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Abstract

I study the informativeness of delinquencies during natural disasters. Between 2015 and 2024,
68 million consumers had a “disaster flag” on their U.S. credit report. Disaster flags are de-
signed to provide temporary relief to consumers exposed to natural disasters, aiming to pro-
tect their credit access. A riskier subset of consumers exposed to natural disasters has a disaster
flag on their credit report, and flagged delinquencies signal slightly higher risk than unflagged
delinquencies. Contrary to their aim, disaster flags do not increase credit access. I then exam-
ine the more general informativeness of delinquencies during natural disasters, regardless of
whether these delinquencies are accompanied by disaster flags. Delinquencies during natural
disasters reveal limited information for predicting future delinquencies, beyond information
already in a credit report. I quantify the equity-efficiency trade-off of a policy that automat-
ically and temporarily masks all delinquencies that occur during natural disasters in credit
reports, for the consumers who are exposed to disasters. This policy masks 2% to 33% of all
delinquencies at the cost of reducing predictive performance by 0.1% to 0.5%, with a smaller
trade-off when masking information for three months from a disaster than when masking in-
formation for six or twelve months. This policy most benefits the consumers with delinquen-
cies masked, who experience lower interest rates. The costs are borne by other consumers.
Masking information for six or twelve months from a disaster, rather than three months, im-
poses higher costs via higher interest rates on the consumers without masked delinquencies.
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1 Introduction

The United States is increasingly affected by a greater number of economically damaging natural
disasters, such as flooding, hurricanes, tornadoes, and wildfires.1 Climate change poses many
challenges to financial markets (e.g., Giglio et al., 2021). For consumer credit markets, one chal-
lenge is that an increasing number of consumer “delinquencies” (missing one or more payments
on credit products) are expected to be related to natural disasters (“disaster delinquencies”), corre-
lated shocks affecting groups of individuals. It is ambiguous whether such disaster delinquencies
are an informative signal of a consumer’s credit risk or contain different information from non-
disaster delinquencies, which may be more idiosyncratic and more informative.

In this paper, I assess the informativeness of delinquencies during natural disasters and the po-
tential to provide relief to consumers exposed to natural disasters by masking such delinquencies
in credit reports. I do so in two ways. First, I document and evaluate the existing discretionary
system of natural disaster credit reporting relief developed by the market. Second, I quantify the
efficiency costs of an alternative system that could provide more equitable credit reporting relief
from natural disasters.

I show how lenders currently respond to natural disasters by applying “disaster flags” to their
customers’ credit reports. Lenders’ use of disaster flags is discretionary. Disaster flags are de-
signed to provide temporary relief to consumers exposed to natural disasters, with the aim of
helping to protect their credit access. These flags temporarily mask negative information (i.e.,
delinquencies) about a consumer in the calculation of their VantageScore credit score but are ig-
nored in the calculation of their FICO credit score. Flags are observable to lenders, who may
interpret them as either a positive or a negative signal of creditworthiness. The only other study
on this topic is a short report by the Consumer Financial Protection Bureau (Banko-Ferran and
Ricks, 2018) on Hurricane Harvey, which concludes that “more analysis is needed to better un-
derstand whether and how the furnishing [reporting/sharing] of information on natural disasters
affects consumer credit”. My paper addresses this research gap by providing a comprehensive
study of this topic.

The first main contribution of my paper to the literature is to understand a little-known but
widely used form of relief: “disaster flags”. I use a 10% representative sample of monthly U.S.
consumer credit reporting data from 2000 to 2024 to document five new facts on the use of disaster
flags. First, there is growth in the use of disaster flags on credit reports over time. 68.1 million
consumers had a disaster flag on their credit report between 2015 and 2024. This is large and is
therefore important to study; it is 6.9 times the number of consumers who became bankrupt in
the same period. Disaster flags were rarely used until Hurricane Katrina in 2005, and their use

1Between 1980 and 2010, there were only two years, 1998 and 2008, with at least ten weather/climate disasters, each
resulting in damages of one billion dollars or more. In contrast, every year from 2011 to 2024, except 2014, has ex-
perienced at least ten weather/climate disasters where each caused at least one billion dollars in damages. There
were a record-breaking 28 and 27 billion-dollar weather/climate disasters in 2023 and 2024, respectively. Source: Na-
tional Oceanic and Atmospheric Administration (NOAA) National Centers for Environmental Information (NCEI)
U.S. Billion-Dollar Weather and Climate Disaster. Billion-dollar disasters are inflation-adjusted.
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increased tenfold in 2017 with Hurricanes Harvey and Irma. Second, there is broad geographic
coverage of disaster flags. Disaster flags are most commonly used in the southeast coastal areas
prone to hurricanes, however, they are increasingly used across the U.S., most broadly during
2020 and 2021 in response to the COVID-19 pandemic and other disasters. Third, the majority of
disaster flags only remain on an individual’s credit report tradeline (account) for a few months.
88% of disaster flags are present for six months or less. Fourth, the majority of accounts with
disaster flags do not also have deferments reported, except for student loans. Fifth, disaster flags
are typically only applied to a subset of consumers’ credit accounts. Only 11% of consumers with
at least one disaster flag have disaster flags on all their credit reporting accounts.

I provide causal evidence on the effects of disaster flags on consumers by exploiting one month
variation in the timing of disaster flags being first applied to a consumer’s credit report for con-
sumers who are exposed to the same disaster and matched on their pre-disaster characteristics. I
find that adding a disaster flag to a consumer’s credit report does not increase their credit access,
beyond temporarily increasing VantageScore credit scores. Instead, I find worsening credit access,
measured by new account openings and the value of new credit card limits opened, which indi-
cates that some lenders use this information despite it not being factored into FICO credit scores.
This is potentially consistent with some lenders interpreting this information as a negative signal,
which would be the opposite of a policymaker’s aim to provide relief from natural disasters, a
concern noted in FinRegLab (2020). Such findings can inform market participants about their de-
cisions regarding whether to apply disaster flags to their customer’s credit reports, and imply that
policymakers should not recommend their use.

I examine the information value of delinquencies that have disaster flags and consider the
impact of masking such flagged delinquencies in the construction of credit scores. I find that con-
sumers with disaster flags are a selected sample of the population, as well as of those exposed
to disasters. They are, on average, more indebted than unflagged consumers in the same geo-
graphic areas. I construct credit scoring models to evaluate the predictive value of delinquencies
that also have disaster flags, “flagged delinquencies”, compared to “unflagged delinquencies”,
which are delinquencies that do not also have disaster flags. I find that flagged delinquencies are
slightly riskier signals than unflagged delinquencies, but only a tiny fraction of all delinquencies
are flagged (0.03%). A model predicting a new credit delinquency that masks flagged delinquen-
cies as an input performs worse than a model without such masking. However, the difference
in predictive performance between the two models appears economically small: a 0.0003% de-
cline in the area under the receiver operating characteristic curve (AUC). It therefore appears that
lenders incur a seemingly small cost to apply disaster flags to temporarily mask delinquencies in
VantageScore credit scores.

My second main contribution is to evaluate the potential equity-efficiency trade-off of a coun-
terfactual policy that temporarily masks all disaster delinquencies in credit reports for all con-
sumers residing in areas affected by natural disasters, instead of using the disaster flags approach.
I study this by merging my credit reporting data with public government data on the timing and
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location of natural disasters. Whether to mask the delinquencies that occur during natural dis-
asters depends on how informative this information is in predicting future delinquencies. If dis-
aster delinquencies are highly predictive, then masking this information is expected to be costly
for lenders and to reduce the market efficiency of lending. If disaster delinquencies offer limited
predictive value, then a social planner may consider it worthwhile to equitably mask this informa-
tion, as it would indicate that delinquencies arising during natural disasters are not informative
of a consumer’s risk type. Such place-based policies may also be motivated by redistributive ob-
jectives (e.g., Gaubert et al., 2025), given the large and persistent geographic inequalities in credit
access and financial distress across the U.S. (e.g., Keys et al., 2023; Bakker et al., 2025). I find
that recent disaster delinquencies reveal limited information for predicting future delinquencies,
increasing AUC by 0.08% beyond other information in a credit report. This finding can inform in-
dividual lenders in their decisions regarding whether to report such disaster delinquencies. I then
examine how a policy masking disaster delinquencies varies depending on different thresholds
for masking delinquencies within three, six, and twelve months from a disaster, and whether such
information is only temporarily masked during a disaster or permanently afterwards.

Masking the disaster delinquencies of all consumers exposed to natural disasters would mask
2% to 33% of all delinquencies of consumers with U.S. credit reports. This represents a substantial
removal of information. I estimate the efficiency cost of masking all disaster delinquencies would
result in a reduction in the ability to predict, as measured by the AUC, a new credit delinquency
by 0.1% to 0.5%. More generous policy approaches, which mask information for a longer time
after a disaster, lead to larger predictive losses. This result is robust to other measures of predic-
tive performance. These efficiency losses can be benchmarked relative to a model in which all
delinquencies (i.e., irrespective of whether they occur during a disaster or not) are masked, which
would reduce the AUC by 1.0%.

My results quantify the equity-efficiency trade-off that policymakers face. I find that offering
more generous relief, masking delinquencies for a longer period, increasingly reduces predictive
performance, and the costs depend on how delinquencies that initially occur during a disaster
are recorded in credit reports after the disaster. The subset of consumers with disaster delinquen-
cies masked generally experiences improved credit scores, while other consumers are more likely
to experience no changes or increases in their credit scores. These results lead to a geographic
redistribution of credit scores.

A policy that masks disaster delinquencies for three months appears to offer less of a trade-off
than six or twelve month policies. The three month policy not only has smaller predictive losses,
as expected, but also provides greater average relief through lower interest rates to consumers
with disaster delinquencies masked than other policies. Importantly, consumers who do not have
disaster delinquencies experience much less of a cost via higher interest rates under a three month
policy compared to policies masking information for six or twelve months. The changes in the
distribution of credit scores can have broader implications beyond credit markets, as credit scores
are an important input to firms’ pricing decisions. For example, Blonz et al. (2025) shows how
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higher credit scores appear to lead to significantly lower home insurance premiums, with a steeper
gradient when accounting for both credit scores and disaster risk.

My research provides quantitative evidence on an alternative policy that automatically pro-
vides credit reporting relief from natural disasters to inform recent public policy discussions (e.g.,
Banko-Ferran and Ricks, 2018; National Consumer Law Center, 2019; Urban Institute, 2019; Fin-
RegLab, 2020). Such a policy could be implemented by governments, regulators, or voluntarily by
the industry body that governs credit reporting practices. I study a policy applied at the national-
level, however, such a policy could also be applied at the state-level, as has occurred with medical
debt reporting (Gibbs et al., 2025). There is active policy interest in this topic. For example, fol-
lowing the damage caused by Hurricanes Helene and Milton, in October 2024 a coalition of 43
organizations wrote to regulators to urge them to encourage the lenders that they regulate to
“refrain from supplying negative information” for consumers “within a presidentially declared
disaster area” (National Consumer Law Center, 2024). This followed similar letters in 2023, 2022,
and 2019 in response to earlier natural disasters. Separately, following the California wildfires in
January 2025, lenders agreed not to report negative information on mortgages for 90 days (Office
of Governor Gavin Newsom, 2025, also see California Bill AB 238 (Harabedian) proposed in June
2025). There have also been bills proposed at the U.S. federal level to prevent adverse information
from being reported during and after natural disasters (FinRegLab, 2020).2 Before my research
paper, there was no evidence on how many consumers would be impacted by such a policy and
their distributional implications, the costs to lenders of temporarily masking this information, and
how these costs vary depending on the details of the duration for which delinquent information
is masked under such a policy.

My research informs the literature on the linkages between household finance, environmental,
and public economics. A growing literature studies the effects of natural disasters, and govern-
ment assistance, on household finances (e.g., Gallagher and Hartley, 2017; Deryugina et al., 2018;
Farrell and Greig, 2018; Bleemer and van der Klaauw, 2019; Billings et al., 2022; Gallagher et al.,
2023; Begley et al., 2024; Collier et al., 2024a; Del Valle et al., 2024; Lane, 2024; Cookson et al., 2025a).
My third contribution is to provide evidence on a new complementary policy tool—the masking
of delinquencies during natural disasters—as a form of relief that does not require government
expenditure and does not change the contract terms. Instead, it only changes how information
on a consumer’s delinquencies appears in their credit report. It may be important to consider
such alternative policy tools to complement other forms of relief, given that natural disasters can
have persistent adverse effects, even in domains with universal disaster insurance (Espegren et al.,
2025). The ability to access credit during a disaster is important as it has consumption smoothing

2FinRegLab (2020): “Some policy-makers have pushed for a more categorical approach that would prohibit inclusion
of negative information in consumer reports altogether. Such an approach could be structured in different ways, but
the primary focus of debate at the federal level has been S. 3508 (Schatz & Brown) and H.R. 6321 (Waters & Sherman).
Both bills were introduced prior to the CARES Act and would apply not only to financial hardships from the Covid-19
pandemic but to future major disasters”. Urban Institute (2019) concludes that there is a need for consideration of
“Rules and guidance around how natural disasters and subsequent delinquencies are identified on consumers’ credit
reports and incorporated into credit scores”.
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bene�ts (Agarwal et al., 2024) and can reduce future �nancial distress (Collier et al., 2024a,b).

I also advance the household �nance literature on the economics of credit information, re-

viewed in Gibbs et al. (2025). The prior literature has studied the effects of removing bankruptcies

(e.g., Musto, 2004; Dobbie et al., 2020; Gross et al., 2020; Herkenhoff et al., 2021; Jansen et al.,

2025), historical delinquencies (e.g., Bos and Nakamura, 2014; Bos et al., 2018; Liberman et al.,

2020; Blattner et al., 2022), the implications of delayed credit market entry (e.g., Brown et al., 2019;

Cookson et al., 2025b), the use of alternative data sources (e.g., Chioda et al., 2025; Blattner and

Nelson, 2024), technologies (e.g., Fuster et al., 2022), and the incentives to share information (e.g.,

Guttman-Kenney and Shahidinejad, 2025). Research has studied how hospital admissions and in-

surance coverage affect medical debt in collections (Dobkin et al., 2018; Kluender et al., 2021; Batty

et al., 2022; Guttman-Kenney et al., 2022), the credit risk value of information on medical debt in

collections (Brevoort and Kambara, 2015; Duarte et al., 2025), and the implications of removing

this information (Kluender et al., 2025). Information on medical debt is increasingly removed

from credit reports and credit scores, partially driven by fairness concerns that this information,

relative to other debts, may arguably arise more from bad luck rather than serving as an informa-

tive negative signal of a consumer's type (Mahoney, 2025). A somewhat similar concern about

fairness may apply to the disaster delinquencies that I study.

My fourth contribution to the household �nance literature is to evaluate the predictive value of

�agged and disaster delinquencies compared to non-disaster delinquencies. A consumer's credit

report contains information on delinquencies from the last seven years, and therefore it is impor-

tant to consider the implications of such information being shared, as a delinquency can have

persistent negative impacts on a consumer's access to credit. Considering the implications of

masking information in credit reports is more broadly important in the wake of the COVID-19

pandemic, which resulted in widespread, but untested, laws preventing lenders from updating

adverse information in U.S. credit reports, as described in Cherry et al. (2021), with similar poli-

cies in other countries. The nature of the COVID-19 pandemic, which disrupted all parts of society

with many contemporaneous policies, makes it challenging to evaluate individual policies. Cor-

related shocks, such as delinquencies from disasters or recessions, can pose a particular challenge

for lenders and the design of credit information markets. This is because a wave of delinquencies

is a correlated shock to lenders' capital, and for consumers, it may persistently worsen the affected

consumers' credit scores in a way that is not re�ective of their future credit risk (or, in the case of

the COVID-19 pandemic, lead to a wave of non-delinquencies that improve scores), and therefore

impede ef�cient credit allocation, as Garmaise and Natividad (2017) show occurs for recessions.

A �fth and �nal broader implication of my research is to inform the literature on the determi-

nants of defaults. Recent literature increasingly emphasizes the role of liquidity-driven rather than

strategic defaults (e.g., Ganong and Noel, 2023; Low, 2023). My �nding that much information on

past delinquencies can be relatively uninformative, beyond other sources of information in credit

reports, in predicting new delinquencies provides an independent source of evidence that appears

consistent with this literature. It suggests that combining non-delinquency credit reporting data
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with other information sources that align more closely with consumers' time-varying liquidity

needs (e.g., checking account data such as that studied in Babina et al., 2025; Guttman-Kenney

et al., 2025) may be especially valuable for predicting defaults and may help allocate credit more

ef�ciently, with further research into this topic being valuable for advancing the understanding of

the drivers of defaults.

The paper proceeds as follows. Section 2 provides a motivating framework and explains the

data. Section 3 provides institutional background on disaster �ags, documents �ve new facts

on their use, and estimates their causal effects on consumer credit access. Section 4 shows the

characteristics of consumers with disaster �ags and examines the information value of disaster

�agged delinquencies, and masking this information. In Section 5, I examine the equity-ef�ciency

trade-off of automatically masking all delinquencies during natural disasters. Finally, Section 6

concludes.

2 Motivating Framework and Data

Section 2.1 provides a motivating framework for considering the informativeness of delinquencies

during natural disasters, and the implications of masking such delinquencies in credit reports.

Section 2.2 describes the data used in this paper.

2.1 Motivating Framework

I use a stylized framework of credit scoring to motivate this paper. The basis of most lending deci-

sions in the U.S., and in many other developed countries, are credit scores, derived from consumer

credit reporting data, which predict the likelihood of future delinquency (i.e., a missed payment).

A credit applicant's credit score determines whether their application is accepted and, if so, what

contractual terms, such as the interest rate and amount of credit, are offered. A higher credit score

represents a lower probability of default/delinquency, i.e., lower credit risk. Equation 1 shows a

simple example, where a credit score predicts at time t, an outcome, Yi;t+1 , which is whether the

consumer i is delinquent on a credit agreement one period in the future.

P r
�

Yi;t+1 = 1
�

= f
�

X 0
i;t � 1 + � 1di;t

�
(1)

For simplicity, I assume that the consumer has only one credit agreement. The credit score

has a generic function f (:), historically this is typically a logistic, and, also for simplicity, I have

partitioned the predictive inputs into a single binary delinquency component, d i;t , which takes a

value of one if delinquent and zero otherwise, and a vector of all other non-delinquency inputs,

X 0
i;t , such as product holdings, balances, credit card utilization. These inputs are measured in

consumer credit reporting data (see Gibbs et al., 2025 for more details).

In such credit scoring models, past delinquencies are a strong predictor of future delinquencies

with � 1 > 0. Consumers with past delinquencies have lower credit scores, resulting in reduced
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access to credit and higher interest rates. As credit scores are predictive models, the relation-

ships between inputs and the outcome are not causal. Credit scoring models regard the predictive

value of a delinquency as homogeneous regardless of the underlying cause or heterogeneity by

socioeconomic characteristics, despite masking heterogeneity that may improve prediction. This

homogeneity is due to a mixture of a lack of data and legal constraints that limit the predictive

accuracy of credit scoring models. For example, lenders have limited visibility of life events, such

as income shocks, and, for equity reasons, cannot discriminate based on protected characteristics,

such as gender and race.

One source of heterogeneity that is observable in the data and is not a protected characteristic

is whether delinquencies differ with natural disasters (e.g., wild�res, �oods, hurricanes). Under-

standing the informativeness of delinquencies during natural disasters is important for lenders, as

these events generate correlated delinquencies that can be a risk to their capital, whereas the risks

of idiosyncratic delinquencies can be more easily diversi�ed, and may also be more informative

of consumer types. Does the ability to predict future delinquencies vary depending on whether

a delinquency occurs during a natural disaster or not? Equation 2 allows for this by including an

interaction term between the binary delinquency term, d i;t , and a binary variable, N g(i;t) , which

takes a value of one if the consumer i resides in a geographical area g at time t where and when

that area is exposed to a natural disaster, and if not, takes a value of zero.

P r
�

Yi;t+1 = 1
�

= f
�

X 0
i;t � 2 + � 2di;t + �(d i;t � N g(i;t) )

�
(2)

The value of the � parameter in Equation 2 is informative of the marginal predictive value of

delinquencies during natural disasters, “disaster delinquencies”, compared to non-disaster delin-

quencies. It may be that � < 0, indicating that disaster delinquencies are lower risk than non-

disaster delinquencies. This could be due to disasters being exogenous shocks to households, dis-

asters disrupting communications making it dif�cult for households to make payments on time,

and households being better able to recover due to Federal assistance that may only arrive with a

lag and so is unable to prevent the original delinquency. In contrast, it may be that � > 0, meaning

that disaster delinquencies may be higher risk than non-disaster delinquencies, possibly due to

disasters causing longer-term damage to household resilience or revealing riskier types. If � = 0,

and the predictive performance does not improve, then differentiating disaster delinquencies from

non-disaster delinquencies may not be informative to improve credit risk prediction. If disaster

delinquencies are uninformative noise, then predictive performance may even be improved by

masking such information. This theoretical ambiguity motivates my empirical analysis.

Given this framework, I can quantify the ef�ciency loss for the credit industry in masking dis-

aster delinquencies in credit reporting data by adapting Equation 1 to Equation 3, where disaster

delinquencies are masked and recorded as not being delinquent.

P r
�

Yi;t+1 = 1
�

= f
�

X 0
i;t � 3 + � 3 ~di;t

�
, where ~di;t

8
<

:
0 if N g(i;t) = 1

di;t otherwise
(3)
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The comparison of the predictive performance of these two models can be informative. If

the difference in predictive performance is small, the credit industry may even voluntarily agree

to mask disaster delinquencies, for example, for political economy reasons to appease govern-

ments or regulators, as shown by a recent example of lenders in California voluntarily agreeing

to provide relief after the Los Angeles wild�re (Of�ce of Governor Gavin Newsom, 2025). If the

difference in predictive performance is large, lenders would be reluctant to voluntarily mask such

information, and then the government would have to decide the merits based on its social welfare

function. By masking delinquency information in credit reporting data, consumers of different

risks are pooled together with the same credit scores, and, therefore, it may help to preserve the

credit access of those affected by natural disasters. Accessing credit during natural disasters can

be an important way for consumers to smooth consumption instead of experiencing inef�ciently

binding liquidity constraints (Agarwal et al., 2024). Taking this framework to data enables me

to quantify the potential equity-ef�ciency trade-off that policymakers face: masking delinquen-

cies for more consumers is more equitable, however, may come at the cost of lower ef�ciency in

evaluating credit risk. Although my study examines natural disaster delinquencies, this frame-

work could be applied to evaluate other characteristics with richer data merged in, e.g., masking

delinquencies linked to life events such as divorce, income shocks, or expenditure shocks.

2.2 Data

2.2.1 Consumer Credit Reporting Data

This research uses a large, anonymized, representative sample of U.S. consumer credit reporting

data: The University of Chicago Booth School of Business TransUnion Consumer Credit Panel

(BTCCP). The BTCCP is provided by TransUnion to the University of Chicago Booth School of

Business (TransUnion, 2024). The data is a 10% sample of consumers with a TransUnion credit

report in July 2000 supplemented with 10% of new entrants added each month to ensure the sam-

ple remains representative. The data is at the individual tradeline account level, i.e., showing

each mainstream credit account held by a consumer, at the monthly frequency from July 2000 to

December 2024. Each month of data is an archive that recreates the consumer's credit report as it

would have appeared at that point-in-time on which lenders would base credit decisions. Individ-

ual tradelines and consumers are tracked over time with anonymized identi�ers. In addition to

the tradeline data, each month of data also includes the consumer's VantageScore 3.0 credit score

and other consumer-level attributes. From January 2009, the data contain more detailed informa-

tion, so my research focuses on this period. See Gibbs et al., 2025 for a broader review of consumer

credit reporting data.

For each consumer, I observe the state, zip code, and the census block group of their primary

address each month. Census block groups are units of geography that typically contain 600 to

3,000 consumers and are more granular than census tracts. I keep observations for consumers

in the U.S., with a birth date and restrict to cases where the birth year is after 1920 and before
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2007, and when a consumer has tradeline data, at any point 2000 to 2024, to remove low-quality,

fragmented credit records (e.g., “consumers” with only inquiries), following Gibbs et al. (2025).

Importantly, for my study, I observe whether a disaster �ag was applied for each tradeline,

each month. This monthly tradeline-level view is crucial. Disaster �ags would not be visible

in credit reporting variables that are aggregated to the consumer level. Furthermore, quarterly

or annual tradeline-level data would not observe disaster �ags applied intra-quarter unless such

�ags were still present on a tradeline at the end of a quarter.

2.2.2 Natural Disasters Data

When a major disaster occurs, it is declared as such by the U.S. President under the Stafford Act.

I use public government data on these declarations provided by the Federal Emergency Man-

agement Agency (FEMA)'s Disaster Declarations Summaries. I restrict the analysis to natural

disasters, e.g., �ooding, hurricanes, wild�res, severe storms, tornadoes. This excludes chemical,

toxic substances, terrorist, or other disaster events. The data report the timing and location of all

federally declared disasters. These events are generally at the county-level, however, there are �ve

cases that are statewide. The data is merged with the BTCCP by county, state, and date, using the

public HUD USPS zip code crosswalk �les for linking zip codes to counties.

3 Disaster Flags

I describe the institutional details of disaster �ags in Section 3.1, document �ve new facts describ-

ing the use of disaster �ags in the U.S. in Section 3.2, and consider their implications for consumers

in Section 3.3.

3.1 What Are Disaster Flags?

Lenders can apply a “disaster �ag” to their customer's credit report to show that they have been

affected by natural or declared disasters. These �ags appear as a comment code “AW” added to

an individual tradeline account. 3 Disaster �ags are intended to provide credit reporting relief to

consumers by protecting credit access following exposure to natural disasters, such as hurricanes,

forest �res, and COVID-19.

There are no governmental or regulatory requirements for lenders to use disaster �ags, nor

is there explicit guidance on whether or how to do so. The industry organization that governs

information sharing, the Consumer Data Industry Association (CDIA), is not prescriptive in its

guidance on lenders' use of disaster �ags. Lenders have complete discretion over whether to apply

disaster �ags and, if so, to which consumers and tradelines to apply them (e.g., all or a subset in

an area exposed to a natural disaster) and how many months to keep �ags on a consumer's credit

3Credit Reporting Resource Guide FAQ 58 explains how these are recorded in credit reports with a comment code
“AW” added to the tradeline. In TransUnion data, the comment (remark) code is technically named “AND” instead of
“AW”. https://www.�co.com/sites/default/�les/upload �les/FAQ.pdf
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report. Disaster �ags are a separate �eld from the reporting of delinquencies in credit reports.

Discussions with industry participants indicate that some lenders sometimes do not report new

delinquencies in credit reports during natural disasters, however, it is unclear how frequent such

non-reported delinquencies are as they are, by de�nition, unobserved in credit reporting data. 4

Disaster �ags may be applied instead of or in addition to changes in contract terms (e.g., deferring

payments or offering forbearance) that may also be recorded in credit reports. 5

Disaster �ags mask negative information only on the �agged tradeline in the calculation of

VantageScore credit scores.6 Flags only mask information when the �ag is currently present on a

tradeline. Once a �ag is removed, the previously masked negative information is revealed and is

used in VantageScore calculation. Disaster �ags do not factor into the calculation of FICO credit

scores, i.e., they do not mask negative information, and FICO states that “the reporting of special

comment code AW alone will not affect a consumer's FICO Score”. 7 Studying disaster �ags is

increasingly important given that in July 2025 the Federal Housing Finance Agency (FHFA) ap-

proved lenders to use VantageScore, whereas previously they could only use FICO, to assess credit

risk for mortgages sold to Fannie Mae and Freddie Mac. This may lead to increased market adop-

tion of VantageScore in the coming years (indeed, FICO's stock price fell sharply following this

announcement).8 Lenders also construct their own proprietary credit scoring models and may use

disaster �ag information as one of many inputs. Manual underwriters who review a consumer's

credit report can observe disaster �ags, along with other information, including delinquencies

and deferrals, and consider them in their credit decisions. It is ambiguous whether lenders would

interpret this information as a positive or negative signal of creditworthiness. For example, it may

be a positive signal that re�ects a consumer being more sophisticated in proactively contacting

a lender. Alternatively, it may be a negative signal that re�ects a consumer being in more �nan-

cial distress, or if it re�ects a lender's policy (i.e., some lenders are more likely to use �ags than

others) may be more re�ective of that �rm's customer base than the consumer's circumstances.

Although many credit decisions do not depend on manual underwriting, one would expect that

marginal credit decisions are more likely to use manual underwriting, and it is these marginal

lending decisions where the implications of information could be the most important for credit
4Although not the focus of this study, such non-reporting of delinquencies may help to explain why the average effects
of natural disasters on delinquencies, measured by those observed in credit reporting data, found in prior literature
have been described as “modest” (Gallagher and Hartley, 2017). In 2018, Fannie Mae and Freddie Mac introduced
the requirement that mortgage servicers temporarily not update the delinquency status in credit reports for their
mortgages if they become delinquent when affected by a natural disaster, but this requirement was removed in 2020
following the CARES Act taking effect.

5Credit Reporting Resource Guide FAQ 44 and 45 explain how these “accommodations” are recorded in credit reports
by setting payments due equal to zero or adding codes to show that the payment is deferred or the agreement is in
forbearance. The Consumer Data Industry Association de�nes a deferred payment as “A loan arrangement in which
the borrower is allowed to start making payments at some speci�ed time in the future.” and forbearance as: “A period
during repayment in which a borrower is permitted to temporarily postpone making regular monthly payments. The
debt is not forgiven, but regular payments are suspended until a later time...The consumer may be making reduced
payments, interest-only payments or no payments.” https://www.cdiaonline.org/wp-content/uploads/2020/03/CDIA-NEWS Coronavirus-The-

Credit-Bureaus-Response3.15.2020.pdf
6

https://cdn2.hubspot.net/hubfs/431136/Forbearance%20Hub/VantageScore%20Code%20AW%20Update%20and%20FAQs%20(003).pdf
7

https://www.�co.com/en/covid-19-credit-reporting-impact-US/
8

https://www.fhfa.gov/document/vantagescore-4.0-implementation-faq
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access.

There are parallels and three clear differences between the application of a disaster �ag and

the removal of a bankruptcy �ag seven to ten years after bankruptcy in credit reports, studied

in many papers (e.g., Musto, 2004; Dobbie et al., 2020; Gross et al., 2020; Jansen et al., 2025). Both

disaster �ag application and bankruptcy �ag removal mask information in credit reports, resulting

in the pooling of consumers with different credit risks. There are three clear differences. First,

“disaster �ags” only temporarily mask information from credit reports, for the duration that �ags

are applied, whereas when bankruptcy �ags are removed from credit reports, the bankruptcy

information is permanently deleted from credit reports. Second, bankruptcy �ag removal removes

old information, seven or more years old, from credit reports, whereas disaster �ag application

masks recent information (related to a disaster), which one might expect to be highly predictive

and informative of repayment behaviors in the next few months or years. Third, disaster �ags

affect a far larger and broader population of consumers, including more creditworthy consumers,

than bankruptcy �ags.

3.2 Disaster Flag Facts

3.2.1 FACT 1. Growth in the use of disaster �ags.

68.1 million consumers in the U.S. had a disaster �ag on their credit report between January 2015

and December 2024, and 72.9 million consumers across my entire dataset going back to July 2000.

These statistics are calculated as a disaster �ag on at least one open tradeline in their consumer

credit report for at least one month. This is a substantial number of consumers. To provide a

benchmark, this is 6.9 times the number of consumers who became bankrupt in the U.S. in my data

between 2015 and 2024. The large number of consumers with disaster �ags in their credit reports

makes this an important practice to understand. Disaster �ags are applied across all mainstream

credit types (auto loans, credit cards, mortgages, and student loans), and across all lender types

(banks, non-bank �nance companies, and credit unions), see Internet Appendix Table A1 and

Figures A1 and A2.

Figure 1 Panel A shows that the use of disaster �ags has increased greatly over time. Disaster

�ags were very rarely used until Hurricane Katrina in 2005. There are spikes in the use of disaster

�ags in 2017 that are mainly driven by Hurricanes Harvey and Irma, in 2020 due to COVID-19

and other disasters, and in 2024, primarily due to Hurricanes Milton and Helene. The growth is

so large in 2017 that I separately present the period up to July 2017 in Figure 1 Panel B with a scale

that is ten times smaller than Panel A. The growth over time is consistent with Banko-Ferran and

Ricks (2018) that examined Hurricane Harvey and found that very few tradelines in Texas already

had disaster �ags in the months just before the hurricane.
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3.2.2 FACT 2. Broad geographic usage of �ags.

The panels of Figure 2 display the fraction of consumers in U.S. counties with a credit report

who had a disaster �ag for each year from 2015 to 2024, selecting the month each year that has

the highest number of consumers with disaster �ags. This shows that disaster �ags are most

commonly used in the southeast coastal areas, which are more prone to hurricanes. However,

over time, there are increasing pockets of usage elsewhere in the country, for example, areas of the

northwest affected by wild�res, and in 2018 for Maine following severe storms. Figure 2 Panel F

shows that disaster �ags appear in credit reports across the country in response to COVID-19 and

other natural disasters in 2020, and Panel G shows that they are often present in 2021. Coverage

is broad-based across counties, however, there is noticeable regional variation in the intensity of

usage. Figure 2 Panel J shows that in November 2024, the use of disaster �ags follows a path

corresponding to the impacts of Hurricanes Milton and Helene.

3.2.3 FACT 3. The majority of �ags only remain on a tradeline for a few months.

Figure 3 Panel A shows how long disaster �ags remain on a tradeline, in months since the �ag was

�rst applied. I observe that disaster �ags typically only remain on a credit tradeline for up to three

months and rarely more than six months. 31% of tradelines with disaster �ags are only �agged for

one month, 48% for three months or less, 88% for six months or less, and 92% for twelve months

or less. This short duration limits the potential relief that disaster �ags can provide to consumers,

as the disruption that consumers may experience from disasters may last more than a few months.

Figure 3 Panel B shows that the �ags on auto loans are likely to remain on those tradelines slightly

longer than for credit cards, mortgages, or student loans. These results are broadly similar across

lender types and over time, except for an increase in duration for �ags applied during COVID-19,

as shown in Internet Appendix Figures A4 and A5.

3.2.4 FACT 4. The majority of accounts with �ags do not also have deferments reported.

Figure 4 shows that disaster �ags are typically applied to tradelines without deferments reported,

except for student loans. Deferments are measured by either a deferment being listed on the

tradeline or when a tradeline has a positive balance but has zero payments due. Between 2009 and

2024, 17% of all tradelines, excluding student loans, that have disaster �ags are also deferred at

the same time. During the pre-COVID-19 period, from 2009 to 2019, only 6% of the tradelines with

disaster �ags are also deferred. Between 2009 and 2024, 81% of student loans with disaster �ags

are also deferred. Deferments have become more common on �agged accounts since the onset

of COVID-19 in 2020, when federally-mandated payment deferments occurred more broadly, and

visibly recently for student loans. Disaggregating by lender and credit type shows that since 2020

mortgages are more likely to be deferred than auto loans or credit cards, and banks are more likely

to defer loans than non-bank �nance lenders, shown in Internet Appendix Figure A3.
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3.2.5 FACT 5. Flags are usually only applied to a subset of a consumer's accounts.

Among consumers with �ags, on average, only a third of their tradeline accounts on their credit

report have disaster �ags, with 34% between 2009 and 2024, and also 34% as of December 2024.

Figure 5 shows the intensive margin of the use of �ags by the number of tradelines held: the

fraction of a �agged consumer's tradelines �agged in Panel A, and the share of �agged consumers

with all tradelines �agged in Panel B.

Disaster �ags are only attached to the individual tradeline accounts to which they are applied.

This means that a consumer's entire portfolio only has disaster �ags on it if all lenders add dis-

aster �ags to all of a consumer's tradelines. This is a rare event. From 2009 to 2024, only 11% of

consumers, with at least one disaster �ag on one tradeline, have disaster �ags on all of their open

tradelines, and only 9% in December 2024. Figure 5 Panel A shows that the fraction of tradelines

�agged decreases with the number of tradelines held. Figure 5 Panel B shows that it is extremely

rare, below 2%, for consumers with three or more tradelines to have �ags on all of their tradelines.

This indicates that there are frictions in the use of disaster �ags, consistent with Kim et al. (2024)

who show intermediation frictions in COVID-19 forbearance being applied to mortgages. Al-

though I do observe a slight trend of increasing intensity of use over time, see Internet Appendix

Figure A6.

As only a small subset of a consumer's tradelines is typically �agged, this limits the potential

relief that disaster �ags can provide to consumers. This is because only negative information on

�agged accounts is masked in their VantageScore calculation. Therefore, even if a consumer has

a disaster �ag on one account, negative information on that same consumer's other un�agged

accounts still impacts their credit score.

3.3 Effects of Disaster Flags on Consumers

Putting these institutional details, especially that disaster �ags are ignored by FICO, together with

the descriptive facts, suggests that disaster �ags, in their current form, are unlikely to increase

consumer's credit access. I provide causal evidence that is consistent with this.

3.3.1 Causal Methodology

I abstract from selection into the use of disaster �ags by using a causal identi�cation design that

exploits variation in the timing of when disaster �ags are �rst applied. In this design, consumers in

both the treatment and control groups have selected into disaster �ags appearing on a particular

tradeline, potentially signaling that these consumers have been more directly impacted by a dis-

aster than un�agged consumers. The key idea of this methodology is that a one month difference

in when a disaster �ag is applied to a consumer's credit report is plausibly due to variations in the

reporting policies of furnishers regarding how quickly this information is updated to the credit
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reporting agencies (see footnote for more institutional detail on such reporting variation). 9 Given

the lack of regulatory or industry guidance, it is highly likely that lenders vary in their practices

of reporting of disaster �ags.

To provide an example of this variation, I examine data on mortgages in Texas in September

and October 2017 following Hurricane Harvey, which made landfall on 24 August 2017. There are

189 mortgage furnishers that add �ags to their mortgage accounts in either September or October

2017. Of these, 12 furnishers add all their �ags in September and 77 furnishers add all their �ags

in October. Across the 189 furnishers, the mean and median percent of mortgages �agged in

September or October that are �agged in September are 12.5% and 31.5% respectively, showing

substantial variation in the timing of �ags. It is also possible that a one month variation in disaster

�ags being applied is partially due to small differences in the timing of consumers contacting their

lenders in response to the same disaster. However, given that a disaster's timing is the same across

consumers, I would not expect the timing of a disaster �ag being added to bias my estimates in a

particular direction. Disaster �ags are not well-publicized so it is unlikely that consumers would

be aware to request them, and given that they are ignored by FICO, it is not clear that even if they

were aware, they would want to make such a request.

I construct a dataset containing the �rst time a consumer has a disaster �ag applied to their

credit report. This ensures that there are no earlier effects of �ags that could con�ate my estimates.

I exclude consumers where the �rst time they have a disaster �ag applied occurs only for a stu-

dent loan, since these loans commonly contemporaneously have their payments deferred which

prevents isolating the effect of �ags. I keep groups of consumers with their �rst �ags applied be-

tween January 2010 and December 2018 to ensure that I observe suf�cient pre- and post-periods

of each group without being affected by COVID-19 disruptions or contemporaneous deferments

that more commonly appear in more recent periods. I retain consumers with open tradelines with

positive balances and credit scores observed twelve months before �rst being �agged as a group

of active consumers. I also restrict my analysis to consumers who are 18 to 65 years old following

Gibbs et al. (2025). This produces a dataset of 2.8 million consumers.

In this causal design, the control group comprises consumers who �rst have a disaster �ag

added to their credit report one month later than when the treatment group �rst has a disaster

�ag added. By comparing �agged consumers in the same geographic area at the same time, I

can control for the contemporaneous effects of the natural disaster and changes in demand for

credit. I restrict my data to cases where there are both treatment and control units in the same

combination of geographic area—the same census block group � zip code—, credit score group,

9Furnishers (lenders or servicers of a credit product) vary in the time of month when they report new information to
credit reporting agencies (Gibbs et al., 2025), and within-lender there is also within-month variation in when infor-
mation is updated for different borrowers. For example, credit card lenders typically assign credit cards to different
statement dates in a month for operational reasons, and report information on a credit card to the credit bureau shortly
after a statement has been issued. Mortgages may be reported shortly after the date the mortgage payment is due,
which may be a function of the day in a month when a consumer bought a house or re�nanced years previously.
Consumers also often have multiple credit obligations, so the timing of whether the credit account that is �agged is
scheduled to be updated early or late in a month is plausibly exogenous, leading to one month variation.
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any delinquency, and any mortgage debt, to the �agged consumer, and also aged 18 to 65. I drop

cases where either all or no consumers in that combination are �agged.

I calculate the �rst difference in outcomes at the consumer-level. This �rst difference accounts

for time-invariant unobserved differences between consumers (e.g., �nancial sophistication, dis-

aster preparedness). This �rst difference is calculated for the same calendar year-months for both

the treated units and their respective control units.

After taking �rst differences, I have a dataset of 1.7 million observations containing 1.4 million

unique consumers (and therefore representative of 14 million consumers). Each consumer only

appears as a treated unit for only one observation in this data. A treated consumer can appear in

the dataset as a second observation when it serves as a control unit for another treated consumer

�agged one month prior. With this dataset, I estimate Equation 4:

�Y i;s;t = �TREAT i;s;t + 
 s;t + �" i;s;t (4)

In this regression, i denotes a consumer, t a calendar year-month, and s is a `'stack” of treated

and control units that have the same combination of geographic area—the same census block

group � zip code—, credit score group, any delinquency, and any mortgage debt, and where the

control unit is �rst �agged one month later than the treated units. Stack-by-time �xed effects,


 s;t , are included that allow for heterogeneity across natural disaster locations, time periods, and

consumer groups.10 This enables me to focus on within-stack differences in outcomes that are

attributable to �agging.

The coef�cient � is my parameter of interest, and this is the coef�cient on an indicator, TREAT i;s;t ,

for a consumer being in the treated group at time t. This � coef�cient shows the difference in out-

comes due to a consumer being �agged one month earlier in the same geographic area at the

same time. By comparing the �rst differences in outcomes between treated and control units and

including the stack-by-time �xed effects, I remove time effects that are attributable to disasters

or other observed or unobserved factors. For estimates to be given a causal interpretation, my

identi�cation only requires a common trend assumption that, in the absence of a disaster �ag

being added, consumers in the treated group would have trended similarly to the control group

of consumers that are �agged one month later, holds for one month. I cluster standard errors at

the year-month level given correlated shocks across units, and my conclusions are unaffected by

alternative clustering approaches.

I examine heterogeneity in my results by pre-disaster credit score and any pre-disaster delin-

quency, given prior research (e.g. Billings et al., 2022) shows how the effects of natural disasters

varies by pre-disaster �nancial distress.

10This estimation approach follows a stacked difference-in-differences empirical design used in prior work (Cengiz
et al., 2019; Deshpande and Li, 2019; Jansen et al., 2025; Cherry, 2024), which Dube et al. (2025) shows corrects for
issues associated with two-way �xed effects regressions (Baker et al., 2022).
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3.3.2 Causal Results

Table 2 shows my results exploiting a one month difference in the timing of disaster �ags being

added, comparing �agged consumers in the same geographic area and other characteristics at the

same time. In this table, row A presents average estimates, and rows B to I present results for

heterogeneous groups of consumers. Column (1) shows results on VantageScore credit score as an

outcome, and columns (2), (3), and (4) show results for measures of credit access.

I �nd that after �agging, VantageScore credit scores signi�cantly increase across all heteroge-

neous groups of consumers. The average increase in credit score from a disaster �ag being applied

is 1.53 points, with a standard error of 0.31 points. There are signi�cant increases in credit scores

across all heterogeneous groups of consumers, with the largest increases concentrated among the

consumers who experience pre-disaster �nancial distress. Credit scores for consumers with any

pre-disaster delinquency experience a 10.07 points increase, with a standard error of 0.96 points.

Such increases in credit scores do not lead to any signi�cant increases in equilibrium credit

access. There is actually a statistically signi�cant average decline in the number of new accounts

opened (which is measured from the account opening date in tradeline data) of 0.020 (s.e. 0.005).

This is a 14% decline relative to the baseline mean of 0.140. The lack of increases in credit access

applies even to consumers experiencing pre-disaster �nancial distress, where potential bene�ts

are highest, given that they experience the largest VantageScore increases and are the most credit

constrained group. For example, the estimate for the group experiencing any pre-disaster delin-

quency shows a signi�cant decline of 0.027 (s.e. 0.008) in the number of new accounts opened,

which is a 24% decrease from the baseline mean of 0.114. This �nding contrasts with the removal

of bankruptcy �ag information in credit reports, which had positive effects on both credit scores

and credit access (e.g., Dobbie et al., 2020; Gross et al., 2020; Jansen et al., 2025).

My conclusions hold for all three measures of credit access: the number of new account open-

ings, the number of new credit cards, and the value of the new credit card limits opened. Across all

these outcomes and all heterogeneous groups, a total of 36 estimates, I consistently �nd negative

point estimates, suggesting a decrease in credit access. 35 of these 36 estimates show statistically

signi�cant decreases in credit access (the only estimate that is insigni�cant from zero is for the

effect on the value of new credit card limits for the Near Prime subgroup).

As a robustness exercise in Appendix Figure A8, I also estimate results using consumers in

the same “stack” who are �rst �agged two or three months later rather than one month, and �nd

consistent results. Over these multiple month differences, the variation in �ag timing arguably

becomes less likely to be exogenous. The sample sizes decrease because there are fewer suitable

controls, reducing the sample from 1.7 million for the one month variation to 0.43 million in the

two month variation and 0.09 million in the three month variation. The bene�ts of these longer-

than-one month differences are that they use an entirely separate group of consumers as control

units to those in the one month estimations, thus offering a useful robustness test, and they also

allow for more time periods when the control units are untreated to trace out the dynamic effects

of being �agged.
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Internet Appendix B provides further evidence consistent with my causal results. I �nd no

evidence using any of my measures of credit access that, after disaster �ags are applied, con-

sumer credit access increases. This �nding holds across both a descriptive approach, comparing

outcomes for �agged consumers to their pre-�agged trend, and a difference-in-difference method-

ology with a matched control group of consumers without disaster �ags in the same geographic

area. The impact of disaster �ags on a consumers' VantageScore varies based on their credit re-

port, with larger temporary positive impacts for consumers with lower pre-disaster credit scores

or any delinquencies. The lack of increase in credit access holds among the subset of the most

�nancially-distressed consumers, who experience temporary gains in VantageScore, who would

have the largest potential to bene�t from delinquencies being masked by disaster �ags.

If lenders did not use information on disaster �ags, for example, if they relied only on FICO

scores, I would �nd no effect on credit access. Instead, across all my methodologies, I �nd evidence

of reduced credit access, which is most consistent with �ags being viewed by some lenders that use

manual underwriting, such as to decide marginal cases, or proprietary credit scores as a negative

signal of a consumer's credit risk, consistent with anecdotal reports in FinRegLab (2020).11

4 Information in Disaster Flagged Delinquencies

Having documented how disaster �ags are used, I now evaluate the information on consumers'

credit risk that disaster �ags contain. Section 4.1 describes the selection of consumers with dis-

aster �ags, and I build predictive models to quantify the information value contained in �agged

delinquencies, with the methodology in Section 4.2 and the results in Section 4.3.

4.1 Describing Selection

What are the characteristics of consumers with disaster �ags? I examine this in Table 1, which

compares (1) consumers with disaster �ags, based on the time when they are �rst �agged, to (2)

consumers who never have disaster �ags but are in the same geographical region (a combination

of census block group and zip code) at the same time as those who do, and (3) consumers who

never have disaster �ags and are in other geographical regions and/or time periods without dis-

aster �ags. Consumers with disaster �ags are a selected sample of the population. Consumers

with disaster �ags are, on average, more indebted, with more tradelines, more delinquencies, and

higher balances. This selection holds both when comparing �agged consumers with un�agged

consumers in the same geographical region and also when comparing them with un�agged con-

11FinRegLab (2020): “In connection with the pandemic, there are reports that some lenders are rejecting consumers for
mortgage re�nance applications because they have CP or AW codes on one or more accounts, even if they are in fact
making full payments.” (AW is the code for disaster �ags and CP is account in forbearance). Similarly, a CBS news
article from 2017 reported that a consumer was unable to get an auto loan because of natural disaster �ag being placed
on their credit report following Hurricane Harvey, with the auto dealership saying: “'I'm sorry ma'am, I've run this
by four or �ve �nancial institutions and they won't �nance you because your car has been in a natural disaster.”
https://www.cbsnews.com/texas/news/disaster-code-credit-report/
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sumers across the U.S. Credit scores of �agged consumers are slightly higher than those of un-

�agged consumers, although this varies over time. For example, consumers �agged in 2017 typ-

ically have higher credit scores, whereas consumers �agged in 2020 typically have lower credit

scores, as shown in Internet Appendix Figure A7.

4.2 Predictive Methodology

I apply my motivating framework from Section 2.1 to my data to evaluate the information value

of disaster �agged delinquencies, and consider the impact of masking this information in the

construction of credit scores. I use a representative sample containing 23.3 million consumers who

have tradeline data, a non-missing VantageScore, and are in the U.S. as of October 2017. I train

models on 70% of the data, 16.3 million consumers, and test model performance out-of-sample on

the remaining 30%, 6.99 million consumers. This time period is chosen to ensure that there is a

suf�ciently large sample of consumers with disaster �ags in my data, and to ensure that my inputs

and outcome are not affected by the non-reporting of delinquencies that occurred during COVID-

19. My outcome, Yt+24 , is a binary outcome for whether a consumer has any new delinquency in

the 24 months after October 2017, measured as 90 or more days past due, which is regarded as a

threshold for severe delinquency or default. A new delinquency is one where a tradeline was not

in delinquency in October 2017 but is in delinquency at any point between November 2017 and

October 2019. This outcome is positive for 16.9% of my sample.

I build a series of models to evaluate the value of information for predicting delinquency. First,

I want to capture predictive information in credit reports, except for information on delinquencies.

Therefore, I build a credit score (S i;t ) without delinquency information using 171 non-delinquency

variables as predictors. This uses 138 consumer-level attributes available in my dataset that do

not use delinquencies information (and this does not include VantageScore credit score). I con-

struct 33 additional consumer-level variables. 31 of these 33 variables are created by aggregating

tradeline-level data to the consumer-level. 28 variables are the number of accounts, outstanding

balances, number of closed accounts, and number of open accounts with a positive balance for

each of: all accounts, non-mortgage accounts, auto loan accounts, credit card accounts, mortgage

accounts, student loan, and unsecured personal loan accounts. I also construct from tradeline-data

the number of open credit cards, total value of credit card limits, and their credit card utilization

rate. From the headers �le, I construct the number of months with a credit report, and �nally from

the public records �le, I construct an indicator for any bankruptcy. To avoid over�tting outliers

and dropping missing observations, I winsorize all these variables at their 99th percentile of non-

zero, non-missing values, with missing values imputed at zero (except for variables of the format

measuring the number of months since an event, which I instead impute at the variable's 99th

percentile).

For this, I use an XGBoost (extreme gradient boosting) machine learning method to predict

delinquency.12 XGBoost models allow for highly complex, non-linear interactions between pre-

12I use as hyperparameters a maximum depth of 10, learning rate of 0.3, using 80% of data for each tree, and 80% of
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dictive inputs. This is a methodology that has been previously shown to be highly predictive of

delinquency in consumer credit applications (e.g., Blattner and Nelson, 2024; Fuster et al., 2022;

Chioda et al., 2025; Duarte et al., 2025), and is also used in industry (FinRegLab et al., 2022). This

model, without any delinquency information, predicts delinquencies well, with an area under the

receiver operating characteristic curve (AUC) of 0.8809 (Table 5), where an AUC of 0.5 would mean

that there is no information in the classi�cation (e.g., a naive model that predicts all consumers

would default) and an AUC of 1 would classify cases perfectly.

Second, I evaluate how predictive performance varies with the use of delinquency information.

I use either a logistic regression approach, enabling me to interpret coef�cients on delinquency

variables, or an XGBoost machine learning methodology to better assess the ability of delinquen-

cies to improve credit risk prediction to allow for complex relationships between delinquency and

non-delinquency variables. I construct a vector of delinquency variables, D 0
i;t = [d 12

i;t ; d24
i;t ; d36

i;t ; d84
i;t ]0,

for each consumer i, at time t, where d k
i;t denotes the number of accounts in delinquency over the

last k months. These are calculated from tradeline-level data and aggregated to the consumer-

level. In the logistic regressions, D 0
i;t includes variables for the number of accounts 30 or more

days past due in the last 12, 24, 36, and 84 months. In the machine learning XGBoost approach,

the vector D 0
i;t also includes variables for the number of accounts 30 or more days past due in the

last 6, 12, 24, 36, and 84 months, and the number of accounts 90 or more days past due in the

last 6, 12, 24, 36, and 84 months. The vector Xi;t denotes the non-delinquency variables that are

included in these predictions. I do not include information beyond 84 months because 84 months

is the maximum duration for which delinquencies remain in credit reports under existing U.S. law

(Gibbs et al., 2025).

The logistic form of my baseline predictive model is shown in Equation 5. This is a traditional

credit score that includes historical delinquency information.

P r(Y i;t+24 = 1) = f
�

X 0
i;t � 1 + D 0

i;t � 1

�
(5)

The logistic form of my second model is shown in Equation 6:

P r(Y i;t+24 = 1) = f
�

X 0
i;t � 2 + D 0

i;t � 2 + F 0
i;t �

�
(6)

This second model adds a vector of “�agged delinquency” variables, F 0
i;t = [f 12

i;t ; f 24
i;t ; f 36

i;t ; f 84
i;t ]0,

over the same time horizons as D0
i;t , and they are constructed from interactions between delin-

quencies and disaster �ags. For constructing F 0
i;t , each consumer's tradeline delinquency status

each month is assigned a value of one only if it is both in delinquency and also has a disaster

�ag that month, and zero otherwise. I aggregate this to the consumer level. I then construct the

consumer-level variable for the number of accounts that are both in delinquency and with disaster

�ags, e.g., f 12
i;t denotes the number of accounts �agged delinquencies in the last twelve months.

features for each tree, using 1,000 rounds, stop if there has been no improvement after 50 rounds, and I follow the
standard practice of converting predicted probability into binary predictions using a 50% threshold. The results were
not sensitive to such choices.
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Comparing the marginal effects on the � coef�cients when estimating Equation 6 using a logistic

regression informs of the informativeness of this �agged delinquency variable.

The logistic form of my third model, “masked �agged delinquencies”, shown in Equation 7,

adjusts the input data to mask all delinquencies that also have disaster �ags.

P r(Y i;t+24 = 1) = f
�

X 0
i;t � 3 + ~D 0

i;t � 3

�
(7)

In Equation 7, the vector ~D 0
i;t = [ ~d12

i;t ; ~d24
i;t ; ~d36

i;t ; ~d84
i;t ]0 reclassi�es such “�agged delinquencies” as

not delinquent (see Appendix Table A3 for means of these variables). Comparing the predictive

performance, measured by the AUC, of this third model with the baseline model, that includes all

delinquencies, shows the information costs of masking �agged delinquencies. I use AUC because

it is a standard way to evaluate credit scoring models in the industry and in the literature (e.g.,

Fuster et al., 2022; Blattner and Nelson, 2024; Chioda et al., 2025; Duarte et al., 2025), and I also

show that my results are robust to a variety of alternative measures of predictive performance.

Equations 5, 6, and 7 only allow additive effects for the delinquency variables compared to

the non-delinquency variables in logistic regressions to enable the relationships to be easily in-

terpretable. In the logistic regressions, X 0
i;t only contains my credit score variable. Whereas, my

XGBoost models allow for interactions between the delinquency variables and all of the non-

delinquency predictive inputs. In the XGBoost models, the vector X 0
i;t = [S i;t ; x1; x2; :::; x171]0

includes both the credit score (Si;t , which is constructed using the 171 non-delinquency variables)

and also all of the other 171 non-delinquency variables that this score was created from, thus

allowing for complex, highly non-linear interactions between delinquency and any of the non-

delinquency variables, without restricting the ways in which delinquency information can enter.

4.3 Predictive Results

Figure 6 shows the average marginal effects of an account in delinquency, the � 2 in black, and

of a �agged account in delinquency, the � in orange, coef�cients from the logistic regression in

Equation 6, with estimates shown in Internet Appendix Table A2. The average marginal effects

show that � 2 > 0, which means that an additional account in delinquency in the past increases the

risk of a consumer being delinquent in the future. For �agged delinquencies in the last 84 months,

the average marginal effects of � > 0, and are much greater than those of � 2. There is some ev-

idence that �agged delinquencies are economically and statistically signi�cant signals of higher

risk. The average marginal effects of an additional account in delinquency in the last 84 months

is 0.00127 (s.e. 0.00006) whereas the average marginal effects of an additional �agged account in

delinquency are substantially larger at 0.01984 (s.e. 0.00386), also in the last 84 months. The av-

erage marginal effects of an additional �agged account in delinquency in the last 12, 24, and 36

months are all insigni�cant from zero, so the evidence is noisy. Masking �agged delinquencies

reduces the number of delinquencies in the last 84 months by 0.03% (Table 4) with a 0.02% reduc-

tion in the number of consumers with any delinquency in the last 84 months (Internet Appendix
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Table A4).

Table 5 compares the out-of-sample predictive performance from XGBoost models, measured

by the AUC, from the baseline credit risk model that includes all delinquencies, 0.890236, to one

masking �agged delinquencies, 0.890233. Masking �agged delinquencies therefore reduces pre-

dictive performance by a trivial amount 0.0003% (Table 5), whereas including �agged delinquen-

cies as separate predictors increases predictive performance by 0.0751% (Table 3). Consistent con-

clusions are reached when examining a variety of alternative measures to evaluate predictive per-

formance that are shown in Table 6 and Internet Appendix Table A5: Accuracy, balanced accuracy,

precision, true positive rate (also known as recall), true negative rate, F1 score (2� P recision � Recall
P recision + Recall ),

and Brier score ( 1
N

P N
i=1 (ŷ i � y i )2, and therefore the square root of the Brier score is the root mean

squared error, RMSE).

Such an economically small information cost of �ags masking delinquencies can help to under-

stand why some lenders voluntarily temporarily apply disaster �ags. The �ndings of Guttman-

Kenney and Shahidinejad (2025) can help to understand lenders' voluntary sharing of information

through credit bureaus. Guttman-Kenney and Shahidinejad (2025) shows that credit card lenders

strategically stopped sharing actual payments information with credit bureaus because sharing

this information reveals to their competitors which consumers are pro�table to target their mar-

keting to, in contrast to non-credit card lenders who share actual payments information as it does

not reveal customer pro�tability. Consistent with this, there is no reason to believe that disaster

�ags reveal information to competitors about which customers are pro�table, and therefore shar-

ing this information is not a competitive threat. Given that the practice of temporarily applying

disaster �ags is not costly to lenders, and there is a lack of regulatory guidance on how to re-

spond to disasters, this may arise for political economy reasons. Disaster �ags offer one way for

lenders to signal to government of�cials or regulators that they are supporting their customers

through natural disasters, and it is cheaper for the lender than loan modi�cations (of course, �ags

and modi�cations are not mutually exclusive), which can reduce their pro�ts. Given a small cost,

there could be small private bene�ts that would make adding disaster �ags net bene�cial for

lenders. For example, voluntarily temporarily masking information may be one of many ways a

lender aims to strengthen their relationship with their customers, making them more loyal and

potentially increasing lifetime pro�ts, as forbearance does in Fiorin et al. (2024). Ultimately, given

how disaster �ags appear to act as a negative signal without delivering consumer bene�ts, my

results imply that policymakers should not recommend that lenders use disaster �ags.

5 Equity-Ef�ciency Trade-Off From Masking All Disaster Delinquen-

cies

The existing discretionary regime of disaster �ags appears to have limited costs to lenders, shown

in Section 4.3, without increasing consumer credit access, as found in Section 3.3, for the selected

subset of consumers with �ags. In this section, I consider a feasible alternative form of credit re-
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porting relief from natural disasters, with the methodology explained in Section 5.1, the results

presented in Section 5.2, and their distributional impacts, including translating changes in predic-

tions to interest rates, are discussed in Section 5.3.

5.1 Methodology

I quantify the loss of information from a counterfactual policy that automatically requires the

temporary masking of all delinquencies during disasters (“disaster delinquencies”), for the con-

sumers exposed to disasters. Such a policy could be implemented by governments, regulators, or

voluntarily by the industry body (CDIA) that governs credit reporting practices. This counterfac-

tual is designed to apply equitably to all consumers who are subject to a disaster, thus removing

selection, in contrast to disaster �ags. Doing so pools consumers affected by disasters with those

unaffected by disasters.13 Applying such an automatic approach removes frictions for lenders and

consumers in accessing relief. Such a counterfactual policy has been proposed to regulators by a

coalition of 43 consumer organizations (National Consumer Law Center, 2024), however, the costs

to lenders of removing such information from credit reports have not been estimated, nor how

these costs vary depending on how generously such a policy is implemented. I study a policy

applied at the national-level, however, such a policy could also be applied at the state-level by

their legislatures, as has occurred with medical debt reporting (Gibbs et al., 2025). Consumers

often move after a disaster (e.g., Gallagher and Hartley, 2017; Bleemer and van der Klaauw, 2019;

Boustan et al., 2020), and when they do, their credit history moves with them. This means that

a potential bene�t of an alternative policy masking disaster delinquencies could be to make con-

sumers less constrained in their credit access, thus assisting them in moving away from a disaster

area and accessing credit in their new location, rather than having their historical disaster delin-

quencies following them.

If such a counterfactual policy were required by law, it would affect the underlying credit re-

porting data on which all credit scores (e.g., FICO, VantageScore, proprietary credit scores) and

manual underwriters rely; therefore, it would be expected to have downstream impacts on con-

sumer credit access. Although I do not explicitly estimate supply responses, Cort és and Strahan

(2017) documents how lenders are willing to meet increased local credit demand following natural

disasters. Blickle et al. (2022) shows that disasters increase loan demand, which offsets losses and

actually increases pro�ts at larger banks. Similarly, Lane (2024) �nds that lending during natural

disasters does not increase post-disaster defaults, and instead lender pro�ts increase. Agarwal

et al. (2024) and Collier et al. (2024a) document the bene�ts to households of emergency liquidity

during natural disasters. Fair lending regulations also limit lenders' potential supply restrictions

13Practically implementing this would mean disaster delinquencies are masked before they appear on credit reports so
that disaster delinquencies (or disaster �ags) cannot be observed by lenders in their credit decisions. This could be
required of �rms sharing information with credit reporting agencies or could be required of credit reporting agencies
before they release data to be used by lenders. Consumer credit reporting data is an important source of information
for regulators, and therefore, there is potentially value for regulators observing disaster delinquencies, as enabled
by �agging disaster delinquencies rather than non-reporting disaster delinquencies, even if these are masked from
lenders, to evaluate the impacts of disasters on consumers and lenders, and to monitor such a policy's effectiveness.
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because they cannot easily discriminate based on geographic location, as this may dispropor-

tionately affect protected groups. A larger predictive loss from masking disaster delinquencies

indicates that lenders would be more likely to restrict credit supply, whereas lenders may be ex-

pected to be more able to absorb a small predictive loss. In my distributional impacts, I show how

estimated interest rates are expected to change from masking disaster delinquencies, which can

be indicative of the types of consumers who may experience changes in credit supply.

I evaluate this policy using an analogous approach to Section 4.2, with the same dataset and

logistic and XGBoost methods, with the only difference being that instead of studying delinquen-

cies with disaster �ags, I now vary the inclusion of information on all delinquencies that occur in

areas and time periods exposed to natural disasters. I examine the marginal effects of a vector of

“disaster delinquencies”, N 0j
i;t = [n 12;j

i;t ; n24;j
i;t ; n36;j

i;t ; n84;j
i;t ]0, in the logistic regression model speci�ed

in Equation 8:

P r(Y i;t+24 = 1) = f
�

X 0
i;t � 4 + D 0

i;t � 4 + N 0j
i;t �

�
(8)

This logistic regression speci�ed in Equation 8 uses the same vectors of delinquencies, D 0
i;t =

[d12
i;t ; d24

i;t ; d36
i;t ; d84

i;t ]0, and non-delinquency variables, X 0
i;t , as in the earlier Equation 5. Disaster delin-

quencies are constructed from the interactions between delinquencies and natural disasters, over

the same time horizons as D0
i;t as previously studied in Section 4.2. For constructing N 0j

i;t , I �rst

construct a binary variable that takes a value of one only if a consumer, i, has any delinquency

in an archive month, and the consumer resides in a county, g, where a FEMA natural disaster

was declared in the j months to that archive month, and zero otherwise. From this, I can then

construct the consumer level variables in vector N 0j
i;t for the number of disaster delinquency ac-

counts. I vary j to be three, six, and twelve months to examine how sensitive the results are

to different policy thresholds for de�ning disaster delinquencies. This means that, for example,

n12;03
i;t denotes the number of accounts that are both in delinquency and exposed to a natural dis-

aster in the last twelve months, where disaster delinquencies are classi�ed as such if they occur

within three months of a FEMA event. The coef�cients on N 0j
i;t in a logistic model reveal whether

disaster delinquencies are different from other delinquencies in being an informative signal of

a consumer's future credit risk type. As in Section 4.2, the XGBoost model includes a range of

delinquency measures in the vectors D 0
i;t and N 0j

i;t .

Choosing a j threshold of three months would ensure that any delinquency during that three

month period only affects subsequent credit access if the delinquency is still present after three

months. This limits the ability of temporary adverse shocks to propagate and have long-term

impacts through credit reporting histories. Six and twelve months are studied as alternative j

thresholds. Such thresholds provide time for consumers to apply for and receive federal social

insurance and disaster aid, as well as to contact their creditors to adjust payments, if required. I

do not examine j thresholds shorter than three months because credit reporting data only shows

delinquencies that are 30 or more days past their due date, payment due dates vary throughout

a month, and furnishers report information a lag (Gibbs et al., 2025), so it may take up to three
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months for the impact of a delinquency to appear.

Analogously to my earlier masking of �agged delinquencies in Equation 7, masking disaster

delinquencies takes the form shown in Equation 9 for the logistic regression speci�cation, where

the term ~D 0j
i;t masks disaster delinquencies, based on the policy threshold j, which masks delin-

quencies based on whether exposed to a disaster in one of three, six, or twelve months from a

FEMA event.

P r(Y i;t+24 = 1) = f
�

X 0
i;t � 5 + ~D 0j

i;t � 5

�
(9)

I most rigorously examine how masking disaster delinquencies affects predictive performance

by varying the masking of disaster delinquencies using my XGBoost machine learning approach.

Equations 8 and 9 show additive effects for delinquency variables compared to non-delinquency

variables in logistic regressions, however, my XGBoost allows for complex interactions between

these predictive inputs. In the XGBoost models, the vector X 0
i;t = [S i;t ; x1; x2; :::; x171]0 includes the

credit score (constructed from non-delinquency variables) and also the other 171 non-delinquency

variables, thus allowing for highly non-linear interactions between delinquency and non-delinquency

variables. I benchmark the XGBoost model performance with masked delinquencies to the base-

line model, that has all delinquencies, shown in Equation 5, and also to a model without delin-

quencies information (Equation 10 shows this for the logistic regression speci�cation).

P r(Y i;t+24 = 1) = f
�

X 0
i;t � 6

�
(10)

Finally, for each of the three j thresholds (3, 6 and, 12 months), I consider three different ways

to capture delinquency, (1) “Masked Disaster” masking delinquencies only during disasters and

not masking if they continue after disasters, (2) “CARES Masked Disaster” masking new delin-

quencies that arise during disasters and not masking if they continue after the disaster, and (3)

“PCARES Masked Disaster” masking new delinquencies that arise during disasters and also if

they occur after the disaster. This gives me nine model variants of masking disaster delinquen-

cies, which can be compared to the baseline model and the model without any delinquency in-

formation. The “CARES Masked Disaster” approach adapts the approach used in the U.S. by

the Coronavirus Aid, Relief, and Economic Security (CARES) Act of 2020, only masking delin-

quencies if the delinquency status worsens during the disaster. This “CARES Masked Disaster”

approach means that accounts that were already in delinquency pre-disaster remain delinquent,

whereas in the “Masked Disaster” approach they were temporarily masked. My “Masked Disas-

ter” predictive performance results are effectively the same as in the “CARES Masked Disaster”,

and therefore while I include results for both of these approaches, I focus my discussion of results

on the latter.

The “Masked Disaster” (and also the “Masked Disaster”) approach only temporarily masks

delinquencies, masking delinquencies if they are present within j periods of a FEMA disaster.

However, delinquencies that arise during a disaster may persist beyond j periods in my histori-
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cal data, but may not be under a counterfactual policy. I examine how “permanently” masking

delinquencies that arise during natural disasters would affect prediction in my “PCARES Masked

Disaster Delinquencies” approach, which may be considered an upper bound on the amount of

information that a policy masking disaster delinquencies may mask. In this approach, I take each

account's delinquency status in the month preceding a disaster, and mask the delinquencies on the

accounts if their account status worsens during the disaster j threshold, and, unlike the CARES

approach, I keep masking the delinquency status on account months after the disaster.14 I leave

the delinquency statuses of accounts that are opened after a disaster j threshold unaffected, and

the delinquency status of accounts whose status did not worsen during a disaster, and, of course,

the delinquency status of consumers in areas unaffected by disasters remains unchanged. A wider

j threshold means that more new delinquencies would be masked, and their pre-disaster delin-

quency status may be earlier in time due to the consumer experiencing repeated disasters. This

“permanent” masking is important to consider in the context of other policies, most notably the

pause on the reporting of student loan delinquencies post-COVID-19 in credit reports (Gibbs et al.,

2025), which did not consider how to classify such delinquencies after the pause, resulting in a

sharp worsening of affected consumers' credit scores after this pause expired in 2024.

5.2 Results

5.2.1 Masking Disaster Delinquencies

Figure 6 Panel B shows the average marginal effects of an additional trade in delinquency from

my logistic regressions, with estimates also shown in Internet Appendix Table A2. The marginal

effects of disaster delinquencies are generally lower risk than those on all delinquencies. The

disaster delinquencies terms are generally insigni�cant from zero, although they are sometimes

signi�cantly negative, most notably the number of disaster delinquencies in the last 36 months,

when using any of three, six, or twelve months as j thresholds for capturing delinquencies around

disasters. Consistent with this is the uplift in predictive performance, measured by the AUC from

the XGBoost machine learning versions of these models, is 0.08% as shown in Table 3. I interpret

this as recent disaster delinquencies revealing limited information about a consumer's future risk

of delinquency beyond non-disaster delinquencies and other non-delinquency information. This

�nding can inform individual lenders in their decisions regarding whether to report such disaster

delinquencies.

What happens when I mask disaster delinquencies? Rows six to eight of Table 4 show that

using j thresholds of three to six to twelve months for CARES masking disaster delinquencies

reduces the mean number of accounts with delinquencies in the last 84 months by 2.3% to 4.9%

to 11.4% respectively, and reduces the number of consumers with any delinquency in the last 84

months by 1.5% to 3.0% to 6.7% respectively, as shown in Internet Appendix Table A4, with rows

14For example, consider an account that is not in delinquency at t = �1, and in delinquency at both t = 0 and t = +1,
where t = 0 is the time of a disaster. A one month CARES policy (and also a “Masked Disaster” policy) would mask
delinquencies at t = 0 but not t + 1, whereas the PCARES policy would mask delinquencies at both t = 0 and t = +1.
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two to �ve of these tables showing fairly similar estimates for the masked delinquency models.

These are economically large removals of data from credit reports.

Figure 7 shows the ROC curves for masking disaster delinquencies under different duration

thresholds of the CARES models. It is dif�cult to distinguish the different lines, though there is a

clear gap to the no delinquencies model shown in orange, demonstrating that some rather than no

delinquency information is clearly valuable for prediction. Table 5 shows how much predictive

performance, measured by the AUC, declines as more information is masked. The baseline model,

with all delinquencies, has an AUC of 0.890236, which decreases to 0.889176, a 0.12% decrease on

the baseline, with a three month policy threshold for masking disaster delinquencies. It decreases

to 0.888824 (�0.16%) with a six month threshold, and to 0.887381 (�0.32%) with a twelve month

threshold. These effects of masking disaster delinquencies can be benchmarked against a counter-

factual policy masking all delinquencies, i.e., disaster and non-disaster delinquencies, which sig-

ni�cantly reduces predictive performance with the AUC declining to 0.880902, a 1.05% decrease

on baseline. These AUCs can also be translated into Gini coef�cients (GINI = 2 � AUC � 1), rep-

resenting a decline from 0.780 with all delinquencies to 0.762 with no delinquencies. My pattern

of results are consistent when examining a variety of alternative measures to evaluate predictive

performance (accuracy, balanced accuracy, precision, true positive rate - also known as recall), and

true negative rate) as shown in Internet Appendix Table 6.

I now examine results for my “PCARES Masked Disaster Delinquencies” approach, which

may be considered an upper bound on the amount of information that a policy masking disaster

delinquencies may mask. Rows 9 to 11 of Table 4 show that this masks 10.3%, 18.7%, and 32.6%

of delinquencies, depending on whether three, six, or twelve month thresholds are used, and 4%,

8%, and 17% fewer consumers have any delinquency in the last seven years (Internet Appendix

Table A4). Rows 9 to 11 of Table 5 show that the predictive performance worsens by 0.22% to

0.32% to 0.51% as three to six to twelve months of information is removed (ROC curve in Internet

Appendix Figure A9). I quantify the trade-off that policymakers face, masking delinquencies for

a longer period of time increasingly reduces predictive performance, and the costs depend upon

how delinquencies that initially occur during disasters are recorded in credit reports after the

disasters.

5.2.2 Evaluating Model Performance

These reductions in predictive performance, especially for the three month policy but arguably

less so for the twelve month policy, may appear small relative to the amount of information

masked. Therefore, policymakers may consider automatically masking disaster delinquencies to

be a proportionate policy to provide a temporary source of credit reporting relief for consumers

from natural disasters, however, it would worsen lenders' credit risk assessments. One way to

help benchmark the size of these AUC changes is to compare them to the gains of moving from

logistic models to machine learning models. Fuster et al. (2022) show that the ability to predict

mortgage default, measured by the AUC, increases from 0.8486�0.8537, in logistic models, to
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0.8602 using a random forest model, which are improvements of 0.8% to 1.3%. While Blattner and

Nelson (2024) �nd that moving from a commercial credit score to a XGBoost algorithm increases

the AUC predicting non-mortgage delinquency from 0.835 to 0.879, an improvement of 5.0%. Re-

moving information does not necessarily mechanically reduce performance, for example, Duarte

et al. (2025) �nd no meaningful impact of removing medical debt in collections on performance.

Predictive performance can be evaluated in a variety of ways. One may be interested in al-

ternative measures of performance to AUC given that the outcome is a minority case with 16.9%

becoming delinquent. Another reason for exploring alternative performance measures is that a

lender may be more concerned with not classifying consumers who default as being high-risk

than with classifying consumers who do not default as being high-risk. I address such issues

in Table 6 which shows that my results are robust to a variety of alternative ways to evaluate

performance: accuracy (although this is a fairly uninformative measure given a low incidence of

delinquency a naive model predicting delinquency for no consumers would have an “accuracy”

of 0.8311), balanced accuracy (which addresses low incidence, so a naive model would yield 0.5),

precision, true positive rate (also known as recall), true negative rate, F1 score, and Brier score.

Appendix Figure A10 presents the results by ventiles of credit scores that are calculated un-

der the different models. This ventile analysis shows that all of the credit scoring models are

effective at differentiating consumers at risk of becoming delinquent, although the model with-

out any delinquency information performs noticeably worse. Across all of the models, there are

substantially higher delinquency rates for consumers predicted to be at higher risk. The three

riskiest ventiles contain over 50% of total delinquencies (i.e., delinquencies across all ventiles). As

more delinquency information during natural disasters is removed, these credit scores become

less effective at predicting delinquency, and the pattern of these results is consistent with my main

results. Appendix Figure A11 shows that these models are well-calibrated with the predicted

probability of delinquency closely aligning with the actual delinquency across these models.

Another way to evaluate these counterfactual models is to compare them with models that

mask the same amount of delinquency information, but for a random selection of delinquent con-

sumers as opposed to during a disaster. Appendix Figure A12 shows that the random removal

of more information on delinquencies fairly linearly reduces predictive performance. Counterfac-

tual models that mask disaster delinquencies, shown in Table 5, produce slightly worse predictive

performance than their respective random removal models, shown in Appendix Table A6. This

�nding is consistent with my other results, which show that masking disaster delinquencies re-

moves information that contains some, but limited, information of a consumer's type, beyond

non-disaster delinquencies and non-delinquency information.

5.2.3 Moral Hazard

It is worth considering two moral hazard concerns that masking disaster delinquencies may en-

courage: (1) consumers to be less prepared for a disaster, or (2) strategically defaulting dur-

ing/after a disaster. These moral hazard concerns would be expected to be more concerning with
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a twelve month threshold and less concerning with a three month threshold. This is because, un-

der a twelve month threshold, there is a potential undesirable outcome if consumers in high-risk

locations are repeatedly exposed to disasters, thus having their delinquencies perennially masked.

Regarding the �rst moral hazard concern, important context is that the current literature shows

that very few U.S. consumers appear to be adequately prepared for disasters in the existing infor-

mation environment (e.g., Beatty et al., 2019; Dinerstein et al., 2025), and low-income households

are especially unprepared, partially because credit constraints limit their ability to prepare (e.g.,

van der Straten, 2025). Therefore, there appears to be limited scope for consumers to become

even less prepared. Lane (2024) shows that access to credit can increase consumers' adaptation to

climate change by weakening the link between climate and adverse outcomes.

Regarding the second moral hazard concern, one might argue that a consumer temporarily

becoming strategically delinquent on their debt during a natural disaster could increase welfare,

given that natural disasters are a “bad” economic state of the world, where the marginal utility

of consumption is high. For example, a consumer may strategically prioritize time-sensitive con-

sumption, such as building materials for disaster repairs as found in Aladangady et al. (2022), over

making a debt payment. Separate from this argument, there is broader evidence, summarized in

Blattner et al. (2022), indicating that evidence of moral hazard occurs less empirically in U.S. con-

sumer credit markets than one might have expected from the theoretical literature. Indarte (2022)

concludes that “research on default generally �nds a small role for of moral hazard”. The literature

on bankruptcy �ag removals does not �nd increased delinquencies that would suggest �rst-order

moral hazard impacts (Gross et al., 2020; Jansen et al., 2025), and more broadly, there is limited ev-

idence of moral hazard in bankruptcy decisions (Indarte, 2023), a population of consumers where

we might expect the strongest moral hazard responses. Recent empirical evidence demonstrates

that mortgage defaults are driven by life events rather than strategic decisions to default (e.g.,

Ganong and Noel, 2023; Low, 2023). There is also little evidence of strategic defaults in credit cards

(Antoniou et al., 2025) or student loans (Yannelis, 2020). Even with delinquencies being temporar-

ily masked, other strong non-credit reporting incentives are expected to reduce moral hazard by

encouraging consumers to repay debt on time, such as increased borrowing costs through late fees

and additional interest, and late payments triggering debt collection practices (e.g. Fonseca, 2023)

that may carry nonpecuniary costs (e.g., time spent dealing with debt collector communications;

psychological distress), non-�nancial concerns (Bhutta et al., 2017) such as morality establishing a

norm of debt repayment (Bursztyn et al., 2019), and the risk that late payment harms a consumer's

relationship with their lender, potentially reducing their ability to borrow from that lender in the

future when they may need it. 15

15The potential economic bene�t for consumers to strategically be temporarily delinquent is far lower than the potential
bene�t of strategically defaulting. This is because, in the case of strategic defaults on unsecured credit, the consumer
may retain the initial capital lent, or in the case of secured credit, may attempt to retain or sell the asset. In the case
of strategic defaults on underwater mortgages, a consumer is avoiding paying a stream of future payments, which
they may expect to outweigh the value of selling the property. In contrast, a temporary delinquency only avoids a
consumer making one or more monthly payments, a much smaller amount. The consumer ultimately has to pay
this missed payment in the future (potentially with additional interest and fees) unless they do not repay the loan,
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It is worth noting the potential impact on my estimates of a moral hazard response, namely that

if masking temporary disaster delinquencies makes consumers more likely to become delinquent.

If masking temporary disaster delinquencies makes consumers more likely to become delinquent,

then such marginal new delinquencies are information that does not appear in the credit reports,

either in the baseline or in the counterfactual. Such marginal delinquencies are information that is

only ever privately observed by the �rm that extends (or services) the loan in the counterfactual.

Therefore, such a response does not affect the predictive performance of the information in credit

reporting data that is the focus of my study.

From a lender's perspective, delinquencies that lead to defaults are expected to reduce pro�ts

as debt is charged-off, leading lenders to ration credit. Such consumer behavior remains disin-

centivized in my counterfactuals as defaults would remain visible in credit reports through post-

disaster delinquencies on the tradeline or debt in collection. Delinquencies that do not lead to

default are those that are masked, and these can increase a lender's pro�ts, relative to a consumer

paying on-time, by triggering late fees and additional interest. Therefore, it is not clear that even if

there is a moral hazard response that increases temporary delinquencies during a natural disaster,

this is undesirable for either borrowers or lenders.

5.3 Distributional Impacts

5.3.1 Distributional Impacts on Probabilities of Delinquencies

What are the distributional consequences of masking disaster delinquencies? Masking delinquen-

cies may require policymakers to trade-off heterogeneous impacts across different types of con-

sumers. It may improve credit access for consumers with masked delinquencies, who now appear

less risky to lenders, but at the cost of reducing credit access for other consumers, for example, the

consumers without delinquencies may now appear riskier having been pooled with consumers

that have masked delinquencies. Heterogeneity analysis can also inform which types of con-

sumers may be most at risk of credit rationing due to lender responses to the policy.

I now study the distributional consequences of masking disaster delinquencies. Figure 8 shows

the changes in probabilities of delinquencies, relative to the baseline model's predictions, for the

CARES model masking disaster delinquencies for three months, with Appendix Figure A13 show-

ing this across different models. Figure 8 Panel A shows the changes in the probability of delin-

quency by quintile of the baseline credit risk predictions. Masking disaster delinquencies leads to

little change in the predicted risk to low-risk consumers, who likely have very small increases in

their predicted credit risk. High-risk consumers are more likely to experience decreases in their

predicted credit risk. Panel B indicates that the changes in the predictions for the 52% of con-

sumers with any delinquency (measured without masking) are consistent with my other results.

something that would be expected to occur beyond the masking period (especially three months), which they would
not be incentivized to do as such behavior would be visible on credit reports (e.g., post-disaster delinquencies on
the tradeline; debt in collections). Further recent evidence comes from buy now pay later loans, which consumers
typically pay on time despite these interest-free loans often not being reported in credit reporting data.
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Figure 8 Panel C shows remarkably little difference in the predictions for consumers, irrespec-

tive of whether a consumer has experienced a natural disaster. Panel D shows that approximately

10% of the 3.8% of consumers who have a disaster delinquency masked in the counterfactual,

the subgroup expected to bene�t the most from a counterfactual policy, experience a 10 percent-

age point or larger decrease in the probability of delinquency. This group of consumers bene�ts

the most from decreases in their probability of delinquency, whereas other consumers generally

experience no change, small increases, or small decreases in their probabilities of delinquency.

Figure 9 displays the geographical implications of masking disaster delinquencies. Panel A

shows the mean probabilities of delinquencies across counties in the baseline credit risk model,

which is consistent with Bakker et al. (2025), who use a VantageScore credit score. Figure 9 Panels

B to G show changes in the predictions across the CARES (Panels B to D) and PCARES (Panels

E to G) models relative to the baseline credit risk model, with the darker green shades showing

decreases in predicted credit risk (i.e., better credit scores) and the darker red shades showing

increases in risk (i.e., worse credit scores). Panels B to G of Figure 9 show that the counties in the

southwest of America, on average, experience reductions in predicted credit risk. The counties

that experience increases in predicted credit risk are dispersed throughout the country, with a

focus in the midwest and the northeast of America. Although the mean changes in credit risk are

small relative to the amount of information masked.

5.3.2 Distributional Impacts on Interest Rates

How could these distributional changes in predicted probabilities translate into real effects? To

explore this, I adapt the reduced-form method of Fuster et al. (2022) to my setting. This method

provides an approximation under strong assumptions (set out in detail in the Internet Appendix

of Fuster et al., 2022), most notably that there is a mapping function between probabilities of

delinquency and interest rates that is stable; thus, changes in predictions from varying information

only change the distribution of probabilities, not this mapping function. I study auto loans as

these are held across the credit score distribution (i.e., even low credit score consumers can access

a high-interest auto loan), and I can estimate the intensive margin effect by computing interest

rates on these products with a root-solver using loan origination amounts along with the number

and amounts of scheduled repayments (as explained in Gibbs et al., 2025).

I take consumers in my out-of-sample dataset with an auto loan originated in the 24 months af-

ter October 2017 and calculate their interest rates, restricting these rates to be greater than 0% and

top-code at 40%, with a mean of 8.4%. This dataset has 1.61 million consumers, where the proba-

bility of delinquency from the baseline model has a mean probability of delinquency of 19.4% (s.d.

23.8%, minimum 0.6%, maximum 99.0%) compared to 17.1% (s.d. 23.2%, minimum 0.6%, maxi-

mum of 99.0%) for the total out-of-sample dataset. Appendix Figure A14 shows that the mean auto

loan interest rate is monotonically increasing in the predicted probability of delinquency, calcu-

lated from the baseline credit score that uses both delinquency and non-delinquency information.

Given this relationship, I create a mapping function that predicts the de-meaned interest rate with
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an OLS regression with two explanatory variables: the predicted probability of delinquency in the

baseline model and the log of the predictions in this same baseline model. I then use this mapping

function to estimate interest rates in my 6.99 million out-of-sample dataset using the predicted

probabilities of delinquencies across my different models, and compare the changes in these es-

timates to those produced when using my baseline model with delinquency information. 16 This

provides an indication for how much interest rates may change under these alternative policies,

and which types of consumers would be expected to bene�t from rate reductions.

Table 7 shows the mean (s.d.) percentage point changes in estimated auto loan interest rates

by groups of consumers, across different models masking disaster delinquencies, all are evaluated

relative to the same baseline model. Each row shows results for a different model. Column one

shows the average across all consumers, columns two and three split by whether a consumer has

any delinquency, columns four and �ve split by whether a consumer has been exposed to any

disaster, and columns six and seven split by whether a consumer has any masked disaster delin-

quency. Each panel of Figure 10 shows, for a different CARES and PCARES model, the distribu-

tions of changes in interest rates by masked disaster delinquencies, with additional heterogeneity

splits in Appendix Figure A15.

The heterogeneous winners and losers from this policy are most clearly visible depending on

whether or not a consumer has their delinquency masked by a disaster. Table 7 reveals that the

consumers who have their delinquency masked appear to bene�t from lower interest rates, expe-

riencing an average decrease in rates ranging from 0.12 to 0.43 percentage points across models.

In contrast, consumers who do not have a delinquency masked experience an average increase in

rates ranging from 0.02 to 0.50 percentage points across models.

An important �nal �nding from this exercise is that a longer duration of masking does not

necessarily provide a greater average bene�t to consumers with masked disaster delinquencies.

Table 7 reports how under the CARES three month policy, the 3.8% of consumers with masked

disaster delinquencies bene�t from an average 0.43 percentage points rate reduction compared to

an average 0.02 percentage points rate increase for other consumers. Whereas, for the six month

policy, it is �0.35 percentage points for the 7.7% of masked disaster delinquent consumers and 0.04

percentage points for those without, and for twelve months it is �0.34 percentage points for the

14.6% of masked disaster delinquent consumers and a 0.08 percentage points increase for those

without. A longer masking duration captures more delinquencies by more consumers, yielding a

lower average bene�t per-masked consumer. A longer duration of masking also does not provide

a noticeably changed distribution of rates to consumers with masked disaster delinquencies. The

black bars in Panels A, B and C of Figure 10 display similar distributions in the rate changes for

consumers with any masked disaster delinquencies across three, six, and twelve month scenarios.

A longer duration of masking, especially under the PCARES policy, noticeably increases the

16In unpresented results, I explored alternative mapping functions (e.g., with and without logs separately, linear mod-
els, two to �ve order polynomials) and found that these achieved similar results. Similarly, using shorter or longer
windows of auto loan originations or different thresholds for top-coding interest rates does not affect my conclusions.
My results were also similar if I only use predictions for the 1.61 million consumers with auto loans.
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costs to consumers without masked delinquencies. Table 7 reports how under the PCARES policy

rates change by �0.23 and 0.05 for the three month policy for those with (12.9% of consumers) and

without masked disaster delinquencies respectively, compared to �0.12 and 0.43 for six months

(19.4% of consumers), and �0.12 and 0.50 percentage points for twelve months (27.5% of con-

sumers). These changes are visible when comparing the distribution of rate changes for consumers

without masked disaster delinquencies, shown by the orange bars, in Panel D of Figure 10 with

Panels E and F, also shown by orange bars. The longer duration of masking leads to consumers

without masked disaster delinquencies becoming less likely to experience rate changes around

zero. Instead, there is a greater mass of consumers experiencing noticeable rate increases. This

shows how removing information for one group of consumers, those with any masked disaster

delinquencies, comes at the cost of increasing noise that may restrict credit for another group,

those without any masked disaster delinquencies, by pooling them together.

These results suggest that a three month period of masking disaster delinquencies may be

preferable to six or twelve month periods, as the three month policy has less of an equity-ef�ciency

trade-off. Masking information for six or twelve months provides relief, through lower interest

rates, to a greater number of consumers, whose delinquencies are masked. However, under these

longer periods of masking, the average relief per masked consumer is smaller, and the reduced

predictive performance imposes more costs on the consumers who do not have disaster delin-

quencies to mask.

6 Conclusions

In this paper, I assess the informativeness of delinquencies during natural disasters, and the poten-

tial to provide relief to consumers exposed to natural disasters through masking such delinquen-

cies in credit reports. I provide new facts documenting the widespread use of “disaster �ags” on

U.S. consumer credit reports. Disaster �ags are intended to provide temporary relief to consumers

affected by natural disasters. I show that these �ags are widely used, however, their institutional

design makes them unlikely to increase credit access, and I �nd evidence consistent with this.

I study the informativeness of disaster delinquencies and quantify the trade-off of a counterfac-

tual policy that automatically masks all delinquencies of consumers exposed to natural disasters.

Doing so removes 2% to 33% of all delinquencies from credit reports, at the cost of reducing predic-

tive performance by 0.1% to 0.5%. More generous policy approaches trade-off greater predictive

losses. The policy typically bene�ts consumers with masked disaster delinquencies, a subset of

consumers affected by disasters, with the costs incurred by other consumers.

A policy that masks disaster delinquencies for three months from a disaster appears to offer

less of a trade-off than policies masking disaster delinquencies for six or twelve months. The three

month policy not only has smaller predictive losses, as expected. Relative to six or twelve month

policies, the three month policy also provides greater average relief through lower interest rates to

consumers with disaster delinquencies masked. Importantly, consumers who do not have disaster
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delinquencies experience a much lower cost of higher interest rates under a three month policy

compared to policies masking information for six or twelve months from a disaster. My quan-

ti�cation of the equity-ef�ciency trade-off of masking disaster delinquencies can inform active

policy discussions (e.g. National Consumer Law Center, 2024) on the design of credit information

markets and how to alleviate �nancial distress from natural disasters.
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7 Figures and Tables

Figure 1: Consumers With Any Credit Report Disaster Flag

A. July 2000 To December 2024

B. July 2000 To July 2017

Notes: BTCCP data. Consumers with a credit report disaster �ag on at least one open tradeline in their credit report. The number

of consumers is extrapolated to population estimates from the BTCCP data's 10% sample of consumers.
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Figure 2: Consumers (%) In A County With Any Disaster Flag

A. 2015 (August) B. 2016 (December)

C. 2017 (November) D. 2018 (January)

E. 2019 (January) F. 2020 (June)

G. 2021 (January) H. 2022 (October)

I. 2023 (January) J. 2024 (November)

Notes: BTCCP data. Each panel shows the percentage of consumers in a county that have any disaster �ag. The denominator in

this calculation is the number of consumers with an open tradeline with a positive balance on their credit report in a county that

month. The numerator in this calculation is the subset of these consumers with a credit report disaster �ag on at least one of these

tradelines that month. The values in each county are top-coded at 20% to ease presentation. The months shown are the month

with the highest number of consumers with disaster �ags in each of the years from 2015 to 2024.
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Figure 3: Persistence Of Disaster Flags On Credit Report Tradelines

A. Aggregated Across Credit Types

B. Disaggregated By Credit Type

Notes: BTCCP data. These �gures take open credit report tradelines with positive balance that �rst have a disaster �ag added

between January 2010 and December 2023. These �gures plot the fraction of these tradelines that still have disaster �ags present 1

to 12 months later. Panel A shows this aggregated across tradelines of different credit types. Panel B disaggregates tradelines by

their credit types, where the `other' category contains retail cards and unsecured loans.
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Figure 4: Tradelines With Credit Report Disaster Flags And Deferments Reported

Notes: BTCCP data. This �gure shows the fraction of accounts that have a disaster �ag that also have a deferment reported. The

denominator in this calculation is the number of open tradelines with a positive balance in their credit report with a credit report

disaster �ag. The numerator in this calculation is the subset of these accounts that also have deferments reported. Deferments are

tradelines where deferments are listed on the account or the tradeline has a positive balances but zero payments due. The solid line

excludes student loans from both the numerator and denominator of this calculation. The dashed line shows this calculation for

student loans.
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Figure 5: Disaster Flags By Total Number Of Consumer Tradelines

A. Tradelines Flagged (% Tradelines)

B. All Tradelines Flagged (% Consumers)

Notes: BTCCP data. Both Panels A and B restrict to consumer months where the consumer has a credit report disaster �ag on at

least one open tradeline with a positive balance in their credit report. Panel A shows the fraction of these consumers' tradelines

that have a credit report disaster �ag. Panel B shows the fraction of consumers where all of their tradelines have credit report

disaster �ags reported. The x axes on both panels plot the number of open trades with a positive balance a consumer has on their

credit report. Statistics shown combining observations January 2009 to December 2024 (black) and also for December 2024 only

(orange).
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Figure 6: Average Marginal Effects Of Past Delinquencies Predicting Any New Delinquency

A. All Delinquencies (Black), Flagged Delinquencies (Orange),
Disaster Delinquencies in 3 (Blue), 6 (Green), and 12 (Yellow) Months of a Disaster

B. All Delinquencies (Black),
Disaster Delinquencies in 3 (Blue), 6 (Green), and 12 (Yellow) Months of a Disaster

Notes: BTCCP data. The X axes show the predictive variables for delinquencies in the last 12, 24, 36, and 84 months respectively.

The Y axes shows the average marginal effects from coef�cients from logistic regressions predicting any new delinquencies in the

next 24 months. The dots show the average marginal effects and the lines show their 95% con�dence intervals. The black dots in

Panel A are the marginal effects from the �2 coef�cients on delinquency terms (D0i;t ) from Equation 6 in Panel A (and the �4

coef�cients on delinquency terms (D0i;t ) from Equation 8 in Panel B), and the orange dots in Panel A are the marginal effects from

the � coef�cients on �agged delinquency terms (F0
i;t ) from Equation 6, and in both panels the blue, green, and yellow dots are the

marginal effects from the � coef�cients on disaster delinquency terms (N0
i;t ) from Equation 8, using different de�nitions of

disaster delinquencies: blue captures delinquencies within 3 months of a disaster, green within 6 months, and yellow within 12

months. Marginal effects are calculated using data on 6.99 million consumers (the 30% testing sample) to October 2017. The

delinquency terms used as predictors measure the number of accounts that a consumer is 30 or more days past due over varying

durations. The logistic regressions use a control variable of a credit score that is built on the training sample using XGBoost

machine learning algorithm with 171 non-delinquency variables as inputs.
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Figure 7: Receiver Operating Characteristic Curves (ROC) Showing The Predictive Perfor-
mance For Models Masking Delinquency Information. Baseline Model Includes Information
On Delinquency (Black), Compared To Model Including No Delinquency Information (Or-
ange), and CARES Models Masking Delinquency Over Three (Blue), Six (Green), and Twelve
(Yellow) Months Of A Disaster

Notes: BTCCP data. Receiver Operating Characteristic Curves (ROC) from out-of-sample prediction from XGBoost models

predicting any new delinquency in the next 24 months. Performance uses data on 6.99 million consumers (the 30% testing

sample) and information to October 2017. The black line is the baseline model that includes delinquency information the

prediction. The orange line respectively show performance from a model without delinquency information. The blue, green, and

yellow lines show performance from “CARES” models with delinquency information that masks delinquencies by temporarily

keeping accounts at their pre-disaster delinquency status for three (blue), six (green), and twelve (yellow) months from a disaster

starting.. Predictions vary in their use of delinquency variables as inputs. Along with delinquency information, predictions use as

inputs: a credit score, that is built on the training sample using XGBoost machine learning algorithm with 171 non-delinquency

variables as inputs, along with these 171 non-delinquency variables. True Positive Rate is de�ned as the fraction of consumers

with predicted new delinquencies out of those with actual new delinquencies. False Positive Rate is de�ned as the fraction of

consumers with predicted new delinquencies out of those with actual no new delinquencies. The dashed 45 degree line corresponds

to an AUC of 0.5, as would be predicted by a naive model predicting default for all consumers or with random predictions.
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Figure 8: Distribution Of Percentage Point Changes In Probability Of Delinquency, Calculated
For CARES Model Masking Of Disaster Delinquency Information For Three Months, Relative
To Baseline Model With Delinquency Information

A. By Quintile of Baseline Credit Score B. By Any Delinquency

C. By Any Disaster D. By Any Masked Disaster Delinquency

Notes: BTCCP data. Each panel shows the distributions of percentage point changes in the predicted probability of delinquency,

under the CARES model masking disaster delinquencies for three months, compared to the baseline model with all delinquency

information. Panel A shows results by quintile of baseline credit score (i.e., using all delinquency and non-delinquency

information), where group 1 is the lowest credit risk and 5 is the highest. Panel B shows results by whether a consumer has any

delinquency. Panel C shows results by whether a consumer has any disaster. Panel D shows results by whether a consumer has

any disaster delinquency that is masked in the counterfactual. Each bar shows 1 percentage point changes in probability, with the

<-10 bar capturing less than -9.5 percentage points changes, and the 10+ bar capturing greater than 9.5 percentage point

changes. Probabilities of delinquency are calculated using out-of-sample prediction from XGBoost models predicting any new

delinquency in the next 24 months. Uses data on 6.99 million consumers (the 30% testing sample) using data to October 2017.

Predictions vary in their use of delinquency variables as inputs. Along with delinquency information, predictions use as inputs: a

credit score, that is built on the training sample using XGBoost machine learning algorithm with 171 non-delinquency variables

as inputs, along with these 171 non-delinquency variables.
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