pandemic relief programs on local housing markets and consumer 
spending. This research builds on two previous papers that also ex-
amined pandemic relief fraud. Griffin et al. (2023) find that fraud in 
the PPP was widespread and accelerated quickly, in part due to lax 
standards by some FinTech lenders. Additionally, Griffin et al. (2025) 
find that many ZIP codes have almost no PPP fraud, while others have 
in excess of 40% of their loans flagged as suspicious. They examine 
numerous explanations for the variation in suspicious lending rates 
across regions and find that a measure of social connections between 
ZIP codes (based on Facebook data) is the strongest predictor of the 
spread of pandemic relief fraud. Information about how to obtain 
fraudulent loans circulated rapidly on social media. The spread of fraud 
over time can be explained by social connections between ZIP codes, 
resulting in concentrated pockets of fraud and substantial variation 
in fraud rates even within the same county. This paper assesses how 
recipients spent at least a subset of the ill-gotten funds and, more 
importantly, whether their spending potentially distorted local markets, 
particularly in the housing market. This is important for understanding 
externalities of fraud and is quantitatively one of the most important 
channels for explaining the post-COVID rise in house prices.

Pandemic relief programs were mainly designed to offset lost in-
come to keep the economy from substantially shrinking. There are 
two reasons that fraudulent funds might result in different spend-
ing patterns than non-fraudulent funds. First, when relief programs 
operated as intended, recipients experienced no income shock and 
spending practices should not have shifted. However, if an individual 
committed PPP fraud and suddenly received a financial windfall, this 
could represent a large increase in their income and overall wealth. 
Second, individuals willing to engage in fraud may be more likely to 
spend these ill-gotten gains quickly rather than saving for the future. 
Anecdotal evidence suggests that many recipients of fraudulent PPP 
loans used the funds they received to purchase expensive houses, 
cars, and luxury items.1 We examine how pandemic relief fraud may 
have had unintended consequences by creating excess demand for an 
important immovable regional good—housing.

Before examining house prices, we first investigate whether individ-
uals who received pandemic relief payments through fraudulent means 
were more likely to purchase homes. We match a random sample of 
250,000 individual PPP recipients to property ownership records from 
PropertyRadar and also utilize data on house purchases from LexisNexis 
and consumer address history from Verisk. The first two sources indi-
cate a sizable upward shift in house purchase probability for recipients 
of flagged PPP loans compared to non-flagged recipients, and the third 
indicates a sizable upward shift in moving propensity compared to 
non-recipients. In particular, using a stacked difference-in-differences 
framework, we find that the probability that an individual purchased 
a house increased by 17% compared to non-flagged recipients and 
moving propensity increased by 22% compared to non-recipients in the 
eighteen months after receiving a suspicious loan.

Given the higher rate of house purchases by recipients of fraudulent 
PPP loans and the concentration of pandemic relief fraud, it is possible 
that these purchases, funded by ill-gotten funds from the PPP and other 
government programs, distorted local house prices. We primarily use 
information on PPP loans for our analysis due to the availability of 
more detailed information. However, results from Griffin et al. (2024) 
suggest that the geographic areas which received fraudulent funds 
through the PPP also have higher levels of fraudulent EIDL loans, EIDL 
Advances, and unemployment insurance claims. To control for macro 
factors that may have influenced regional house price growth, our 
analysis focuses on the ZIP code level while including county fixed 
effects. We find that ZIP codes in the top decile of suspicious lending 
per capita experienced house price growth that is 5.8 percentage points 

1 For example, here and here.
2 
(ppt) higher than ZIP codes in the lowest decile of suspicious lending 
per capita. This difference represents a sizable 22.5% of the 25.9 ppt 
average increase in house prices during 2020 and 2021. Additionally, 
the effect of pandemic fraud is consistently positive across the initial 
period; the effect first becomes significant in April 2020 and persists 
until June 2022. After June 2022, areas with higher PPP fraud have 
lower house price growth, suggesting that the inflationary impact of 
pandemic fraud on house prices was temporary. Non-fraudulent PPP 
lending has no effect on house prices, consistent with these funds 
offsetting legitimate expenses and lost revenues as opposed to providing 
extra stimulus. Additionally, since individuals may purchase homes 
in nearby areas rather than only in their current ZIP code, we also 
calculate the average amount of fraud (both simple and distance-
weighted) among ZIP codes within a five-mile radius of the focal ZIP 
code and find similarly strong house price effects.

During the period when fraudulent funds were received and spent, 
we expect to see an increase in demand in high-fraud areas due to the 
surge in buyers. In turn, this would lead to the heightened price growth 
discussed above. However, when the influx of fraudulent funds ceased, 
one would expect to see slightly less demand due to the elevated prices, 
leading to a price reversal. We examine proxies for net demand and find 
that beginning in June/July 2020, areas with high fraud had a larger 
percentage of listings sold within two weeks, a larger percentage of 
purchases made above listing price, more views from potential buyers 
per property, and lower inventory compared to prepandemic levels. 
These patterns weaken later in 2021 and reverse during the 2022–23 
period: areas with high fraud had fewer listings sold quickly, fewer 
purchases above listing price, fewer views per property, and more 
inventory than prepandemic levels. Consistent with this, high-fraud 
ZIP codes experienced lower house price growth from mid-2022 to 
December 2023, leading to a reversal that amounts to 35% of the initial 
effect.

Other factors have also been proposed to explain house price growth 
during the COVID period. To assess pandemic fraud in relation to 
these competing explanations, we consider all proposed factors to-
gether within a common framework following the methodology used 
by Griffin et al. (2020). This framework is useful not just for assessing 
pandemic fraud, but also for understanding factors that affected house 
price growth from 2020 to 2021 more generally. Using both Bayesian 
Model Averaging and variable selection based on the Bayesian Informa-
tion Criterion, PPP fraud consistently emerges as one of the strongest 
predictors of house price growth, alongside land unavailability. The 
models also consistently select teleworkability, previous (2018–2019) 
housing price growth, net migration, and remote work as predictors, 
although with smaller economic magnitudes.

A potential concern with our baseline analysis is that PPP fraud 
is not randomly assigned. It is possible that ZIP codes with high 
PPP fraud had pre-existing house price momentum (Guren, 2018) or 
omitted characteristics related to house price appreciation during the 
COVID period. We use five additional strategies to gauge the sensitivity 
of our results to these possibilities. First, we use a synthetic control 
method to create a control group with nearly identical house price 
trends during 2018 and 2019. These price trends remain identical 
during the first months of 2020 and only diverge in the summer of 
2020, which is when pandemic fraud is most likely to have started 
affecting house prices. Second, since Griffin et al. (2025) find that fraud 
spread through social networks, we use social connections to fraud 
in distant parts of the country as an instrument for fraud in a given 
ZIP code. The instrumental variable (IV) estimates are consistent with, 
and even somewhat larger than, our baseline estimates. Restricting the 
instrument to distant connections, as far as 500 miles away, reduces 
concerns about migration, local omitted variables, or regional shocks 
that could violate the exclusion restriction. Further, overidentification 
tests using connections in different distance bands imply that any effect 
that social proximity to fraud has on house price growth directly, or 
indirectly through omitted variables, must be the same over different 

https://www.orlandosentinel.com/business/os-bz-ppp-fraud-house-seminole-20201223-cswwnoyx4jedhbcntbpamqleb4-story.html
https://www.justice.gov/opa/pr/nevada-man-charged-using-covid-relief-funds-buy-house
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distances. Third, we refine this IV approach by focusing only on house 
price growth in 2021 and instrumenting for a ZIP code’s 2021 fraud rate 
using its social proximity to 2020 suspicious lending. This helps allevi-
ate reverse causality concerns because the variation in fraud is driven 
entirely by events that occurred before the outcome. To strengthen this 
argument, we also control for the ZIP code’s own 2020 fraud rate and 
2020 house price growth in addition to the baseline controls. The effect 
is 83% of the baseline IV result, consistent with much of the effect of 
fraud on house prices being in 2021 when the fraud was most prevalent. 
Fourth, in addition to controlling for demographic characteristics, we 
consider interactions between PPP fraud intensity and demographic 
characteristics. Specifically, we estimate the effect of PPP fraud in ZIP 
codes with above- and below-median values of income, poverty rate, 
population density, minority population share, educational attainment, 
and prepandemic unemployment. The effect of PPP fraud on house 
prices is similar across all demographic splits. However, we find that 
the effects are over 30% stronger in areas of less elastic housing supply, 
consistent with the demand shock from the influx of fraudulent funds 
being intermediated by local housing supply. Finally, following the 
logic of Oster (2019), we find that the effect of fraud on house prices 
is similar with or without extensive control variables. This mitigates 
omitted variable concerns if the included control variables are at least 
partially informative about the effects of unobservable variables.

To examine whether fraud affected consumer spending and inflation 
more generally, we analyze four additional sources of data. First, 
using ZIP code × month-level data on automobile title registrations for 
six large states, we find that ZIP codes with one standard deviation 
higher PPP fraud per capita have a highly statistically significant 2.38% 
increase in automobile title registrations from March 2020 to Decem-
ber 2021. Second, using census tract × year-level data on consumer 
spending from Mastercard, we find that census tracts with one standard 
deviation higher PPP fraud per capita experienced a highly statistically 
significant 0.595 percentile rank increase in spending per capita in 
2020 and 2021 compared to 2019, with spending returning to normal 
in 2022. Third, using census tract × week-level data on consumer 
mobility, we find that census tracts with higher PPP fraud have more 
visits to a broad set of different types of shopping locations, includ-
ing auto dealerships, grocery stores, furniture stores, restaurants, and 
financial institutions. For all three of these analyses, we also perform 
numerous cross-sectional splits by different demographic variables and 
find similar effects across these splits, indicating that the results are not 
driven by a subset of ZIP codes. Further, all three of these analyses are 
robust to controlling for detailed demographics, controlling for overall 
PPP loan take-up, and including county × time fixed effects to control 
for potential time-varying differences in county-level COVID policies. 
Fourth, using regional CPI (consumer price indices) from the Bureau of 
Labor Statistics (BLS), we find that CBSAs (Core Based Statistical Areas) 
with high PPP fraud per capita experienced elevated inflation starting 
in late 2021 and persisting through April 2023.2

Our paper contributes to four main literatures. First, our findings 
highlight the importance of understanding the potential externalities 
of fraud. Akerlof and Romer (1993) describe how insolvent banks can 
gamble through fraudulent lending, leading to boom and bust cycles 
in asset prices, as observed in commercial real estate during the 1980s 
Savings and Loan Crisis. Similarly, rampant non-agency mortgage fraud 
from 2003–06 distorted house prices and heavily contributed to the 
2003–06 boom and the 2007–11 bust in house prices.3 We focus on 

2 Data on regional inflation is limited to just 23 CBSAs, but results are 
statistically significant even within this limited sample. Elevated inflation is 
primarily due to housing costs, but there is also some evidence of smaller 
inflationary effects on non-housing prices, including vehicles.

3 Griffin et al. (2020) perform comparisons of measures proposed in the 
literature and find that excess credit from mortgage fraud (Griffin and Matu-
rana, 2016) and excess subprime credit (Mian and Sufi, 2009, 2018) were the 
largest forces behind the 2003 to 2011 house price boom and bust cycle.
3 
price distortions with an emphasis on house prices. Financial fraud 
can also have large externalities through decreased participation in the 
financial system (Guiso et al., 2008; Gurun et al., 2017). Kedia and 
Philippon (2007) show that fraudulent accounting practices can distort 
the allocation of economic resources across firms. To our knowledge, 
we are the first paper documenting economic spillovers from fraud in 
government programs.

Second, an emerging literature seeks to understand the forces that 
drove home price appreciation during the COVID period. Gupta et al. 
(2022) find that house prices and rents increased in areas farther 
from city centers, with stronger effects in MSAs with more remote 
workers. Other factors proposed to explain house price growth during 
the COVID period include suburban areas (Ramani and Bloom, 2022), 
higher proportions of stay-at-home residents (Gamber et al., 2023), 
the percentage of individuals in a CBSA able to telework (Dingel and 
Neiman, 2020), remote worker share (Mondragon and Wieland, 2025; 
Davis et al., 2024), lower population density (Liu and Su, 2021), 
and higher economic impact payments (Lin, 2025).4 We extend this 
literature in two ways. First, we propose a new and strong channel 
for housing price growth during the COVID period that is independent 
of any of the other channels proposed in the literature. Second, we 
estimate detailed within-county, ZIP code-level horse races among 
carefully constructed proxies from the literature. We are the first to syn-
thesize and rigorously compare these alternative explanations. We find 
that land unavailability and suspicious PPP lending have the strongest 
relationships with house price growth. Previous levels of remote work, 
teleworkability, migration during 2020 and 2021, and prior housing 
price growth are also related to house price growth during this period 
but have quantitatively smaller effects, particularly when considered in 
multivariate regressions alongside proxies for other potential channels.

Third, we contribute to further understanding the general impact 
of COVID relief spending, as well as its relation to potential infla-
tion. Chetty et al. (2023) find that the cost of each job saved by the PPP 
was $377,000, Autor et al. (2022) find a cost of $169,000 to $258,000 
per job saved, Dalton (2023) finds that only about 24% of PPP money 
went towards wage retention, and Cole (2024) finds a cost of $270,000 
per job-year saved at small firms. Similarly, Granja et al. (2022) find 
small effects of the PPP on employment.5 Diamond et al. (2025) model 
and quantify the effects of fiscal and monetary stimulus on inflation and 
house prices, concluding that both led to inflation and large increases 
in house prices. de Soyres et al. (2023) and Jorda and Nechio (2023) 
examine differences in fiscal spending across countries during 2020 
and 2021 and show that countries with higher COVID-related fiscal 
spending, such as the U.S., are experiencing higher rates of post-COVID 
inflation. We provide a detailed cross-sectional analysis within the U.S. 
on the relationship between geographically concentrated PPP fraud and 
local house price growth and consumer spending.

Fourth, our paper also relates to a broader literature on the marginal 
propensity to consume (MPC) in response to wealth shocks. Evidence of 

4 Cherry et al. (2021) find that mortgage forbearance allowed borrowers to 
enter forbearance and miss $86 billion in mortgage payments, which led to 
lower delinquency rates for home mortgages, auto loans, student loans, and 
other consumer debt. Fuster et al. (2025) find that even though interest rates 
went to historic lows, the spread between mortgage rates and treasuries was 
at historic highs during the pandemic, partially due to labor and operational 
frictions. More generally, our paper adds to a literature showing that housing 
demand shocks can have large effects on house prices (e.g., Favilukis et al., 
2012; Badarinza and Ramadorai, 2018; Hartman-Glaser et al., 2023; Aiello 
et al., 2025; Gorback and Keys, 2025).

5 In contrast, Faulkender et al. (2021) find that the program was much more 
effective with an average cost per job saved of $34,000 to $37,000. A broader 
literature has also examined various aspects of differential access to the PPP 
(e.g., Denes et al., 2021; Cong and Rabetti, 2023; Bartik et al., 2020; Neilson 
et al., 2020).
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violations of consumption smoothing is nearly as longstanding as Fried-
man’s (1957) permanent income hypothesis itself. The empirical liter-
ature generally finds average MPCs for non-durable goods and services 
in the range of 15% to 25%, with large heterogeneities across house-
holds (Kaplan and Violante, 2022).6 The literature generally finds 
higher MPC estimates for low-income and liquidity-constrained house-
holds (Johnson et al., 2006; Baker, 2018). MPC estimates are typically 
larger for smaller wealth shocks (Kaplan and Violante, 2014; Beraja and 
Zorzi, 2026), during economic crises (Gross et al., 2020), and during 
periods of low house price growth (Cho et al., 2024). However, there is 
also evidence of high MPCs even for households with high incomes and 
significant liquid-asset holdings (Kueng, 2018), and survey responses 
indicate that MPCs can sometimes be larger for larger wealth shocks 
after accounting for durable goods and the extensive margin Fuster 
et al. (2020). Much of this literature has used government payments 
as shocks (Souleles, 1999; Johnson et al., 2006; Agarwal et al., 2007; 
Parker et al., 2013; Kueng, 2018; Aydin, 2022; Baker et al., 2023). 
While the MPC literature primarily focuses on non-durable spending, 
several studies find that durable spending also responds to wealth 
shocks and is often a larger part of the overall consumption response 
as wealth shocks become larger (Fuster et al., 2020; Beraja and Zorzi, 
2026). For example, Parker et al. (2013) find large durable spending 
increases as a result of the 2008 economic stimulus checks, mostly in 
the form of new vehicle purchases. Tauber and Van Zandweghe (2021) 
find that about half of the increase in durable goods spending in 2020 
was due to fiscal stimulus. Fuster et al. (2020) find vastly heterogeneous 
responses across consumers.

Our paper contributes to the MPC literature by examining a new 
source of heterogeneity—spending responses of fraudulent fund re-
cipients. These responses could differ from other wealth shocks for 
a number of reasons. For instance, individuals who commit fraud 
may have different preferences, liquidity constraints, or motivations 
to spend what they perceive as a windfall. To our knowledge, no 
paper in the large literature on MPCs has examined the spending 
responses of fraudulent fund recipients. Nevertheless, our primary em-
pirical analysis focuses on the externalities of fraud proceeds on prices, 
particularly in the housing market. Although a consumption response 
is a necessary predicate for this externality, our setting is not ideal 
for directly estimating MPCs. Our spending data is limited, especially 
at the individual level. Furthermore, our measure of pandemic fraud 
— based solely on the PPP — likely understates the total amount of 
pandemic fraud at both the individual and ZIP code levels, as fraud 
was highly correlated across multiple government programs, including 
EIDL and unemployment insurance (Griffin et al., 2024). Additionally, 
the unique circumstances of the COVID period, such as heightened 
uncertainty, may mean our results are not generalizable to other time 
periods. Our primary contribution lies in understanding the potential 
externalities of fraud, identifying the underlying forces driving house 
price growth during the COVID period, and assessing the effectiveness 
and externalities of COVID-relief programs as discussed above.

Overall, our findings suggest that fraud in government programs can 
have unanticipated effects that extend beyond and are potentially even 
more costly than the fraudulent transfers themselves. These effects may 
have helped people who already owned houses but hurt individuals 
who bought houses at inflated prices. Consistent with this concern, our 
findings indicate that areas with large amounts of fraud are experienc-
ing lower house price returns after June 2022 than they would have 
otherwise. To the extent that fraud can have large unanticipated effects, 
more resources should be spent on designing government programs to 
prevent fraud and on related law enforcement.

6 Jappelli and Pistaferri (2010) and Havranek and Sokolova (2020) survey 
the empirical side of this large literature. Havranek and Sokolova (2020) find 
an average MPC of 0.37, but conclude that after correcting for methodological 
issues, selective reporting of estimates, and liquidity constraints, estimated 
MPCs are close to zero.
4 
2. Data sources

We use loan-level indicators of suspicious PPP loans developed 
by Griffin et al. (2023) aggregated to various geographic levels. These 
indicators are based on loan-level PPP data released on January 2, 
2022, by the Small Business Administration (SBA). This dataset cov-
ers all PPP loans issued from the start of the program on April 3, 
2020, through the end of the program on June 30, 2021, that had 
not been repaid or canceled as of January 2, 2022. The data in-
cludes business name, address, business type (e.g., corporation, LLC, 
and self-employed), NAICS code (industry), loan amount, number of 
employees, date approved, loan draw (i.e., initial, first-draw loan or 
repeat, second-draw loan), and lender for 11,469,801 loans originated 
by 4809 different lenders with a total value of $793 billion. The pri-
mary suspicious loan indicators are: loans to non-registered businesses, 
multiple loans at the same residential address, abnormally high implied 
compensation relative to industry averages at the CBSA level, and 
large inconsistencies (as large as tenfold) between the jobs reported 
by borrowers on their PPP applications and jobs reported to the con-
temporaneous EIDL Advance program, which had a different incentive 
structure. In addition to these loan-level primary measures, we consider 
the extent to which PPP lending at the industry-county level exceeds 
the number of establishments listed for that industry-county pair in 
U.S. Census data. See Internet Appendix Section A for additional details 
regarding these measures. Griffin et al. (2023) extensively validate 
these measures, including with four secondary measures of fraud and 
three independent external measures. The findings of Griffin et al. 
(2023) are also validated by a detailed Congressional investigation of 
PPP fraud that focused on many of the same FinTech lenders flagged 
by Griffin et al. (2023) (see Congressional report here).

We use the Zillow House Value Index (ZHVI) at both the ZIP 
code and county levels, which estimates the typical value for homes 
in the 35th to 65th percentile and is adjusted for seasonality and 
compositional changes in sales over time.7 After selecting ZIP codes 
for which ZHVI data, the social proximity instrument, and baseline 
control variables are available, our sample is composed of 18,761 ZIP 
codes, which collectively include 93% of the U.S. population.8 Data 
on additional ZIP code-level housing market metrics is from Redfin 
and Realtor.com. Data on home purchases for a sample of individual 
PPP recipients is from LexisNexis and PropertyRadar. Data on address 
histories is from Verisk (formerly Infutor) and Melissa Data.

Additionally, we use data from a number of sources to replicate 
proposed house price drivers, including: the percent of individuals 
who worked remotely in 2015–2019 and population density from the 
U.S. Census American Community Survey (ACS); teleworkability based 
on Dingel and Neiman (2020) and U.S. Census LODES; net migration 
in 2020–2021 from a FOIA request made by Ramani and Bloom (2022) 
to the USPS; distance to the central business district from Ramani and 

7 As of January 2023, Zillow started using neural networks to generate 
Zestimates and the ZHVI. Zillow provides ZHVI data back to 2012 based on 
their new neural network methodology. This version of our paper uses the 
current Zillow data throughout. A previous version (December 4, 2023) used 
ZHVI data based on Zillow’s previous model-based valuation methodology and 
found similar results. Figure IA.1 compares monthly house price growth based 
on the neural network-based and pre-2023 legacy ZHVI.

8 We start with the 23,325 ZIP codes for which ZHVI data is available 
during our period of interest. From this set, we can construct the social 
proximity instrument for 19,464 ZIP codes. Finally, we drop 142 of these 
ZIP codes due to missing values for a control variable and an additional 
561 because they are singletons within their respective counties and thus are 
dropped when county fixed effects are included. Requiring availability of the 
social proximity instrument does not have a meaningful impact on our results 
(Table IA.9) nor does dropping ZIP codes with missing controls (specification 
1 of Table IA.9).

https://coronavirus-democrats-oversight.house.gov/sites/democrats.coronavirus.house.gov/files/2022.12.01%2520How%2520Fintechs%2520Facilitated%2520Fraud%2520in%2520the%2520Paycheck%2520Protection%2520Program.pdf
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Bloom (2022); house price growth in 2018–2019 from Zillow; and 
land unavailability from Lutz and Sands (2023). We also use county-
level data on employment, spending, and small business revenue during 
the pandemic from the Economic Tracker by Opportunity Insights 
(described in Chetty et al. (2023)). Monthly vehicle title registration 
data for five states from January 2018 to December 2022 is from 
Cross-Sell, with additional data for Washington directly from the state. 
Annual data on vehicles per household is from the U.S. Census ACS. 
Annual consumer spending data at the census tract level is from Mas-
tercard’s Center for Inclusive Growth. Consumer mobility data is from 
SafeGraph. Bimonthly regional CPI data is from the Bureau of Labor 
Statistics. Demographic data at the ZIP code and county levels is from 
the U.S. Census ACS and IRS Statistics of Income.

3. Background

3.1. Geographic summary

In addition to being widespread, pandemic relief fraud was also 
highly concentrated geographically. For example, Griffin et al. (2025) 
find that whereas over 30% of loans in Cook County, IL (Chicago) 
are suspicious, New York County and Los Angeles County both have 
suspicious loan rates under 10%. Suspicious loan rates are even more 
varied at the ZIP code level, often ranging from close to 0% to over 
50%, even within the same county.9 While the forthcoming version 
of Griffin et al. (2025) focuses on the PPP since the available data for 
it is the richest, the working paper version finds strong geographic cor-
relations between PPP fraud and suspicious activity in other pandemic 
relief programs, such as the EIDL and unemployment insurance (Griffin 
et al., 2024). As a result, economic stimulus from pandemic fraud 
was highly concentrated geographically and had the potential to have 
distortionary effects on local house prices and purchases of other assets. 
Additionally, the large degree of variation in suspicious lending within 
counties allows for within-county analysis with county fixed effects to 
account for regional trends, leading to more powerful tests. Griffin et al. 
(2025) also examine a wide array of cross-sectional variables that could 
be related to the fraud, including culture, crime rates, past identity 
theft, demographics, and various measures of social capital, and find 
that most of these factors have limited associations with fraud rates. In 
contrast, social proximity to fraud in other regions of the U.S. has an 
incremental adjusted 𝑅2 that is ten times larger than that of the next-
most-impactful variable and is greater than the incremental adjusted 
𝑅2 from jointly adding all of the control variables.

3.2. Magnitude of pandemic relief fraud

PPP fraud is clearly geographically concentrated. Is it large enough 
to meaningfully impact local spending and the prices of housing and 
other goods? (Griffin et al., 2023) estimate that PPP fraud totaled 
approximately $117.3 billion, which is 14.8% of the program, and this 
estimate may be conservative given that the paper only uses publicly 
available data. Moreover, Griffin et al. (2024) find that fraud in other 
programs (specifically the EIDL program and unemployment insurance) 
is highly geographically correlated with PPP fraud. As a result, areas 
with high PPP fraud also had an influx of fraudulent funds from 
other pandemic relief programs. For example, EIDL support to small 
businesses totaled more than $384 billion in the form of EIDL loans 
and EIDL Advance grants. A June 27, 2023 report by the Office of the 
Inspector General (OIG) of the SBA indicates that it has identified over 

9 Figure IA.2 replicates Figure 1 from Griffin et al. (2025) and shows the 
strong geographic clustering both across counties (Panel A) and across ZIP 
codes within counties (Panel B).
5 
$136 billion in loans provided through the COVID-19 EIDL program 
as potentially fraudulent, which represents 33% of total disbursed 
funds.10 Expanded unemployment benefits during COVID amounted to 
$872.5 billion, and an audit of the UI programs in four large states 
by the OIG of the Department of Labor found that 20% of Pandemic 
Unemployment Assistance (PUA) funds were lost to fraud.11 We may 
never know the precise magnitudes of pandemic fraud, but if a similar 
fraud rate of 20% holds for other programs, total pandemic relief fraud 
could be over $900 billion. Even if the rate is half as much, the total 
would still be economically substantial.

To put pandemic relief fraud in context relative to the U.S. housing 
market, the total value of all homes sold in the U.S. was approximately 
$2.2 trillion in 2020 and $2.8 trillion in 2021, but the median down 
payment was only 17% for repeat buyers and 7% for new buyers.12 
At a 15% down payment rate, this would amount to approximately 
$750 billion in down payments on housing in 2020 and 2021. Thus, 
if even a small percentage of pandemic fraud proceeds was used to 
purchase houses, it could have an economically substantial impact on 
the housing market.

Another way to gauge the magnitude of the housing demand shock 
is that a one standard deviation shock (6.8 fraudulent loans per thou-
sand people) amounts to approximately $5 million in additional PPP 
fraud proceeds for a typical ZIP code.13 For context, the value of house 
purchases in a typical ZIP code in 2020 and 2021 totaled around $120 
million.14 If average down payments are around 15%, this amounts to 
aggregate down payments of $18 million in a typical ZIP code. Thus, 
even a small share of the $5 million in incremental PPP fraud proceeds 
could have a significant impact. Further, total pandemic relief fraud in 
these ZIP codes is likely even higher given that EIDL and unemployment 
insurance fraud are highly correlated with PPP fraud.

4. Did fraudulent PPP recipients buy houses?

Determining the effect of pandemic relief programs on asset prices 
is challenging because most programs were designed to offset lost 
income, and, if implemented correctly, would not provide an income 
shock to the borrower. For example, PPP loans were designed to cover 
business expenditures, such as employee payrolls, for businesses that 
were struggling due to lost pandemic revenue. PPP loans that offset 
revenue declines brought on by the pandemic would not generate 
excess cash for the business owner but instead would (perhaps only 
partially) make up for business expenses.15 In contrast, individuals who 

10 The types of fraud indicators used by the OIG include $55.7 billion based 
on common or suspicious IP addresses; $34.2 billion due to various hold codes 
placed on loans by the SBA due to the loan being flagged; $20.5 billion based 
on duplicated or invalid Employer Identification Numbers (EINs); $31.7 billion 
based on bank accounts receiving multiple loans or individuals changing their 
bank account from the one listed on their application; $5 billion to sole 
proprietors or independent contractors without EINs; and the rest due to other 
indicators such as hotline complaints and suspicious phone numbers, physical 
addresses, and email addresses. The OIG report also separately identified 
$64 billion in potentially fraudulent PPP loans, which represents 8% of total 
disbursed funds. See report here.
11 See report here. An analysis by the U.S. Government Accountability Office 
(GAO) estimates the amount of fraud in pandemic UI programs at between 
$100 billion and $135 billion (see report here).
12 Source and source.
13 The average flagged loan is for $45,293 and the population in an average 
ZIP code is 15,881 people. Thus, 0.0068 ×15, 881× $45,293 = $4.9 million.
14 The average ZIP code has 4474 single-family housing units that were 
worth $269,114 in December 2019. Thus, the housing stock in the average 
ZIP code was worth $1.2 billion. A turnover of 5% per year implies that 
the flow of house purchases during 2020 and 2021 was $120 million in the 
average ZIP code. The estimated turnover of 5% is based on annual U.S. home 
sales of approximately 6.4 million units (e.g., see here) and a housing stock 
of approximately 141 million units (e.g., see here).

https://www.sba.gov/document/report-23-09-covid-19-pandemic-eidl-ppp-loan-fraud-landscape
https://www.oig.dol.gov/public/reports/oa/2022/19-22-006-03-315.pdf
https://www.gao.gov/products/gao-23-106696
https://web.archive.org/web/20230329055931/https://www.corelogic.com/intelligence/2021-a-record-breaking-year-for-real-estate-transactions
https://www.nar.realtor/blogs/economists-outlook/tackling-home-financing-and-down-payment-misconceptions
https://www.nar.realtor/research-and-statistics/quick-real-estate-statistics
https://fred.stlouisfed.org/series/ETOTALUSQ176N
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Fig. 1. Effect on Housing Purchases and Moving Propensity. This figure shows the relationship between individuals receiving a flagged PPP loan and their 
likelihood of housing purchase (Panel A) and moving (Panel B). In Panel A, data from PropertyRadar for a sample of 250,000 loans is used to determine home 
purchases from one year before the individual received their PPP loan to 18 months after. The sample of non-flagged loans is reweighted to match the distribution 
of the timing of PPP loan approval in the sample of flagged loans. The horizontal lines are the average monthly likelihood of an individual in each group buying 
a house during the pre-/post-period. In Panel B, address history data from Verisk is used to track the moving propensity of recipients of PPP loans flagged by at 
least one primary flag and a comparison set of individuals who likely did not receive a PPP loan and were living in the same census block group as the recipient 
when the PPP loan was received. For each PPP recipient and their corresponding comparison set, we track moving rates from twenty quarters before the PPP loan 
was received to thirteen quarters afterward. To ensure correct weighting, a simple average of movement rates for each quarter across all addresses in each loan’s 
comparison set is taken. The quarter that is five periods before the PPP loan was received is the omitted period, and the regression includes loan × 1(Suspicious 
PPP) and loan × relative quarter fixed effects. The error bars represent 95% confidence intervals based on standard errors that are double clustered by county 
and week of PPP approval. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
received funds through fraudulent PPP loans, EIDL advances and loans, 
or unemployment insurance claims potentially gained a windfall of new 
wealth that they could either spend or save. We first examine house 
purchases using property records from PropertyRadar for a random 
sample of 250,000 individual PPP borrowers. The sample was collected 
in February 2023 and consists of individual borrowers who received 
PPP loans during all three rounds of the PPP with data on house 
purchases through the end of 2022. Round 3 of the PPP ended in June 
2021, so we observe at least 18 months of post-PPP house purchase 

15 Loans and grants made by the EIDL program were also designed to replace 
lost revenue, and unemployment insurance is designed to cover at least part 
of the income lost due to unemployment.
6 
activity for all individuals in the sample. We match the names of 
individuals purchasing houses in the PropertyRadar data to the names 
of PPP borrowers, limiting the sample to names that are unique.16

Fig.  1, Panel A plots monthly house purchase rates for PPP loan 
recipients before and after receiving a PPP loan in event time relative to 
the date that the PPP loan was approved. Flagged and non-flagged PPP 
borrowers follow parallel trends before receiving PPP loans, with an av-
erage monthly home purchase rate of 0.46% for both flagged and non-
flagged PPP recipients. After receiving PPP loans, this purchase rate 

16 We determine unique names by using voter rolls from nine states that 
collectively represent 27% of the U.S. population; a name is unique if it occurs 
only once across all nine states. While this methodology may add noise relative 
to LexisNexis individual-level data (described below), estimates are similar and 

85.3% of individuals in both samples have the same house purchase data.
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Table 1
Effect on housing purchases and moving propensity.
 Panel A: Purchases, comparing recipients of flagged to recipients of non-flagged PPP loans
 1(Housing purchase during month) × 12
 PropertyRadar LexisNexis

 (1) (2) (3) (4)  
 1(Post) × 1(Flagged) 0.00863∗∗∗ 0.00865∗∗∗ 0.0109∗∗∗ 0.00790∗∗∗ 
 (5.22) (5.59) (4.44) (4.87)  
 1(Post) 0.00686∗∗ −0.00517  
 (2.16) (−1.24)  
 Loan FE Yes Yes Yes Yes  
 Month of Year FE Yes Yes Yes Yes  
 1(Post) × ln(Loan amount) No Yes No Yes  
 1(Post) × County FE No Yes No Yes  
 1(Post) × Business type FE No Yes No Yes  
 1(Post) × Week approved FE No Yes No Yes  
 Observations 19,500,000 19,500,000 9,600,000 9,600,000  
 𝑅2 0.0279 0.0279 0.0202 0.0206

 Panel B: Moving, Comparing recipients of flagged PPP loans to non-recipients
 1(Moved during quarter)
 Primary Primary + Additional Two Primary  
 (1) (2) (3)  
 1(Post) × 1(Suspicious PPP) 0.00579∗∗∗ 0.00644∗∗∗ 0.00848∗∗∗  
 (9.43) (10.95) (8.21)  
 Loan × 1(Suspicious PPP) FE Yes Yes Yes  
 Loan × Relative Quarter FE Yes Yes Yes  
 Observations 26,964,652 19,272,016 2,669,000  
 𝑅2 0.534 0.534 0.534  
This table examines whether individuals purchased homes (Panel A) and moved (Panel B) after receiving a flagged 
PPP loan. In Panel A, data on home purchases for a sample of 250,000 loans from PropertyRadar is used in columns 
(1) and (2) and for a sample of 150,000 loans from LexisNexis in columns (3) and (4). For each individual, we 
include monthly observations for the five years before they received their PPP loan to 18 (4) months after for 
PropertyRadar (LexisNexis). 1(𝐹 𝑙𝑎𝑔𝑔𝑒𝑑) takes a value of 1 if the PPP loan is flagged by at least one primary flag. In 
Panel B, address history data from Verisk is used to track the moving propensity of recipients of flagged PPP loans 
and a comparison set of individuals who likely did not receive a PPP loan and were living in the same census block 
group as the recipient when the PPP loan was received. For each PPP recipient and their corresponding comparison 
set, we include quarterly observations from twenty quarters before the PPP loan was received to thirteen quarters 
afterward. To ensure correct weighting, a simple average of movement rates for each quarter across all addresses 
in each loan’s comparison set is taken. Column (1) is based on loans flagged by at least one primary flag, column 
(2) on loans flagged by at least one primary and an additional (either primary or secondary) flag, and column (3) 
is based on loans flagged by at least two primary flags. Fixed effects and controls are indicated at the bottom of 
each column. t -statistics based on robust standard errors that are double clustered by PPP loan and month in Panel 
A and by county and week of PPP approval in Panel B are in parentheses. ∗𝑝 < 0.1; ∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
increased by 6.3 bps (a 14% increase relative to the pre-period house 
purchase rate) for flagged recipients and remained largely unchanged 
for non-flagged recipients.

Table  1, Panel A estimates difference-in-differences regressions. 
Specifically, we estimate the following stacked difference-in-differences 
model:

𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑖,𝜏 = 𝛽1(𝑃𝑜𝑠𝑡)𝜏1(𝐹 𝑙𝑎𝑔𝑔𝑒𝑑)𝑖 + 𝛾1(𝑃𝑜𝑠𝑡)𝜏 + 𝐿𝑜𝑎𝑛𝐹𝐸

+𝑀𝑜𝑛𝑡ℎ𝑂𝑓𝑌 𝑒𝑎𝑟𝐹𝐸 + 𝜖𝑖,𝜏 (1)

The regression uses monthly observations for each PPP recipient 
in the sample, and the dependent variable is an indicator variable 
for whether the PPP recipient purchased a house in that month. The 
sample starts five years before each PPP loan was approved and ends 
18 months after. 1(𝑃𝑜𝑠𝑡)𝜏 is an indicator that takes the value of one 
starting in the month that the PPP recipient’s loan was approved, which 
can be as early as April 2020 or as late as June 2021, depending on 
the recipient. 1(𝐹 𝑙𝑎𝑔𝑔𝑒𝑑)𝑖 is an indicator that takes the value of one for 
loans that are flagged by at least one primary flag.

In column (1), the regression controls for loan fixed effects and 
month-of-year fixed effects. The main coefficient of interest is 𝛽, which 
estimates the differential purchasing rate for recipients of flagged loans 
compared to recipients of non-flagged loans. All coefficients are mul-
tiplied by twelve to represent annual effects. Consistent with Panel 
7 
A of Fig.  1, the house purchase probability for flagged PPP recipi-
ents increases by 0.86 ppt more than for non-flagged PPP recipients. 
Non-flagged PPP recipients experience an increase in house purchase 
probability as indicated by the value of 𝛾 at 0.69 ppt on Post. The 
value of 𝛽 at 0.86 ppt, which is large relative to the average annual 
house purchase rate of 5.01%, represents a 17% relative increase in 
house purchases. Column (2) adds Post × county fixed effects, Post ×
business type fixed effects, Post × week approved effects, and log loan 
amount interacted with Post. The value of 𝛽 remains significant with an 
unchanged estimate of 0.86 ppt. Consistent with Griffin et al.’s (2023) 
finding that PPP fraud was concentrated in FinTech loans, we find 
that the effects are concentrated in FinTech loans. Non-flagged FinTech 
loans are also associated with increased home purchase rates (see Table 
IA.1), consistent with these loans potentially exhibiting high rates of 
undetected fraud.17

As an additional examination of house purchases with a different 
sample, we examine house purchases using detailed property records 
from LexisNexis for a random sample of 150,000 individual PPP bor-
rowers used by Griffin et al. (2023) for their felony analysis.18 Columns 

17 Griffin et al. (2023) find that suspicious loan flags are a stronger signal 
of potential fraud for FinTech loans and, through a variety of secondary 
indicators, find that even non-flagged FinTech loans contain high rates of 
fraud.
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(3) and (4) report the results, which are essentially the same as the 
baseline estimates in columns (1) and (2). Monthly home purchase 
results are also similar for the LexisNexis sample (see Figure IA.3).19

The above analyses compare recipients of flagged loans to recipients 
of non-flagged loans. In order to compare recipients of flagged loans to 
the typical household, we make use of a dataset from Verisk (formerly 
Infutor) that allows us to track the movement of a substantial portion 
of the U.S. population.20 Once we have matched an individual to the 
Verisk data, we can track them across their ten most recent addresses. 
To form a comparison set for each recipient of a PPP loan, we consider 
all individuals living in the same census block group (CBG) as the 
recipient at the time they received their PPP loan but who did not 
receive a PPP loan themselves.21 For each recipient of a PPP loan and 
for the individuals in the corresponding comparison set, we track their 
movements over the period spanning from twenty quarters before the 
PPP loan was received to thirteen quarters afterward (which corre-
sponds to the end of 2024 for the last PPP loans approved in May/June 
2021).

Having determined quarterly moving rates for PPP loan recipients 
and for their corresponding comparison sets, we perform a stacked 
difference-in-differences analysis. Specifically, we estimate the follow-
ing dynamic stacked difference-in-differences model:

𝑀𝑜𝑣𝑒𝑖,𝜏 =
∑

𝜏≠−5
𝛽𝜏1(𝑃𝑒𝑟𝑖𝑜𝑑 = 𝜏)1(𝑆𝑢𝑠𝑝𝑖𝑐𝑖𝑜𝑢𝑠𝑃𝑃𝑃 )𝑖

+ 𝐿𝑜𝑎𝑛𝐵𝑦𝑆𝑢𝑠𝑝𝑖𝑐𝑖𝑜𝑢𝑠𝐹𝐸 + 𝐿𝑜𝑎𝑛𝐵𝑦𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝑄𝑢𝑎𝑟𝑡𝑒𝑟𝐹𝐸 + 𝜖𝑖,𝜏 (2)

The main coefficient of interest is 𝛽𝜏 , which estimates the differ-
ential moving rate over time for recipients of flagged loans compared 
to non-recipients.22 Fig.  1, Panel B plots these dynamics. From twenty 
quarters before to four quarters before the PPP loan is received, we 
find little to no differences in moving rates between recipients of 

18 The sample consists of individual borrowers who received PPP loans in 
rounds 1 and 2. The LexisNexis data was collected in March 2021 and includes 
data on house purchases through the end of 2020. Rounds 1 and 2 of the PPP 
occurred from April to August 2020, with most loans occurring by the end of 
May. As a result, we observe at least four months of post-PPP house purchase 
activity for all individuals in the sample.
19 The advantage of the baseline sample is that it includes a larger sample 
of PPP borrowers from all three rounds and a longer post-PPP period. The 
LexisNexis sample only includes borrowers with loans in rounds 1 and 2 
(i.e., in 2020). This sample, however, has the advantage of being matched 
to LexisNexis based on both name and address and uses LexisNexis data on 
home purchases at the individual level.
20 See Internet Appendix Section B for additional details regarding this 
analysis and the matching process between the Verisk and PPP loan-level data 
based on dates and standardized addresses (using the U.S. Census Geocoder 
and the USPS Address Standardization API). We are able to track movements 
for recipients of over 2.81 million PPP loans, including recipients of 396,539 
loans flagged by at least one primary flag. Table IA.2 compares the loan 
characteristics and local demographics of the matched loans with those of the 
overall population of PPP loans. See Diamond et al. (2019) for an analysis of 
the representativeness of the Verisk data more generally.
21 CBGs are small geographic areas, and individuals living in the same 
CBG tend to be very similar in terms of socioeconomic characteristics. There 
are 239,780 CBGs across the U.S. with an average population of 1382 and 
a median area of 0.52 square miles. The comparison set is composed of 
individuals living at an average of 255 other addresses in the same CBG as 
the recipient.
22 𝐿𝑜𝑎𝑛𝐵𝑦𝑆𝑢𝑠𝑝𝑖𝑐𝑖𝑜𝑢𝑠𝐹𝐸 controls for time-invariant differences across indi-
viduals. 𝐿𝑜𝑎𝑛𝐵𝑦𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝑄𝑢𝑎𝑟𝑡𝑒𝑟𝐹𝐸 makes sure comparisons are being made 
between recipients and their corresponding comparison set of non-recipients 
during each period. The change in estimation strategy between our purchasing 
and moving analyses is due to the difference in the comparison being made, 
i.e., between recipients of suspicious and non-suspicious loans for purchasing 
and between recipients of suspicious loans and non-recipients for moving.
8 
suspicious PPP loans and their comparison set. During the three quar-
ters immediately before the PPP loan is received, the recipients of 
suspicious PPP loans have lower moving rates than their comparison 
set.23 After receiving their PPP loan, recipients of suspicious PPP loans 
immediately have higher moving rates compared to their comparison 
set. The difference in moving rates peaks five quarters after the PPP 
loan is received at 0.96 ppt and is, on average, 0.53 ppt per quarter over 
the fourteen-quarter period after the PPP loan was received. Column (1) 
of Table  1, Panel B collapses 𝛽𝜏 from Eq.  (2) into a single coefficient for 
the interaction between 1(𝑆𝑢𝑠𝑝𝑖𝑐𝑖𝑜𝑢𝑠𝑃𝑃𝑃 )𝑖 and an indicator variable 
for quarters after the PPP loan has been received. Columns (2) and (3) 
of Table  1, Panel B show that recipients of loans flagged by more strin-
gent loan-level measures of fraud have even larger differential moving 
rates.24 Table IA.7 shows that the moves by recipients of suspicious 
loans result in larger increases in neighborhood quality than moves 
by recipients of non-flagged loans.25 A natural question is whether 
this differential moving propensity translates into differential housing 
purchases. While we cannot directly examine this using the Verisk 
data, Internet Appendix Section B outlines why heightened moving 
propensity likely implies heightened purchasing rates for recipients of 
suspicious loans compared to the typical household, as shown directly 
for recipients of suspicious loans compared to recipients of non-flagged 
loans previously using the data from PropertyRadar and LexisNexis. 
Overall, the cumulative evidence from our analysis based on data from 
three different sources indicates that fraudulent loans stimulated house 
purchases.

5. Does PPP fraud predict house price growth?

Because of the geographic clustering of PPP fraud and geographi-
cally correlated fraud in other pandemic relief programs, house pur-
chases by recipients of fraudulent pandemic relief funds have the 
potential to distort local house prices. While fraudulent funds could 
have been used in many ways, the level of fraud combined with its high 
geographic concentration suggests that fraud may have distorted local 
house prices. We examine whether PPP fraud levels had a discernible 
effect on ZIP code-level house prices after controlling for other factors.

In this section, we examine the relation between ZIP code-level 
house prices and PPP fraud, as well as other potential factors. To 
control for macro factors that may influence regional house prices, 
our analysis focuses on the ZIP code level with county fixed effects. 
County fixed effects are used in most of our analyses since counties 
differed dramatically in their COVID policies, and these fixed effects 
also capture broader regional trends. First, we regress ZIP code-level 
house price growth on several measures of potentially fraudulent lend-
ing while controlling for demographic variables. Second, we use a 

23 This difference is driven by individuals who received their PPP loan in 
2021; the movement rates of recipients of suspicious PPP loans in 2020 are 
similar to their comparison set during the entire pre-period (Figure IA.4). 
Excluding the four quarters before the PPP loan was received does not 
meaningfully change the results (Table IA.3).
24 Table IA.4 finds heightened moving rates based on additional loan-
level measures of fraud. Table IA.5 considers heterogeneity in the effects of 
suspicious lending on differential moving propensity by various demographics. 
Figure IA.5 shows that recipients of non-flagged PPP loans have higher moving 
rates than non-recipients, though the coefficients are approximately half of 
those of the recipients of suspicious PPP loans. The triple-differences between 
recipients of suspicious and non-flagged loans are highly significant (Table 
IA.6). Though less common than for flagged loans, Griffin et al. (2023) 
demonstrate that PPP fraud was widespread even among non-flagged loans.
25 We also examined moving propensity based on change-of-address data 
from Melissa Data for the same sample of 150,000 used for the LexisNexis 
analysis described previously and find that recipients of suspicious PPP loans 
were more likely to move after receiving a PPP loan compared to recipients 
of non-flagged PPP loans (Figure IA.6 and Table IA.8).
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Table 2
Effect on house price growth.
 House price growth from January 1, 2020 to December 31, 2021
 (1) (2) (3) (4) (5)  
 Flagged 0.0179∗∗∗ 0.0211∗∗∗  
 Per Capita (10.38) (9.84)  
 High Loan-to-Est. 0.0222∗∗∗  
 Per Capita (11.97)  
 High Similarity 0.0224∗∗∗  
 Per Capita (11.06)  
 Flagged Composite 0.0268∗∗∗ 
 Per Capita (13.34)  
 County FE Yes Yes Yes Yes Yes  
 Past HP Growth No Yes Yes Yes Yes  
 Loans Per Capita No Yes Yes Yes Yes  
 Controls No Yes Yes Yes Yes  
 Observations 18,761 18,761 18,761 18,761 18,761  
 Num. Counties 2215 2215 2215 2215 2215  
 𝑅2 0.781 0.828 0.824 0.828 0.827  
 Mean of Dep. Var. 0.259 0.259 0.259 0.259 0.259  
This table examines the relationship between house price growth and various measures of suspicious PPP 
lending. Flagged Per Capita is a ratio of the number of flagged PPP loans in the ZIP code to the ZIP 
code’s population. High Loan-to-Est. Per Capita is based on the number of PPP loans in county-industry 
pairs where there are more than two times as many PPP loans as establishments per the US Census CBP.
High Similarity Per Capita is based on the number of PPP loans in county-lender pairs with high levels of 
similarity in terms of loan amount, jobs reported, and industry. Flagged Composite Per Capita is based on 
the number of loans that are either flagged, in industry-counties where there are more than two times as 
many PPP loans as establishments, or in lender-counties with high levels of similarity. See Griffin et al. 
(2023) for additional details about these measures. Past HP Growth and Loans Per Capita control for house 
price growth in 2018–19 and PPP lending intensity, respectively, using percentile fixed effects. The controls 
included are log population density, vacancy rate, log housing units, and log average household income. 
All independent variables are standardized to have a mean of 0 and a standard deviation of 1. To have a 
nationally representative estimate, we use weighted least squares (WLS) regressions with the weight being 
the population of the ZIP code in 2019. Fixed effects are as indicated at the bottom of each column. t -
statistics based on robust standard errors that are clustered by county are reported in parentheses. ∗𝑝 < 0.1; 
∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
synthetic control methodology to generate counterfactuals for ZIP codes 
with similar house price trends. Third, we examine differences in 
high- and low-fraud areas and undertake several analyses to examine 
whether these differences are driving our results. Fourth, we use fraud 
rates in distant parts of the country that are socially connected to a 
given ZIP code as an instrument for local PPP fraud rates. Fifth, we 
examine and control for variables associated with house price growth 
in previous research, including measures specific to potential channels 
influencing house price growth during the COVID pandemic. We use 
variable selection procedures to compare the relative importance of 
these variables. Sixth, we explore the demand mechanism by examining 
additional ZIP code-level housing metrics from Realtor.com and Redfin. 
Finally, we examine longer-term price movements to test an earlier 
out-of-sample reversal prediction with more recent house price data.

5.1. Weighted least squares regressions

To understand the potential relation between suspicious lending 
and house prices across ZIP codes within counties, we regress house 
price growth on flagged PPP loans per capita with county fixed effects. 
Specifically, we estimated regressions of the form: 

𝐻𝑃𝐺𝑟𝑜𝑤𝑡ℎ2020-21𝑖 = 𝛽𝐹 𝑙𝑎𝑔𝑔𝑒𝑑𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑖 + 𝐶𝑜𝑢𝑛𝑡𝑦𝐹𝐸 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 + 𝜖𝑖
(3)

The dependent variable in the regression is house price growth in 
ZIP code 𝑖 between January 2020 and December 2021. Flagged Per 
Capita is standardized such that one unit represents one standard de-
viation.26 The coefficient of interest is 𝛽, which estimates the effect on 

26 Standardization throughout the paper is based on standard deviations 
weighted by population.
9 
house price growth associated with a one standard deviation increase in
Flagged Per Capita. The regressions include county fixed effects to isolate 
differential changes within counties. In addition to county fixed effects, 
the regressions also control for house price growth between January 
2018 and December 2019, PPP loans per capita, population density, 
housing vacancy rates, number of housing units, and average house-
hold income as indicated in the table. Previous house price growth 
and PPP loans per capita are controlled for non-parametrically using 
percentile fixed effects, which allow for non-linear relationships.27 The 
results are also similar when non-flagged loans per capita is used as 
a control instead of total loans per capita (as shown in Table IA.12). 
The regressions are weighted by the ZIP code’s 2019 population to 
ensure our estimates are nationally representative.28 Table  2 shows 
the relation between various measures of suspicious lending and house 
price growth.

Column (1) estimates a regression of house price growth on flagged 
PPP loans per capita at the ZIP code level with county fixed effects and 
no other control variables. The resulting coefficient of 0.0179 indicates 
that, on average, ZIP codes with one standard deviation higher suspi-
cious PPP lending per capita experienced house price growth in 2020 
and 2021 that was 1.79 ppt higher. Column (2) reports our baseline 
estimate, with control variables added for past house price growth, 
overall PPP lending per capita, and ZIP code demographic variables. 
Including these control variables modestly increases the coefficient 
estimate. A one standard deviation increase in Flagged Per Capita is 
associated with a 2.11 ppt increase in house prices between January 

27 Tables IA.10 and IA.11 show that the results are also robust to controlling 
for previous house price growth and loans per capita linearly or with higher 
order polynomials.
28 Results are similar when ordinary least squares (OLS) is used (Table 
IA.13).
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Table 3
Effect on house price growth, suspicious lending in five-mile radius.
 House price growth from January 1, 2020 to 

December 31, 2021
 Simple average Distance weighted average
 (1) (2) (3) (4)  
 Flagged Per Capita 0.0208∗∗∗ 0.0243∗∗∗  
 (10.74) (12.08)  
 Flagged Composite Per Capita 0.0262∗∗∗ 0.0316∗∗∗  
 (8.63) (11.35)  
 County FE Yes Yes Yes Yes  
 Past HP Growth Yes Yes Yes Yes  
 Loans Per Capita Yes Yes Yes Yes  
 Controls Yes Yes Yes Yes  
 Observations 18,761 18,761 18,761 18,761  
 Num. Counties 2215 2215 2215 2215  
 𝑅2 0.824 0.824 0.826 0.826  
 Mean of Dep. Var. 0.259 0.259 0.259 0.259  
This table examines the relationship between house price growth and average suspicious lending rates in 
a five-mile radius around a ZIP code. In columns (1) and (2), simple averages of suspicious lending rates 
among all ZIP codes in a five-mile radius of the focal ZIP code are used. In columns (3) and (4), distance-
weighted averages (specifically, weighted by 1/(1 + distance)) of suspicious lending rates among all ZIP 
codes in a five-mile radius of the focal ZIP code are used. Past HP Growth and Loans Per Capita control for 
house price growth in 2018–19 and PPP lending intensity, respectively, using percentile fixed effects. The 
controls included are log population density, vacancy rate, log housing units, and log average household 
income. All independent variables are standardized to have a mean of 0 and a standard deviation of 1. To 
have a nationally representative estimate, we use weighted least squares (WLS) regressions with the weight 
being the population of the ZIP code in 2019. Fixed effects are as indicated at the bottom of each column.
t -statistics based on robust standard errors that are clustered by county are reported in parentheses. ∗𝑝 < 0.1; 
∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
2020 and December 2021. This is a sizable 8.2% of the 25.9 ppt average 
increase in house prices during this period.29 The relation between 
flagged loans and house price growth is concentrated in FinTech loans, 
consistent with more house purchasing by this group in the previous 
section and Griffin et al.’s (2023) findings that fraud was more pro-
nounced in FinTech loans and that suspicious loan flags are a stronger 
predictor of fraud for FinTech loans (see Table IA.14).

Griffin et al. (2023) show that excess PPP loans relative to establish-
ments and highly similar loans (with nearly identical loan features) are 
common and strongly correlate with other suspicious loan indicators.30 
Results based on these alternative measures in columns (3) and (4) 
are slightly stronger than the baseline results shown in column (2). 
Finally, in column (5), we consider a composite measure that is based 
on a combination of Flagged Per Capita, High Loan-to-Establishment Per 
Capita, and High Similarity Per Capita. Specifically, it is the ratio of the 
number of PPP loans that fit the criteria for any of these three measures 
to population, which we call Flagged Composite Per Capita. This more 
comprehensive measure indicates an even larger impact of suspicious 
lending on house prices. A one standard deviation increase in Flagged 
Composite Per Capita is associated with a 2.68 ppt increase in house 
prices, which is 10.4% of the average increase in house prices.

29 The 2.11 ppt coefficient estimate is also large relative to the standard 
deviation of house price growth across ZIP codes during this period, which is 
10.5 ppt.
30 The first measure is the ratio of the number of business PPP loans in 
the ZIP code that are in county-industry-pairs with excess loans, defined as 
county-industry-pairs with more than twice as many business PPP loans as 
establishments recorded in U.S. Census County Business Patterns (CBP) data, 
to population. Establishment counts in the CBP data are at the county-industry-
pair level. This analysis is restricted to C-corporation, S-corporation, LLC, and 
sole-proprietorship loans because self-employed and independent contractors 
are not included in the CBP data. The second measure is the ratio of number of 
first-draw PPP loans in the ZIP code that are in county-lender pairs with high 
similarity, defined as average of the loan amount, number of jobs, and industry 
concentration indices of the county-lender being above the 75th percentile, to 
population. See Griffin et al. (2023) for more details on the construction of 
these measures.
10 
The results in Table  2 are robust to propensity score weighting 
to control for previous house price growth (Table IA.15), alternative 
suspicious lending measures focused on the dollar value of suspicious 
loans and the percent of loans that are suspicious (Table IA.16), alter-
native fixed effects (Table IA.17), using within-CBSA variation instead 
of within-county (Table IA.18), controlling for prepandemic house 
price levels (Table IA.19), controlling for COVID mortgage forbear-
ance (Table IA.20), alternative standard error clustering (Table IA.21), 
restrictions to different subsets of loans (Table IA.22), restrictions to 
different subsets of states (Figure IA.7), and alternative house price 
data including the pre-2023 non-neural-network version of the Zillow 
Home Value Index (Table IA.23) and house price data from Real-
tor.com (Table IA.24).31 Controlling for economic impact payments 
(i.e., stimulus checks) does not affect results (Table IA.25). Results 
using rent growth are positive but smaller than house price growth 
(Table IA.26, Panel A). There is no evidence of heterogeneity based 
on political leanings or exposure to COVID (Table IA.27). In contrast 
to the predictiveness of suspicious PPP loans, overall PPP lending rates 
are, if anything, negatively related to house price growth (Table IA.16), 
which is consistent with legitimate PPP funds being used to replace lost 
business revenues rather than creating a windfall for owners.

Because ZIP code house price indices may include some noise and 
house purchases need not occur in exactly the same ZIP code as the 
fraud recipient’s current address and ZIP code, we also consider more 
aggregated versions of our house price regressions.32 Columns (1) and 
(2) of Table  3 report results using the average fraud rate across all ZIP 
codes within a five-mile radius of the focal ZIP code. Results are nearly 
identical to the baseline results in Table  2. Columns (3) and (4) of 

31 In Figure IA.8, we permute the suspicious lending measure between ZIP 
codes, both within the same county and across the nation, and show that 
the effect of suspicious lending is much smaller in all 10,000 permutations 
performed (the largest being less than 20% of the true coefficient); this implies 
the result we found is extremely unlikely to occur by chance.
32 Based on address history data from Verisk, 30.9% of moves are within 
the same ZIP code and another 10.6% are between ZIP codes that are within 
five miles of each other.
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Fig. 2. Effect on House Price Growth. This figure shows the relationship between suspicious lending and house price growth. Panel A shows the relationship using 
binscatters. Panel B shows the relationship over time. Panel C examines heterogeneity in the relationship across demographics. All three panels are estimated 
using ZIP code-level data, include county fixed effects, and control for house price growth in 2018 to 2019 and loans per capita using percentile fixed effects. 
Further, they control for log population density, vacancy rate, log housing units, and log average household income. The left subpanel of Panel A and the top 
subpanels of Panels B and C are based on Flagged Per Capita. The right subpanel of Panel A and the bottom subpanels of Panels B and C are based on Flagged 
Composite Per Capita. Flagged Per Capita is a ratio of the number of flagged PPP loans in the ZIP code to the ZIP code’s population. Flagged Composite Per Capita
is based on the number of loans that are either flagged, in county-industry pairs where there are more than two times as many PPP loans as establishments, 
or in county-lender pairs with high levels of similarity. See Griffin et al. (2023) for additional details about these measures. In Panels B and C, the measures 
of suspicious lending are standardized, so the coefficients represent the house price effect of a one standard deviation change in suspicious lending. The splits 
in Panel C are based on the median value of the demographic. To have a nationally representative estimate, all three panels use weighted least squares (WLS) 
regressions with the weight being the population of the ZIP code in 2019. The error bars in Panels B and C represent 95% confidence intervals based on standard 
errors clustered by county.
Table  3 repeat the same analysis with distance-weighted average fraud 
rates for ZIP codes within the same five-mile radius, again with nearly 
identical results. Table IA.28 considers an even broader aggregation 
of the data at the county level with CBSA fixed effects. Results are 
positive and significant with coefficients that are about half the size 
of our baseline estimates, consistent with much of the effect being at a 
more local neighborhood level within counties.

To graphically illustrate the relation between flagged loans per 
capita and house price growth between January 2020 and December 
2021, the left (right) subpanel of Fig.  2, Panel A shows the relations 
between Flagged Per Capita (Flagged Composite Per Capita) and house 
price growth using binscatters. These binscatters include county fixed 
effects and the same controls used in the regressions reported in Table 
2. The relation between suspicious lending and house price growth 
from January 2020 to December 2021 is close to linear, with a 5.8 ppt 
11 
difference in house price growth between ZIP codes in the lowest decile 
of fraud rates and those in the highest decile.

To further understand the time-series dynamics of the relation be-
tween suspicious lending and house prices, we re-estimate specification 
(1) of Table  2 for the cumulative house price growth from January 
2020 to each subsequent month. The coefficients on Flagged Per Capita
for each month are reported, with a corresponding 95% confidence 
interval, in the top subpanel of Fig.  2, Panel B. The coefficient first 
becomes significantly positive in April 2020 and generally strengthens 
each month until it peaks in June 2022. After June 2022, the effect 
begins to decrease, and by the end of December 2023, the effect is 
half of its peak size. The bottom subpanel of Fig.  2, Panel B shows 
that the cumulative effect of pandemic fraud on house prices over 
time follows a similar pattern for the broader composite measure of 
suspicious lending, Flagged Composite Per Capita. The general trends in 
the coefficient match reasonably well with the timing of the PPP and 
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other relief programs that started earlier or ended later, such as the 
EIDL program and expanded unemployment benefits.

To assess whether results are concentrated in ZIP codes with particu-
lar demographics, we add interactions between PPP fraud and indicator 
variables for whether the ZIP code is above or below the national 
median of different demographic characteristics (also controlling for 
the demographic indicator variables themselves). Panel C of Fig.  2 
shows the results. The first column of Panel C plots separate PPP fraud 
coefficients for low- and high-income ZIP codes. Results are almost 
identical and remain large and highly significant for both subsets of 
ZIP codes. The same is true for ZIP code subsets based on poverty rates, 
population density, minority population share, educational attainment, 
and prepandemic employment. Effects are also strong across sample 
splits by specific race and ethnicity and when racially or ethnically 
homogeneous ZIP codes are excluded (see Table IA.29).33 Even when 
coefficients differ a bit, the differences are not statistically significant. 
Consistent results across diverse ZIP codes point to a broad-based effect 
of PPP fraud as opposed to an effect that is concentrated in a particular 
demographic group. This is reassuring and may alleviate some concerns 
about omitted variables and non-random assignment of PPP fraud.

The influx of fraudulent funds represents a demand shock to hous-
ing, and the price effect is likely to be mediated by local housing 
supply elasticity, which is highly heterogeneous across locations. In 
particular, the effects of fraud should be more severe in locations with 
less elastic housing supply. Using the data from Baum-Snow and Han 
(2024), we split ZIP codes into terciles within counties based on their 
elasticities and examine whether the effect of pandemic fraud on house 
price growth is lower for the most elastic tercile compared to the two 
less elastic terciles. We find that a one standard deviation increase 
in pandemic fraud is associated with a 1.65 ppt increase in house 
price growth from January 2020 to December 2021 for elastic ZIP 
codes versus 2.41 ppt for the less elastic ZIP codes. This represents a 
difference of over 30% in the effect’s magnitude, which is statistically 
significant at the 1% level (Figure IA.9 and Table IA.30).

5.2. Pre-trend analysis

One potential concern with our house price regressions is that 
PPP fraud is correlated, to some extent, with pre-existing house price 
trends.34 We control for these trends in our baseline regressions with 
flexible percentile fixed effects for historical house price growth. In this 
section, we employ the synthetic control methodology to control for 
potential house price momentum.

We use synthetic controls based on Abadie et al. (2014) to construct 
a control group. The treated group consists of ZIP codes in the top 
quartile of the Flagged Per Capita measure within each county. The 
sample is limited to counties where the difference between the top 
and bottom quartile of Flagged Per Capita within the county is at 
least half the national standard deviation. This requirement is met by 
283 counties, collectively representing approximately 25% of the U.S. 
population. For each treated ZIP code, we develop a synthetic control 
using ZIP codes in the same county that are in the bottom quartile 
of the Flagged Per Capita measure. This is achieved by finding weights 
that minimize the squared error in monthly house price growth from 

33 All demographic variables are from the U.S. Census American Community 
Survey. Poverty rate is the percentage of households with income below 
the poverty threshold, which varies based on family size and composition. 
Educational attainment is the percentage of adults with at least a bachelor’s 
degree. Minority population share is the percentage of non-white individuals.
34 To illustrate this potential concern, Figure IA.10 plots average house 
prices (indexed to January 2020) in ZIP codes in the top and bottom quartile 
of flagged PPP loans per capita for counties where the difference between the 
top and bottom quartile of fraud rates within the county is at least half the 
national standard deviation.
12 
January 2018 to December 2019 between the synthetic control and the 
treated ZIP code.

In Fig.  3, we plot average house price growth for top quartile 
PPP fraud ZIP codes and synthetic control bottom quartile PPP fraud 
ZIP codes. The synthetic control methodology is designed to generate 
treatment and control groups with similar overall house price changes 
from January 2018 to December 2019, which the plot clearly demon-
strates. After January 2020, the treatment and control groups continue 
to follow similar trends for several months. There is nothing mechanical 
about this result. The identical trends during these months indicate 
that the methodology successfully creates control groups with similar 
price trends. There is also no evidence of any differential impact of 
COVID during its early stages in March and April of 2020. By contrast, 
treatment and control groups start to diverge significantly in July 
2020. This aligns with the expected timing for pandemic relief fraud 
to have an impact on house prices, as the PPP and other programs 
accelerated in April and it likely takes a few months to search for 
and purchase a house. ZIP codes in the top quartile of PPP fraud 
experienced an average house price growth of 28.3% in 2020 and 
2021, compared to an average of 22.8% growth for the bottom quartile 
synthetic control ZIP codes. The difference of 5.5 ppt is economically 
significant and highly statistically significant, as shown by the 95% 
confidence intervals plotted as dotted lines. Figure IA.11 shows similar 
results based on the Flagged Composite Per Capita measure and several 
other measures and also shows that PPP lending in general did not 
affect house prices.

An alternative to the synthetic control methodology is to directly 
match high-fraud treated ZIP codes to low-fraud control ZIP codes with 
similar house price growth during 2018 and 2019. For this analysis, we 
match ZIP codes within CBSAs instead of counties because there are 
frequently not enough close matches within counties. We also restrict 
the sample to CBSAs with at least ten ZIP codes. In a previous version 
of this paper using legacy data from Zillow (before its adoption of a 
new neural network methodology), there was clear separation between 
matched high- and low-fraud ZIP codes, similar to the synthetic control 
results. After switching to the new Zillow data, there continues to be a 
positive difference between house price growth in matched high- and 
low-fraud ZIP codes, but the difference is much smaller than before 
(see Figure IA.12 for results with both the legacy data and the current 
Zillow data). All other results are virtually identical after updating the 
data (e.g., see Table IA.23), but we note this discrepancy.

5.3. Covariates

A second concern is that PPP fraud may correlate with other char-
acteristics related to house price growth during 2020 and 2021. For 
example, if PPP fraud was concentrated in areas with strong economic 
growth during this period, the apparent relation between fraud and 
house price growth could be due to economic fundamentals rather than 
demand driven by fraud proceeds. Table  4, Panel A presents balance 
tests summarizing how ZIP code characteristics vary across areas with 
low, medium, and high fraud levels. High-fraud ZIP codes tend to 
have higher poverty rates, higher nonwhite population shares, and 
shorter distances to central business districts. Differences between low- 
and high-fraud areas are statistically significant for two-thirds of the 
variables. However, the economic magnitudes of these differences are 
modest when compared to the standard deviation of the underlying 
variables. The largest difference between low- and high-fraud ZIP codes 
is 0.36 of the standard deviation of the variable across ZIP codes. For 
five (nine) of the twelve variables examined, the absolute difference 
between low- and high-fraud areas is less than 0.1 (0.2) of the standard 
deviation of the variable across ZIP codes. As a result, the distribution 
of the variables across ZIP codes is highly similar across terciles of 
fraud (see Figure IA.13), which provides strong common support for 
the variables across ZIP codes with all levels of fraud.



J.M. Griffin et al. Journal of Financial Economics 180 (2026) 104275 
Fig. 3. Effect on House Price Growth, Synthetic Control. This figure shows the effect of suspicious lending on house price growth. A synthetic control method is 
used to create controls for each ZIP code in the top quartile of Flagged Per Capita using all ZIP codes in the same county that are in the bottom quartile of Flagged 
Per Capita. ZIP codes are split into quartiles within each county. Counties where the difference between the 75th and 25th percentiles of Flagged Per Capita 
within the county is at least half as large as the standard deviation across the entire nation are included. The dashed lines are 95% confidence intervals. (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Table 4
Balance tables by within-county terciles of Flagged Per Capita and social proximity to suspicious lending.
 Panel A: Within-county terciles of Flagged Per Capita
 Low fraud Medium fraud High fraud High vs. Low
 Mean Median Mean Median Mean Median Diff. SE Diff./SD 
 Log(Income) 11.117 11.042 11.107 11.022 11.076 10.979 −0.041∗∗∗ (0.015) −0.092  
 Pct. Poverty 0.112 0.095 0.125 0.109 0.143 0.125 0.031∗∗∗ (0.002) 0.364  
 Log(Population density) 5.755 5.350 5.755 5.436 5.559 5.282 −0.197∗∗∗ (0.045) −0.097  
 Pct. Non-White 0.151 0.095 0.183 0.119 0.223 0.136 0.071∗∗∗ (0.007) 0.346  
 Educational attainment 0.279 0.236 0.286 0.238 0.282 0.229 0.003 (0.005) 0.020  
 Pre-Pandemic unemployment 0.049 0.044 0.050 0.045 0.054 0.048 0.005∗∗∗ (0.001) 0.172  
 Log(Distance to CBD) 2.803 2.872 2.630 2.719 2.478 2.666 −0.325∗∗∗ (0.021) −0.334  
 Land unavailability 0.256 0.250 0.254 0.238 0.258 0.237 0.002 (0.004) 0.011  
 Remote work 2015–19 0.052 0.046 0.051 0.045 0.053 0.044 0.001 (0.001) 0.026  
 Teleworkable 0.360 0.353 0.358 0.349 0.352 0.344 −0.008∗∗∗ (0.001) −0.173  
 Net migration 2020–21 −0.001 −0.002 −0.006 −0.006 −0.010 −0.011 −0.009∗∗∗ (0.002) −0.107  
 House price growth 2018–19 0.109 0.104 0.110 0.106 0.116 0.109 0.007∗∗∗ (0.002) 0.098

 Panel B: Within-county terciles of social proximity to suspicious lending
 Low SP Medium SP High SP High vs. Low
 Mean Median Mean Median Mean Median Diff. SE Diff./SD 
 Log(Income) 11.188 11.097 11.144 11.042 11.006 10.936 −0.182∗∗∗ (0.014) −0.417  
 Pct. Poverty 0.100 0.085 0.119 0.103 0.154 0.139 0.054∗∗∗ (0.002) 0.627  
 Log(Population density) 5.449 5.027 5.693 5.383 5.783 5.570 0.334∗∗∗ (0.048) 0.166  
 Pct. Non-White 0.125 0.076 0.167 0.111 0.250 0.168 0.126∗∗∗ (0.006) 0.590  
 Educational attainment 0.291 0.246 0.296 0.243 0.268 0.222 −0.022∗∗∗ (0.005) −0.139  
 Pre-Pandemic unemployment 0.047 0.041 0.048 0.044 0.057 0.051 0.011∗∗∗ (0.001) 0.332  
 Log(Distance to CBD) 2.940 2.977 2.641 2.723 2.372 2.518 −0.568∗∗∗ (0.026) −0.589  
 Land unavailability 0.256 0.248 0.255 0.239 0.257 0.237 0.002 (0.004) 0.010  
 Remote work 2015–19 0.058 0.051 0.053 0.046 0.048 0.041 −0.010∗∗∗ (0.001) −0.259  
 Teleworkable 0.363 0.355 0.360 0.350 0.349 0.342 −0.014∗∗∗ (0.001) −0.326  
 Net migration 2020–21 0.010 0.003 −0.003 −0.004 −0.018 −0.017 −0.028∗∗∗ (0.002) −0.355  
 House price growth 2018–19 0.104 0.100 0.107 0.104 0.122 0.114 0.018∗∗∗ (0.002) 0.252  
This table examines differences in various ZIP code-level socioeconomic variables and factors the literature has found to be associated with house price growth during 2020–21 
by the level of suspicious lending in the ZIP code (Panel A) and the ZIP code’s social proximity to suspicious lending (Panel B). ZIP codes in each county are split into terciles 
based on their ratio of flagged loans to population (Panel A) and on their social proximity to suspicious lending (Panel B). Mean and median values of each variable among ZIP 
codes in each tercile are provided. In addition, the difference in the mean value of the variable between the low- and high-fraud terciles, the standard error for the difference, 
and the standardized mean difference (difference divided by the standard deviation) are provided. Robust standard errors are clustered by county and are reported in parentheses. 
∗𝑝 < 0.1; ∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
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Our baseline specifications address potential alternative drivers of 
house price growth in several ways. First, our analyses include county 
fixed effects, which should absorb most differences in economic growth 
and job opportunities across different areas. Second, the baseline re-
gressions include extensive control variables: PPP loans per capita, past 
house price growth, population density, housing vacancy rates, number 
of housing units, and average household income. Results are also robust 
to different control variables and fixed effect specifications (see Table 
IA.17). The stability of the effect of fraud on house prices with and 
without control variables mitigates potential concerns about omitted 
variables under the logic of Oster (2019).35 Finally, the lack of hetero-
geneity in the effect of fraud on house prices across numerous sample 
splits based on demographic and economic characteristics implies that 
any potential omitted variables would need to affect a diverse set of 
ZIP codes in a similar manner.

5.4. Instrumental variables regressions

To further address at least some of the potential omitted variable 
concerns, we instrument for PPP fraud using fraud in geographically 
distant but socially connected ZIP codes. This identification strategy 
builds on Griffin et al. (2025), which shows that the spread of fraud is 
strongly related to social connections and that a ZIP code’s fraud rate is 
strongly predicted by fraud rates in other ZIP codes with which it has 
strong social connections. The specific instrument we consider is the 
average (weighted by social connection strength) Flagged Per Capita in 
other ZIP codes to which a ZIP code is connected, which Griffin et al. 
(2025) term ‘‘social proximity to fraud’’. Social connectedness between 
ZIP codes 𝑖 and 𝑗 is measured as the Facebook friendships between 
users in ZIP code 𝑖 and ZIP code 𝑗 scaled by the product of Facebook 
users in ZIP code 𝑖 and ZIP code 𝑗, using data from Bailey et al. 
(2018b) and Bailey et al. (2020). Additional details on the construction 
of the instrument are discussed in Internet Appendix Section C. While 
social connections to other ZIP codes are endogenous, this identifica-
tion strategy has the benefit of isolating variation related to distant 
social connections, as opposed to anything that might jointly influence 
housing markets and PPP fraud at the local ZIP code level. Balance tests 
across levels of social proximity to fraud are reported in Panel B of 
Table  4, and covariate distributions are plotted in Figure IA.14. The 
distributions are highly overlapping, albeit with larger differences than 
for the balance tests of fraud itself, which could be due to measurement 
error that the instrument is correcting.36

Table  5 shows the relationship between suspicious lending rates 
and house price growth based on the instrumental variable described 
above. Specifically, we estimate the following two-stage least squares 
regression:

35 In addition to estimating regressions with and without control variables, 
Table IA.17 also controls for additional potential channels that are discussed 
in the next subsection. Using the approach proposed by Oster (2019), if 
omitted variables have the same proportional impact on the flagged per capita 
coefficient as observed control variables (equal selection assumption) and 
could potentially increase the 𝑅2 of the regression from 0.831 to 1.0, the 
coefficient on flagged per capita in column (4) would only decrease from 
0.0175 to 0.0170 [0.0170 = 0.0175−(1−0.831)×(0.0177−0.0175)∕(0.831−0.763)]. 
Relaxing the equal selection assumption and maintaining the assumption that 
omitted variables could increase the 𝑅2 to 1.0, other omitted variables would 
need to have approximately 35.2 times the proportional impact of the observed 
control variables to decrease the coefficient to zero. It is worth noting that 
these controls include drivers of house price growth that have already been 
documented in the literature, which should arguably have the largest impact 
and thus make it even more unlikely for unobserved variables to explain the 
effect.
36 See Pancost and Schaller (2025) for a discussion of measurement error 
and instrumental variable regressions.
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𝑆𝑜𝑐𝑖𝑎𝑙𝑃 𝑟𝑜𝑥𝑖𝑚𝑖𝑡𝑦𝑇 𝑜𝐹 𝑟𝑎𝑢𝑑𝑖 =
∑

𝐶𝐵𝑆𝐴(𝑖)≠𝐶𝐵𝑆𝐴(𝑗) 𝑆𝐶𝐼𝑖,𝑗 × 𝐹 𝑙𝑎𝑔𝑔𝑒𝑑𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑗
∑

𝐶𝐵𝑆𝐴(𝑖)≠𝐶𝐵𝑆𝐴(𝑗) 𝑆𝐶𝐼𝑖,𝑗

𝐹 𝑙𝑎𝑔𝑔𝑒𝑑𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑖 = 𝛾𝑆𝑜𝑐𝑖𝑎𝑙𝑃 𝑟𝑜𝑥𝑖𝑚𝑖𝑡𝑦𝑇 𝑜𝐹 𝑟𝑎𝑢𝑑𝑖 + 𝐶𝑜𝑢𝑛𝑡𝑦𝐹𝐸 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 + 𝜖𝑖 (4)

𝐻𝑃𝐺𝑟𝑜𝑤𝑡ℎ2020-21𝑖 = 𝛽 ̂𝐹𝑙𝑎𝑔𝑔𝑒𝑑𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑖 + 𝐶𝑜𝑢𝑛𝑡𝑦𝐹𝐸 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 + 𝜈𝑖 (5)

As in our WLS estimates, the measures of suspicious lending are 
standardized to have a mean of zero and a standard deviation of one, 
so the coefficients represent the effect of a one standard deviation 
increase in suspicious lending rates. The coefficient of interest is 𝛽, 
which estimates the effect on house price growth associated with a 
one standard deviation increase in Flagged Per Capita. In addition to 
county fixed effects, both stages also control for house price growth 
in 2018 and 2019, PPP loans per capita, population density, housing 
vacancy rates, number of housing units, average household income, and 
the share of friends of Facebook users in the ZIP code who live within 
50 and 150 miles of the ZIP code. Both previous house price growth 
and PPP loans per capita are controlled for non-parametrically using 
percentile fixed effects, which allow for non-linear relationships. The 
estimates are weighted by the ZIP code’s 2019 population to ensure our 
estimates are nationally representative. In column (1), we instrument 
for a ZIP code’s Flagged Per Capita using social connections outside 
of the CBSA where the ZIP code is located. A one standard deviation 
increase in instrumented Flagged Per Capita is associated with a 3.47 ppt 
increase in house prices from January 2020 to December 2021. This is 
a sizable 13.5% of the 25.7 ppt average increase in house prices during 
this period.

To the extent that distant social connections are less likely to affect 
house price growth through, for example, migration, local omitted 
variables, or regional shocks, social proximity to fraud based on only 
distant ZIP codes may be more likely to meet the exclusion restriction.37 
To examine this, columns (2), (3), and (4) of Table  5 instrument for a 
ZIP code’s Flagged Per Capita using social connections to ZIP codes that 
are at least 100, 250, and 500 miles away, respectively. The results in 
all four specifications are extremely similar (between 3.36 and 3.52 ppt, 
with t -statistics above 5.4 and first-stage F -statistics of at least 28.5) 
and cannot be statistically distinguished from one another. In column 
(5), we include multiple instruments based on social connections to ZIP 
codes in non-overlapping rings (between 100 and 250 miles, between 
250 and 500 miles, and over 500 miles). The estimate is again nearly 
identical, and including multiple instruments allows us to conduct a
J -test of overidentifying restrictions. The J -statistic of 2.464 with a
p-value of 0.292 indicates that estimates are consistent regardless of 
which subset of the instruments is used. This implies that any effect 
that social proximity to fraud has on house price growth directly, or 
indirectly through omitted variables, must be the same over different 
distances.38

Social connections have been shown to affect other economic out-
comes, particularly for house price expectations. Bailey et al. (2018a,c) 
show that individuals whose friends experience house price increases 
have heightened house price expectations and are more likely to pur-
chase a home. To examine the potential effects of house price ex-
pectations being transmitted through social connections, we construct 
a measure of social proximity to house price growth in a manner 
analogous to social proximity to suspicious lending. After controlling 
for social proximity to house price growth, social proximity to fraud 

37 This is similar to the logic provided by Bailey et al. (2018a,c) for using 
house price experiences of out-of-commuting-zone friends as an instrument 
for house price experiences of all friends. Hu (2021) uses floods in distant but 
socially connected counties to study flood insurance purchases since distant 
flooding is likely orthogonal to an individual’s local flood risk.
38 As one example of how the direct effects of social connections on house 
prices vary by distance, Table IA.31 shows that the effect of social connections 
on migration rates is decreasing with distance.
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Table 5
Effect on house price growth, IV.
 House price growth in 2020–21 2021 only
 Outside CBSA ≥100 Mi ≥250 Mi ≥500 Mi Concentric rings 2020 Outside CBSA 
 (1) (2) (3) (4) (5) (6)  
 Flagged Per Capita 0.0347∗∗∗ 0.0353∗∗∗ 0.0336∗∗∗ 0.0340∗∗∗ 0.0367∗∗∗  
 (6.35) (6.51) (6.17) (5.43) (6.41)  
 2021 Flagged Per Capita 0.0287∗∗∗  
 (2.76)  
 County FE Yes Yes Yes Yes Yes Yes  
 Past HP Growth Yes Yes Yes Yes Yes Yes  
 Loans Per Capita Yes Yes Yes Yes Yes Yes  
 Controls Yes Yes Yes Yes Yes Yes  
 2020 Flagged Per Capita No No No No No Yes  
 2020 House price growth No No No No No Yes  
 Observations 16,869 18,761 18,761 18,761 18,725 16,868  
 Num. Counties 1789 2215 2215 2215 2213 1789  
 Mean of Dep. Var. 0.257 0.259 0.259 0.259 0.259 0.148  
 First stage F-stat 34.33 38.04 34.27 28.48 14.38 14.81  
 Hansen’s J-stat 2.465  
 (p-value) (0.292)  
This table examines the relationship between house price growth and suspicious PPP lending using instrumented variables based on social 
connectedness between ZIP codes. Column (1) is based on social connectedness between each ZIP code and ZIP codes that are outside the given 
ZIP code’s CBSA. Columns (2), (3), and (4) are based on social connectedness between each ZIP code and ZIP codes that are at least 100, 250, 
and 500 miles away, respectively. Column (5) includes three instruments based on social connections to ZIP codes in non-overlapping rings 
(between 100 and 250 miles, between 250 and 500 miles, and over 500 miles) at the same time. The J-stat and 𝑝-value for an overidentification 
test are provided at the bottom of column (5). Column (6) is based on fraud rates in 2020 and social connectedness between each ZIP code 
and ZIP codes that are outside the given ZIP code’s CBSA. Columns (1) to (5) use house price growth during the entire 2020–21 period as the 
dependent variable, whereas column (6) uses house price growth during only 2021 as the dependent variable. Past HP Growth and Loans Per 
Capita control for house price growth in 2018–19 and PPP lending intensity, respectively, using percentile fixed effects. The controls included 
are log population density, vacancy rate, log housing units, log average household income, and the share of Facebook friends within 50 and 
150 miles. 2020 Flagged Per Capita and 2020 House Price Growth are the fraud rate and house price growth for each ZIP code during 2020. All 
independent variables are standardized to have a mean of 0 and a standard deviation of 1. To have a nationally representative estimate, we 
use weighted least squares (WLS) regressions in both stages, with the weight being the population of the ZIP code in 2019. Fixed effects are as 
indicated at the bottom of each column. t -statistics based on robust standard errors that are clustered by county are reported in parentheses. 
∗𝑝 < 0.1; ∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
continues to have a strong effect on house price growth (see Table 
IA.32). This indicates that it is unlikely that social proximity to fraud 
is capturing house price expectations being transmitted through social 
connections. We also find that the effect of house price growth in 
socially proximate areas diminishes with distance, whereas the effect 
of social proximity to fraud is robust even when based on social 
connections over 500 miles away. This supports the aforementioned 
logic for using distant social connections and testing overidentifying 
restrictions.39 We also re-examine our findings on heterogeneity by 
housing supply elasticity using the social proximity instrument and find 
that the effect of fraud on house price growth is 35% larger in less 
elastic areas.40

To address potential contemporaneous transmission of fraud and 
house price expectations and possible reverse causality concerns (e.g., 
house price growth leading to more pandemic fraud, perhaps because 
homebuyers in these areas commit fraud to afford a home), we also 
consider a lagged version of the instrument. In this approach, we 
instrument for 2021 fraud in a given ZIP code with its social proximity 
to 2020 fraud. This strategy uses variation in fraud rates that occurred 
entirely before the change in house price being studied (2020 fraud 
rates and 2021 house price growth). Using this instrument, we then 
regress house price growth in 2021 on fraud in 2021, instrumented 
using social proximity to 2020 fraud, while controlling for the ZIP 

39 Additional IV analysis and robustness tests are discussed in Internet 
Appendix Section C.
40 Using the version of the instrument constructed based on social connec-
tions more than 500 miles away, an instrumented increase of one standard 
deviation in pandemic fraud is associated with a 2.56 ppt increase in house 
price growth from January 2020 to December 2021 for elastic ZIP codes versus 
4.01 ppt for less elastic ZIP codes (Table IA.33). This is a 35% difference in 
the effect’s magnitude, which is statistically significant at the 1% level.
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code’s own 2020 fraud rate, house price growth in 2020, and all other 
controls used in the baseline IV analysis. Column (6) of Table  5 reports 
the results. Consistent with much of the effect of fraud on house prices 
occurring in 2021 (Figure IA.15), the effect we find using this strategy 
is 83% [2.87 ppt/3.47 ppt] of the baseline IV result (which is based on 
the entire 2020–21 period).41

5.5. Other proposed factors affecting house prices

A growing body of literature proposes several factors that poten-
tially affected house prices during the COVID period. We construct 
measures for these factors, adhering as closely as possible to the existing 
literature. The factors considered include: prior remote work from 2015 
to 2019 (Mondragon and Wieland, 2025; Davis et al., 2024), the per-
cent of teleworking individuals in the CBSA prior to COVID (Dingel and 
Neiman, 2020), population density (Liu and Su, 2021), net migration 
during 2020 and 2021 (Ramani and Bloom, 2022), distance to the 
central business district (Gupta et al., 2022), previous (2018–2019) 
house price growth, and land unavailability (Lutz and Sands, 2023).42 
All independent variables are standardized to have a standard deviation 
of one to allow for easier comparisons of the economic magnitude 

41 For context, the house price growth in 2021 was 57% [14.8 ppt/25.7 
ppt] of the total growth over the entire 2020–21 period. Table IA.34 shows 
additional variations of these results.
42 Lin (2025) finds that MSAs with higher economic impact payments 
(i.e., stimulus payments) and child tax credits per capita experienced higher 
house price growth. We do not include this channel in our baseline analysis 
because we do not find support for a positive relationship between economic 
impact payments and house price growth at the ZIP code level using the 
standardized regression framework described below (Table IA.25). Controlling 
for economic impact payments does not affect results for PPP fraud.
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Table 6
Effect on house price growth, univariate and multivariate.
 House price growth from January 1, 2020 to December 31, 2021
 (1) (2) (3) (4) (5) (6) (7) (8) (9)  
 Flagged 0.0221∗∗∗ 0.0175∗∗∗  
 Per Capita (8.99) (7.41)  
 Log of 0.0161∗∗∗ 0.00880∗∗∗  
 Dist. to CBD (4.47) (3.01)  
 Log of −0.0189∗∗∗ −0.000170 
 Pop. Density (−4.03) (−0.07)  
 Land 0.0208∗∗∗ 0.0157∗∗∗  
 unavailability (8.36) (7.72)  
 Remote Work 0.00771∗∗∗ 0.00569∗∗∗  
 2015–19 (4.52) (3.44)  
 Teleworkable −0.0187∗∗∗ −0.0120∗∗∗ 
 (−5.66) (−4.27)  
 Net migration 0.0129∗∗∗ 0.00674∗∗∗  
 2020–21 (6.55) (5.12)  
 HP Growth 0.0260∗∗∗ 0.0206∗∗∗  
 2018–19 (6.00) (6.61)  
 County FE Yes Yes Yes Yes Yes Yes Yes Yes Yes  
 Past HP Growth Yes Yes Yes Yes Yes Yes Yes No No  
 Loans Per Capita Yes Yes Yes Yes Yes Yes Yes Yes Yes  
 Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes  
 Observation 12,305 12,305 12,305 12,305 12,305 12,305 12,305 12,305 12,305  
 Num. Counties 1013 1013 1013 1013 1013 1013 1013 1013 1013  
 𝑅2 0.814 0.811 0.807 0.810 0.803 0.806 0.810 0.797 0.828  
 Mean of Dep, Var. 0.257 0.257 0.257 0.257 0.257 0.257 0.257 0.257 0.257  
This table examines the univariate and multivariate relationships between various proposed variables and house price growth. Past HP Growth and Loans Per Capita control for 
house price growth in 2018–19 and PPP lending intensity, respectively, using percentile fixed effects. The controls included are vacancy rate, log housing units, and log average 
household income. All independent variables are standardized to have a mean of 0 and a standard deviation of 1. To have a nationally representative estimate, we use weighted 
least squares (WLS) regressions with the weight being the population of the ZIP code in 2019. Only ZIP codes for which all variables can be determined are used. Fixed effects 
are as indicated at the bottom of each column. t -statistics based on robust standard errors that are clustered by county are reported in parentheses. ∗𝑝 < 0.1; ∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
of the coefficients. We include county fixed effects, past house price 
growth, PPP loans per capita, vacancy rate, housing units, and average 
household income as control variables in all regressions. We are able to 
estimate the specification for a large cross-section of 12,305 ZIP codes 
for which we have data for all of the proposed factors.

The univariate regressions for each of the proposed factors are 
shown in Table  6. All of the factors are statistically significant, but with 
varying economic magnitudes.43 In the multivariate regression (column 
(9)), the effects of most of the factors remain statistically significant but 
are attenuated relative to the univariate regressions to varying degrees. 
The coefficient on Flagged Per Capita remains statistically and eco-
nomically significant, with a magnitude that is close to the univariate 
coefficient. The coefficient on population density becomes insignificant. 
To better visualize these relationships, Panel A of Fig.  4 shows the 
univariate and multivariate coefficients with 95% confidence intervals.
Flagged Per Capita, land unavailability, and house price growth in 
2018–19 have the largest coefficients, at slightly over 2 ppt of house 
price growth per standard deviation. Teleworking, 2020–2021 migra-
tion, prior remote working, and distance to the central business district 
are all also statistically significant in the multivariate specifications, 
though with considerably smaller coefficients.44

We consider alternative specifications, including averaging each of 
the factors over a 5-mile radius, only including county fixed effects, 
and using OLS instead of WLS (see Figure IA.16). We also examine 
heterogeneity in the effects across splits based on land unavailability, 
previous house price growth, pre-COVID house prices, COVID mortgage 

43 The univariate relationships are similar to those documented in the 
existing literature.
44 Table IA.35 shows that the effect of Flagged Per Capita is robust to 
controlling for alternative measures of migration, such as migration during 
2020 and 2021 separately or decomposing net migration into inflows and 
outflows.
16 
forbearances, ZIP code-level beta with national house prices during 
2000–2019, and ZIP code-level house price volatility during 2000–2019 
(see Figure IA.17). Across all of these variations, the effect of suspicious 
lending on house prices is similar to the baseline results. To understand 
the effects of each factor on house prices over time, we perform the 
same monthly analysis as in Panel B of Fig.  2 for each of the other 
proposed factors (see Figure IA.18).

Correlation between the factors could complicate the multivariate 
estimates. To more formally assess which factors most robustly predict 
house price growth, we apply the Bayesian Model Averaging approach 
to model selection as suggested by Fernández et al. (2001) and Ley 
and Steel (2009), and following Griffin et al. (2020), which examined 
the determinants of 2003 to 2012 house price growth. Following the 
assumptions recommended by Ley and Steel (2009) for modeling and 
prior distributions, the procedure estimates posterior distributions for 
the probability that a variable is included in a model and the coefficient 
conditional on inclusion. Posterior coefficient distributions conditional 
on inclusion in the model are plotted in Panel B of Fig.  4. The proba-
bility of inclusion in the model is shown by the bars above each of the 
distributions.45 The procedure always includes Flagged Per Capita, land 
unavailability, 2018–2019 housing price growth, teleworking, net mi-
gration, remote work, and distance to CBD. Population density is only 
selected in 0.9% of models. Conditional on inclusion, the coefficients 
are furthest from zero for house price growth in 2018–19, Flagged Per 
Capita, land unavailability, and teleworking, in that order.

Table  7 reports optimal model selection based on the Bayesian 
Information Criterion. The column number corresponds to the best 
model if the model is limited to that number of proposed factors 
(between one and eight). If the model is restricted to one factor, Flagged 

45 Column 9 of Table  7 also reports the posterior inclusion probabilities for 
each proposed factor.
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Fig. 4. Effect of other proposed variables on house price growth. This figure shows the effect of each proposed variable on house price growth. Panel A shows 
univariate and multivariate coefficients using WLS regressions. Panel B shows the posterior coefficient distribution, conditional on inclusion, from multivariate 
regressions using Bayesian model averaging. The black bars at the top of each distribution plot the posterior inclusion probability. All regressions control for 
vacancy rate, log housing units, log average household income, and for overall PPP loans per capita and house price growth in 2018–19 using percentile indicator 
variables to allow for non-linearity, and include county fixed effects. All proposed variables are standardized to have a mean of 0 and a standard deviation of 1. 
The weighted least squares (WLS) regressions are weighted by the population of the ZIP code in 2019. Only ZIP codes for which all proposed variables can be 
determined are used in both panels. The error bars in Panel A represent 95% confidence intervals based on standard errors clustered by county. The regressions 
corresponding to Panel A are shown in Table  6. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.)
Per Capita is included. Furthermore, Flagged Per Capita is consistently 
included when the model is restricted to any number of factors. The 
optimal model, across any number of the proposed factors according to 
the Bayesian Information Criterion, includes seven of the eight factors 
(all but population density). Overall, the evidence supports many of 
the proposed factors and shows that regardless of which channels are 
17 
considered, pandemic fraud continues to be a strong predictor of house 
price growth during 2020 and 2021. The relationship between fraud 
and house price growth has a magnitude that is at least as high as any 
other proposed factor and is robust to controlling for any combination 
of other factors.
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Table 7
Effect on house price growth, variable selection.
 House price growth from January 1, 2020 to December 31, 2021
 Regression coefficients and t -statistics PIC Prob. 
 (1) (2) (3) (4) (5) (6) (7) (8) (9)  
 Flagged 0.0269∗∗∗ 0.0223∗∗∗ 0.0202∗∗∗ 0.0186∗∗∗ 0.0176∗∗∗ 0.0176∗∗∗ 0.0175∗∗∗ 0.0175∗∗∗ 1.000  
 Per Capita (11.52) (9.79) (8.02) (7.65) (7.41) (7.57) (7.42) (7.41)  
 HP Growth 0.0215∗∗∗ 0.0231∗∗∗ 0.0217∗∗∗ 0.0217∗∗∗ 0.0208∗∗∗ 0.0206∗∗∗ 0.0206∗∗∗ 1.000  
 2018–19 (5.96) (6.93) (6.72) (6.74) (6.78) (6.60) (6.61)  
 Log of 0.0142∗∗∗ 0.0127∗∗∗ 0.00990∗∗∗ 0.00903∗∗∗ 0.00886∗∗∗ 0.00880∗∗∗ 1.000  
 Dist. to CBD (3.94) (3.97) (3.20) (2.95) (2.89) (3.01)  
 Land 0.0163∗∗∗ 0.0161∗∗∗ 0.0159∗∗∗ 0.0158∗∗∗ 0.0157∗∗∗ 1.000  
 unavailability (8.16) (7.77) (7.44) (7.59) (7.72)  
 Net migration 0.00825∗∗∗ 0.00740∗∗∗ 0.00676∗∗∗ 0.00674∗∗∗ 1.000  
 2020–21 (6.20) (5.74) (5.42) (5.12)  
 Teleworkable −0.0108∗∗∗ −0.0120∗∗∗ −0.0120∗∗∗ 1.000  
 (−3.78) (−4.27) (−4.27)  
 Remote work 0.00569∗∗∗ 0.00569∗∗∗ 1.000  
 2015–19 (3.44) (3.44)  
 Log of −0.000170 0.009  
 Pop. Density (−0.07)  
 County FE Yes Yes Yes Yes Yes Yes Yes Yes Yes  
 Loans Per Capita Yes Yes Yes Yes Yes Yes Yes Yes Yes  
 Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes  
 Observation 12,305 12,305 12,305 12,305 12,305 12,305 12,305 12,305 12,305  
 Num. Counties 1013 1013 1013 1013 1013 1013 1013 1013 1013  
 𝑅2 0.798 0.811 0.818 0.823 0.826 0.827 0.828 0.828  
 Mean of Dep. Var. 0.257 0.257 0.257 0.257 0.257 0.257 0.257 0.257 0.257  
This table shows the results of a variable selection process in which the optimal model, with between one and eight of the potential independent variables, is selected based on 
the Bayesian Information Criterion. Column (9) reports posterior inclusion probabilities for each variable based on Bayesian model averaging. To have a nationally representative 
estimate, we use weighted least squares (WLS) regressions with the weight being the ZIP code’s population as of 2019. All independent variables are standardized to have a mean 
of 0 and a standard deviation of 1. Fixed effects are as indicated at the bottom of each column. t -statistics based on robust standard errors that are clustered by county are 
reported in parentheses. ∗𝑝 < 0.1; ∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
5.6. Demand mechanisms and potential reversal

The mechanism driving higher house price growth in ZIP codes 
with higher levels of PPP fraud is that recipients of fraudulent funds 
respond to this wealth shock, at least in part, by purchasing houses. 
This increases demand and pushes up house prices in the short term. 
However, if housing prices were at an equilibrium prior to this shock, 
house prices should reverse once the influx of fraudulent funds ceases 
and demand returns to its prior levels. That is, in subsequent periods, 
the higher house prices fueled by pandemic fraud should lead some 
marginal homeowners to sell and some marginal potential buyers to 
decide against purchasing. Thus, in ZIP codes receiving substantial 
fraudulent funds, we expect to see an increase in net demand followed 
by the opposite after most fraudulent funds are spent. In an earlier 
version of this paper, we made the out-of-sample prediction that there 
could be a reversal in house prices in fraudulent ZIP codes.46

We test the intuition for this demand mechanism by examining 
additional ZIP code-level housing metrics from Realtor.com and Redfin. 
In particular, we examine the percentage of listings that are off the 
market within two weeks, the percentage of purchases made above the 
listing price, the number of views per property by potential buyers, 
and inventory. Fig.  5 shows the effects of fraud on these metrics 
using ZIP code-month-level difference-in-differences regressions based 
on data from January 2019 to December 2024. For all four variables, 
the coefficients are close to zero in 2019. The effect on the percentage 

46 For instance, in a November 2022 draft, we wrote ‘‘Because pandemic 
fraud was a transitory and temporary demand shock, our findings point to 
an out-of-sample prediction that areas with excess fraud will experience more 
rapid home price depreciations, which will have further distortionary effects 
on COVID-era home buyers’’.
18 
of listings off the market within two weeks begins increasing in June 
2020, the percentage of houses purchased at higher than list price be-
gins increasing in August 2020, the views per property begin increasing 
in July 2020, and inventory begins decreasing in July 2020. The effects 
on most of these variables peak between January 2021 and mid-2021. 
The estimated effects then return to their baseline February 2020 levels 
by around January 2022 for the percentage sold in two weeks, February 
2022 for the percentage purchased at higher than list price, May 2022 
for views per property, and January 2022 for inventory. Most of the 
variables show a reversal that persists throughout 2023.47 Overall, the 
measures show a temporary surge in proxies for net demand, followed 
by a reversal for much of 2022–23.

We next examine longer-term price movements to test our earlier 
out-of-sample reversal prediction with more recent house price data. 
Panel B of Fig.  2 and Fig.  3 already show evidence of a price reversal 
graphically. To test this pattern more formally, we regress house price 
growth in 2022 and 2023 on pandemic fraud rates following the same 
regression framework we previously used for house price growth in 
2020 and 2021. Table  8 shows that for a one standard deviation 
increase in flagged (composite) loans per capita, house price growth 
was 0.74 (1.09) ppt lower from January 2022 to December 2023. This 
reversal amounts to 35% (41%) of the initial effect of pandemic fraud 
on house price growth from January 2020 to December 2021 (Table 
2).48 A similar reversal is also found when local pandemic fraud rates 
are instrumented with the social proximity to fraud instrument (Table 

47 The ratio of purchase price to listing price and a market demand index 
from Realtor.com also show consistent patterns (Figure IA.19).
48 Table IA.36 finds a similar degree of reversal using the average fraud rate 
in a five-mile radius of the focal ZIP code. Rental price growth in high fraud 
areas did not experience a reversal (Table IA.26, Panel B).
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Fig. 5. Effect on other housing market metrics. This figure shows the effect of a one standard deviation change in Flagged Per Capita on various housing market 
metrics. We estimate the following regression and plot 𝛽𝑡: 𝑀𝑒𝑡𝑟𝑖𝑐𝑖,𝑡 =

∑

𝑡≠𝐹𝑒𝑏2020 𝛽𝑡1(𝑀𝑜𝑛𝑡ℎ = 𝑡)𝐹 𝑙𝑎𝑔𝑔𝑒𝑑𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑖 + 𝑍𝐼𝑃𝐶𝑜𝑑𝑒𝐹𝐸 + 𝐶𝑜𝑢𝑛𝑡𝑦𝑀𝑜𝑛𝑡ℎ𝐹𝐸 + 𝑀𝑜𝑛𝑡ℎ𝑡 ×
𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 + 𝜖𝑖,𝑡 where 𝑖 is a ZIP code and 𝑡 is a month. Panel A shows the effect on the percentage of properties off the market within two weeks, Panel B on the 
percentage of properties sold at higher than the listing price, Panel C on unique viewers per property (relative to a typical property across the US), and Panel D 
on inventory (the number of active listings). Panels A and B (C and D) are based on metrics from Redfin (Realtor.com). The dependent variable is the difference 
between the metric during the given month and its value in the same month of 2018 for 2019, and between the metric during the given month and its average 
value in 2018 and 2019 for 2020 onward. The controls are loans per capita using percentile fixed effects, log population density, vacancy rate, log housing units, 
and log average household income. The error bars correspond to 95% confidence intervals based on standard errors that are double clustered by ZIP code and 
month.
IA.37 and Figure IA.15). We also examine the effects of other drivers 
of house prices discussed in Section 5.5 on home prices from January 
2022 to December 2023. Distance to the central business district, land 
unavailability, teleworkability, and 2018–19 housing price growth are 
related to housing price growth during 2022–23 in the same direction 
as in the 2020–21 period, though generally with smaller coefficients. 
19 
Among all the factors examined, pandemic fraud is the only one whose 
effect on house prices consistently reverses direction between these two 
periods while remaining statistically significant (Table IA.38, Figure 
IA.18, and Figure IA.20).

Overall, the evidence suggests that the influx of fraudulent funds in 
certain areas created a short-term surge in demand that subsequently 
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Table 8
Effect on house price growth, 2022–23.
 House price growth from January 1, 2022 to December 31, 2023
 (1) (2) (3) (4) (5)  
 Flagged −0.00606∗∗∗ −0.00744∗∗∗  
 Per Capita (−4.49) (−4.40)  
 High Loan-to-Est. −0.0124∗∗∗  
 Per Capita (−8.13)  
 High Similarity −0.00897∗∗∗  
 Per Capita (−6.09)  
 Flagged Composite −0.0109∗∗∗ 
 Per Capita (−6.02)  
 County FE Yes Yes Yes Yes Yes  
 Past HP Growth No Yes Yes Yes Yes  
 Loans Per Capita No Yes Yes Yes Yes  
 Controls No Yes Yes Yes Yes  
 Observations 18,761 18,761 18,761 18,761 18,761  
 Num. Counties 2215 2215 2215 2215 2215  
 𝑅2 0.810 0.823 0.824 0.823 0.823  
 Mean of Dep. Var. 0.120 0.120 0.120 0.120 0.120  
This table examines the relationship between house price growth in 2022–23 and various measures of 
suspicious PPP lending. All variables, fixed effects, and controls are as defined in Table  2. All independent 
variables are standardized to have a mean of 0 and a standard deviation of 1. To have a nationally 
representative estimate, we use weighted least squares (WLS) regressions with the weight being the 
population of the ZIP code in 2019. Fixed effects are as indicated at the bottom of each column. t -statistics 
based on robust standard errors that are clustered by county are reported in parentheses. ∗𝑝 < 0.1; ∗∗𝑝 < 0.05; 
∗∗∗𝑝 < 0.01.
reversed. The surge in demand was accompanied by a rise in house 
prices, and the subsequent fall in demand led 35% of the initial effect 
on house prices to dissipate by December 2023.

6. Other spending and inflation effects

The stimulating effects of PPP fraud are not conceptually limited 
to the housing market. Anecdotal evidence suggests that recipients 
of fraudulent PPP loans also frequently purchased cars and luxury
products.49 In this section, we first examine the relationship between 
PPP fraud and vehicle purchases at the ZIP code level. Next, we exam-
ine the connection between PPP fraud and general consumer spending 
at the census tract level. Finally, we explore how PPP fraud relates to 
regional differences in inflation.

6.1. Vehicle purchases

To investigate vehicle purchases, we utilize monthly data from 
January 2018 to December 2022 on vehicle title registrations at the 
ZIP code level for five large states (California, Texas, Florida, Illinois, 
and Ohio) from Cross-Sell, supplemented by similar publicly available 
data for the state of Washington.50 If fraudulent PPP loan proceeds 
were used, in part, to purchase vehicles, we would expect an increase 
in vehicle title registrations in high-fraud ZIP codes following the 
initiation of the PPP. To test this hypothesis, we estimate a regression 
of the form:
𝐿𝑜𝑔(𝑉 𝑒ℎ𝑖𝑐𝑙𝑒𝑅𝑒𝑔𝑖𝑠𝑡𝑟𝑎𝑡𝑖𝑜𝑛𝑠)𝑖𝑡 =

∑

𝑡≠𝐹𝑒𝑏2020
𝛽𝑡1(𝑀𝑜𝑛𝑡ℎ = 𝑡)𝐹 𝑙𝑎𝑔𝑔𝑒𝑑𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑖

+𝑍𝐼𝑃𝐶𝑜𝑑𝑒𝐹𝐸 + 𝐶𝑜𝑢𝑛𝑡𝑦𝑀𝑜𝑛𝑡ℎ𝐹𝐸 + 𝜖𝑖𝑡 (6)

The dependent variable in the regression is the log of the number 
of vehicle title registrations in ZIP code 𝑖 during month 𝑡. Flagged 
Per Capita is standardized such that one unit represents one standard 
deviation. The coefficients of interest are 𝛽𝑡, which estimate the effect 
on vehicle title registrations, relative to the February 2020 baseline, 

49 For example, here and here.
50 These six states collectively represent 36.6% of the U.S. population.
20 
associated with a one standard deviation increase in Flagged Per Capita. 
The regressions include ZIP code fixed effects and county × month fixed 
effects to isolate differential changes within counties. Standard errors 
are double clustered by county and month.

The left plot in Panel A of Fig.  6 shows the effect of a one standard 
deviation increase in Flagged Per Capita on vehicle title registrations 
over time. During the pre-COVID period, the average effect is close 
to zero (−0.19%), although some months show a positive effect and 
others a negative one.51 After the onset of COVID, a one standard 
deviation increase in Flagged Per Capita is associated with a 1.43% 
increase in vehicle title registrations over the March 2020 to December 
2022 time period. This effect is largely concentrated from March 2020 
to December 2021, during which a one standard deviation increase 
in Flagged Per Capita is associated with a 2.08% increase in vehicle 
title registrations. In contrast, during the January 2022 to December 
2022 time period, a one standard deviation increase in Flagged Per 
Capita is associated with a 0.23% increase in vehicle title registrations. 
This pattern aligns with the expected short-term stimulus to vehicle 
purchases during the PPP in 2020 and 2021.52

The right plot in Panel B of Fig.  6 shows a binned scatter plot across 
ZIP codes of the percentage change in vehicle title registrations versus
Flagged Per Capita, controlling for county fixed effects. The vertical 
axis represents the percentage change in the number of vehicle title 
registrations from the 2018–2019 period to the 2020–2021 period. 
Consistent with the regression results in the left panel, there is a 
positive relationship between the percentage change in vehicle title 
registrations and Flagged Per Capita.53

51 We interpret the coefficients as percentage changes based on the log 
approximation.
52 Figure IA.21, Panel A shows the relative vehicle title registration rates 
across terciles of Flagged Per Capita.
53 Note that vehicle title registrations declined by an average of 9.8% 
between these periods. This relationship is highly statistically significant with 
a t -statistic of 6.35 based on standard errors clustered by county. Figure 
IA.21, Panel B shows similar results for percentage change in registrations 
from 2018–2019 to 2020 alone, as well as a longer post-COVID time period 
including all of 2020–2022.

https://www.orlandosentinel.com/business/os-bz-ppp-fraud-house-seminole-20201223-cswwnoyx4jedhbcntbpamqleb4-story.html
https://www.justice.gov/opa/pr/nevada-man-charged-using-covid-relief-funds-buy-house


J.M. Griffin et al. Journal of Financial Economics 180 (2026) 104275 
Fig. 6. Effect on Vehicle Purchases and Consumer Spending. This figure shows the effect of suspicious lending on vehicle purchases and consumer spending. 
Panel A uses vehicle title registration data from six states (California, Texas, Florida, Illinois, Ohio, and Washington) at the ZIP code-month level. Panel B uses 
annual data from 2017 to 2022 at the census tract level from Mastercard’s Center for Inclusive Growth. Mastercard ranks each census tract’s consumer spending 
per capita each year in the national distribution and releases the percentile rank of the tract. Data from 2017 to 2022 is used. The left subpanels examine the 
effects of a one standard deviation change in the number of flagged PPP loans per capita. The left subpanel of Panel A includes ZIP code and month × county 
fixed effects, and the left subpanel of Panel B includes census tract and year × county fixed effects. The error bars in the left subpanels represent 95% confidence 
intervals based on standard errors that are double clustered by county and month in Panel A and clustered by county in Panel B. In the left subpanel of Panel 
A, the horizontal blue lines represent the average coefficient over the period spanned by each line. The right subpanels examine the within-county effects of 
flagged PPP loans per capita on the percentage change in vehicle registrations between 2018–19 and 2020–21 in Panel A and the percentile change in spending 
per capita between 2019 and 2020–21 in Panel B. To have a nationally representative estimate, both panels use weighted least squares (WLS) regressions with 
the weight being the ZIP code’s (census tract’s) population as of 2019 in Panel A (Panel B). (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)
Table  9 collapses the 𝛽𝑡 coefficients in Eq.  (6) into a single coeffi-
cient for the interaction between Flagged Per Capita and an indicator 
variable for the time period beginning in March 2020. Columns (1) to 
(3) use data from January 2018 to December 2021, with Post defined 
as 1 for March 2020 to December 2021 and 0 otherwise. Standard 
errors are again clustered by county and month, and ZIP code and 
county × month fixed effects are included. Column (1) estimates a 
regression similar to the regressions plotted in Fig.  6, Panel A. A 
one standard deviation increase in Flagged Per Capita is associated 
with a 2.29% increase in registrations. In column (2), we add a post-
period indicator variable interacted with total PPP loans per capita. 
This specification distinguishes the stimulative effect of fraudulent PPP 
loans from any stimulative effect of PPP loans more generally. The 
21 
coefficient on Flagged Per Capita increases to 3.10% and remains highly 
statistically significant. A potential concern is that PPP fraud could 
be correlated with other characteristics that predict vehicle title reg-
istration growth during this period. Column (3) addresses this concern 
by adding detailed demographic data interacted with post-period indi-
cator variables. While adding these demographic variables somewhat 
decreases the Flagged Per Capita coefficient (from 3.10% to 2.39%), 
the result remains substantial and highly statistically significant (with 
a t -statistic of 9.94). Columns (4) to (6) replicate columns (1) to (3) 
using data from January 2018 to December 2022 and with Post defined 
as 1 for March 2020 to December 2022 and 0 otherwise. The results 
are similar but with smaller magnitudes, as expected based on Panel 
A of Fig.  6. Figure IA.21, Panel C examines heterogeneity in these 
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Table 9
Effect on vehicle purchases.
 Log(Vehicle title registrations)
 March 2020 to December 2021 March 2020 to December 2022
 (1) (2) (3) (4) (5) (6)  
 Post × 0.0229∗∗∗ 0.0310∗∗∗ 0.0239∗∗∗ 0.0163∗∗∗ 0.0201∗∗∗ 0.0163∗∗∗  
 Flagged Per Capita (5.42) (3.76) (9.94) (4.32) (2.98) (9.56)  
 Post × −0.0150∗∗ −0.00587∗∗ −0.00708 −0.00136  
 Loans Per Capita (−2.23) (−2.36) (−1.24) (−0.56)  
 Post × 0.0203∗∗ 0.0275∗∗∗  
 Median income (2.36) (3.40)  
 Post × 0.00267 0.00295  
 Poverty (0.37) (0.46)  
 Post × 0.0173∗∗∗ 0.0146∗∗∗  
 Population density (4.12) (3.65)  
 Post × −0.00786 −0.00156  
 Pct. Non-White (−1.57) (−0.36)  
 Post × −0.0285∗∗ −0.0233∗∗  
 Educational attainment (−2.47) (−2.20)  
 Post × 0.0104∗∗ 0.00599  
 Pre-Pandemic unemployment (2.58) (1.67)  
 ZIP Code FE Yes Yes Yes Yes Yes Yes  
 Month × County FE Yes Yes Yes Yes Yes Yes  
 Observations 278,400 278,400 278,400 348,000 348,000 348,000  
 𝑅2 0.981 0.981 0.981 0.979 0.979 0.979  
This table examines the effect of suspicious lending on vehicle purchases using vehicle title registration data from six states 
(California, Texas, Florida, Illinois, Ohio, and Washington) at the ZIP code-month level. Post is a dummy variable that takes 
a value of 1 from March 2020 to December 2021 (2022) in columns (1) to (3) (columns (4) to (6)) and a value of 0 from 
January 2018 to February 2020 in all columns. To have a nationally representative estimate, we use weighted least squares 
(WLS) regressions with the weight being the ZIP code’s population as of 2019. All independent variables are standardized to 
have a mean of 0 and a standard deviation of 1. Fixed effects are as indicated at the bottom of each column. t -statistics based 
on robust standard errors that are double clustered by county and month are reported in parentheses. ∗𝑝 < 0.1; ∗∗𝑝 < 0.05; 
∗∗∗𝑝 < 0.01.
effects across demographic splits and finds that the effect is present 
and generally highly statistically significant across all splits.

To examine the effect of PPP fraud on vehicle purchases nationwide, 
we also analyze census tract-level data on vehicles per household 
from the American Community Survey (ACS).54 During the pre-COVID 
years, no relation exists between PPP fraud and vehicles per household. 
However, a one standard deviation increase in Flagged Per Capita is 
associated with a 0.29% increase in vehicles per household during 
2020, a 0.43% increase during 2021, a 0.51% increase during 2022, 
and a 0.66% increase during 2023 (see Figure IA.22).55

54 The ACS is an annual survey conducted by the U.S. Census. We use annual 
data from 2015 to 2023 on the number of vehicles per household over the 
preceding five years by census tract. There are over three times as many census 
tracts as ZIP codes. We estimate a regression similar to Eq.  (6) using this data, 
but with the dependent variable being the log of vehicles per household and 
including census tract and county × year fixed effects.
55 ACS data at the census tract level is only released as five-year estimates. 
For example, the 2023 estimate is based on data collected during 2019 to 
2023, which will cause any effects observed to be understated. Assuming there 
is no relation between PPP fraud and vehicles per household before 2020, 
the effects observed in 2020, 2021, 2022, and 2023 are one-fifth, two-fifths, 
three-fifths, and four-fifths of the true effect, respectively. The right plot in 
Figure IA.22 shows the within-county relationship between Flagged Per Capita
and the percentage change in vehicles per household from 2019 to 2023. 
Consistent with the results in the left panel, there is a strong positive relation 
(t -stat=13.31). We also find evidence of increased auto debt in MSAs with high 
PPP fraud (Figure IA.23). The pattern is consistent with PPP fraud recipients 
initially paying down their debts and then eventually increasing their auto 
debts as they used PPP funds for down payments on vehicle purchases.
22 
6.2. Consumer spending

Next, we examine the effects of PPP fraud on consumer spending 
more broadly. Consumer spending data at the census tract level is from 
Mastercard’s Center for Inclusive Growth and is based on anonymized 
and aggregated transactions on the Mastercard network. For further 
privacy, Mastercard ranks each census tract’s consumer spending per 
capita each year in the national distribution and releases only the 
percentile rank of the tract for each year. If fraudulent PPP loans 
stimulated consumer spending, we would expect elevated spending in 
census tracts with higher PPP fraud per capita. To examine this, we 
estimated regressions of the form:

𝑆𝑝𝑒𝑛𝑑𝑖𝑛𝑔𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑖𝑡 =
∑

𝑡≠2019
𝛽𝑡1(𝑌 𝑒𝑎𝑟 = 𝑡)𝐹 𝑙𝑎𝑔𝑔𝑒𝑑𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑖

+ 𝑇 𝑟𝑎𝑐𝑡𝐹𝐸 + 𝐶𝑜𝑢𝑛𝑡𝑦𝑌 𝑒𝑎𝑟𝐹𝐸 + 𝜖𝑖𝑡 (7)

The dependent variable in the regression is the tract’s percentile 
rank of spending per capita. Flagged Per Capita is standardized so that 
one unit represents one standard deviation. The coefficients of interest 
are 𝛽𝑡, which estimate differences in percentile rank of spending per 
capita relative to the 2019 baseline that are associated with a one 
standard deviation increase in Flagged Per Capita.56

56 The regressions include census tract fixed effects and county × year 
fixed effects to isolate differential changes within counties. In subsequent 
analysis, we add interactions with demographic characteristics and consider 
heterogeneous effects across census tracts with different demographic charac-
teristics. Standard errors are clustered by county. Double clustering by county 
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Table 10
Effect on consumer spending.
 Spending Per Capita percentile rank
 (1) (2) (3) (4)  
 Post × Flagged Per Capita 0.874∗∗∗ 1.039∗∗∗ 0.541∗∗∗ 0.738∗∗∗  
 (8.59) (10.05) (4.08) (7.03)  
 Post × Loans Per Capita −0.232∗∗∗ 0.0569 −0.103  
 (−2.92) (0.52) (−1.50)  
 Post × Median income −0.0667 −0.525∗∗∗ 
 (−0.34) (−3.02)  
 Post × Poverty 0.0995 0.168  
 (0.72) (1.23)  
 Post × Population density 0.566∗ 0.758∗∗∗  
 (1.92) (5.71)  
 Post × Pct. Non-White 0.523∗∗∗ 0.0882  
 (3.12) (0.64)  
 Post × Educational attainment −1.831∗∗ −1.593∗∗  
 (−1.99) (−1.99)  
 Post × Pre-Pandemic unemployment 0.185∗ 0.452∗∗∗  
 (1.72) (4.39)  
 Census tract FE Yes Yes Yes Yes  
 Year × County FE Yes Yes Yes No  
 Year FE No No No Yes  
 Observations 307,385 307,385 307,385 307,385  
 𝑅2 0.348 0.348 0.348 0.305  
This table examines the effect of suspicious lending on consumer spending using annual data at the census 
tract level from Mastercard’s Center for Inclusive Growth. Mastercard ranks each census tract’s consumer 
spending per capita each year in the national distribution and only releases the percentile rank of the tract 
for each year. Data from 2017 to 2021 is used. Post is a dummy variable that takes a value of 1 if the 
year is 2020 or 2021 and 0 otherwise. To have a nationally representative estimate, we use weighted least 
squares (WLS) regressions with the weight being the census tract’s population as of 2019. All independent 
variables are standardized to have a mean of 0 and a standard deviation of 1. Fixed effects are as indicated 
at the bottom of each column. t -statistics based on robust standard errors that are clustered by county are 
reported in parentheses. ∗𝑝 < 0.1; ∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
The left plot in Panel B of Fig.  6 shows the effect of a one standard 
deviation increase in Flagged Per Capita over time. During the pre-
COVID period, Flagged Per Capita has no relationship to spending per 
capita. After the onset of the PPP, a one standard deviation increase 
in Flagged Per Capita is associated with a 0.88 and 0.93 percentile 
rank increase in spending per capita in 2020 and 2021, respectively, 
compared to 2019. Spending levels then normalize in 2022. This aligns 
with the expected short-term stimulus during the PPP in 2020 and 
2021.57

The right plot in Panel B of Fig.  6 shows a binned scatter plot across 
census tracts of the change in spending per capita percentiles versus
Flagged Per Capita, controlling for county fixed effects. The vertical axis 
plots the change in consumer spending per capita percentiles from 2019 
to the average of 2020 and 2021. Consistent with the results in the left 
panel, there is a positive relationship between spending growth and
Flagged Per Capita.58

Table  10 collapses the 𝛽𝑡 coefficients in Eq.  (7) into a single coeffi-
cient for the interaction between Flagged Per Capita and an indicator 
variable for the PPP years (2020 and 2021). The sample begins in 
2017 and ends in 2021 to compare PPP years with preceding years. 
Column (1) estimates a regression similar to the regressions plotted 
in Panel B of Fig.  6. A one standard deviation increase in Flagged Per 
Capita is associated with a 0.874 percentile rank increase in 2020 and 

and year is not feasible due to having only six years of data. Purely cross-
sectional results based on changes in spending (discussed below) are also 
highly significant.
57 The effect of PPP fraud on consumer spending in 2020 and 2021 is similar 
for tracts with above and below median values of various demographics, which 
provides reassurance as to the consistency of the effect (Figure IA.24).
58 This relationship has a t -statistic of 8.16 based on standard errors 
clustered by county.
23 
2021 consumer spending relative to 2019, which is nearly identical 
to the effects estimated in Panel B of Fig.  6 for 2020 and 2021. In 
column (2), we add a post-period indicator variable interacted with 
total PPP loans per capita. This specification distinguishes the stimu-
lative effect of fraudulent PPP loans from any stimulative effect of PPP 
loans more generally. The coefficient on Flagged Per Capita increases to 
1.039 and remains highly statistically significant. A potential concern 
is that PPP fraud could be correlated with other characteristics that 
predict spending growth during this time period. Column (3) addresses 
this concern by adding detailed demographic data interacted with the 
post-period indicator variable. While adding these control variables 
somewhat decreases the Flagged Per Capita coefficient (from 1.039 to 
0.541), the result remains substantial and highly statistically significant 
(with a t -statistic of 4.08). Column (4) replaces the year × county fixed 
effect with a year fixed effect and shows that the effect of PPP fraud 
on consumer spending is even larger in this case, indicating that PPP 
fraud also predicts consumer spending differences across counties.

To get a more granular view of consumer spending, we also examine 
consumer mobility data from SafeGraph, which uses cellphone GPS 
pings to track visits by consumers to various types of locations.59 The 
SafeGraph data allows us to examine weekly visits from 2018 to 2021 
by residents of a given census tract to specific types of locations—
ranging from auto dealerships to financial institutions. To examine 
the effects of pandemic fraud on consumer mobility, and by extension 
consumer spending, we estimate regressions similar to Eq.  (7) but with 
the dependent variable being visits per tracked device to a given type 
of location during each week.60 Fig.  7 presents the results, with each 

59 This dataset has been used as a proxy for consumer spending previously 
(e.g., Bizjak et al., 2022; Gurun et al., 2023; Noh et al., 2025).
60 Specifically, the dependent variable is the 𝐼𝐻𝑆(𝑉 𝑖𝑠𝑖𝑡𝑠)𝑖𝑡𝑙−𝐼𝐻𝑆(𝐷𝑒𝑣𝑖𝑐𝑒𝑠)𝑖𝑡
where 𝐼𝐻𝑆(.) is the inverse hyperbolic sine function (to allow for zeros in 
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Fig. 7. Effect on consumer visits to various types of locations. This figure shows the effect of suspicious lending on consumer visits to various types of locations. 
Data on consumer visits is from SafeGraph and has been aggregated to the census tract × week × location type level. Location types are defined by NAICS codes; 
gun stores are identified using a combination of NAICS codes and a keyword search of location names. Each subpanel examines the effects of a one standard 
deviation change in the number of flagged PPP loans per capita on visits to the given type of location. The dependent variable is 𝐼𝐻𝑆(𝑉 𝑖𝑠𝑖𝑡𝑠)𝑖𝑡𝑙 −𝐼𝐻𝑆(𝐷𝑒𝑣𝑖𝑐𝑒𝑠)𝑖𝑡, 
where 𝐼𝐻𝑆(.) is the inverse hyperbolic sine function, 𝑖 is a census tract, 𝑡 is a week, and 𝑙 is a type of location. Note that the coefficients can be interpreted 
as a percentage change by the same logic as when the dependent variable is log transformed. The regressions include census tract fixed effects, week × county 
fixed effects, and control for post × loans per capita. Both the independent and dependent variables are winsorized at the 1% tails. The week of February 17th 
to 24th, 2020 is the omitted week. The error bars represent 95% confidence intervals based on standard errors that are double clustered by county and week. 
To have a nationally representative estimate, we use weighted least squares (WLS) regressions with the weight being the census tract’s population as of 2019.
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subpanel showing the effect of a one standard deviation increase in
Flagged Per Capita on visits to a given type of location. During the 
pre-COVID period, Flagged Per Capita does not appear to have any 
systematic relation with consumer visits to most types of locations.61 
After the onset of the PPP, and other forms of stimulus more broadly, 
there is a meaningful and systematic relationship between Flagged Per 
Capita and visits across all the types of locations examined. The effect of
Flagged Per Capita on visits declines over time but remains meaningfully 
elevated compared to prepandemic levels throughout 2021.62 These 
results suggest that the effect of pandemic fraud on consumer spending 
was wide-ranging across a variety of different spending categories.

The results in Panel B of Fig.  6, Fig.  7, and Table  10 consistently 
point to elevated consumer spending and elevated visits to retail lo-
cations by residents of census tracts with higher levels of PPP fraud. 
As with the previous analysis of the housing and vehicle markets, PPP 
fraud is not randomly assigned, meaning we do not have a perfect shock 
for causal interpretation. Nevertheless, elevated spending and retail 
visits in 2020 and 2021, with a return to normal in 2022, aligns with 
the expected behavior of a short-term stimulus like PPP fraud and is 
consistent with the effects observed in the housing market and vehicle 
markets.

6.3. Inflation

Finally, we examine the effects of PPP fraud on regional inflation. 
The Bureau of Labor Statistics (BLS) releases bi-monthly 12-month 
regional consumer price indices (CPI) by Core Based Statistical Area 
(CBSA), though only for 23 CBSAs. Within this limited dataset, we 
examine how PPP fraud may have affected overall price levels at the 
CBSA level by estimating regressions of the form:

12-𝑚𝑜𝑛𝑡ℎ𝐼𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛𝑖𝑡 =
∑

𝑡≠𝐽𝑎𝑛𝐹𝑒𝑏2020
𝛽𝑡1(𝐵𝑖-𝑚𝑜𝑛𝑡ℎ = 𝑡)𝐹 𝑙𝑎𝑔𝑔𝑒𝑑𝑃 𝑒𝑟𝐶𝑎𝑝𝑖𝑡𝑎𝑖

+ 𝐶𝐵𝑆𝐴𝐹𝐸 + 𝐵𝑖-𝑚𝑜𝑛𝑡ℎ𝐹𝐸 + 𝜖𝑖𝑡 (8)

The dependent variable in the regression is the CBSA’s 12-month 
inflation, calculated on a bi-monthly basis using regional CPI data from 
the BLS. The coefficients of interest are 𝛽𝑡, which estimate differences 
in inflation rates relative to the January/February 2020 baseline that 
are associated with a one standard deviation increase in Flagged Per 
Capita.63

𝑉 𝑖𝑠𝑖𝑡𝑠𝑖𝑡𝑙), 𝑖 is a census tract, 𝑡 is a week, and 𝑙 is a type of location. Normalizing 
by the number of tracked devices is important since the SafeGraph panel 
of tracked devices changes over time. The coefficients can be interpreted as 
percentage changes. The regressions include census tract fixed effects, week ×
county fixed effects, and control for post × loans per capita. Standard errors 
are double clustered by county and week. Both the independent and dependent 
variables are winsorized at the 1% tails. The week of February 17th to 24th, 
2020 is the omitted period. Location types are defined by NAICS codes; gun 
stores are identified using a combination of NAICS and a keyword search of 
location names.
61 The pre-trends for gun stores are meaningful and appear to be systematic; 
this may be due to only being able to track visits to 5634 gun stores.
62 Because our SafeGraph data only extends to the end of 2021, we are 
unable to assess impacts on visits further in the future. Figure IA.25 examines 
heterogeneity in the effect of fraud on consumer foot traffic by demograph-
ics and finds broadly similar results across demographic splits. Table IA.39 
collapses the 𝛽𝑡 coefficients shown in Fig.  7 into a single coefficient for the 
interaction between Flagged Per Capita and an indicator variable for post-period 
and includes variations that control for week × demographics and variations 
using data for the entire 2018 to 2021 period or excluding 2021.
63 12-month inflation is determined as the current CPI divided by the CPI 12 
months earlier. We consider inflation from January 2010 to December 2023.
Flagged Per Capita is standardized so that one unit represents one standard 
deviation. Standard errors are double clustered by CBSA and bi-month.
25 
Fig.  8 shows the results. During the pre-COVID period from 2010 
to 2019, regional inflation rates had no relationship to Flagged Per 
Capita. There is also little relationship between PPP fraud and inflation 
growth from March to August 2020. Inflation then begins to accelerate 
in CBSAs with high PPP fraud in September/October 2020, with sta-
tistically significant differences by January/February 2021, and larger 
and significant effects throughout 2021 and most of 2022, peaking in 
July/August 2022. The effects are positive but smaller and insignificant 
from November/December 2022 to November/December 2023. These 
patterns correspond closely to overall inflation, which first increased 
above 2% in March 2021 and remained elevated through mid-2023, 
with peak annualized inflation of 9.06% in June 2022. We also sep-
arately consider the housing and non-housing components of CPI and 
find evidence of increased housing inflation and a smaller impact on 
non-housing inflation (see Figure IA.26, Panel A).64

Table  11 collapses the 𝛽𝑡 coefficients in Eq.  (8) into a single coef-
ficient for the interaction between Flagged Per Capita and an indicator 
variable for the post-PPP time period, starting in March/April 2020. 
Column (1) reports results for overall inflation. Consistent with Fig.  8, a 
one standard deviation increase in Flagged Per Capita is associated with 
0.43 ppt higher 12-month inflation during the post-PPP time period. 
This is a substantial increase and is highly statistically significant, with 
a t -statistic of 3.40.65 In column (2), we add the interaction between a 
post-period indicator variable and overall PPP loans per capita to assess 
whether inflation is coming from PPP loans in general as opposed to 
fraudulent PPP loans. The coefficient for overall PPP loans per capita is 
close to zero, and the coefficient on Flagged Per Capita increases slightly 
after controlling for overall PPP loans per capita.

Column (3) of Table  11 repeats the same regressions for housing 
inflation and shows an even larger effect of 0.71 ppt. Controlling for 
overall PPP loans per capita in column (4) again slightly increases the 
result for flagged PPP loans. Columns (5) and (6) focus on non-housing 
inflation and show an insignificant effect in column (5) and a significant 
though smaller effect of 0.25 ppt in column (6).

Overall, the results in Fig.  8 and Table  11 indicate a strong relation 
between PPP fraud and inflation, even with relatively limited data for 
only 23 CBSAs. This inflation is primarily concentrated in housing but is 
apparent to a smaller extent in non-housing CPI components. Combined 
with the analyses of vehicle purchases and consumer spending in the 
previous subsections, this suggests that PPP fraud broadly stimulated 
consumer spending beyond the housing market. Differential price pres-
sure across CBSAs is likely most pronounced for housing because it is 
an immovable good with distinct local markets.

7. Conclusion

The U.S. government responded to the COVID-19 pandemic with 
massive relief spending and minimal fraud safeguards. The result was 
hundreds of billions of dollars in pandemic relief fraud, much of which 
flowed to highly concentrated geographic areas. Our analysis highlights 

64 In Section 6.1, we find that recipients of fraudulent PPP loans were more 
likely to purchase vehicles from March 2020 to December 2021. Given that 
automobiles are a movable good and the automobile index depends on the 
composition of purchases (which was affected by supply issues in late 2020 and 
2021), it is not clear if any effect would be detectable in regional car prices. 
In Panel B of Figure IA.26, we find that the vehicle component of regional CPI 
is somewhat elevated in high PPP fraud CBSAs in mid-2020 before returning 
to normal by the end of 2020.
65 Figure IA.27 plots the CBSA-level data with particularly high fraud and 
elevated inflation in Atlanta. Regression results are robust to excluding any 
single CBSA. Excluding Atlanta results in a coefficient of 0.35 ppt with a t -
statistic of 2.74. The t -statistics reported in parentheses are based on standard 
errors that are double clustered by CBSA and bi-month. Additionally, since 
the dependent variable is based on overlapping periods, we report t -statistics 
based on Newey–West standard errors with 6 lags in square brackets.
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Fig. 8. Effect on Regional Inflation. This figure shows the effect of suspicious lending on regional inflation using regional all-items consumer price indices (CPI) 
from the BLS. Data for 23 CBSAs is released bi-monthly. 12-month inflation is determined by dividing the given month’s CPI by the CPI 12 months earlier.
Flagged Per Capita is standardized, so the coefficients represent the inflation effect of a one standard deviation change in suspicious lending. To have a nationally 
representative estimate, we use weighted least squares (WLS) regressions with the weight being the CBSA’s population as of 2019. The error bars represent 95% 
confidence intervals based on standard errors that are double clustered by CBSA and bi-month.
Table 11
Effect on regional inflation.
 12-month inflation
 Overall Housing component Excluding shelter
 (1) (2) (3) (4) (5) (6)  
 Post × Flagged 0.00429∗∗∗ 0.00613∗∗∗ 0.00707∗∗∗ 0.00964∗∗∗ 0.00139 0.00252∗∗ 
 Per Capita (3.40) (3.13) (4.10) (3.69) (1.48) (2.28)  
 [3.45] [3.27] [3.82] [3.37] [1.46] [1.68]  
 Post × Loans −0.00259∗ −0.00363 −0.00159 
 Per Capita (−1.91) (−1.21) (−1.43)  
 [−1.49] [−0.98] [−1.15]  
 CBSA FE Yes Yes Yes Yes Yes Yes  
 Bimonthly FE Yes Yes Yes Yes Yes Yes  
 Observations 1317 1317 1317 1317 1317 1317  
 Num. CBSAs 23 23 23 23 23 23  
 𝑅2 0.895 0.896 0.749 0.751 0.924 0.924  
 Mean of Dep. Var. 0.0254 0.0254 0.0271 0.0271 0.0236 0.0236  
This table examines the effect of suspicious lending on regional inflation using regional consumer price indices (CPI) 
from the BLS. Data for 23 CBSAs is released bi-monthly. 12-month inflation is determined by dividing the given 
month’s CPI by the CPI 12 months earlier. Data from January 2010 to December 2022 is used. Post is a dummy 
variable that takes a value of 1 if the bi-month is on or after March 2020 and zero otherwise. Columns (1) and (2) 
are based on the all-items regional CPI, columns (3) and (4) are based on the housing component of the regional CPI, 
and columns (5) and (6) are based on the all-items-excluding-shelter regional CPI. To have a nationally representative 
estimate, we use weighted least squares (WLS) regressions with the weight being the CBSA’s population as of 2019. 
All independent variables are standardized to have a mean of 0 and a standard deviation of 1. Fixed effects are as 
indicated at the bottom of each column. t -statistics based on robust standard errors that are double clustered by 
CBSA and bi-month are reported in parentheses. t -statistics based on Newey–West standard errors with 6 lags are 
reported in square brackets. ∗𝑝 < 0.1; ∗∗𝑝 < 0.05; ∗∗∗𝑝 < 0.01.
that recipients of fraudulent funds were 17% more likely to purchase 
houses compared to non-flagged PPP recipients and 22% more likely to 
move compared to similar households that did not receive PPP funds 
in the eighteen months after receiving their PPP loan. Consequently, 
high-fraud ZIP codes experienced an increase in net demand, which 
resulted in a 5.8 percentage point larger increase in house price growth, 
indicating a sizable distortionary effect on home prices. This house 
price distortion is apparent in monthly data beginning in May 2020 
and continues through June 2022. Synthetic control analysis shows that 
ZIP codes with high PPP fraud experienced divergent growth starting 
in mid-2020 compared to low-fraud ZIP codes within the same county 
that had similar house price trends pre-COVID. When compared to 
other variables examined in the literature, flagged loans per capita 
and land unavailability emerge as the economically largest home price 
predictors, although remote work, teleworking, migration, and past 
price growth are also statistically significant indicators. After the effect 
of fraudulent spending wears off, distortions to the housing market 
recede, and house price growth in high-fraud areas begins to reverse 
by mid-2022, continuing through at least the end of 2023. Additionally, 
26 
vehicle purchases, consumer mobility patterns, and consumer spending 
are elevated in areas with high PPP fraud during 2020 and 2021, and 
pandemic fraud appears to have had a meaningful effect on overall 
inflation.

Our findings support the idea that unintended externalities of fraud, 
including distorted asset prices, can be broader and more costly than 
the direct costs of fraud (Akerlof and Romer, 1993). Our findings also 
indicate that rent-seeking in the financial system (Zingales, 2015) can 
have large spillovers into real markets. Given that our findings show 
that fraudulent transfers can be wealth shocks that generate economic 
distortions not created by normal transfers, future government program 
designs should take more proactive steps to prevent fraud on the front-
end. Furthermore, since pandemic fraud appears to have overwhelmed 
government prosecutors, lawmakers and authorities should allocate 
more targeted resources for back-end auditing and prosecution. Ad-
ditional research could explore other externalities of fraud, such as 
potentially encouraging future criminal behavior.
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