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Abstract

We investigate whether credit card holders borrow opportunistically prior to de-
faulting on their credit card debt. Our analysis focuses on borrowers with multiple
credit cards, employing borrower-by-billing-cycle (year-month) fixed effects to control
for unobserved time-variant borrower-specific factors that influence delinquency and
default. Under strategic default, we expect borrowers to opportunistically utilize avail-
able credit on the cards that are eventually charged off, relative to those that are not,
when they simultaneously become delinquent on multiple cards. Contrary to this ex-
pectation, we find that borrowers reduce their borrowing on delinquent cards that are
ultimately charged off compared to their other delinquent cards that are not charged
off. These findings suggest that non-economic factors play a significant role in mitigat-

ing strategic defaults in the credit card market.
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1 Introduction

Credit card debt is an important liability on households’ balance sheets. In the fourth
quarter of 2024, more than 1 trillion was outstanding in credit card debt and 3.23% of credit
cards were delinquent with 4.69% of debt being charged off. For historical comparison, the
delinquency rate peaked in 2009 Q2 at 6.77% and 10.54% of debt was charged off at the
time.! Understanding strategic default is crucial because it shapes the true costs of default for
borrowers and lenders, influencing credit market stability and the design of lending policies.
Previous studies have examined strategic default by disentangling the effects coming from
short-run liquidity shocks vs. long-run strategic incentives, with mixed results. We use a
rich and detailed panel of consumers’ credit card information to study a new and previously

unexplored aspect of strategic default: opportunistic borrowing.

Opportunistic borrowing occurs when borrowers, anticipating that they may default on a
given card, strategically use this card’s available credit to maximize their financial benefit be-
fore defaulting. Such borrowing allows defaulters to reduce their welfare costs by increasing
current consumption at the expense of credit card providers, who bear the losses. If op-
portunistic borrowing is indeed prevalent, it has significant implications for both academics,
who seek to understand the true welfare costs of default, and for credit card providers, who

must incorporate this behavior into their assessment of borrower risk.

We start our analysis by establishing a key feature of opportunistic borrowing via a two-
period model. The model predicts that an opportunistic borrower who realizes that default
in the next period is inevitable will borrow more of the available credit in the current period,
up to the limit of the credit card. Thus, once the borrower realizes that they will default,
there should be a one-to-one relationship between borrowing and credit available. Even if

opportunistic borrowers are uncertain about whether the card will be ultimately charged-oft

'See the Delinquency Rate on Credit Card Loans, All Commercial Banks, FRED Economic Data.



or not, we would still expect some level of increased borrowing and less repayments for cards
that are ultimately charged off relative to cards that are not. Our empirical tests examine
whether the propensity to borrow (repay) is higher (lower) for delinquent cards that are

eventually written off (DD cards) relative to delinquent-only cards that are not written off

(DO cards).

We use a large sample that records the behavior of more than 1.6 million borrowers over a
period of 2 years in the United Kingdom, previously used in Gathergood et al. [2019]. In this
sample, (roughly) 356K individuals enter delinquency at some point, with approximately 30K
of them having their debt eventually written off. Moreover, our dataset contains observations
on credit card behavior for each borrower over time. Thus, the sample contains a large
number of these rare events, which allows us to precisely quantify the dynamics of behavior

around delinquency and default.

The main challenge in identifying strategic motives in credit card defaults is the influence
of time-varying, borrower-specific factors. For instance, borrowers who enter delinquency
and eventually default may have higher levels of debt, more volatile incomes, less savings, or
experience more severe income or expense shocks compared to those who enter delinquency
but do not eventually default. Additionally, the degree of uncertainty about the likelihood
of default and knowledge about the associated costs can vary among borrowers and over
time. This uncertainty obstructs the clear identification of strategic default motives when
comparing borrowing behavior in DD vs DO cards across different individuals or even of the

same individual over time.

To circumvent this identification challenge, we utilize the fact that, in our sample, many
borrowers default on multiple cards in the same billing cycle but eventually default on only
some of them. By focusing on these scenarios, we can include borrower x billing cycle
(year-month) fixed effects to control for all borrower-specific time-variant factors. To our

knowledge, our paper is the first to study strategic default in the credit card market by



comparing the behavior of the same borrower in the same billing cycle across DO and DD

cards using two-dimensional fixed-effects regressions.

We define as DD cards the cards that enter delinquency and eventually default, and as
DO cards the cards that enter delinquency but do not eventually default. Under strategic
default, forward-looking borrowers will opportunistically max-out DD cards just as they
enter delinquency. The additional funds from these cards that are headed for default will help
cushion some of the unavoidable bankruptcy costs the borrower will bear (e.g., deteriorating
credit score). This incentive is not present in DO cards, which remain active and thus could
provide liquidity in the future if needed. Thus, our empirical model compares borrowing
behavior across DD and DO cards around delinquency events. To control for the influence
of time-varying, borrower-specific factors that influence delinquency and default decisions,
we include a borrower x year-month fixed effect, thus testing the opportunistic borrowing
hypothesis by comparing the behavior of the same borrower during the same month across
DD vs. DO cards. Under opportunistic borrowing, we expect a one-to-one relationship
between borrowing and credit available for DD cards; thus, post delinquency, the coefficient
on credit available on DD cards should be one. Even if maxing out does not occur, because,
for example, individuals may be uncertain whether default will eventually occur, we expect
to find an increased propensity to utilize available credit on DD cards relative to DO cards

post delinquency.

The dependent variable in our model is Net Borrowing, defined as Spending — Repayment,
in a specific card during a given month. The key independent variable is Credit available
on that card, and the variable Post delinquency equals 1 for the months after this card
enters delinquency. The indicator Charged-off is set to 1 if this card is a DD card. The
triple interaction on Credit available x Post delinquency x Charged-off is the key variable of
interest that compares behavior across DD and DO cards after delinquency starts. To set a

benchmark, we start with a counter-factual exercise, artificially setting Net borrowing equal



to Credit available for DD cards in the first month after delinquency starts. In this “maxing-
out” scenario, the coefficient on Credit available for charged-off cards post delinquency is

indeed close to one, with the coefficient on the triple interaction being 0.971.

We find no evidence of strategic default in the data. In stark contrast to the counterfactual
scenario, the actual coefficient on Credit available for charged-off cards post delinquency is
only 0.012, which strongly rejects the one-to-one relationship between borrowing and credit
available predicted by strategic default. Moreover, the coefficient on Credit availablex Post
delinquencyx Charged-off is negative and statistically significant, showing that the propen-
sity of borrowers to utilize available credit is lower in DD cards relative to DO cards. This
negative coefficient implies a 57% reduction in the coefficient on Credit available after the
onset of delinquency for DD cards relative to DO cards. On average, after a DD card enters
delinquency, there is £737 of unused credit, approximately 14% of the card’s credit limit.

Thus, a substantial amount of available credit is left unutilized.

We then explore heterogeneity in strategic borrowing by examining whether the the triple
interaction Credit availablex Post delinquencyx Charged-off varies with borrower character-
istics. We first examine if the level of indebtedness in the card matters and find that if the
card is above the median in terms of the required minimum payment, then the triple inter-
action becomes even more negative. We also explore whether the triple interaction depends
on the knowledge of the borrower for the charged-off process. We construct two proxies
along these lines based on the time that the borrower has held the card, and whether they
experienced a default episode before in another card. We find that these variables are not
associated with a change in the triple interaction. Finally, we find that borrowers with a
larger number of cards are more willing to borrow available credit compared to those with
a smaller number of cards, but that the coefficient on the triple interaction for the former

group remains negative.

To further explore heterogeneity we estimate the model using quantile regression techniques,



which are used to estimate specific points on the conditional distribution of an outcome
variable. Such models enable us to explore the heterogeneity in strategic behavior among
individuals placed at different levels within the distribution of Net borrowing in our sample.
We find that the coefficient on Credit availablex Post delinquencyx Charged-off is negative
and statistically significant in all the quantiles we consider, which indicates that this rela-
tionship is present in the entire distribution and is not driven by particular segments of the

population.

We also estimate a “clean controls” version of the baseline model, following recent devel-
opments in the analysis of staggered treatments across time periods [see, e.g., the review
in Freedman et al., 2023]. Specifically, we use a clean-control estimating procedure where
we create one stack for each delinquency event using only clean controls, i.e., borrowers,
who were not holding cards that were charged off over the sample period. Our conclusions
regarding opportunistic borrowing remain unchanged with the “clean controls” model: the
coefficient on credit available for charged off cards post delinquency is an order of magni-
tude less than 1 (0.013), and the coefficient on the triple interaction Credit availablex Post

delinquencyx Charged-off is negative and statistically significant.

Our model thus far compares behavior in DD and DO cards within borrower and month,
without taking into account the exact month that these cards have entered delinquency. In
an additional test, we identify cases where the same borrower enters delinquency on multiple
cards in the same month, some of which end up defaulting. By restricting the delinquency
start month to be the same for both DD and DO cards we can better control for the timing
of borrower-specific shocks, such as job loss or unexpected expenses, that could differentially
impact borrowing behavior and the likelihood of charge-offs. Moreover, this model can
more cleanly isolate borrower prioritization decisions when managing multiple cards under
financial distress and provide additional insight into their strategic behavior when handling

multiple delinquencies.



We continue to find no evidence supporting opportunistic borrowing on credit card debt.
The propensity to borrow available credit drops equally post-delinquency for both DD and
DO cards that enter delinquency in the same month. Moreover, there is no difference in the
reduction in credit utilization for DD cards that go into delinquency in the same month as
other DO cards, and DD cards that enter delinquency on their own, which again indicates
that DD cards that are part of a multiple delinquency event are not treated differently by

borrowers.

Finally, we explore whether the costs of defaulting on credit card debt are sensitive to the
amount defaulted. This is an important question when thinking about opportunistic bor-
rowing because, if default costs rise in proportion with the amount defaulted, then incentives
to borrow opportunistically diminish. We analyze a variable in our dataset that relates to
the borrower’s credit score, called Charged-off rate.> We find that although defaulting on
a card sharply raises a borrower’s Charged-off rate for other cards, the amount defaulted
does not materially exacerbate this effect and does not seem to be related to the defaulted
amount. Thus, the explanation that opportunistic borrowing does not happen because of

the potentially higher additional default costs is not supported in the data.

The next section reviews the relevant literature and highlights our contribution. Section 2
presents a simple model that illustrates the opportunistic borrowing hypothesis. Section 3
describes the data, Section 3.3 the econometric analysis, and Section 4 presents our findings.

Finally, Section 5 concludes the paper.

1.1 Literature Review

An important issue in debt markets is to understand the nature and extent of strategic

defaults. Several studies have examined different settings to understand whether defaults

2This variable is a probability that a borrower in that particular risk band will default. We describe the
variable in detail later in the paper.



are driven by contemporaneous liquidity shocks (non-strategic default) or by high future

interest payments (strategic default).

In the mortgage market, Mayer, Morrison, Piskorski, and Gupta [2014] and Haughwout,
Okah, and Tracy [2016] analyze the impact of mortgage modification programs. They show
that the changes to delinquency and default rates in response to the programs are consistent
with consumers defaulting strategically. Opposing views come from Scharlemann and Shore
[2016], Ganong and Noel [2020], Indarte [2020], and Ganong and Noel [2023], who show that
the principal driver of mortgage defaults is adverse liquidity shocks, as opposed to long-term
strategic considerations. Another study, Gerardi, Herkenhoff, Ohanian, and Willen [2018],

finds that both liquidity and strategic considerations play a role in default decisions.

In terms of credit cards, Dobbie and Song [2020] use a large-scale field experiment to investi-
gate the impact that immediate payment reductions and delayed interest write-downs have
on default. The authors show that delayed interest write-downs led to a significant reduc-
tion in default rates early on in the program, which suggests a reduction in the incentive for

borrowers to default strategically.

In earlier work, Fay, Hurst, and White [2002] use retrospective questions about past defaults
in a survey conducted by the Panel of Income Studies (PSID) in 1996 to examine if default is
strategic. They find that households are more likely to file for bankruptcy when the value of
the debt that stands to be written off is larger, consistent with strategic incentives. Agarwal,
Liu, and Mielnicki [2003] model the probability of default as a function of the location of
different borrowers. They show that controlling for personal characteristics, default is more
likely in districts with more generous homestead and property exemption laws. Gross and
Souleles [2002] use a large sample of account-level data and model the demand for unsecured
debt and its impact on delinquency and bankruptcy. They show that various macro-economic
and individual factors influence the probability of default, but conclude that, even after

accounting for all these factors, the probability of default goes up by one percentage point



between 1995 and 1997, an increase which they attribute to a decline in the social stigma

associated with default.

Our work contributes to the literature by testing for strategic borrowing behavior in a new
setting: borrowers who enter delinquency on multiple credit cards, some of which are even-
tually charged-off. The strategic default hypothesis posits that borrowers will borrow to
max-out cards that are eventually charged-off. By focusing on borrowers with several cards,
we can control for the effect of unobserved, time-varying, borrower-specific factors that in-
fluence their decisions, and study strategic default motives by comparing the borrowing
behavior of the same borrower in the same month across cards that become delinquent only
vs. cards that become delinquent and eventually default. We find no evidence of opportunis-
tic borrowing, suggesting that non-economic factors may be discouraging strategic default

in the credit card market.

A study that documents the importance of non-economic factors in strategic default decisions
on credit cards is by Bursztyn et al. [2019], who designed a natural experiment to test
whether treated borrowers who receive a test message stating that is an “injustice” to default
on debt when you are able to repay default less. Their results confirm the hypothesis,
highlighting that fairness considerations towards debt providers are important in strategic
default decisions. Our findings are in line with the analysis in Bursztyn et al. [2019], as

borrowers do not seem to be defaulting strategically at the expense of credit card providers.

2 A Model of Opportunistic Borrowing Before Default

In this section, we use a simple model to illustrate the hypothesis of our main test. Specifi-
cally, we hypothesize that a forward-looking agent who decides to default in the next period

should increase borrowing in the current period up to the limit of the credit card instead of



repaying it.

We consider a two-period model. In period zero, there is no income; the agent borrows to
smooth consumption, given the expected income in the second period. The agent then enters
the first period with some debt, and some income realization. If the income is low, the agent
goes delinquent for one period and then either repays their debt (plus a pecuniary cost) or

defaults in period 2. The agent’s consumption utility is characterized by a log function.

More formally, we have two periods, one consumption good, log utility, the agent consumes
in periods 1 and 2, denoted by ¢; and cs, enters period 1 with debt b; > 0, may go delinquent

or roll-over and borrow more in period 1, by > 0. They also face a credit limit in period 1, b.

Suppose the agent does not go delinquent, repays their debt entirely, their credit limit is not
binding, and they enter period 1 with some debt, then by = (14 7)by 4+ ¢; — 41 < b In turn,

the optimal solution for consumption in period 1, denoted by cj, is
0 < (14+7)by +c1 — 1 < band max{log(ci) + dlog(ya — (1 +7)((1 +7)by + 1 — 1))}

which gives

1 1 1
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Suppose the agent goes delinquent in period 1 (and pays a late fee p), ultimately repays his

debt entirely in period 2, and their credit limit is not binding, then by = (147r)by+p+c1—1y1 <

b.

The optimal solution for cj is

O<(l+rbi+c—up< b and max{log(cy) + dlog(ys — (L +7)(L+7m)by+p+c1 — 1))}
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which gives

1 1

c1 Yo — (L+7)(L+7)by +p+c1 —y1)

=>01:(15(?/2+y1(1+7“)—01(14'7’)—(1"’7“)251—(1+7“)P)

1
i 1+T+5(y2+y1( +7)—(1+7)% — (1+7)p)
The agent goes delinquent and pays the penalty p because they do not have enough income

in period 1, y; to pay the minimum payment.

Finally, suppose that the agent goes delinquent in period 1 and defaults in period 2 (and
pays the pecuniary cost ¢). In this case, the agent will opportunistically borrow up to the

limit and by = b = (1+7)by + p+ ¢1 — y1, which determines ¢f. In turn, their utility is:

if ¢t =b— (14 7)by — p+ y; utility is then log(c,) + dlog(ys — ¢))

Proposition. Comparative Statics:

o If delinquent without default: %1 = 0 (agent’s consumption is independent of

dcy
’ 6y1 Y2

their borrowing limit) > 0 (consumption is increasing in income), and g% <0

(consumption is decreasing in initial debt)

o If delinquent with default: %1 = 1 (agent’s consumption increases one-to-one
with borrowing limit), gﬁ > 0 (consumption is increasing in income) and gﬁ <0

(consumption is decreasing in initial debt)

The distinguishing prediction here is that when the agent goes delinquent and expects to
default, they borrow opportunistically and their consumption is fully determined by their
borrowing limit, which is not the case if the agent goes delinquent but does not expect to

default.
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3 Empirical Methods

3.1 Sample construction

Our data come from the Argus Information and Advisory Services’ Credit Card Payments
Study (CCPS). The CCPS has detailed information on contract terms and billing records
from five major credit card providers in the United Kingdom, who have a combined market
share of over 40 percent. Our dataset contains monthly observations on each individual from
January 2013 to December 2014 for a 10 percent randomly selected representative sample
of individuals in the CCPS database who held a credit card with at least 1 of the 5 issuers.

For more information on the dataset, see Gathergood, Mahoney, Stewart, and Weber [2019].

The initial sample contains 2,190,216 borrowers, 0.95% of which experience default. Thus, in
line with previous studies, defaults are quite rare among borrowers. To focus the analysis on
borrowers who are financially stressed, we retain in our sample individuals who hold multiple
cards and go delinquent on more than one card during the sample period. We classify an
individual as delinquent on a card in month ¢ if the variable cycles delinquent (C'D) (which
counts the number of months that the individual has failed to make the minimum payment
as of that month for that card) satisfies CD; 1 = 0, CD; > 0 and CD;y; > 0.> We drop from
our sample cards that become charged off without going delinquent, as these are probably
canceled at the request of the borrower. We also remove cards that start off in the sample
as delinquent. Our final sample contains 7,054 borrowers who hold 16,133 cards, 6,793 of

which are eventually charged-off.

3We use two consecutive months with cycles delinquent being positive in order to avoid cases where
borrowers just forget to make their payment in a month. Thus, to increase the chances that we identify
“true” delinquency events, we require two consecutive months with cycles delinquent being non-zero.
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3.2 Summary Statistics

Table 1 displays summary statistics for our main sample. All continuous variables are win-

sorized at the 1% and 99" percentiles.

Total spending is £146.5 and Discretionary spending (which excludes charges and fees) is
on average £96.61 per month. Average Repayment is 108.7 and average Net borrowing
(calculated as Discretionary spending; — Repayment;) is -10.88. This finding is somewhat
surprising as it shows that, on average, the financially stressed borrowers in our sample pay

more money into their cards relative to how much they borrow.

The average credit limit is £4,807.7, and the average APR is 22.3%. Utilization (ClesingBalance:

Credit Limit;
is on average 74.7%, which implies a £1,231.3 of Credit Available on each card (Credit Limit,—

Net borrowing,

m) 1S On average —254%,

OpeningBalance; — ChargesFees;).* Net utilization (
which indicates that spending is less than repayment. On average, borrowers roll over a
substantial amount of debt (£2,469.1) and thus pay significant monthly fees (£49.9). On
average, in the whole sample, borrowers are 1.47 months delinquent. Figure 1 shows the

number of months that charged-off cards are delinquent. The vast majority of cards are

charged off after being delinquent for seven months.

In the next section, we describe the econometric model we use to test the hypothesis of

opportunistic borrowing.

3.3 Model specification

Our main regression specification is as follows:

4We find that in several cases borrowing does exceed the credit limit, pushing Utilization above 1. It is
up to the discretion of the lender to allow borrowing beyond the credit limit. In our estimations, we set
Credit Available to zero when this happens.
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Net Borrowing; ;, = o Credit available; ;; + 51 Charged-off card, ; x Credit available; j,
+ B21-3 months before delinquency, , X Credit available; j,
+ B31-3 months before delinquency; , x Charged-off card; ; X Credit available; j
+ B40-6 months after delinquency,, x Credit available;
+ B50-6 months after delinquency,;, X Charged-off card, ; x Credit available; j,
+ BsMore than 6 months after delinquency;, x Credit available; ;
+ BrMore than 6 months after delinquency; , x Charged-off card; ; X Credit available;

+ "X+ qip + et (1)

The outcome variable Net Borrowing, ;, is the difference in discretionary borrowing mi-
nus repayments by individual ¢ for card j in month ¢. Discretionary borrowing is to-
tal borrowing on card j by ¢ during month ¢ minus charges and fees paid on card j by
i during ¢.  Credit available; j, is calculated as Credit Limit; j; — Charges and fees; ;, —

Beginning balance i.e., the credit limit on card j owned by ¢ in month ¢, the fees paid for

i,4,t
card j during month ¢, and j’s balance at the start of month ¢. 1-3 months before delinquency,
is an indicator variable set to 1 if month ¢ is in the three-month period prior to the beginning
of delinquency for borrower 4, i.e., from t — 3 to ¢t — 1, where t = 0 marks the start of delin-
quency. 0-6 months after delinquency,, is a similar indicator that flags the 7-month period
after the start of the delinquency (¢ = 0 to t +6). More than 6 months after delinquency, ,
is a similar indicator that equals to 1 for all the months after ¢ + 6. The omitted category
is the months prior to ¢ — 3. Charged off card, ; is an indicator that flags whether card j is
a DD card, i.e., one that is ultimately charged off by the credit card provider. X is a vector

that includes all the other interactions of these variables that are not explicitly shown in

Equation 1, and «;; is an individual x year-month fixed effect. Standard errors in all our
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models are clustered at the individual and year-month levels.

We separate the period after delinquency into 0-6 months after delinquency and More than 6
months after delinquency as we expect that the strategic borrowing should happen as soon as
delinquency starts on the card that is destined for default (and so during the Post delinquency
period). If a strategic borrower who aims to max-out the card that will eventually default
delays the borrowing too much, they risk the card being charged-off by the provider before

they have an opportunity to borrow the additional funds.

Under opportunistic borrowing, our model predicts that there should be a one-to-one re-
lationship between Net borrowing and Credit available, when the user expects to default.
Thus, cards that are eventually charged off should be utilized more once delinquency begins.
A reduced-form test of this hypothesis is that the coefficient on Credit available goes to 1
when delinquency starts for DD cards that are charged off, i.e., By + 81 + B4+ B5 = 1. Even
if maxing-out the eventually charged-off card does not occur (because, for example, there is
some uncertainty on whether the card will be charged off), opportunistic borrowing implies
that the individual utilizes more of the available credit on this DD card relative to other DO
cards that are not destined for charged off. Thus, a weaker form of opportunistic borrowing

is 55 > 0.

The opportunistic borrowing hypothesis does not make concrete predictions on how individ-
uals utilize credit available on DD cards in the 1-3 months before delinquency or More than

6 months after delinquency periods.

As we discussed earlier, the conditions that we require for the occurrence of a delinquency
and default event coupled with the individual x year-month fixed effect ensure that the
coefficients on the interactions between Credit available, Charged-off card and the timing
indicators are estimated using variation in the type of card (DD vs. DO) within borrowers

who are delinquent in multiple cards in a given month. The coefficient on Credit available

15



is the reference category in the model, which is estimated using variation from the months

before t — 3.

4 Results

4.1 Baseline Analysis

Table 2 shows the results when estimating Equation 1. We start the analysis by estimating
the model in hypothetically generated data where individuals max-out the cards that are
eventually charged off. To do this, we set Net borrowing equal to Credit available in the first
month of the Post delinquency period and then set both these variables to zero thereafter.

The estimation results of our model in the generated data are presented in Column (1).

The coefficient on Credit available for the reference category is 0.055 and statistically signif-
icant. This is a relatively low estimate, indicating a borrowing of 5.5 pence per month for
each additional pound of available credit in the 6-month period after delinquency compared
to the period before delinquency. In this hypothetical scenario of opportunistic borrowing,
the coefficient Post delinquency x Charged-off card x Credit available is 0.971, indicating
that maxing out implies an enormous increase in the sensitivity of Net borrowing to Credit
available for DD after delinquency. The bottom row is the coefficient on Credit available

post delinquency for DD, which, in this “maxing-out” scenario, is equal to 1.

The actual results are shown in Column (2) of Table 2. The coefficients on Credit available
for the reference category, and its interactions with Charged-off card and 1-3 months before
delinquency are the same as in Column (1) (which is expected as for that part of the sample
nothing has changed). In stark contrast to the hypothetical maxing-out results from Column

(1), the coefficient on 0-6 months after delinquency x Charged-off card x Credit available

16



is —0.017 and statistically significant at the 1% level, indicating a 57% reduction in the

propensity to use available credit for DD cards relative to DO cards after delinquency starts.

In unreported results, we find that the coefficient on More than 6 months after delinquency
x Charged-off card x Credit available is also negative and statistically significant at the 1%
significance level, equal to —0.027, marking a further reduction in the propensity of borrowers
to utilize credit for DD cards relative to DO cards after delinquency. This finding is also

inconsistent with strategic behavior.

Overall, the findings in this section do not lend any support to the opportunistic borrowing
hypothesis. In fact, the results seem to be pointing in the opposite direction—after going
delinquent, individuals are much less willing to borrow available credit for cards that are

eventually charged-off relative to cards that are not charged-off.

4.2 Cross-sectional heterogeneity

In this section we examine whether the propensity to use available credit for DD vs. DO

cards after delinquency depends on various borrower and card characteristics.

Our first three sorting variables measure how indebted a borrower is on a given card. To
conduct this test we set the indicator Group interaction to 1 if the utilization, revolving
balance or minimum payment of the specific card in month ¢ is above the sample median.
We interact this indicator with 0-6 months after delinquency x Charged-off card x Credit

available to examine if borrowing propensity depends on the level of indebtedness.

The results, shown in Table 3, show that the interaction 0-6 months after delinquency x
Charged-off card x Group interactionx Credit available is insignificant in Columns (1) and
(2), and negative and significant in Column (3). This indicates that the propensity to use

available credit after delinquency for a DD card is lower if this card has a high minimum
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payment.

The incentives to max-out a DD card may be weaker if the borrower has a limited under-
standing of the charge-off process. For example, if they believe that the credit card company
will not charge-off their cards, even after many cycles delinquent, then they may be more
reluctant to borrow strategically. We construct two variables that may relate to this uncer-
tainty: the time that the borrower has held the card and whether they experienced a default
episode before on another card. Borrowers who held their card for a longer period (and have
thus had more interactions with the credit card company), or borrowers who experienced
a charge-off episode before, may face less uncertainty about the charge-off process. The
results in Columns (4) and (5) indicate that the coefficient on 0-6 months after delinquency

X Charged-off card x Group interactionx Credit available is insignificant.

In Column (6) we define the indicator Group interaction based on the number of credit
cards held by a borrower. It is possible that borrowers with many cards are more strategic
in that they obtain more cards in anticipation that they would max-out some of them if they
ever run into financial problems. In line with this idea, we observe that the coefficient on
0-6 months after delinquency X Charged-off card x Group interactionx Credit available is
positive and significant, equal to 0.014, indicating a higher propensity to borrow available
credit on DD cards after delinquency if the borrower has an above median number of credit
cards. The baseline coefficient (i.e., for borrowers with a below median number of credit

cards) is —0.022, thus the net effect for these borrowers with many cards is still negative.

4.3 Quantile regressions

In this section, we estimate quantile regression models, estimating specific points of the
conditional distribution of Net borrowing. In a quantile regression of y;; on z;, the slope

coefficient 3, is chosen to minimize the quantile weighted absolute value of errors, where 7
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indicates the specific quantile. So, through the variation of 7, quantile regression models
enable us to explore the heterogeneity in borrowing behavior among individuals placed at

different levels of Net borrowing in our sample.

The results are shown in Table 4. We observe that the coefficient on Credit available increases
with the modeled quantile, indicating that borrowers in the upper ends of the net borrowing

distribution are more willing to borrow available credit.

The coefficient on 0-6 months after delinquency x Credit available is negative and significant,
becoming even more negative with the modeled quantile. This suggests that people in the
upper ends of the distribution of Net borrowing are less willing to use available credit for DO
cards. The coefficient on 0-6 months after delinquency x Charged-off card x Credit available
is negative and significant, becoming even more negative with the modeled quantile. This
shows that the borrowers with higher Net borrowing are even less willing to use available

credit for DD cards.

4.4 Clean controls

We also estimate a “clean controls” version of the model, following the analyses in recent
papers that consider settings in which treatments are staggered in adoption and vary with
time [see, e.g., the review in Freedman et al., 2023]. Specifically, we use a clean-control
estimating procedure where we create one stack for each treatment (a month in which a
borrower goes into delinquency) using only clean controls, i.e., individuals that were not
holding cards that were charged off over the sample period. The results are very similar and

can be found in Table 5.
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4.5 Aligning the timing of delinquencies

In this section we conduct a test that identifies DD and DO cards that enter delinquency in
the same month. For this test, we define month ¢ as the start of a delinquency event if in
that month the borrower goes delinquent in Np > 1 cards with No < Np cards ultimately
charged off. We also require that the borrower did not have another card charged-off before
month ¢. A sub-sample of 665 of these borrowers holding 1,609 cards that experience such
a delinquency event. We flag these cards by setting the indicator Delinquencies of N > 1

cards and N >n > 1 charged off equal to 1.

The results are shown in Table 6. We continue to find no evidence supporting strategic
default on credit card debt. The coefficient on 0-6 months after delinquency x Charged-off
card x Credit available is negative and statistically significant at the 1% significance level,
equal to —0.016. The coefficient on 0-6 months after delinquency x Charged-off card x
Delinquencies of N > 1 cards and N > n > 1 charged off x Credit available is statistically
insignificant, showing no difference in the propensity of borrowers to use available credit for
DD cards that are part of a multiple delinquency event relative to DD cards that are not.
Moreover, the coefficient on 0-6 months after delinquency x Delinquencies of N > 1 cards
and N > n > 1 charged off x Credit available, which shows the change in the propensity
to use credit for DO cards that are part of the multiple delinquency event is negative and
significant. Moreover, the coefficient on 0-6 months after delinquency x Charged-off card x
Delinquencies of N > 1 cards and N > n > 1 charged off x Credit available is statistically
insignificant indicates that there us no change in behavior for DO vs DD cards in a multiple
delinquency event. So, when such multiple delinquency events take place, borrowers reduce
their propensity to use up credit for both DO and DD cards equally. Overall these findings
suggest that our conclusions remain intact when testing the hypothesis in a model that aligns

the timing of delinquencies across DD and DO cards.
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4.6 Credit card outcomes around delinquency time

In this section we analyze various credit card outcomes around delinquency events for DD
and DO cards. The results are shown in Table 7. In Column (1) the dependent variable is
Total spending. The coefficient on 0-6 months after delinquency is negative and significant,
so Total spending reduces after delinquency starts. The coefficient on the interaction 0-6
months after delinquency x Charged-off card is insignificant, thus there is no difference in

Total spending between DO and DD cards.

In Column (2) the dependent variable is Discretionary spending (which excludes Charges
and fees). The coefficient on 0-6 months after delinquency is negative and significant, and
larger compared to Column (1). Again there is no difference after delinquency between DO

and DD cards.

In Column (3) the dependent variable is Repayment. The coefficient on 0-6 months after
delinquency is negative and significant, which implies that after delinquency starts, the
borrower repays less, which is in line with a negative income shock. This reduction is
stronger for DD cards, as the coefficient on the interaction 0-6 months after delinquency x

Charged-off card is negative and significant.

In Column (3) the dependent variable is Net borrowing. The coefficient on 0-6 months after
delinquency is negative and significant, but the coefficient on the interaction 0-6 months af-
ter delinquency x Charged-off card is positive and significant (and roughly equal in absolute
value at 20.26 vs —19.12). This means that Net borrowing drops for DO cards after delin-
quency starts, but remains roughly constant for DC cards. Utilization and Net utilization

increase for both DO and DD cards, and more so for the latter.

On the whole, spending and repayment drop for both DO and DD cards after delinquency.

However, because repayment drops more than spending, Net borrowing, Utilization and Net
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utilization increase more for DD cards relative to DO cards after delinquency starts. These
results are not in line with opportunistic borrowing, in the sense that spending actually
drops after delinquency. The increase in card usage is driven by a reduction in repayment,

which is in line with negative income shocks as the underlying reason for the delinquency.

In Table 8, we repeat the same tests by examining if the results differ when the delinquency
dates around DO and DD cards are aligned (as in Table 6). As shown in Column (4), we find
that the coefficient on 0-6 months after delinquency is negative and significant, indicating a
reduction in Net borrowing for DO cards. The coefficient on 0-6 months after delinquencyx
Delinquencies of N > 1 cards and N > n > 1 charged off, which shows the change when the
DO cards are part of an “event” (as described in Section 4.5), is positive but insignificant,
indicating no incremental change in Net borrowing for DO cards that are part of an event.
The coefficient on 0-6 months after delinquency x Charged-off card x Delinquencies of N > 1
cards and N > n > 1 charged off is negative and significant, indicating that Net borrowing
after delinquency reduces for DD cards that part of an event relative to DO cards that part
of the event (Columns (5) and (6) show a similar effect for Utilization and Net utilization).
Thus, when we align delinquency time for DO and DD cards, we see a reduction in usage
for DD relative DO cards after delinquency. This result is not in line with opportunistic

borrowing.

Figure 2 shows the predicted margins for Utilization (Panel A) and Net utilization (Panel B)
for the four types of cards (DO vs DD for event and non-event) over time around delinquency.
When comparing the blue dots (DD, non-event) with the red dots (DO, non-event) we see
a higher predicted Utilization for the blue dots. However, we do not see a strong upward
trend for the blue dots after delinquency, with Utilization stabilizing at around 85%. This

suggests that a significant amount of available credit is left unutilized for DD cards.

We find much more similar behavior for DO and DD event cards (orange vs. green dots);

a decreasing trend over time after delinquency and a similar utilization level around 75%.
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The standard errors are larger for event cards, as we have a smaller number of delinquencies

that satisfy the event conditions.

Panel B presents the corresponding analysis for Net utilization, a variable that should be
equal to 1 if a card is maxed-out. We observe that this variable is in general negative for
both event and non-event DO and DD cards after delinquency. Again the blue dots are

higher than the red ones, but the green and orange dots are much closer to each other.

Figure 3 plots the coefficient on the interaction between Fvent Month with Charged-off card,
for event (green dots) and non-event cards (blue dots). Thus, the blue dots show the DiD
coefficient for DO vs DD cards for each event month, and the green dots are the corresponding
DiD coefficient for event cards. In Panel A the dependent variable is Net borrowing and in
Panel B Net utilization. In both cases, in general, we observe a negative DiD coefficient for
event cards (green) and a positive one for non-event cards (blue). This indicates that, in
the scenario where DO and DD cards are as similar as possible (i.e., same borrower enters
delinguency in both types of cards in the same month) we find stronger evidence against
strategic default. However, even for non-event cards, the DiD coefficient is well below unity,

which indicates that credit available is left unutilized.

4.7 Default costs

When defaulting on credit card debt a borrower incurs costs in the form of Penalty APRs,
late fees, and potential legal costs if creditors pursue collections. Moreover, their credit scores
deteriorate, which restricts and makes more costly future access to credit markets. These
costs cannot be avoided by a borrower who defaults. However, what is less clear is whether
the amount defaulted positively affects these costs. This is an important question when
thinking about strategic default because if increases in the defaulted amount lead to propor-

tionally higher borrowing costs and restrictions, then the incentive to default strategically
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diminishes.

In this section, we analyze this issue. We focus the analysis on the variable Charged-off rate,
defined by the data provider as “the probability that each account will charge off, determined
by tracking accounts under the same risk band for 12 months and getting the total count of
accounts that charged off as a percentage of the total observed population”. Thus, Charged-
off rate is a measure that directly reflects a borrower’s credit score and, therefore, reflects

their borrowing conditions.

To illustrate how Charged-off rate correlates to borrowing conditions we relate it to the
initial Credit limit and APR of a credit card.® As shown in Figure 4, the relationship
is negative for Credit limit and positive for APR, showing that, on average, credit card
companies, when faced with riskier borrowers, approve a lower credit limit and set a higher
APR. Thus, since borrowing is more limited and more costly for individuals with a higher
Charged-off rate, increases in Charged-off rate signal a deterioration of borrowing conditions.
This analysis highlights that the Charged-off rate is a forward-looking measure that credit
card companies use to adjust lending terms, making it an accurate indicator of changes in

borrowing conditions following a default.

We continue to examine how the Charged-off rate for existing cards is affected for a given
borrower when they default on their debt on a different card. We first average Charged-off
rate for each borrower across all cards for the months before and after a charged-off event.
The months after are flagged by the indicator I(Charged-off before)=1. For this test, we only
keep borrowers who have observations both before and after a default. In Panel A of Figure
5 we plot the predicted value from a regression where the dependent variable is the average
Charged-off rate and the regressor is I(Charged-off before). When I(Charged-off before)=0

(before the event), the predicted Charged-off rate is 14%.5 When the borrower defaults, the

5This test is based on a sub-sample of cards that become active for the first time within our sample
period. We only retain the first observation for these cards.
6For comparison, the average Charged-off rate in our entire sample of 1.6 million borrowers (prior to
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predicted Charged-off rate jumps by 13 percentage points to 27%. Thus, a default event

brings significant deterioration in borrowing conditions.

In Panel B we plot the predicted value from a regression of the average Charged-off rate on
the amount that was defaulted, conditional on I(Charged-off before)=1." We again obtain
a positive relationship but with a much smaller economic significance. For example, if a
borrower defaults on £2K, the predicted Charged-off rate is 26.1%, and if they default on
£8K, the predicted Charged-off rate is only 26.7%. On average, the Credit available in our
sample is roughly £700, so this analysis suggests that the additional costs of maxing out

would be relatively small compared to the overall costs of defaulting.

These findings suggest that while defaulting on credit card debt substantially worsens future
borrowing conditions, the magnitude of the defaulted amount does not materially exacerbate
these costs. Thus, the economic incentives deterring opportunistic borrowing do not seem

to be strong.

4.8 What Happens after Default?

What happens when individuals default on their credit cards? Debt collection agencies buy
the debt at a fraction of the face value, often around 10%. They then harass defaulters to
get their money back. However, they cannot come to homes or access defaulters’ assets.

Now, if personal bankruptcy is declared, a court may decide to garner defaulters’ assets.®

However, many people who default on their credit card debt are unlikely to own any signif-

icant assets.” Recovery rates for credit card debt are around 25%.'° The length of time a

focusing on the distressed borrowers with multiple cards, etc.) is 1.5%. This is expected since the distressed
borrowers in our sample are riskier.
"Thus, this is purely a cross-sectional regression across borrowers only for the months after a default.
8See https://moneynerd.co.uk/how-much-debt-collectors-buy-debt-for-uk/.
9See https://www.pewtrusts.org/en/research-and-analysis/data-visualizations/2024/
who-experiences-default.
10See https://www.thefaircapital.com/post/the-average-collection-rate-for-a-collection-agency.
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debt collector can chase a defaulter for a debt in the UK is governed by the Limitation Act
(1980). Most unsecured debts, such as personal loans, credit cards, and utility bills, have a
limitation period of six years. Once the limitation period has expired, it means the debt is
statute barred and can no longer be legally enforced in court.!'’ A default will stay on credit
files for six years from the date of default, regardless of whether the debt is paid off. But
once the default is removed, the lender wonat be able to re-register it, even if money is still

owed.!?

5 Discussion and Conclusion

Understanding the attitudes of borrowers toward strategic debt default is of crucial im-
portance for lenders, policy-makers, and researchers. A number of studies have examined
whether default is driven by considerations related to future debt payments (the long-run
strategic incentive) or adverse income shocks (the short-run liquidity incentive). The results

are mixed, with supportive evidence for both types of incentives.

In this study, we test another prediction of strategic default that has not been tested in
previous work, namely whether individuals who default on their credit card debt “max-out”
their credit cards before defaulting. Forward-looking and self-interested agents who know
that they will default on their debt would opportunistically increase their utility if they

borrowed up to the limit of their credit card just before defaulting.

We test this prediction in a setting with borrowers who become delinquent on multiple
credit cards, some of which end up being charged off by the provider. The prediction by
opportunistic borrowing is that the same borrower should be more willing to utilize credit on

cards that are charged off relative to cards that are not. However, contrary to this prediction,

1See https://ukdebtexpert.co.uk/knowledge-hub/when-do-debt-collectors-give-up/.
128ee https://www.experian.co.uk/consumer/guides/defaults.html.
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we do not find any evidence of opportunistic borrowing.

Overall, our results suggest that the credit default decision is not binary, and is likely in-
fluenced by non-economic factors that temper the incentives to behave strategically, such as

ethical considerations and a sense of fairness towards the credit card provider.
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Table 1: Summary Statistics

Standard . 5th 25th 75th 95th
Mean - Median . . . .
deviation percentile percentile percentile percentile

Discretionary spending  96.61 331.0 0 0 0 9.500 577.3
Charges and fees 49.90 64.44 26.83 0 0 71.96 190.7
Repayment 108.7 256.5 39.56 0 0 105 380
Net borrowing -10.88 339.8 -18.81 -300 -81.57 0 391.1
Revolving balance 3425.9 3406.6 2485.3 0 814.9 4855.6 10676.0
Credit available 1231.3 21814 241.5 0 0 1359.7 6200.0
Utilization 0.747 0.350 0.915 0 0.580 0.990 1.080
Net utilization -0.254 1.308 -0.0122 -1.379 -0.105 0 0.762
Credit limit 4807.7 3868.8 3800 500 1950 6575 13250
APR 0.223 0.0568 0.219 0.158 0.170 0.264 0.299
Observations 5045  22.38 51 40 50 70 101
per customer
Number
of customers 3535.3 2040.9 3536 343 1771 5309 6707
per month-by-year
Observations
(total) 330,210
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Table 2: Net Borrowing and Credit Available

(1) (2)
Max-out hypothetical Actual
net borrowing net borrowing
Credit available 0.055"** 0.055%*
(0.002) (0.002)
Charged-off —1 x Credit available 0.012%** 0.012"**
card
(0.003) (0.003)
0-6 months =1 x Credit available -0.038" -0.038"
after delinquency
(0.002) (0.002)
0-6 months 1 x Chargedoff _yodit available 0.971% -0.0177+
after delinquency card
(0.003) (0.003)
Individual x month-by-year fixed effects v v
Observations 287,454 287,368
Adjusted R? 0.466 0.144
Sum of the test coefficients (max-out hypothesis: sum = 1) 1.000 0.012
Max-out hypothesis: p-value 0.798 0.000

This table presents our baseline results. We retain in our sample individuals who go delinquent on more
than one card during the sample period. We classify an individual as entering delinquency in a card in
month ¢ if the variable cycles delinquent (C'D), which counts the number of months that the individual
has failed to make the minimum payment as of that month, is CD;_; = 0 and CD; > 0 and CDy;1 > 0.
Credit available is calculated as the credit limit of the card at the end of each month month ¢ minus the
amount of fees paid during month ¢ (e.g., interest charges, penalties, etc) minus the balance of the card at
the beginning of month ¢. If Credit available is negative we set it to zero. Net Borrowing is the difference
between borrowing in month ¢ and repayments in month ¢. The indicator Charged-off card is set to 1 if a
card that enters delinquency is eventually charged-off. 1-8 months before delinquency is an indicator that
equals 1 for the months from ¢ — 3 to t — 1. 0-6 months after delinquency is an indicator that equals 1 for
the months from ¢ to t + 6. More than 6 months after delinquency is an indicator that equals 1 for the
months from ¢ + 7 onwards. In Column (1) we calculate Net borrowing in a hypothetical scenario where the
individual maxed-out the card that entered delinquency in month ¢ = 0 that was eventually charged-off (i.e.,
borrowed up to the credit limit on that card in month ¢ + 1). In Column (2) we estimate the same model
using the actual Net borrowing variable. The last two rows present the coefficient and p-value on Credit
available when Post delinquency and Charged-off card are equal to 1. Standard errors are clustered at the
individual and year-month levels with p-values indicated by * <0.1; ** <0.05; *** <0.01.
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Table 3: Net Borrowing and Credit Available: Cross-Sectional Heterogeneity

(1) (2) 3) (4) () (6)
Net borrowing  Net borrowing Net borrowing Net borrowing Net borrowing Net borrowing

Cre.dlt 0.050"** 0.052*** 0.046*** 0.072%** 0.055*** 0.051***
available

(0.002) (0.002) (0.002) (0.003) (0.002) (0.002)
Charged-off i  Credit 0.012% 0.011* 0.009"* 0.012** 0.012% 0.018"

available

(0.004) (0.004) (0.003) (0.005) (0.003) (0.004)
0-6 months 1 x Chargedooff  —1 x Credit 20,0217 -0.014* -0.002 -0.016™ 0,017 20,022
after delinquency available

(0.004) (0.005) (0.005) (0.007) (0.003) (0.005)
Charged-off =1 x _ Group _ x Credit -0.045* 0.001 0.007 0.003 0135 -0.015*

interaction available

(0.018) (0.007) (0.008) (0.006) (0.087) (0.007)
0-6 months —1 x Charged-ofi=1 x _CFoUP _  Credit -0.008 -0.004 -0.026™ -0.004 0.134 0.014*
after delinquency interaction available

(0.049) (0.007) (0.010) (0.008) (0.087) (0.007)
G interacti Above median ~ Above median Above median Above median ~ Charged-off ~ Above median

roup mteraction utilization revolving balance minimum payment  holding time before N cards

Individual x month-by-year fixed effects v v v v v v
Observations 287,368 287,368 287,368 287,368 287,368 287,368
Adjusted R? 0.294 0.148 0.152 0.150 0.144 0.145

This table examines for cross-sectional heterogeneity according to the definition of the indicator I(Group), which takes the value of 1 if a specific
variable for card ¢ in month ¢ is above the sample median. In Column (1) the variable is utilization, in Column (2) revolving balance, in Column
(3) minimum payment, in Column (4) the holding time of the specific credit card (since the card was first obtained). In Column (5) I(Group)
takes the value of 1 if the specific borrower has experienced a charge-off before for another card. In Column (6) I(Group) takes the value of 1
if the specific borrower has an above median number of credit cards. Variable definitions and sample construction criteria are as in Table 2.
Standard errors are clustered at the individual and year-month levels with p values indicated by *p<0.1; **p<0.05; ***p<0.01.



Table 4: Net Borrowing and Credit Available: Quantile Regressions

) 2) o 0 )
Net borrowing Net borrowing Net borrowing Net borrowing Net borrowing

qtile
Credit available 0.045** 0.047*** 0.059*** 0.064*** 0.066***

(0.002) (0.002) (0.002) (0.002) (0.002)
Charged-off x Credit available 0.007** 0.008" 0.014*** 0.017** 0.018™*

(0.004) (0.004) (0.003) (0.003) (0.004)
0-6 months x Credit available -0.031% -0.0327 -0.0417 -0.045" 0,047+
after delinquency

(0.002) (0.002) (0.002) (0.002) (0.002)
0-6 months x Charged-off x Credit available ~ -0.012*** -0.013* 0.018%** 0021+ 0.022%+
after delinquency

(0.004) (0.004) (0.004) (0.004) (0.004)
Quantile 0.1 0.3 0.5 0.7 0.9
Individual x month-by-year fixed effects v v v v v
Observations 312,646 312,646 312,646 312,646 312,646

This table estimates our baseline model from Table 2 using quantile regressions, where we estimate specific
quantiles of the conditional distribution of Net Borrowing. The exact quantile that is being estimated is
shown at the top of each column. Standard errors are clustered at the individual level with p values indicated
by *p<0.1; **p<0.05; ***p<0.01.
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Table 5: Net Borrowing and Credit Available: Clean Controls

(1)

Max-out hypothetical
net borrowing

(2)

Actual

net borrowing

Credit available 0.054*** 0.054***

(0.002) (0.002)
0-6 months =1 x Credit available -0.036** -0.036+*
after delinquency

(0.002) (0.002)
Charged-off =1 x Credit available 0.012%** 0.012%**
card

(0.004) (0.004)
0-6 months 1 x Chargedoff _y o odit available 0.974** -0.016+*
after delinquency card

(0.004) (0.004)
Individual x month-by-year fixed effects v v
Observations 6,177,030 6,169,418
Adjusted R? 0.718 0.559
Sum of the test coefficients (max-out hypothesis: sum = 1) 1.003 0.013
Max-out hypothesis: p-value 0.160 0.000

This table presents the same analysis as Table 2 when we use a clean-control estimating procedure where
we create one stack for each treatment (Charged — of fcard) using only clean controls, i.e., individuals that
were not charged-off at all over the sample period. Variable definitions and sample construction criteria are
as in Table 2. In Column (1) we calculate Net borrowing in a hypothetical scenario where the individual
maxed-out the card that entered delinquency in month ¢ = 0 and was eventually charged-off (i.e., borrowed
up to the credit limit on that card in month ¢ + 1). In Column (2) we estimate the same model using the
actual Net borrowing data. The row Hy: Max-out presents the p—value from a test that examines if the
coefficient on Credit available is 1 when Charged-off card and 0-6 months after delinquency equal 1. Standard
errors are clustered at the individual and year-month levels with p values indicated by *p<0.1; **p<0.05;

= p<0.01.
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Table 6: Net Borrowing and Credit Available: Aligning Delinquency Time

@) 2

Max-out hypothetical Actual
net borrowing net borrowing
Credit available 0.054*** 0.054"*
(0.002) (0.002)
0-6 months . . . P
. =1 x Credit available -0.037% -0.037***
after delinquency
(0.002) (0.002)
Sﬁzrged'“ﬁ =1 x Credit available 0.013" 0013
(0.004) (0.004)
0-6 m()ntAhs =1 x Charged-off =1 x Credit available 0.974** -0.016***
after delinquency card
(0.004) (0.004)
Delinquencies of N > 1 cards - o ok sk
and N > n > 1 charged off =1 x Credit available 0.019 0.019
(0.006) (0.006)
OflG 1non§hs _ Dehn‘(iuencws of N >1 car.ds —1 x Credit available -0.024%+* 0,026+
after delinquency and N > n > 1 charged off
(0.007) (0.007)
Charged-off _ Delinquencies of N > 1 cards _ o .
card =1 x and N > n > 1 charged off =1 x Credit available -0.012 -0.012
(0.009) (0.009)
0-6 months - Charged-off Delinquencies of N > 1 cards T .
after delinquen(‘,y_1 X card =1 x and N > n > 1 charged off =1 x Credit available 0.001 0.013
(0.011) (0.011)
Individual x month-by-year fixed effects v v
Observations 287,454 287,368
Adjusted R? 0.466 0.144
Sum of the test coefficients (max-out hypothesis: sum = 1) 1.004 0.013
Max-out hypothesis: p-value 0.123 0.000

This table presents a test that aligns the start of delinquency for DD and DO cards. We retain in our sample
individuals who hold more than one credit card, and who go delinquent on at least one card during the
sample period. We classify an individual as entering delinquency in a card in month ¢ if the variable cycles
delinquent (C'D), which counts the number of months that the individual has failed to make the minimum
payment as of that month, is CD;_y = 0 and CD, > 0 and CDyy1 > 0. Credit available is calculated
as the credit limit of the card at the end of each month month ¢ minus the amount of fees paid during
month ¢ (e.g., interest charges, penalties, etc) minus the balance of the card at the beginning of month ¢. If
Credit available is negative we set it to zero. Net Borrowing is the difference between borrowing in month
t and repayments in month ¢. The indicator Charged-off card is set to 1 if a card that enters delinquency
is eventually charged-off. We set the indicator Delinquencies of N > 1 cards and N > n > 1 charged off
equal to 1 when a borrower who never experienced default before goes delinquent in Np > 1 cards in month
t = 0 and has No < Np of these cards ultimately charged off. 1-8 months before delinquency is an indicator
that equals 1 for the months from ¢t — 3 to ¢t — 1. 0-6 months after delinquency is an indicator that equals
1 for the months from ¢ to ¢t + 6. More than 6 months after delinquency is an indicator that equals 1 for
the months from ¢ + 7 onwards. In Column (1) we calculate Net borrowing in a hypothetical scenario where
the individual maxed-out the card that entered delinquency in month ¢ = 0 that was eventually charged-off
(i.e., borrowed up to the credit limit on that card in month ¢ + 1). In Column (2) we estimate the same
model using the actual Net borrowing variable. The last two rows present the coefficient and p-value on
Credit available when 0-6 months after delinquency and Charged-off card are equal to 1. Standard errors are
clustered at the individual and year-month levels with p-values indicated by * <0.1; ** <0.05; *** <0.01.
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Table 7: Credit Card Outcomes around Delinquency

) (2) (3) (4) (5) (6) (7) (8) )
Dlscrctl?nary Charges Repayment Net borrowing Revolving balance Utilization Net utilization Credit limit ~ APR
spending and fees
0-6 months =1 -53.196™  11.945™  -30.423"*  -19.118" 421.241% 0.032+* 0.074** 107.149  -0.001
after delinquency
(4.986) (1.766) (4.157) (4.444) (88.994) (0.009) (0.026) (110.583)  (0.002)
0-6 months =1 x Charged-off =1 -5.526 -3.808"  -28.221%** 20.264** 508.167** 0.028%** 0.128%** 3754717 0.002
after delinquency
(6.764) (1.758) (4.543) (4.865) (106.348) (0.009) (0.025) (127.755)  (0.002)
More than 6 months =1 -52.961"* 1429 295577 -21.499"** 166.101 -0.079** 0.095"* 109.122  -0.001
after delinquency
(6.795) (2.512) (5.128) (5.188) (136.540) (0.015) (0.029) (174.839)  (0.003)
More than 6 months_ oo off—1 -4.386 20.026"*  -24.437* 17.024* 088.127* 0133 0.085" 479.160*  -0.006*
after delinquency
(7.641) (2.878) (5.169) (5.388) (182.770) (0.017) (0.028) (195.292)  (0.003)
Individual x month-by-year fixed effects v v v v v v v v v
Observations 301,526 301,526 301,526 301,526 287,496 287,368 289,165 301,392 294,580
Adjusted R? 0.159 0.444 0.247 0.087 0.430 0.523 0.081 0.404 0.288

This table presents credit card outcomes around delinquency events. Variable definitions and sample construction criteria are as in Table 2. In all
regressions, we control for the interaction of individual and month-by-year fixed effects. Standard errors are clustered at the individual and year-month
levels with p values indicated by *p<0.1; **p<0.05; ***p<0.01.
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Table 8: Credit Card Outcomes around Delinquency

) @) ®3) (4) (5) (6) ™) (8) 9)
Dlscrctl(?nary Charges Repayment Net borrowing Revolving balance Utilization Net utilization Credit limit ~ APR
spending and fees
0-6 months =1 543877 10.802%*  -20.349%*  21.841*** 358.250*+ 0.025* 0.058** 48.174 -0.000
after delinquency
(5.043) (1.742) (4.433) (4.365) (92.481) (0.010) (0.026) (114.918)  (0.002)
0-6 months =1 x Charged-off =1 -0.686 0751  -31.436** 30.580"* 729.793%+ 0.049° 0.181% 592,278 0.001
after delinquency
(7.986) (2.432) (5.274) (6.225) (136.735) (0.012) (0.033) (163.348)  (0.002)
0-6 months 1 x Delinquencies of N> 1 cards =1 2.040 3.572 -9.105 13.387 231.630 0.015 0.114* 179.170  0.003
after delinquency and N >n > 1 charged off
(16.914) (3.469)  (10.248) (14.698) (199.598) (0.021) (0.059) (155.840)  (0.003)
0-6 months —1 x Charged-off —1 x Delinauencies of N> 1cards |y 500 y37070e 9536 -20.962°* -628.214" -0.0607 S0.156"  -609.4417*  0.002
after delinquency and N > n > 1 charged off
(12.611) (3.770) (9.357) (8.223) (165.153) (0.017) (0.044) (176.096)  (0.003)
More than 6 months =1 -54.017 0.855  -28.780"*  -23.522** 115.069 -0.085"* 0.083*** 54.896 -0.000
after delinquency
(6.959) (2.530) (5.335) (5.161) (139.540) (0.015) (0.028) (179.305)  (0.003)
More than 6 months =1 x Charged-off =1 0.208 17375 226,647 25.0397 1275.218" 0.163"* 0.123" 758,541 -0.007*
after delinquency
(9.269) (3.597) (5.936) (7.070) (213.274) (0.020) (0.035) (231.886)  (0.004)
More than 6 months _1 x Delinquencies of N'> 1 cards =1 0.019 -1.305 -10.571 12.139 -298.784 -0.003 0.172* 94172 0.005
after delinquency and N > n > 1 charged off
(17.526) (5.264)  (12.243) (14.211) (374.858) (0.031) (0.064) (405.205)  (0.006)
More than 6 months_; oy oo offm1 x Delinquencies of N'> 1eards_, =g 0, -5.953 7.133 -21.953* -1060.425** 0117 -0.100* 1950467 0.006
after delinquency and N > n > 1 charged off
(13.532) (6.147)  (11.206) (11.201) (375.298) (0.028) (0.056) (402.882)  (0.007)
Individual x month-by-year fixed effects v v v v v v v v v
Observations 301,526 301,526 301,526 301,526 287,496 287,368 289,165 301,392 294,580
Adjusted R? 0.159 0.444 0.247 0.087 0.430 0.524 0.081 0.405 0.289

This table presents credit card outcomes around delinquency events. Variable definitions and sample construction criteria are as in Table 2. In all
regressions, we control for the interaction of individual and month-by-year fixed effects. Standard errors are clustered at the individual and year-month
levels with p values indicated by *p<0.1; **p<0.05; ***p<0.01.



Figure 1: Months Delinquent at Charge-Off

(=] T T T T |

0 2 4 6 8
Cycles Delinquent at Charge-Off

These figure shows the number of months a card is delinquent before being charged off by
the credit card provider.
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Figure 2: Margin plots Utilization and Net Utilization around Delinquency
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These figures show margin plots of the coefficients on the months around delinquencies for
cards that are ultimately charged off versus not controlling for individual times month-by-
year fixed effects. In Panel (A) the dependent variable is Utilization and in (B) it is Net
utilization. In all regressions, we control for the interaction of individual and month-by-year
fixed effects. The displayed standard error bars are obtained by clustering at the individual
and month-by-year levels.
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Figure 3: Dynamic Analysis of Credit Card Outcomes around Delinquency

0

100
L

Point Estimate and 95% ClI: Net borrowing
0 50
t
ey
|
|
i
e
|
|
——
——
|
|
| ——
|
|
|
|
——
|
|
|
i |
|
|
|
—
|
I
——
|
I
|
e
|
|
|
|
Point Estimate and 95% Cl: Net utilization
[
t
et
1
|
—
———i
|
|
|
—_—
|
|
|
——
|
|
|
——
|
|
|
——
|
|
|
e
|
|
|
e
|
|
|
I
T
|
|
|

-100
L

2 3 4 5 2 3 4 5
Months pre/post First Month Delinquent Months pre/post First Month Delinquent

¢ Was charged-off
# Charged-off when N>1 delinquencies with N>n>1 cards charged-off

¢ Was charged-off
# Charged-off when N>1 delinquencies with N>n>1 cards charged-off

(A): Net borrowing (B): Net utilization

These figures show the coefficients on the interaction of the months around delin-
quencies with a dummy that flags whether a card has been ultimately charged off
controlling for individual times month-by-year fixed effects. In Panel (A) the depen-
dent variable is Net borrowing and in (B) it is Net wutilization. In all regressions, we
control for the interaction of individual and month-by-year fixed effects. The dis-
played standard error bars are obtained by clustering at the individual and month-
by-year levels.



Figure 4: Charged-off rate, Credit Limit and APR
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These figures shows the predicted value from a generalized linear model where the
dependent variable is Credit limit (Panel A) and APR (Panel B). The independent
variable is Charge-off rate, defined (by the data provider) as “the probability that
each account will charge off. This is determined by tracking accounts under the same
risk band for 12 months and getting the total count of accounts that charged off as
a percentage of the total observed population then applying that percentage rate
as the unit charge off rate of the given account.” We use a logit link function and
assume a Gaussian distribution for the dependent variable. We use in the model
only cases where the first observation (row) for a credit card in our sample is the
date that the card was opened. We use month-by-year fixed effects in the model,
and cluster the standard errors by month by year.



Figure 5: Charged-Off Rate, Default and Default Amount
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These figures shows the predicted value from a regression model where the dependent
variable is Charged-off rate. We first average Charged-off rate for each borrower
across all cards for the months before and after a charge-off event. The months after
are flagged by the indicator I(Charged-off before)=1. We only keep borrowers in the
sample who have observations both before and after a default. If the Charged-off rate
is missing for a specific card in month ¢ we set it equal to its last non- missing value
for that card. In Panel A we regress the average Charged-off rate on I(Charged-off
before). In Panel B we regress the average Charged-off rate on the amount that was
defaulted, conditional on I(Charged-off before)=1.
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